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Abstract

Researchers or decision-makers frequently need information about atmospheric pollution patterns in urbanized areas.
The preparation of this type of information is a complex task, due to the influence of several individual pollutants, with
different units, on the global air pollution (e.g. nitrogen dioxide concentrations, ppm, and noise, dB). In this work, a new
methodology based on the formulation of the Rasch model is proposed to obtain a measure of the atmospheric pollution.
Two main results were obtained after applying this method: (1) A classification of all locations according to the pollution
level, which was the value of the Rasch measure; (2) The influence on the environmental deterioration of each individual
pollutant (particularly, in this work, NO,, NO, CO,, CO and noise). Finally, pollution at locations where no measurements
were available was estimated with the optimum interpolation technique, kriging. Kriged estimates were subsequently used
to map atmospheric pollution. To illustrate the application of this two-step method (Rasch model plus interpolation),
which is useful to generate hazard assessment maps based on the spatial distribution of atmospheric pollution, an example
is shown.
© 2005 Elsevier Ltd. All rights reserved.
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1. Introduction

The environmental policy is an issue which
attracts important attention in the European Union
and, particularly, in Spain, due to the increasing
alarm that economic development causes on human
health and security, and the worrying events such as
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the Chernobyl disaster, acid rain, greenhouse effect
or destruction of the ozone layer. Today’s society
worry for nature and its progressive degradation,
due to pollution, has as a consequence that people
are demanding a less aggressive way of life for the
environment, claiming clean industries, ecological
produces, etc. Citizens also demand to their
governing class different measures and facts to
benefit the environment where they live, favouring a
better life quality. Moreover, from a planning point
of view, future proceedings in urban areas should
consider distribution patterns of pollution.
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It is known how monitoring atmospheric pollu-
tion in urban areas involves mapping techniques
that assist the decision-maker to describe and
quantify the pollution at locations where no
measurements were available. The preparation of
pollution maps is a complex task, which is only
feasible if a spatial correlation of the variable of
interest is identified (e.g. Hopkins et al., 1999). And,
what is more, atmospheric pollution is a very
complex variable, which is affected by different
chemical and physical individual pollutants.

Principal component analysis (PCA) has been
used to evaluate the pollutant composition in some
studies (e.g. Carlon et al., 2001). PCA is a multi-
variate statistical analysis converting the variables
in the so-called principal components or factors,
which explain the total variance of the data. Thus,
the first factor explains the most variance, the
second factor the next highest variance and so on.
The system variance is retained by a few factors (e.g.
Einax et al., 1997). With the formulation of the
Rasch model as a measure technique (Alvarez and
Ramiro, 1993), more information can be obtained
than using PCA. Thus, a ranking of all locations,
according to their level of atmospheric pollution,
and the influence of each individual pollutant on the
environmental deterioration for a particular area
will become apparent.

The existence of a spatial correlation of atmo-
spheric pollutants is not only a condition for an
optimum interpolation of the data in space in order
to generate a map of pollution, but it also provides
very useful insights on the structure of the air
quality patterns. Some studies have identified a
strong spatial variability of air pollutants (e.g.
Vardoulakis et al., 2005; Coppalle et al., 2001).
The main goal of interpolation is to discern the
spatial patterns of atmospheric pollution concentra-
tions by estimating values at unsampled locations
based on measurements at sample points. Geosta-
tistics provides an advanced methodology to quan-
tify the spatial features of the studied variables and
enables spatial interpolation, kriging (e.g. Isaaks
and Srivastava, 1989; Goovaerts, 1997). In addition,
geographical information systems (GIS) and geos-
tatistics have opened up new ways to study and
analyse spatial distributions of regionalized vari-
ables, i.e. distributed continuously on space (e.g.
McGrath et al., 2004; Korre et al., 2002). Moreover,
they have become useful tools for the study of
hazard assessment and spatial uncertainty (e.g.
Goovaerts, 2001). Without a GIS, analysis and

management of large spatial databases may not be
possible.

