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Executive Summary

A brief description on the state of the art concerning the different methods available to estimate monitoring and modelling uncertainties is presented. A discussion is made on the consistency and level of applicability of the Air Quality Framework Directive concerning Monitoring and Model Quality Objectives. 

The requirements defined by the EU Regulatory Monitoring, EUROAIRNET, EMEP and WMO/GAW programmes for uncertainty monitoring estimation (Data Quality Objectives – DQO) are compared and discussed in this study. The analysis shows that EU Directive DQOs are set with a view to the practical measurement accuracy achievable in the field with typical present-day procedures. The proposed EUROAIRNET DQOs are stricter than those defined by the EU Directive. Also, the main basis for the EMEP DQOs is to provide measurements to control modelling results,

A systematic description of the modelling uncertainty analysis methodologies, based on bibliography review, was performed and discussed. Examples of air quality modelling uncertainty estimation at local and regional scales were presented taking into account the review of the current existent scientific and legislated methodologies. 

The statistical analysis suggested to evaluate model performance and to estimate uncertainties comprises a set of parameters, giving information about the ability of the model to predict the tendency of observed values, errors on the simulation of average and peak observed concentrations, and type of errors (systematic or unsystematic). From the application exercise, it was concluded that despite all parameters are important, it is possible to define a subset of parameters able to reproduce the general uncertainties estimation, comprising the correlation coefficient, the fractional bias and the root and normalized mean square errors. Parameters that reflect the capability to simulate peaks should be taken into consideration for air pollution episodes simulation. Concerning the quality indicators defined by EU directives, the results show that the legislated uncertainty estimation measures are ambiguous and inadequate in several aspects, mainly in what concerns the error measures for hourly and daily indicators based on the highest observed concentration. A relative error at the percentile correspondent to the allowed number of exceedances of the limit value was suggested and tested, showing that it is more robust and also evaluates the model performance as required. Besides that, the EU directives do not give rules on how to deal with monitoring stations representativeness on model evaluation, an important issue to guarantee the correct information about measured or predicted exceedances of thresholds values. 

The proposed guidelines can be useful for local and regional authorities, in order to estimate modelling uncertainty and to guarantee the correct information about measured or predicted exceedances of limit values and/or alert thresholds, the geographical area affected and the duration period to be available to the public.  
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1 Introduction

Air quality models are powerful tools for the prediction of the fate of pollutant gases or aerosols once released into the atmosphere. Dispersion is primarily controlled by turbulence in the atmospheric boundary layer. Turbulence is random by nature and thus cannot be precisely described or predicted by means of basic statistical properties. As a result, there is spatial and temporal variability that naturally occurs in the observed concentration field. On the other hand, uncertainty in the model results can also be due to factors such as errors in the input data and model formulation. Because of the effects of uncertainty and its inherent randomness, it is not possible for an air quality model to ever be “perfect”, and there is always a base amount of scatter that cannot be removed (Chang and Hanna, 2004). Nevertheless, air quality models need to be properly evaluated before their predictions can be used with confidence, since model results often influence decisions that have large public health and economic consequences. Therefore, as important as the model results is the information about its uncertainties, including its correct estimation and interpretation.

The uncertainty concept is one of the crucial points of Quality Assurance/Quality Control (QA/QC) procedures that should provide quantitative information about the modelling precision, identifying the uncertainty sources and their potential reduction. The present European legislation defines the requirements of QA/QC procedures for air quality modelling, including the definition of Quality Objectives as an acceptability measure, in order to guarantee that they indicate a good model performance and reliable modelling results for decision makers. However, a practical application of these requirements and interpretation of the uncertainty analysis results based on the EU Directives recommended methodology is difficult, and in some cases incomprehensible for non-expert users. 

The development of a consistent procedure for uncertainty evaluation is still a challenge for the scientific community. The present document intends to contribute to this subject, outlining a possible procedure for the correct estimation of uncertainties, at different levels of expertise and/or available data.

