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 The Loibl function is inadequate to
accurately predict AOT40 in Italy.
 New statistical models were built for
estimating AOT40 from passive
sampling.
 Multi-variate, non-linear regression
models work better than Loibl
approach in estimating AOT40.
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AOT40 is the present European standard to assess whether ozone (O3) pollution is a risk for vegetation,
and is calculated by using hourly O3 concentrations from automatic devices, i.e. by active monitoring.
Passive O3 monitoring is widespread in remote environments. The Loibl function estimates the mean
daily O3 proﬁle and thus hourly O3 concentrations, and has been proposed to calculate AOT40 from
passive samplers. We investigated whether this function performs well in inhomogeneous terrains such
as over the Italian country. Data from 75 active monitoring stations (28 rural and 47 suburban) were
analysed over two years. AOT40 was calculated from hourly O3 data either measured by active measurements or estimated by the Loibl function applied to biweekly averages of active-measurement hourly
data. The latter approach simulated the data obtained from passive monitoring, as two weeks is the usual
exposure window of passive samplers. Residuals between AOT40 estimated by applying the Loibl
function and AOT40 calculated from active monitoring ranged from þ241% to 107%, suggesting that the
Loibl function is inadequate to accurately predict AOT40 in Italy. New statistical models were built for
both rural and suburban areas by using non-linear models and including predictors that can be easily
measured at forest sites. The modelled AOT40 values strongly depended on physical predictors (latitude
and longitude), alone or in combination with other predictors, such as seasonal cumulated ozone and
elevation. These results suggest that multi-variate, non-linear regression models work better than the
Loibl-based approach in estimating AOT40.
© 2014 Elsevier Ltd. All rights reserved.
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Ozone (O3) is a natural component of the atmosphere. The
majority of tropospheric O3 formation occurs when O3 precursors
such as nitrogen oxides (NOx), carbon monoxide (CO) and volatile
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organic compounds (VOCs), react in the atmosphere in the presence of sunlight. Motor vehicle exhaustions, industrial emissions,
and chemical solvents are the major anthropogenic sources of these
chemicals. Although they often originate in urban areas, winds
transport precursors hundreds of kilometres, causing O3 formation
in sparsely populated regions as well. Even though emission of O3
precursors have decreased since the ‘90s (2.3% per year
NOx, 3.0% per year Non-Methane VOC), background O3 concentrations are globally increasing (Zhang et al., 2008; Sicard et al.,
2013; Paoletti et al., 2014).
Ozone is a short-lived climate pollutant and is strongly inﬂuenced by many geographical parameters. A number of studies have
found a relationship between O3 and altitude, such that sites at
higher altitude experience higher O3 compared to sites at lower
~ uelas, 2006; Sanz et al.,
altitude (Gibson et al., 2009; Ribas and Pen
2007). Other important factors for explaining O3 variations at local
scale are: the proximity to the cities, as they are signiﬁcant NOx
sources (Sundberg et al., 2006), and the distance from the coastline,
that can be associated with an increase of O3 concentration in
coastal areas (Papanastasiou and Melas, 2009).
Ozone negatively affects plants in several ways, in particular by
setting up a variety of defensive strategies (Di Baccio et al., 2008),
reducing stomatal conductance and the control on water loss
(Hoshika et al., 2012), and reducing the uptake of atmospheric
carbon by vegetation (Fares et al., 2013). Stomata largely control
O3 uptake. Even if stomatal O3 uptake is becoming important for
risk assessment (Paoletti and Manning, 2007), at the moment the
legislative standard used in Europe for the protection of vegetation is AOT40, which is based on exposure only. AOT40 is deﬁned