Many air pollution studies have employed dis-
tance-weighting methods (e.g. Phillips et al., 1997),
but kriging is the only one which incorporates the
spatial correlation into its estimation algorithm.
Kriging has been used more widely (e.g. Tayanc,
2000; McGrath et al., 2004) due to its many
advantages (Goovaerts, 1997). Although kriging
requires an abundance of sample points to be an
accurate spatial interpolation method (e.g. Myers,
1991), even when relatively small data sets and not
exhaustive samplings are available it is a reliable
technique for investigating the distribution and
sources of pollutants (e.g. Carlon et al., 2001).

In this work, the spatial distribution of atmo-
spheric pollution was analysed for an urban area. A
new methodology was proposed, which consisted of
two phases: first, the Rasch model was chosen to
establish the influence of each individual pollutant
and obtain a global measure of pollution; secondly,
a GIS and geostatistical techniques were used to
reveal the spatial distribution patterns of a regio-
nalized variable, atmospheric pollution, and provide
a basis for hazard assessment.

2. Materials and methods
2.1. The data set

Data were collected at 60 locations (sample
points) in the city of Badajoz, southwestern Spain.
Principally, they were located in the centre of the
urban area. The population of this city is around
130000 people. The main source of air pollution is
the traffic of vehicles because industry is not
important around or in the city. At each sample
point, four chemical pollutants were measured, CO,
SO,, NO and NO,, with a mobile monitoring unit
equipped with real-time analysers, Metrosonic pm-
770, which generated a mean value of each pollutant
for a interval of 15min, and noise was measured
with a digital sonometer, Cel-256, considering
intervals of 15 min for each measurement too. Next,
it was necessary to obtain a measurement of the
atmospheric pollution using different individual
pollutants with different units, ppm for the chemical
pollutants and dB for the noise. This important
problem may be solved with the application of a
measure technique based on the Rasch model
(Alvarez, 2005).
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All individual pollutants were measured at each
location considering seven hourly intervals. There-
fore, seven measurements of each pollutant were
obtained at each sample point but, in this work,
only the maximum value was considered, indepen-
dent of the hour in which the measurement was
conducted.

It is convenient to indicate that the four chemical
pollutants and the noise were selected to illustrate
the methodology we propose. Obviously, the con-
sideration of other additional pollutants could
improve the final estimate of atmospheric pollution,
but the method would be the same.

2.2. The Rasch model

While the Rasch model is well known for its
efficiency and precision of transforming categorical
item responses to objective scale measures, it also
has an interesting capacity to consolidate data that
are already reported sometimes in several scale
metrics. If guided by a reasonably coherent con-
ceptual goal, the Rasch model can synthesize and
consolidate seemingly disparate data into a uniform
analytical framework. The purpose of this proce-
dure is to transcend several heterogeneous physical
measures and consolidate them into an overall
variable that simplifies interpretation of air pollu-
tion exposure.

A key characteristic of the Rasch model is the
transformation of raw data to linear units that
operationally define a latent variable or theoretical
construct. This variable is the amalgamation of
noncategorical measures that are conceptually
related to a hypothesized latent trait. Their un-
related independent units are then categorized with
uniform rating scales and transformed to common
logit units with Rasch measurements. However, a
question can arise about their meaningfulness. If
several agents were originally measured in units that
fundamentally differ in nature, it is not immediately
obvious how to interpret them as ratings (one would
legitimately think this situation is similar to sum-
ming apples and oranges). Fortunately, the mean-
ingfulness of these measures is derived by their
probabilistic relations to an overriding theoretical
construct, their empirical convergence on an invar-
iant, unidimensional structure. If agents have an a
priori conceptual relationship with an abstract,
hypothetical construct, then their empirical refor-
mulation as ordered categories frees these agents
from their prior metric constraints. By describing

agents in terms of uniform rating categories, so that
high agent values would be equivalent to the highest
rating category, and low values to the lowest rating
category or level, unrelated agents and dimensions
acquire common ordinality (intermediate categori-
cal values could be obtained by interpolation).
Through this numerical manipulation, independent
scale quantities can be expressed as common ratings
ranging from low to high. The rationale for
changing several noncategorical, continuous mea-
sures to ordered rating categories is a fundamental
conviction that these measures are related to an
important overall construct, and a desire to better
understand their inter-relations on this construct.