The application of the defined methodology to AIR4EU case studies will be published in posterior addendum to this report.

2 Uncertainties related to monitoring methods

Measurements of ambient air pollutants are typically made at one or a few sites, in order to determine the compliance of air quality data with ambient air quality standards. At different urban monitoring sites, emission densities and dispersion, meteorology, topography, street-building geometry and other conditions vary widely, so it is necessary to empirically evaluate the numbers of monitors and the appropriateness of their locations for each objective and each pollutant. The spatial variability and representativeness of monitored concentrations of PM10 and PM2.5 is not known in a general way (Blanchard et al., 1999). For O3, it has been shown that an urban network of 10 well-located monitoring stations can provide estimates of design values that differ little from networks having 25-32 stations (Ludwig et al., 1983). In an area of heterogeneous emissions density, more PM than O3 monitors might be needed. 

In the design of a monitoring network, it is important to address the fact that resulting ambient measurements will contain a degree of uncertainty. While the spatial variability component may offer some rough insight into differences in ambient levels across urban areas, it would be of interest to assess spatial variability across multiple monitoring sites all within a smaller spatial domain in such a city or urban area (Bortnik and Stetzer, 2002). Chan and Hwang (1996) attempt to solve this problem and describe a method for calculating the statistic representativeness for a given monitoring station. They compare data from 22 sites up to 750 m from their monitoring station and show that, for pollutants as SO2, O3, NO2 and PM10, the monitoring station was more representative of the surrounding area than for the pollutants CO, total hydrocarbons (THC), non-methane hydrocarbons (NMHC), and NO, due to long distance transport mechanisms (the first group) and traffic influence (the second group). They suggest that this statistic representativeness should be calculated with monitored background data to allow a more accurate comparison of pollutant levels in different cities. One of the possible criticisms of this work might be that the sites chosen to provide data for comparison are themselves not representative.

Measurements of pollutants at or near junctions are usually complicated due to turbulent wind effects and the importance of traffic light timings (Bell, 1996). According to Croxford and Penn (1998), if the junction has traffic lights, often the measured readings will reflect the traffic light switching times. Monitoring positions should be as far from junctions as possible, and at a position where the street profile is representative of the street segment as a whole, and two monitors can be sited opposite each other (i.e. if the street is “canyon-like” for more than 50% of its length, then choose a site that represents this, attention should be also paid to the average building height along the street). Wind direction data should be available at the same monitoring interval as the pollutant data and measured above roof top height, as near as possible to the monitoring area.

According to Blanchard et al. (1999), the spatial representativeness (SR) of a monitoring site may be defined as the area within which pollutant concentrations are approximately constant. They describe PM10 saturation networks with monitoring core sites, characterizing areas of high concentrations. In this study, the SR of a site was defined as the area of its saturation monitoring domain, having concentrations within 20% of those recorded at the site. Percentage, rather than absolute concentration differences, were used because concentrations at individual sites varied by factors of 3 to 5. The choice of 20% was based upon consideration of differences significant from the exposure perspective, the variation of concentrations across monitoring sites (about 50%), measurement uncertainty (about 10 (gm-3), and an analysis of the sensitivity of the findings (evaluated by varying the 20% criterion from 1 to 50%). Since the saturation domains had different areas, SR was defined in terms of the percentage of each domain's total area. 

2.1 Quality Assurance and Quality Control

QA/QC of air quality measurements is a system of procedures to ensure that 
measurements are of known precision and accuracy and results are comparable and representative of ambient conditions. The major elements of a QA/QC programme are the network design (number of stations and sitting criteria), measurement technique (sampling, analytical and calibration procedures), equipment evaluation and selection (methods validation and performance tests) and routine site operation (calibration under field conditions, maintenance, management and training). QA/QC procedures are described in the WHO UNEP GEMS/AIR Methodology Review Handbook Series, Volume 1, "Quality Assurance in Urban Air Quality Monitoring". At present, QA/QC programmes only exist in a few monitoring networks in the EU Member States and with varying degrees of efficiency. 