as the sum of hourly O3 concentrations exceeding the threshold of
40 ppb over the growing season (for forests from April 1st to
September 30th) in the daylight time (UNECE, 2010). Thus, hourly
O3 data are needed to calculate AOT40, but they are often unavailable at remote sites. Active monitoring provides hourly O3
concentrations but requires power, which usually prevents sampling in rural areas and forests (Cox, 2003). Passive sampling is
widely used in rural areas for its low cost and requirements
(Krupa and Legge, 2000; Cox and Malcom, 1999), but the data are
obtained in form of average over the time window of exposure,
usually two weeks. Passive sampling gives a cumulated O3 value
only, and does not account for the large temporal variations of
hourly O3 concentrations in a day. Signiﬁcant uncertainties have
been attributed to passive sampling (Krupa and Legge, 2000) and
must be evaluated in the context of an important property of the
AOT40 index, namely its high sensitivity to concentration changes
(Tuovinen, 2000). There were several attempts to estimate hourly
values and cumulative indices such as AOT40 from O3 passive
samplers (Krupa et al., 2001, 2003; Tuovinen, 2002; Krupa and
Nosal, 2001).
A method for estimating AOT40 from passive sampling was
developed by Mazzali et al. (2002) who used the Loibl function
(Loibl et al., 1994, 2004). This function describes the mean daily O3
proﬁle in a site as a function of relative altitude (difference between
the altitude of the site and the lowest altitude within a 5 km radius).
Although serious deviations occurred at individual sites, the feasibility of this approach was conﬁrmed by comparing co-located
passive and active samplers at 20 forest sites in France, Italy,
Spain and Switzerland over the period 2000e2002 and by simulating passive sampling by weekly O3 averages obtained from active
monitoring at 17 sites in Italy (Gerosa et al., 2007). A small-scale
application in an Italian region (Trentino) also suggested that the
Loibl function worked well in simulating daily proﬁles of O3 and
thus calculating AOT40, although in a few cases the differences
between the AOT40 estimates were very high, i.e. 80e120%
(Gottardini et al., 2010). The approach by Gerosa et al. (2007) is
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mentioned in the ICP-Forests manual as a methodology for estimating hourly O3 concentrations from passive samplers (Schaub
et al., 2010). ICP-Forests is the world's largest monitoring
network, providing data on forest health, air pollution, climate
change and biodiversity in European forests. Hourly O3 concentrations obtained from passive monitoring were also used to
calculate stomatal O3 ﬂuxes of forests (Schaub et al., 2007). There is
a general consensus about stomatal O3 ﬂux, i.e. the instantaneous
rate at which O3 is absorbed via stomata, leading to a biologically
more relevant estimate of O3 risk as compared to exposure indices
such as AOT40 (Matyssek et al., 2007). There is thus a need to
corroborate the use of the Loibl function in deriving hourly O3
concentrations for estimating AOT40 and eventually stomatal O3
ﬂux.
To this aim, the performance of the Loibl function in estimating
AOT40 was analysed at 75 Italian monitoring sites distributed all
over the Italian peninsula and representative of an inhomogeneous
terrain. In order to develop new statistical functions for estimating
AOT40, multi-variate, non-linear models were applied to both
suburban and rural sites.
2. Materials and methods
2.1. Data collection
Seventy-ﬁve rural and suburban O3 monitoring stations with a
>75% growing season coverage of hourly O3 data were selected
from the BRACE database (BRACE, 2006) and from local public institutions (Regional Agencies for Environmental Protection, ARPA)
for the time period 2005e2006 (Fig. 1, Table 1S). The type classiﬁcation of the stations is deﬁned according to the European Air
quality database methodology (EUROAIRNET, 1999).
Latitude (Lat), longitude (Long), distance from the closest city
(Urbandist), and distance from the sea (Seadist), were calculated by