Let n be the different locations in the town of
Badajoz where measurements of each pollutant, i,
were carried out. We define a latent variable or
construct, atmospheric pollution, X,,, in which n
refers to the location where the measurement is
conducted and i refers to the pollutant. In the case
we are studying, , (n = 1,2,...,60) refers to the 60
locations (Plaza Dragones, Venero, Puente Viejo,
etc.; column ‘Location’ in Table 2) where the
measurements were carried out, and §; (i = 1, 2, 3,
4, or 5) refers to the five individual pollutants (noise
-1-, CO -2-, SO, -3-, NO -4- and NO, -5-). For
instance, X39, means the measurement of the
pollutant i = 2 (CO) at the location n = 39 (Isidro
Pacense).

X,:, like any another latent variable, can be
regarded as a straight line along which items
(pollutants), ¢;, and locations, f,, are located. The
line ranges from less atmospheric pollution to
more for any urban location and is operationally
defined by the five pollutants previously indicated.
The further to the right a sample point is located,
the greater its pollution. A way to establish the
appropriate placement of the locations along the
line in terms of items, representing simultaneously
the pollution of the sample points with respect to
the pollutants and vice versa, is as follows: for
example, Xy, Xy, Xo3 and Xy, means that
pollutants J;, d, 3 and d4 have been measured at
the location f§y. In this framework, any pollutant
has some probability of appearing at any location,
and the measurement problem is to represent their
linear differences on a probabilistically additive,
equal interval scale. The numerical gradient for this
scale is called a logit (log odds) and established by
estimating ordered category threshold parameters
for ratings of pollutant measures collected at
locations. To estimate pollutant and location
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positions, this approach was formally implemented
in a Rasch model for rating scales (Andrich, 1988S;
Wright and Masters, 1982).

If at a location f, all the pollutants J; are
detected, then f,, would be placed to the right of
these items J;. On the contrary, if the pollutants are
not detected, then f3,, will be located on the left of all
0;. Diagram 1 in Fig. 1 illustrates how the location
Po, and the pollutants §;, §,, d3, and d4 are located
along the line that represents atmospheric pollution,
X,.;. In this case, pollutants d;, J,, and J3, are closer
to the left end of the line than location f;, and
pollutant d4; consequently, at that location, there is
pollution due to those three pollutants, 4, d-, and
J3, but not to d4. In diagram 2 (Fig. 1), location f;
would have not atmospheric pollution; it is not
affected by any pollutant. In diagram 3 (Fig. 1),
location f§, would have atmospheric pollution; it is
affected by all pollutants. If there are two or more
locations, their difference in terms of pollution
would be given by their relative positions with
respect to the number of pollutants. Thus, the latent
variable atmospheric pollution, X,; is the conti-
nuum, represented on a line, along which are
located the parameters d; for the pollutants and S,
for the locations. In diagram 4 (Fig. 1), location f3;
surpasses no pollutant; location f4 only surpasses
pollutant d; location f§5 surpasses pollutants §; and
J,; and location fig surpasses all three pollutants.
Therefore, f3 is the location with least atmospheric
pollution, and fs has the most. Pollutant d; does not

Diagram 1
Less atmospheric Bo
pollution t } 1 t }
3

More atmospheric
pollution

Diagram 2

Diagram 3

Diagrara 4

Fig. 1. Representation of the latent variable, atmospheric
pollution, as a straight line. f3, is the location n; J; is the pollutant
i. Diagram 1 illustrates the case of a location f, which is affected
by pollutants 1, d,, d3, but not by d4. In diagram 2, location f3; is
not affected by any pollutant. In diagram 3, location f, is affected
by all pollutants. Diagram 4 shows a generalization for some
locations and pollutants; 85 is not affected by any pollutant; 34 is
affected by the pollutant J;; 5 is affected by the pollutants ¢, and
02; P is affected by all pollutants, d;, J, and J5.