2.2 Quality Objectives of the Air Quality Framework Directive

The Framework and Daughter Directives establish requirements for air quality monitoring, including the definition of the Monitoring Quality Objectives as a measure of results acceptability, defined in terms of required accuracy (trueness and precision), minimum time coverage and minimum data capture. Required accuracy for air pollutants measurement (expressed as maximum uncertainty, on a 95% confidence interval, for individual measurements, over the period considered by the limit value) is based on the performances of the various methods, and taking into account the Article 3 of the Framework Directive (approval of measuring devices ensuring accuracy of the measurements, QA/QC programmes organised by the Commission).

Accuracy of measurement is defined as laid down in the “Guide to the Expression of Uncertainty of Measurements” (ISO 1993), or in ISO 5725-1 “Accuracy (trueness and precision) of measurement methods and results” (1994). The Quality Objectives for monitoring established by the EU directives are presented in Table 1. The percentages are given for individual measurements, averaged over the period considered by the limit value, for a 95% confidence interval (bias + two times the standard deviation). Member States may apply random measurements instead of continuous measurements for PM and Pb, if they demonstrate to the Commission that accuracy within the 95% confidence interval with respect to continuous monitoring is within 10% (25% in case of benzene).

Table 1. Monitoring Quality objectives established by EU Directives.

	Pollutant
	Type of measurement
	Quality Indicator
	Quality Objective
	Directive

	SO2, NO2, NOx
	Continuous
	Accuracy


	15
	1999/30/EC

	
	Indicative
	
	25
	

	PM, Pb
	Continuous
	
	25
	

	
	Indicative
	
	50
	

	CO
	Continuous
	Uncertainty
	15
	2000/69/EC

	
	Indicative
	
	25
	

	Benzene
	Continuous
	
	25
	

	
	Indicative
	
	30
	

	O3, NO and NO2
	Continuous
	Uncertainty
	15
	2002/3/EC

	
	Indicative
	
	30
	


The Framework Directive gives certain prescriptions concerning the measurement strategy (URL 1). A sparse set of observations at several place-time coordinates cannot necessarily give an accurate picture of the extent and severity of the (urban) air pollution problem. Supplementary assessment is recommended to evaluate the spatial distribution of the concentrations in each urban area, including territory-covering information on the exceedances. For local scale, in streets, accurate spatial statistics should be given, e.g. in the form of accumulated street length with levels above the limit value.

Concerning to the sitting of monitoring stations, the criteria can be separated into two main elements: macro-sitting (describe how the stations of a network should be distributed, within the entire concentration field that is to be assessed), and micro-sitting (describe how the station should be exactly positioned within the area that was chosen, on the basis of macro-sitting), in particular with respect to very small scale concentration gradients. Representativeness is particularly important for the assessment of numerous small-scale situations, like streets, which can not be individually assessed by monitoring or modelling. One often assumes that the results of an assessment of one location can be used (are representative) for other similar locations (e.g. streets). The background levels in a city are usually assumed to be characterised by 1-2 stations, translated/extrapolated for a much larger area (though with limited accuracy). 

2.3 EUROAIRNET Criteria for definition of representativeness area of a monitoring station

EUROAIRNET (EEA, 1999) consist of a selection of monitoring stations from networks operating in the European countries, in order to describe and compare air quality monitoring data and to show compliance with the EU air quality directives. According to EUROAIRNET criteria for design and establishment of the network, the area of representativeness of a monitoring station can be defined as the area within which the concentration of an air pollutant does not differ from that at the monitoring station by more than ±20%. Its determination (using quantitative or qualitative evaluation) is important, when monitoring data are used to calculate exposure of the population, materials or ecosystems, and to validate dispersion models. The area of representativeness varies with type of station and is not easily determined, e.g. when comparing monitoring stations between cities. Under EUROAIRNET network, typical ranges for different station classes were defined as criteria for suitable comparison between stations. 