Fig. 1. Ozone monitoring stations included in the analysis of AOT40.
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using the Geographic Information System (Arc GIS 8.1, Esri, Redlands e CA, USA). A Digital Elevation Model (DEM) at 20-m resolution was used to derive altitude and minimum and maximum
elevation within a 5 km radius (MIN_5km and MAX_5km, respectively). Meteorological data from 72 stations of the Research unit
for Climatology and Meteorology applied to Agriculture (CMA,
2006) were used for calculating maximum (Tmax) and minimum
temperature (Tmin) during the growing season. Because the meteorological stations were not co-located with the ozone measuring
stations, kriging analysis was performed to interpolate the data,
according to the methodology by De Marco et al. (2010). Kriging is a
geo-statistical interpolation technique considering both the distance and the degree of variation between known data points, for
estimating values in areas with no monitoring stations. A kriging
estimate is a weighted linear combination of the known sample
values around the point to be analysed. Kriging allows deriving
weights, which result in optimal and unbiased estimates. In this
work, kriging technique was based on ordinary kriging.
2.2. AOT40 estimation
Biweekly O3 concentrations (biweeklyO3) were calculated from
active measurements of hourly concentrations and used for
deriving hourly O3 concentrations (weightedO3) by applying the
Loibl function as follows:


  h

2
b1 t 2 þb2 t þb3
r
b6 t
þ
O3 ðhr ;tÞ ¼ a1 þa2 eðta3 Þ a4 ln
e
100 b4 t 2 þb5 t þ10;000
(1)
Where hr is the relative altitude given by the difference between
the absolute altitude and that of the point located in the lowest
position within a radius of 5 km, t is the time of the day, a1, a2, a3, a4
and b1, b2, b3, b4, b5, b6 are the coefﬁcients obtained by Loibl et al.
(1994) for Austrian sites. According to the methodology described
in Gerosa et al. (2003), the hourly Loibl-estimated O3 concentrations were then weighted on the basis of biweekly O3 concentrations, as obtained from passive sampling measurements:

weightedO3 ¼ ðbiweeklyO3 =dailyO3 ðhr; tÞÞO3 ðhr; tÞ

(2)

where O3(hr,t) is the hourly O3 concentration estimated by the Loibl
function, dailyO3(hr,t) is the daily average of O3(hr,t).
AOT40 was calculated from measured hourly O3 data (AOT40meas) and from Loibl-derived O3 concentrations (AOT40est) according to the usual Formula (3):

AOT40 ¼

X

maxððC  40Þ; 0Þdt

squares method of the general linear model was applied. In this
paper the application of GRM to generate statistical models was
based on the Response Surface Regression. The quadratic response
surface regression designs were a hybrid type of design with
characteristics of both polynomial regression designs and fractional
factorial regression designs. Quadratic response surface regression
designs contained all the same effects of polynomial regression
designs to degree 2 and additionally the 2-way interaction effects of
the predictor variables (Myers and Montgomery, 1995). Software
used for statistical analysis was Statistica 8.0 (StatSoft inc, Tulsa, OK
e USA).
The regression equation for a quadratic response surface
regression design for three continuous predictor variables P, Q, and
R would be (Equation (4)):

Y ¼ k0 þ k1 P þ k2 P 2 þ k3 Q þ k4 Q 2 þ k5 R þ k6 R2 þ k7 P  Q
þ k8 P  R þ k9 Q  R
(4)
AOT40 was considered as dependent variable, whereas the
predictors were: latitude (Lat), longitude (Long), maximum and
minimum temperature (Tmax and Tmin, respectively), cumulated
ozone (O3cum) and averaged ozone (O3) on the overall time frame
(growing season), distance from the closest city (Urban_Dist), distance from the sea (Sea_Dist) and minimum, maximum elevation
within a 5 km radius (MIN_5km and MAX_5km, respectively).
Cumulated ozone (O3cum) was calculated as the sum of the
biweekly O3 averages, and integrates exposure level (O3 average)
and exposure window (length of the growing season). The
biweekly values correspond to the values obtained from passive
sampling.
Cross-validation refers to the process of assessing the predictive
accuracy of a model in a test sample (sometimes also called a crossvalidation sample) relative to its predictive accuracy in the learning
sample from which the model was developed. A proportion of the
cases (70% of the dataset) was arbitrarily designated as belonging to
the learning sample and the remaining cases were designated as
belonging to the test sample (30% of the dataset). A stratiﬁed
random sampling was performed to select the 30% in each year and
station type.
The GRM model was developed by using the cases in the
learning sample, and its predictive accuracy was assessed by using
the cases in the test sample (cross-validation).
Residuals between AOT40meas and AOT40est and between
AOT40meas and AOT40 modelled by GRM were calculated as percentage of the latter minus the former divided by the former.