affect the location f3 and affects locations f4, fs,
and fs. For pollutant J, is the following; that does
not affect the locations f5; and pf4, and affects
locations fis and fs. Finally, pollutant 5 does not
affect locations f3, f4, and fi5, and affects location
Pe. In this case, f¢ is the most polluted location since
it is affected by all the pollutants, d;, d», and d5; fi3 is
the least polluted location since it is not affected by
any pollutant. On the other hand, ¢, is the most
frequent pollutant, in the sense that it affects more
locations than any other pollutant. Therefore, ¢, is a
more frequent pollutant than J,, and this is more
frequent than os.

Consider the dichotomous variable atmospheric
pollution, X, which describes the fact that a
location f3,, is affected by the pollutant §,. If X,; =
1 then location f3, is said to be affected by that
pollutant, and if X,;; = 0 then location f,, is said not
to be affected by that pollutant. One way of relating
the positions of the locations f3, and of the pollutant
d; with the dichotomous variable in terms of
probability is:

If (8,—0,)>0, means that f, is on the right of J;
in the line where X,; is defined; then the
probability that the location f, is affected by
the pollutant J; is higher than 0.5.

If (8,—9;) <0, means that (3, is on the left of ¢, in
the line where X, is defined; then the probability
that the location f3, is affected by the pollutant J;
is lower than 0.5.

If B, = d;, means that 8, and J; coincide in the
line where X,,; is defined; then the probability that
the location f3, is affected by the pollutant o; is
0.5,

that is,

If (B,—9;) >0, then P[X,; = 1]>0.5.

If (B,—9;) <0, then P[X,; = 1]<0.5.

If 8, = 0;, then P[X,; =1]=0.5.

The difference (f5,—9;) can range from — oo to +oo,
and the probability from 0 to 1, i.e.
—00<(f,—0)< +ooand 0 PX,; = 1< 1.

If we use the difference as an exponent of e, then:
0<e 9 < 4 0.

With a further adjustment, we can bring the
expression into the interval from zero to one:

eBu—01)
0< {m} <.
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The relationship can be written as (Alvarez and
Pulgarin, 1996)

e
1t e’

which is the probability that location n has the
pollutant for item i, given the parameters /3, and J;.

This is the formula obtained by Rasch (1980) in his
treatise on latent variables.

P[Xni - 1; ﬁnaéi]

2.3. Geostatistics

The formulation of the Rasch model allowed one
to obtain values of the atmospheric pollution for all
sample points, incorporating information of five
individual pollutants. Later, it was necessary to
estimate the atmospheric pollution at other loca-
tions where direct measurements were not carried
out. Since the factors that determine the values of
environmental variables are numerous, largely
unknown in detail, and interact with a complexity
that we cannot unravel, we can regard their
outcomes as random. If a stochastic point of view
is adopted, then there is not just one value for a
property but a whole set of values at each point in
space. We regard the observed value there as one
drawn at random according to some law, from some
probability distribution. This point of view, when the
studied variable (atmospheric pollution) is consid-
ered random and distributed continuously on the
experimental area (regionalized variable), is adopted
to use geostatistics as an estimation technique.

Geostatistics can be defined as the set of tools and
techniques to analyse the spatial patterns and predict
at unsampled locations the values of a continuous
variable distributed in space or in time. It is also
denominated spatial statistics (e.g. Goovaerts, 1997).

In this study, three phases were completed to
conduct the geostatistical work (e.g. Isaaks and
Srivastava, 1989):

(1) Exploratory analysis of data: Data were studied
without considering their geographical distribu-
tion. Statistics was applied to check data
consistency, removing outliers and identifying
statistical distribution where data came from.