For the implementation of QA/QC procedures under EUROAIRNET, Data Quality Objectives (DQO) were established to ensure that the data collected are sufficient and of adequate quality for their intended uses derived from the monitoring objectives. The DQOs for EUROAIRNET are defined in terms of indicators such as precision, accuracy and/or correctness, representativeness, data capture and time coverage, some of which are summarised in Table 2. EUROAIRNET criteria underline the importance of DQOs with regard to the overall uncertainty of the measurements.

Table 2. DQOs defined for EUROAIRNET data (EEA, 1999).
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Monitoring objective Accuracy |Precision |Data completeness | Representative-
Temporal |Spatial | ness (spatial)

Mapping, comparability |<10%  |<2ppb  |>90% 1 1,2

Trend detection 3) >90% 1 1,2)

1) The DQOs are set for station-by-station comparison (for same station class) and for trend detection at any
one station.
In the case of comparisons of, for example cities or larger entities, or trend assessment for larger areas, the
requirements to spatial coverage and representativeness would be strict, and to quantify those requires
more analysis.

2) To be eligible for comparison with a station of the same class in another location (city, country),
representativeness criteria should be complied with, as described on page 37-39.

3) To detect a trend with a certain accuracy, the combined accuracy and precision of the measurement must
be considerably better than the expected trend (expressed as relative change) (see page 39).




For comparison, the DQOs of EU Daughter Directives, the EMEP and WMO/GAW networks are presented in Table 3.

Table 3. Data Quality Objectives of some monitoring programmes (EEA, 1999)

	Monitoring programme/ Monitoring objective
	Compounds
	Accuracy
	Precision
	Data time coverage

	EU Regulatory Monitoring 1)
Detect non-compliance 
with directives
	SO2, NO2
PM, Pb
	15% 2)
25% 2)
	
	90% annual

-

	EMEP 

Provide basis for control of models
	
	15-25% 3)
	90% annual

	WMO-GAW

Detect trends over short term (5 years)
	Examples:

O3
NO2
PM2.5
	15% or 3 ppb

20% or 50 ppt

0.05+5% M
	10% or 1 ppb

10% or 25 ppt

10%
	80% monthly

-

90% monthly


1) Minimum DQOs.

2) Combined accuracy and precision

3) Total uncertainty (combined accuracy and precision) for sampling and analysis combined. Dependent upon compound

The EU Directive DQOs are set with a view to the practical measurement accuracy achievable in the field with typical present-day procedures. The proposed EUROAIRNET DQOs are stricter than those defined by the EU Directive.

EMEP DQOs specify a 15-25% “uncertainty” for combined sampling and chemical analysis, varying between compounds (to be specified). Its data completeness DQO is 90%. The main basis for the EMEP DQOs is to provide measurements to control modelling results, and an accuracy of 15-25% is considered sufficient for that purpose (EEA, 1999). Accuracy and precision defined for WMO/GAW DQOs vary between 10% and 20% for individual gases. One should bear in mind that the required accuracy/precision, in absolute terms, naturally is much higher in the WMO network than in urban networks. 

3 Uncertainties related to modelling methods

Uncertainty analysis is defined by Morgan and Henrion (1990) as the computation of the total uncertainty induced in the output by quantified uncertainty in the inputs and model, and the attributes of the relative importance of the input uncertainties in terms of their contributions. Thus, total model uncertainty can be defined by the sum of the model uncertainty, variability and uncertainty on input data, as showed in Figure 1.


[image: image3]
Figure 1. Definition of total uncertainty.

Chang and Hanna (2004) also collected and resume a set of past work on uncertainty in dispersion and air quality model results. Three major sources were identified by different author’s concerning air quality models namely:

(1) variability due to random turbulence: the natural fluctuations of the concentration fields due to random turbulence in the atmosphere. This particular source of uncertainty in model results it is intrinsic and will always be related to any model results that consider meteorological processes.