(3)
3. Results

where C is hourly ozone concentration (ppb) and dt is 1 h. The
summation is over all hourly values measured between
8:00e20:00 Central European Time each day in the 6-month
growing season from 1 April to 30 September (UNECE, 2010).
2.3. AOT40 modelling and data analysis
General Regression Model (GRM) applies the methods of the
general linear model, allowing to build models for designs with
multiple-degrees-of-freedom effects for categorical predictor variables, as well as for designs with single-degree-of-freedom effects
for continuous predictor variables. The GRM approach used here
implements stepwise and best-subset model-building techniques
for Analysis of Variance (ANOVA), regression and analysis of
covariance (ANCOVA) designs. To build models and to estimate and
test hypotheses about effects included in the ﬁnal model, the least

Individual sites showed marked differences in the residuals
between AOT40meas (with hourly values from active monitoring)
and AOT40est (with hourly values from the Loibl approach) at
suburban (Fig. 2A) and rural stations (Fig. 2B). In two cases, the
differences were very high reaching a percentage of variation of
241% (2005) and 203% (2006). In 40% of cases, the Loibl-based
AOT40est underestimated AOT40meas, i.e. the residuals were
below the red lines of null variation in Fig. 2. Such an underestimation ranged from 80% to 3% (37% on average) and
from 107% to 4% (31% on average) for rural and suburban
stations, respectively. AOT40est overestimated AOT40meas in 50%
and 60% of the rural and suburban stations, respectively. The
range of overestimation was from 5% to 203% (51% on average)
and from 4% to 241% (53% on average) for rural and suburban
stations, respectively.
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Table 1
Parameter estimates based on the GRM analysis for rural and suburban stations.
Signiﬁcant predictors are: longitude (Long), latitude (Lat), elevation, minimum
elevation around a 5 km buffer (MIN_5 km), maximum elevation around a 5 km
buffer (MAX_5 km), distance from the closest city (Urban_Dist), distance from the
sea (Sea_Dist), Ozone (O3, annual average), Cumulated Ozone (O3cum, i.e. the
summation of the biweekly values obtained from passive sampling over the growing
season). Only signiﬁcant parameters, singly and/or linear e non-linear combinations, are shown.
Both station types

Param.

Std.Err.

t

P

Intercept
Long*elevation
Long*MIN_5 km
Long*MAX_5 km
elevation*Urban_Dist
Lat* O3cum
AOT40total

1.51Eþ04
1.35E-05
5.21E-05
8.01E-06
3.13E-04
1.20E-06
Multiple R
0.812

3.81Eþ03
6.09E-06
1.07E-05
2.32E-06
1.27E-04
1.10E-07
Multiple R2
0.659

3.968
2.218
4.894
3.462
2.464
10.886
Adjusted R2
0.641

<0.001
0.028
<0.001
<0.001
0.015
<0.001
SS
9.151Eþ09

8.29Eþ03
4.38E-06
6.39E-04
1.15E-06
Multiple R
0.754148

6.20Eþ03
1.78E-06
2.52E-04
1.60E-07
Multiple R2
0.568740

1.338
2.463
2.540
7.151
Adjusted R2
0.545217

0.186
0.016
0.013
<0.001
SS
3.310Eþ09

1.61Eþ02
3.39Eþ01
1.13E-07
5.29E-04
1.14E-03
7.82E-02
Multiple R
0.893

2.88Eþ03
8.51Eþ00
4.14E-08
1.51E-04
3.49E-04
1.01E-02
Multiple R2
0.798

0.056
3.978
2.715
3.504
3.272
7.710
Adjusted R2
0.770

0.955
<0.001
0.010
0.001
0.002
<0.001
SS
5.969Eþ09

Suburban
Intercept
Long*MAX_5 km
Long*Tmin
Lat* O3cum
AOT40suburban

Fig. 2. Residuals (%) between AOT40 values estimated by applying the Loibl function to
biweekly averages of hourly measurements (AOT40est) and AOT40 values calculated
from hourly measurements (AOT40meas) at suburban (A) and rural (B) stations. Empty
dots are for the year 2005 and full dots are for the year 2006. The x-axis represents the
monitoring stations. A red line shows null percentage variation.