(2) Structural analysis of data: Spatial distribution
of the variable was analysed. Spatial correlation
or dependence can be quantified with semivar-
iograms, or simply variograms, which also can
characterize and determine distributions pat-
terns such as aggregation, randomness, unifor-

mity and spatial trend. Variogram function
relates the semivariance, half the expected
squared difference between paired data values
Z(x;) and Z(x;+h), to the lag distance, &, by
which sample points are separated. For discrete
sampling locations, the function is estimated as

N(h)
" j— ) — . 2
1) = 3y 21700 = 20+ Y,

where (/) is the experimental semivariance value
at distance interval h, Z(x;) are the measured
sample values at sample points x;, in which there
are data at x; and x;+ /; N(h) is the total number
of sample pairs within the distance interval 4. The
variogram shows the degradation of spatial
correlation between two points of space when
the separation distance increases. This function
has two components: (a) The nugget effect, which
characterizes the discontinuity jump observed at
the origin of distances, quantifies the short-term,
erratic variations of the studied phenomenon plus
measurements and data errors. (b) The increasing
part of the variogram, which may reach the sill
(theoretical sample variance), leveling off the
curve, for a distance called range, or keep on
increasing continuously with distance. The non-
nugget part of the variogram measures the
nonrandom part of the phenomenon and models
its average medium-scale behaviour in space.
When an experimental variogram is defined, i.e.
some points of a variogram plot are determined by
calculating variogram at different lags, a model
(theoretical variogram) should be fitted to the
points. Although there are some statistical techni-
ques to justify the choice of a theoretical
variogram (e.g. Cressie, 1985), subjective criteria
and previous experiences are the main tools to
choose one.

(3) Predictions: The main objective of a geostatis-
tical study is to obtain estimates of values of the
studied variable at unsampled locations, con-
sidering the spatial distribution pattern and
integrating information from sample points
and observed or known trends, if they exist.
Geostatistics offers a great variety of methods
that provide estimates for unsampled locations.
These methods are known as kriging, in honor
of Danie Krige, who first formulated this form
of interpolation in 1951. Kriging is regarded as
the best linear unbiased estimator (BLUE).
Weights for sample values are calculated based
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on the parameters of the variogram model. The
sum of all weights must be one due to the
necessity for ensuring that estimates are un-
biased. Moreover, kriging variances or estima-
tion errors need to be minimized.

All different types of kriging are distinguished
depending on the chosen model for the trend of the
random function. In this work, the geostatistical
interpolation method known as ordinary kriging
was used (e.g. Goovaerts, 1997).

2.4. Data treatment

Different software packages were used to analyse
raw data. Winsteps 3.35 computer program was
employed to conduct the formulation of the Rasch
model (Linacre, 2000). The geostatistical analysis,
including all three phases described in the previous
section, were carried out with the extension
Geostatistical Analyst of the GIS software ArcGIS
(version 8.3).

Maps of kriged estimates provided a visual
representation of the distribution of the atmo-
spheric pollution in Badajoz. These maps were
produced with the ArcMap module of the ArcGIS,
after conducting the geostatistical study.

3. Results and discussion

3.1. Determination of atmospheric pollution at
sample points

The formulation of the Rasch model to obtain a
measure of atmospheric pollution at each sample

Measurement
of pollutants, 3,
at each location, B,

Transformation:
rating scale
categories

N

N

1413

point, which would take into account the different
contribution of five pollutants (NO,, NO, CO,, CO
and noise), was achieved through the stages shown
in Fig. 2.

The first stage was a previous transformation of
the data to a common scale (Wright and Masters,
1982). Pollutant measures were categorically coded
according to a plan where each location was rated
on a scale (0-5) for each pollutant. Table 1 presents
the assignment of categorical values across pollu-
tant measures. As it was indicated in Section 2.2, the
minimum and maximum values of the scale were
assigned to the maximum and minimum values of
each pollutant. Other intermediate values for all
different pollutants were obtained through inter-
polation. For example, at Hotel Rio location
(B,, = 20, Table 2), the measurements of all pollu-
tants were: SO, =0.2ppm; NO, = 0.28 ppm;
NO = 1.81 ppm; CO = 20.7 ppm; noise = 85.34 dB.
After coding them, using the categories shown in
Table 1, the rating scale values were: SO,—2;
NO,—3; NO—4; CO—- 3; noise > 4.