(2) input data errors, are mainly related to uncertain source terms, instruments errors and unrepresentative instrument location, among others.

(3) uncertainty in model physics concerns possible physical formulations errors, and uncertainties associated with parameters used in their formulation.

Uncertainties associated with model formulation may be due to erroneous or incomplete representation of the dynamic and chemistry of the atmosphere, incommensurability, numerical solution techniques, and choice of modelling domain and grid structure. Uncertainties in input data are described in terms of emissions, observational data, meteorology, chemistry and model resolution. Variability refers to stochastic atmospheric and anthropogenic processes; it contributes to the uncertainties mentioned previously, namely those associated with emissions estimation and representations of chemistry and meteorology. 

The total model uncertainty can be determined by comparison between observations and model predictions through the application of data quality indicators, which reflect the ability of a model to simulate real world phenomena. Although being difficult to define quantitatively, quality indicators help to understand model limitations and provide a support for model intercomparison. 

According to Chang and Hanna (2004), the evaluation of air quality models has three components: operational, statistical and scientific. The operational evaluation component mainly considers issues related to the user-friendliness of the model (user’s guide, user interface, etc). For statistical evaluation, model predictions are examined to see how well they match observations (corresponding to the total model uncertainty mentioned above). In a scientific evaluation, the model algorithms, physics, assumptions and codes are examined in detail for their accuracy, efficiency and sensitivity (corresponding to the model uncertainty in Figure 1). This exercise usually requires in-depth knowledge of the model. 

The present report will focus mainly on statistical and scientific model evaluation, through the definition of procedures for the estimation of the total model uncertainty and of each of its individual components, presented in Figure 1.

3.1 Total Model Uncertainty estimation 

One of the crucial issues in order to obtain good quality results is the correct application of a model, for the appropriate conditions, and with a correct interpretation of modelling results.

It is important to realize that models are not always used for the purpose for that they were developed. One of the more frequent examples is the situation of models developed to improve the scientific understanding of some phenomena, which are used for regulatory purposes. The difference between models developed by researchers for researchers, and those developed for non-expert use were reported by Model Evaluation Group (MEG, 1994) and are presented in Figure 2. 

The use of models for regulatory purpose implies different requirements in terms of reliability and presentation than those developed for scientific uses only (MEG, 1994). The availability of complete documentation for a model is also one of the requirements. However, the current status of model documentation, as assessed by EEA (EEA, 1996), demonstrates that models used for different policy issue, such as Climate change, Tropospheric Ozone, Urban Air Quality, etc., have rather good scientific documentation but less complete users manuals. Information on model limitations (definition of the situations for which the results of the model may not be considered as valid) is essential, and should be available together with model description. For this purpose a regulatory model should be evaluated under different simulation conditions with regard to its applicability (Schlunzen, 1997). 
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Model developed for    non - expert use  

Non - expert  
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Model developed for    expert use only  
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Use by non - expert lead to distortion  of information in decision - making  


Figure 2. Different conceptions of the use of models (from MEG, 1994).

The quality of input data used for modelling is another subject for discussion. The total model uncertainty is composed by model physics/chemistry uncertainties, data uncertainties and stochastic uncertainties (Britter, 1994). The question rising here is if the data uncertainty should, or should not, be quantified and presented with model quality? It is clear that a suitable model used with inadequate or incorrect data will produce improper results. Therefore, we should look to the modelling objectives. Is the objective to estimate the quality of the model itself or the modelling results will be used as support for political decision? In the first case the data error could be omitted, but in the second case providing the total model uncertainty is essential, and this information about uncertainties associated to modelling results will be as important as modelling results themselves. 

Another issue refers to the effective communication of model uncertainties to decision makers, so that model outputs can be correctly interpreted. One of the possible ways is to present the modelling results in probabilistic form. Also, qualitative (e.g., graphical), as well as quantitative (e.g., statistical) information on the uncertainty can be presented (USEPA, 1991).