GRM highlighted a statistically signiﬁcant dependence of
AOT40total e i.e. the AOT40 calculated for both suburban and rural
sites - from linear combinations of: O3cum with latitude; longitude
with elevation, minimum and maximum elevation around a 5 km
buffer; and elevation with urban distance (Table 1). The overall
model showed a multiple determination coefﬁcient of 0.66. When
the dataset was subdivided in suburban and rural stations, GRM
showed different dependences of AOT40 from the predictors.
AOT40 at suburban sites (AOT40suburban) was signiﬁcantly affected
by a combination of: longitude and maximum elevation around a
5 km buffer or minimum temperature; and latitude with O3cum
(Table 1). The most signiﬁcant predictors for AOT40 at rural sites
(AOT40rural) were minimum elevation around a 5 km buffer, altitude combined with urban distance, cumulated ozone combined
with maximum elevation around a 5 km buffer or annual ozone
average, and longitude combined with distance from the sea. The
multiple determination coefﬁcients were 0.57 and 0.67 for the
suburban and rural datasets, respectively.
Three new functions were elaborated by the statistical modelling performed on the datasets, i.e. total, suburban and rural
monitoring stations. All functions were based on signiﬁcant predictors (Equations (5)e(7))



AOT40total ¼  1:512  104  1:350  105 Long  Elev


þ 5:211  105 Long  MIN_5km


 8:014  106 Long  MAX_5km


 3:126  104 Elev  Urban_Dist


þ 1:200  106 Lat  O3 cum
(5)

Rural
Intercept
MIN_5 km
Long*Sea_Dist
elevation*Urban_Dist
MAX_5 km* O3cum
O3*O3cum
AOT40rural


AOT40suburban ¼ 8:289  103  4:380  106 Long
 

 MAX_5km  6:388  104 Long  Tmin


þ 1:147  106 Lat  O3 cum
(6)
AOT40rural ¼1:611  102 þ ð3:385  MIN_5kmÞ


þ 1:125  107 Long  Sea_Dist


 5:288  104 Elev  Urban_Dist


 1:143  103 O3 cum  MAX_5km


þ 7:822  102 O3  O3 cum

(7)

The relationships between observed (i.e. calculated from active
monitoring hourly data) and predicted AOT40 values (i.e. modelled
by Equations (4)e(6)) in the 30% of dataset (cross-validation) are
shown in Fig. 3. The high slope values (0.89, 0.88 and 0.92, for
Fig. 3AeC, respectively) suggest that these new functions predicted
the AOT40meas values very well.
Equations (5)e(7) and Table 1 highlight the role of geographical
coordinates, i.e. longitude (Long) and latitude (Lat), in affecting
AOT40, even if in combination with other predictors, such as
elevation and cumulated ozone. In general, one of the most
important predictors for both rural and suburban sites was O3cum,
followed by other predictors which were often in combination
(maximum elevation in a 5 km buffer, longitude and latitude). Sea
distance and urban distance were important predictors at rural
areas, when combined with longitude and altitude, respectively.
When GRM models were applied to the validation dataset (30% of
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Fig. 3. Cross-validation of the GRM analysis. Relationship between AOT40 predicted by the new functions and observed, i.e. calculated from active monitoring hourly data in total
(A), suburban (B) and rural (C) stations for the 30% of data not included in the GRM models.

total dataset) at suburban and rural stations, AOT40meas was
underestimated by 6.4% on average, overestimated by 4.1%, and
underestimated by 3.2% at suburban, rural and total stations,
respectively (Fig. 4A and B).
4. Discussion
A proper estimation of O3 concentrations and AOT40 at remote
sites is critical, as those areas are representative of regional O3

Fig. 4. Residuals (%) between AOT40 values modelled by GRM and AOT40 values
calculated from hourly measurements (AOT40meas) at suburban (A) and rural (B) stations for the 30% of data not used to build the GRM models. The x-axis represents the
monitoring stations. A red line shows null percentage variation. (For interpretation of
the references to colour in this ﬁgure legend, the reader is referred to the web version
of this article.)