After processing all data, results shown in Table 2
were obtained. The raw score and measure values
should be highlighted. The first one shows the sum
of points of all scores (rating scale categories) for
each pollutant. The second one indicates the
measures for the locations according to their raw
score. For example, at Hotel Rio location, raw
score =2+3+4+3+4 =16, i.e. the rating scale
values for all pollutants were summed. The measure
value is estimated with the Winsteps program,
where the approach previously described in Section
2.2 was implemented and parameters J; and f3,, are
located in the straight line which represents the

Measure value
of the

Calculation
of raw score

atmospheric pollution

Fig. 2. Schematic diagram of the stages involved in the formulation of the Rasch model.

Table 1
Pollutants measures recoded into rating scale categories

SO, (ppm) NO, (ppm) NO (ppm) CO (ppm) Noise (dB) Rating scale value
0 0 0 0 50-58.33 0
0.1 0-0.12 0-0.56 0-8.4 58.33-66.66 1
0.2 0.12-0.24 0.56-1.12 8.4-16.8 66.66-74.99 2
0.3 0.24-0.36 1.12-1.68 16.8-25.2 74.99-83.32 3
0.4 0.36-0.48 1.68-2.24 25.2-33.6 83.32-91.65 4
0.5 0.43-0.60 2.24-2.80 33.6-42 91.65-100 5
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Table 2

Results obtained after applying the Rasch model: sum of points
of the common scale for all individual pollutants (raw score) and
atmospheric pollution level (measure)

Number (f,) Location Raw score Measure
51 Plaza Dragones 24 74.9
8 Venero 22 68.4
28 Puente Viejo 20 64.5
34 Plaza Minayo 19 62.8
43 Puente S. Roque 19 62.8
9 Cruce Olivenza 18 61.2
52 Plz. Constitucion 18 61.2
18 Cruce Sevilla 17 59.7
20 Hotel Rio 16 58.1
36 Plaza Soledad 9 45.6
39 Isidro Pacense 9 45.6
54 Fco. Lujan 9 45.6
1 E. ILIL 8 433
4 Avda. Sinfor. 8 433
44 Parque Legion 8 433
45 Plaza Huelva 8 43.3
47 Antonio Cuéllar 8 43.3
56 Plaza Conquistad. 8 43.3

Only the first and last locations of the list are shown. In total
there are 60 locations.

Table 3
Influence of each individual pollutant on the atmospheric
pollution in Badajoz

Pollutant Raw score Measure
Noise 175 114.5
NO, 164 131.3
NO 153 139.8
CcO 125 152.3
SO, 123 175.4

The raw score is the sum of points of the common scale for each
pollutant considering all locations (60). The measure indicates the
position of each pollutant along the straight line that represents
the latent variable, atmospheric pollution.

latent variable, using an unconditional maximum
likelihood procedure (Wright and Panchapakesan,
1969). In Table 2, all locations were arranged in
measure order, obtained by the formulation of the
Rasch model.

Another interesting result, which was obtained
after processing the data, is shown in Table 3, where
the influence of each individual pollutant on the
atmospheric pollution can be observed. Thus, noise
is the most influential pollutant on environmental
deterioration in Badajoz, since it obtained the

highest raw score, and will correspond to the lowest
measure, i.e. all locations are affected by noise.
Unlike noise, sulphur dioxide, SO,, is the pollutant
with a lowest raw score but the highest measure;
therefore, the influence on the environmental
deterioration in Badajoz is the least important
among all individual pollutants, i.e. SO, does not
affect as much as noise.