1.1.1 Qualitative analysis

Graphical displays can be divided into four principal categories (URL 2):

· Time series plots 

Compare observed and simulated pollutant concentrations for all monitoring sites within model domain.

Compare observed concentrations with the minimum and maximum simulated concentrations of the monitoring site and the corresponding surrounding grid cells. 

· Contour plots

Show simulated pollutant concentrations and observed concentrations for each hour. 

· Frequency distributions 

Of residuals (differences between hourly observed and predicted concentrations).

· Scatter plots 

Observed versus predicted hourly concentrations.

3.2.2 Quantitative analysis

The following description outlines the state of the art concerning the available methods to perform a quantitative analysis of the Total Model Uncertainty, namely, of the most recommended statistical parameters, the quality indicators used by the EPA and the methodology described in the EU Framework Directive.

3.1.2.1 Statistical analysis

Uncertainties can be characterized and air quality model evaluation can be performed by statistical analysis, where model predictions are examined to see how well they match observations. Discussion on the evaluation of air quality models and on the development of general evaluation methods has been carried out by many scientists; however, standard evaluation procedures and also performance standards still do not exist. Traditionally, model predictions are directly compared to observations, but this direct comparison method may cause misleading results because uncertainties in observations and model predictions arise from different sources (Chang and Hanna, 2004). As already mentioned, the uncertainty in observations may be due to random turbulence in the atmosphere and measurements errors, whereas the uncertainty in model predictions may be due to input data errors and model physics. Hanna et al. (1993) recommended a set of quantitative statistical performance measures for evaluating models, which have been widely used in many studies (e.g. Nappo and Essa, 2001; Ichikawa and Sada, 2002) and have been adopted as a common European model evaluation framework (Olesen, 2001). Table 4 presents the main statistical parameters used as quality indicators in these studies.

Since the distribution is close to log-normal for most atmospheric pollutant concentrations, the linear measures FB (Fractional bias) and NMSE (Normalized mean square error) may be overlay influenced by infrequently occurring high observed and/or predicted concentrations, whereas the logarithmic measures MG (Geometric mean bias) and VG (Geometric variance) may provide a more balanced treatment of extreme high and low values. Nevertheless, MG and VG may be overly influenced by extremely low values, near the instrument thresholds and are undefined for zero values. FAC2 (Fraction of predictions within a factor of 2 of observations) is the most robust measure, because it is not too influenced by outliers. FB and MG are measures of mean relative bias and indicate only systematic errors, whereas NMSE and VG are measures of mean relative scatter and reflect both systematic and unsystematic (random) errors. The correlation coefficient (r) reflects the linear relationship between two variables and is thus insensitive to either an additive or a multiplicative factor. Some authors recommend this parameter when large-scale models with gridded fields are involved (McNally and Tesche, 1993).

Table 4. Quality indicators for air quality model performance evaluation.

	Quality indicators
	Formula
	Observations
	Ideal value

	Correlation coefficient
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	Co and Cp are the concentration observed and predicted
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	(O and (P are the standard deviations of observations and predictions

Coi and Cpi are the observed  and predicted concentration in monitoring station ‘‘i’’; n the total number of monitoring stations.
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	Normalized standard deviation
	
[image: image10.wmf]Co

Cp

NSD

s

s

=


	
	1.0

	Normalized mean square error 
	
[image: image11.wmf]Cp

Co

2

)

Cp

Co

(

NMSE

-

=


	
	0.0

	Average normalized absolute bias
	
[image: image12.wmf]÷

÷

ø

ö

ç

ç

è

æ

-

=

Co

Cp

Co

ANB


	
	

	Geometric mean bias
	
[image: image13.wmf])