levels and relevant for O3 impacts on vegetation. Passive sampling
offers considerable practical advantages in O3 detection in remote
areas (Krupa and Legge, 2000), being inexpensive and easy to
deploy in the ﬁeld (Cox and Malcom, 1999). The Loibl function was
empirically developed for the Austrian mountainous terrain from a
dataset of 9 summer days by assuming that O3 concentrations
depend only on relative altitude (above valley ground) and time of
the day (Loibl et al., 1994). This function e with the parameterisation used in the present paper e was applied for estimating
AOT40 from passive sampling in an Alpine valley (Mazzali et al.,
2002), at forest sites in France, Italy, Spain and Switzerland
(Gerosa et al., 2007) and in an Italian region (Gottardini et al., 2010).
When compared to AOT40 values from co-located active monitors,
however, considerable deviations occurred (Mazzali et al., 2002;
Gottardini et al., 2010; Gerosa et al., 2012). Our results do not
corroborate the use of this function for estimating AOT40 at
monitoring stations distributed all over the Italian territory which
is characterised by variable climatic and orographic conditions.
Residuals between AOT40 estimated by the Loibl function and
AOT40 calculated from active monitoring ranged from þ241%
to 107% (Fig. 2), suggesting that the Loibl function is inadequate to
accurately predict AOT40 from biweekly passive monitoring data in
Italy, when the ﬁtting developed by Loibl et al. (1994) and applied
in Mazzali et al. (2002), Gerosa et al. (2007, 2012) and Gottardini
et al. (2010) is used.
To develop a methodology which is able to predict AOT40 in
inhomogeneous terrains from cumulated ozone data provided by
passive sampling, Piikki et al. (2009) suggested combined hourly
temperature monitoring, because diurnal O3 concentration range
and diurnal temperature range were strongly correlated, both
spatially and temporally, in southwest Sweden. The approach
performed well in 24-h AOT40 estimations, while the 12-h estimations were more dependent on site-speciﬁc parameterization.
However, concurrent monitoring of climatic parameters such as
temperature may be expensive and challenging at remote locations. This is why we applied a multi-variate, non-linear statistical
approach (GRM) to geographical attributes that can be easily
derived from GIS application. The results provided a better estimation of the AOT40 values than that obtained by the Loibl-based
approach. A similar statistical approach was successfully applied
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to mimic the hourly frequency distributions of continuous measurements from passive O3 sampling at two forest sites in Pennsylvania, USA (Krupa et al., 2003). In such an approach, however,
only climatic variables were used, i.e. air temperature, relative
humidity, precipitation, solar radiation, and wind speed. A high
predictive relevance of a GRM approach was also reported for the
estimation of Net Primary Productivity in Mediterranean forests
(De Marco et al., 2013).
The three new functions obtained by the GRM analysis
showed an excellent prediction capacity, as suggested by the
high slope values in the cross-validation (Fig. 3). This improved
estimation of AOT40 from biweekly values relative to the Loibl
approach is due to the higher number of variables included in the
GRM models, which took into account atmospheric O3 concentration, as well as other geographical parameters (such as location, and distance from the sea and from the urban site), that are
so critical in inﬂuencing AOT40. The AOT40 values were strongly
dependent on physical predictors (latitude and longitude, alone
or in combination with other predictors, like cumulated ozone
and relative elevation). The GRM models suggest that cumulated
ozone (O3cum, i.e. the sum of the biweekly O3 averages over the
growing season) was the most important driver in determining
AOT40 values, because it was the only parameter included in all
the three equations. Elevation was important only when combined with other parameters, such as longitude or urban distance
for the rural areas, whilst it was never an important predictor in
the suburban areas. Although O3 concentrations are known to
increase with increasing elevation (Lovett and Kinsman, 1990)
and therefore elevation was indicated as a major driver in AOT40
estimation (Loibl et al., 1994), our results suggest that other
important geographical factors should be taken into account
when AOT40 is estimated in terrains characterised by serious
differences in climate and orography. These factors are distance
from the cities and from the coastline. The importance of urban
distance was likely due to the highly polluted urban environment, that is a main source of O3 precursors. Sea distance
resulted to be a proxy for the effects of elevation and large water
bodies on O3 chemistry.
In conclusion, multi-variate, non-linear regression models
worked better than the Loibl-based approach in estimating
AOT40. The new functions derived from GRM can easily be applied
to estimate AOT40 when only cumulated and average ozone data
are available, thus allowing reliable AOT40 predictions in inhomogeneous terrains. Further work is recommended for testing
this approach outside the conditions the functions were developed for.
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