The Rasch model can provide more information
through the misfitting analysis (Alvarez, 2005).
However, the study of misfits has not been included
in this paper because we were interested in the
global atmospheric pollution.

3.2. Spatial distribution maps of atmospheric
pollution

Some geostatistical tools were required to esti-
mate at any unsampled point, using as previous
information all measure values of atmospheric
pollution at sample sites (Table 2). During the
exploratory analysis of data, it was revealed that
they were distributed lognormally. The histogram of
the measures showed a tail of high values to the
right, making the median (51.5) less than the mean
(51.75). The coefficient of skewness was 1.23 and the
kurtosis was 4.93. After taking logarithms, data
showed an appearance almost normal (med-
ian = mean = 3.94) and, consequently, the skew-
ness was lower, 0.83; the kurtosis was also lower,
3.8. A normal QQ plot, a graph of the quantiles of
the input dataset versus quantiles of the standard
normal distribution (Fig. 3), confirms that data are
lognormally distributed. Thus, transformed data
were used for the following geostatistical analyses.

43.17

T S e s S N
MY S S o e S O e

30.81 feersadecarncianancd

Data's Quantile-10

T S —

3757l b o okd
2442 -19.58 -14.74 9.9 -506 -022 462 946 143 19.14 23.98

Standard Normal Value-10

Fig. 3. Normal QQ plot of the data, previously transformed
taking logarithms. In general, the points lie close to the straight
line which indicates perfect normality. The main departure from
this line occurs at high or low values.
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Later, the experimental variogram was calculated
with a directional tolerance of 360° (omnidirec-
tional). Isotropy conditions were always assumed
because there were no reasons to justify the
consideration of anisotropy and, what is more
important, with 60 sample points, the influence of
different directions in space had supposed the
impossibility to define acceptable directional vario-
grams (e.g. Isaaks and Srivastava, 1989). When the
experimental variogram was calculated, a theoreti-
cal variogram was fitted to their points. It is known
how the choice of a particular variogram model
implies a belief in a certain kind of spatial
variability. Possibly, a variable like atmospheric
pollution is not evenly distributed in reduced
distances. In these cases, exponential and spherical
models are the most suitable (Isaaks and Srivastava,
1989). In this work, a spherical model (range =
447.5m; sill = 0.014), with nugget effect (0.01), was
chosen due to its reasonable fit to the omnidirec-
tional variogram. The nugget effect was estimated
extending the variogram until the vertical axis. The
behaviour near the origin is very important because
of the influence on the interpolation process. In the

present work, the variogram showed a considerable
nugget effect. It is a normal situation because
atmospheric pollution variability can occur at a
scale smaller than the minimum lag distance. The
maximum distance of spatial dependence, the range,
was 447.5m. This means that sample points 447.5m
or more distant from each other, are spatially
independent. This information could be also con-
sidered for future studies on the same topic, if an
optimal sampling design is desired.

Ordinary kriging was used as the estimation
method, considering the parameters of the omnidir-
ectional variogram. Previously, a grid, constituted
of 40m side square cells, was designed and super-
imposed on the study area. Atmospheric pollution
was estimated at centre of the cells. From these
estimated values, the distribution of atmospheric
pollution in the city of Badajoz can be mapped. For
the purpose of hazard assessment, four levels of
pollution were established: low, when Rasch mea-
sure was lower than 48; medium, for Rasch
measures between 48 and 52; high, when Rach
measures between 52 and 55; and extreme, if Rasch
measures were higher than 55. Hazard assessment

|:] Low pollution (<48)

Medium pollution
(48-52)

- High pollution

(52-55)
- Extreme pollution
(>55)

Atmospheric pollution
(Rasch measure)

CNDAD JARDIN

Fig. 4. Map of atmospheric pollution in the centre of Badajoz obtained by ordinary kriging. Circles represent sample points, with the same

colours of the scale.
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NISFMINA

SEVIL

Bl Reliable estimates (KSD < 6.5)
Unreliable estimates (KSD = 6.5)