Cp

ln

Co

ln

exp(

MG

-

=


	
	1.0

	Geometric variance
	
[image: image14.wmf]ú

û

ù

ê

ë

é

-

=

2

)

Cp

ln

Co

ln

(

exp

VG


	
	1.0

	Fraction of predictions within a factor of 2 of observations
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Elbir (2003) proposed a statistical analysis that included the index of agreement (d), which determines the degree to which magnitudes and signs of the observed value about mean observed value are related to the predicted deviation about mean predicted value, and allows for sensitivity toward difference in observed and predicted values as well as proportionality changes. Studies conducted by Sivacoumar and Thanasekaran (1999) and Karppinen et al. (2000) also established the usefulness of the index of agreement and other above-mentioned statistical parameters for evaluating model performance. The referred index of agreement (d) is defined as follows:
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considering the same definitions of variables of Table 4. The index of agreement varies from 0.0 (theoretical minimum) to 1.0 (perfect agreement between observed and predicted values) and gives the degree to which model predictions are error free.

3.1.2.2 EPA quality indicators

For EPA regulatory applications, the primary objective is to evaluate how well an air quality model simulates the maximum one-hour averaged concentration anywhere on the sampling network. USEPA (1996) presents a compilation of a series of photochemical model validation exercises focused on the model’s ability to predict the domain-wide peak ozone concentration and the concentrations at all locations with observed hourly ozone data above the legislation limit value of 120 ppb. These quality indicators are described in Table 5, including the acceptable values, which are merely indicative, once they were defined based on tests performed. 

Table 5. EPA quality indicators for air quality model performance evaluation.

	Quality indicators
	EPA
	Acceptable values

	Normalized accuracy of the maximum 1h concentration unpaired in space and time
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	Normalized bias test
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Another way to evaluate model performance in a stochastic framework is to assume that the observed concentration is simply a random sample taken from the probability density function (PDF) of the predicted concentration, which can be estimated by such techniques as higher-order turbulence closure schemes and Monte Carlo analysis (Chang and Hanna, 2004). Several authors already applied the Monte Carlo method for different urban/regional scale models (e.g. Moore and Londergan, 2001; Beekmann and Derognat, 2003). 

3.1.2.3 Uncertainties according to EU Directives

The Air Quality Framework Directive (FWD) sets a general policy framework for dealing with ambient air quality, regarding to the protection of human health and the environment as a whole. For this purpose, a set of long-term objectives for air quality is established by the legislation. Monitoring and modelling are identified as air quality management tools, and the uncertainty of the monitoring data and modelling results is one of the essential issues of the FWD. The FWD and Daughter Directives establish requirements for air quality modelling, including the definition of the Modelling Quality Objectives, as a measure of modelling results acceptability. In this context, the uncertainty for modelling and objective estimation is defined as the maximum deviation of the measured and calculated concentration levels, over the period for calculating the appropriate threshold, without taking into account the timing of the events. The quality objectives defined for each quality indicator are listed in Table 6. 

Table 6. Modelling Quality objectives established by European Directives.