CERRO DE REYES

Fig. 5. Map of reliable (kriging standard deviation, KSD, below 6.5) and unreliable (kriging standard deviation, KSD, above 6.5)
estimates of atmospheric pollution in the centre of Badajoz. Circles represent sample points.

map, based on the spatial distribution of atmo-
spheric pollution, is shown in Fig. 4. Extreme
pollution areas correspond with locations where
traffic is intense and with many stops because of the
existence of numerous traffic lights, for example, in
Casco Antiguo (area 1, Fig. 4) or around the
University bridge (area 2, Fig. 4). Other areas where
traffic is intense but with roundabouts, for instance,
Maria Auxiliadora (area 3, Fig. 4) or Valdepasillas
(area 4, Fig. 4), are less polluted.

One of the strengths of using the geostatistical
methods is that it is possible to calculate a statistical
measure of the reliability of the maps of estimates.
Thus, another output of kriging is the kriging
variance, or its square root, the kriging standard
deviation (KSD), which is calculated for each
sample point. KSD is related to the sample
distribution and variogram structure. KSD can be
mapped similarly to estimates. These maps give an
idea of the quality of the estimates at different
places. As Webster and Oliver (2001) indicated, the
maps of the estimation variance or standard
deviation should be used with caution. The relia-
bility of kriging depends on how accurately the
variation is represented by the chosen spatial model.

Our estimates could be more reliable than they
appear to be if the nugget effect is overestimated. In
this work, the nugget effect was high, as it was
previously mentioned, so we can consider that
predictions are, at least, as reliable as the value of
the KSD indicates.

If we consider that KSD lower than 6.5 is
acceptable, a map with only two classes, one above
6.5 and another below this value, can be used to
establish locations where predictions are reliable. In
general, areas with many sample points, e¢.g. Santa
Marina (area 5, Fig. 5) or Casco Antiguo (area 1,
Fig. 5), or areas where data were sparse but evenly
distributed, e.g. Pardaleras (area 6, Fig. 5) or
Valdepasillas (area 4, Fig. 5), had the most reliable
estimates.

Based on the combination of kriging map and
KSD map, the probability map (e.g. Goovaerts,
1997) of atmospheric pollution >52 (Rasch mea-
sure) was produced (Fig. 6). This threshold, 52, was
chosen because above it, pollution was high or
extreme according to the classification we consid-
ered previously. This map shows that the areas with
high risk of atmospheric pollution are at the
convergence of Santa Marina (area 5, Fig. 0),
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Fig. 6. Probability map of atmospheric pollution > 52 (Rasch measure) in the centre of Badajoz. Circles represent sample points.

Pardaleras (area 6, Fig. 6) and Casco Antiguo (area
1, Fig. 6), and around the University bridge (area 2,
Fig. 6), the same that showed the highest levels of
pollution according to classification of Fig. 4. Areas
with high probabilities, for instance, above 0.6, may
be regarded as dangerous, where atmospheric
pollution is likely to be higher than 52. Conversely,
areas with low probabilities, for example, below 0.4,
may be regarded as safe, because atmospheric
pollution is less likely to be higher than 52. In this
type of map, the probabilities provide a measure-
ment of confidence for hazard assessment of atmo-
spheric pollution.

4. Conclusions

The formulation of the Rasch model has been
proposed to define a measure of atmospheric
pollution which integrates different measurements
of individual pollutants: CO, SO,, NO,, NO and
noise. Moreover, this method can detect the
influence of each pollutant on the environmental

deterioration and the pollution measurement for
each location.

Later, geostatistical techniques were used to
estimate atmospheric pollution throughout the
experimental area. After analysing data and obtain-
ing a good variogram, kriging was used to estimate
at unsampled locations. Subsequently, Kriged
estimates were employed to map atmospheric
pollution. Useful information for hazard assessment
was also obtained when a probability map, based on
kriging interpolation and KSD, was produced.

The combination of the Rasch model and geosta-
tistical techniques is a powerful tool to develop an
appropriate environmental and managing policy.
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