	Pollutant
	Quality Indicator
	Quality Objective
	Directive

	SO2, NO2, NOx
	Hourly mean
	50-60%
	1999/30/EC

	
	Daily mean
	50%
	

	
	Annual mean
	30%
	

	PM10, Pb
	Annual mean
	50%
	

	CO
	8-hour mean
	50%
	2000/69/EC

	Benzene
	Annual mean
	50%
	

	Ozone
	8-hour daily maximum
	50%
	2002/3/EC

	
	1-hour average
	50%
	


Model quality measures described in the EU Directives are interpreted as the relative maximum error without timing (RME), which is the largest concentration difference of all percentile (p) differences normalized by the respective measured value. Cop and Cpp are the concentration observed and predicted values at the percentile (p).
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The question of timing is relevant for those hourly and daily limits, or target values, which are defined as a number of allowed exceedances of a given threshold concentration. Besides that, the model quality objectives for the allowed uncertainty are given as a relative uncertainty, without clear guidance on how to calculate this relative uncertainty. It could be assumed that the respective measured value shall be used to normalize the absolute difference between the maximum deviation of the measured and calculated concentration levels. Another possibility would be to take the maximum relative deviation, but this approach could shift the emphasis to the very low measured concentration ranges, where usually the largest relative deviations between observations and calculations occur, which could be the main reason for non-compliance of annual mean values uncertainty requirements. Besides that, other problems of the interpretation of the model uncertainty requirements, according to the EU Directives could occur since there are no differences between a short-term and long-term model application uncertainty analysis, being the first one in advantage due to the number of paired-in-time results. An alternative model error measure was already proposed by Stern and Flemming (2004), defining the quality indicator as the concentration difference at the percentile corresponding to the allowed number of exceedances of the limit value normalized by the observation (Relative Percentile Error - RPE). 
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This measure is more robust than the error defined in the EU Directive and also evaluates the model performance in the high concentration ranges, but without the sensitivity to outliers. Since the model uncertainty is examined in the concentration range of the limit values, there is also a direct link to the EU Directives.

3.2 Contribution of different components to the Total Model Uncertainty

The uncertainty estimation process of the different components that contribute to the Total Model Uncertainty is described in the following sub-chapters. Special attention is given to the quantification process of uncertainty in models, in the input data used for model application and in data variability resulting from stochastic processes.

1.2.1 Model Uncertainty

Many atmospheric processes contribute to the levels of pollutants concentrations observed at the ground level; these processes themselves are influenced by meteorology and chemistry. Their complex nonlinear interactions are simulated by three-dimensional regional photochemical and aerosols grid models. Therefore an evaluation of all aspects of photochemical and aerosols modelling systems, including chemical mechanisms, physical parameterisations and numerical algorithms, is critical to building confidence in the use of these models for regulatory decision making.

Since different predictions stem from differences in the meteorological and photochemical components, it is important to perform sensitivity analysis and/or model intercomparison exercises, in order to evaluate different model modules.

Uncertainties in modelling systems are often studied using sensitivity analysis procedures. It is assumed that a model consists of a set of equations with m dependent or “output” variables and n independent variables plus input parameters. The sensitivity coefficient can be defined as the ratio of the fractional change in an output variable to the corresponding fractional change in an input variable. The combined effects of variations in multiple input parameters can be estimated by assuming that there are no correlations among variables and there are no nonlinear effects, giving the result that the total fractional uncertainty in a given dependent or “output” variable is the square root of the sum of the squares of each individual sensitivity coefficient. Nevertheless, this sensitivity coefficient approach has problems for large scale photochemical grid models with input parameters that exhibit relatively large uncertainties for systems that are nonlinear and input variables strongly correlated (Hanna et al., 1998). Advanced mathematical procedures and software systems have been developed that allow sensitivity coefficients to be evaluated for more complex modelling systems (e.g. Milford et al., 1992; Carmichael et al., 1997; Saltelli et al., 2000).

Chemical schemes included in the Eulerian air quality models may be numerically expensive in terms of computing time, due to this, they are often simplified in a small limited number of chemical reactions. In this scope, sensitivity analysis is useful to evaluate the performance of different chemical schemes. 

Model intercomparison exercises can be conducted for different models, either for episodic exceedance events or for long term simulations, through the comparison of predictions and measurements.

1.2.2 Input data Uncertainty 

Depending on the air quality model system different evaluation guidelines arise regarding input data. Concerning regional air quality model evaluation Fine et al. (2003) enumerate several sources of model input uncertainties. Emissions, observational data, meteorology, chemistry and resolution are the five most important identified contributors.

Emissions estimates are considered one of the most uncertain input to air quality models. The most important reasons relay on the fact that area source emissions are poorly characterised, as well as their temporal and spatial specification. Calculated emissions have, in general less spatial resolution than needed for gridded model application.

The collected observational data are used to provide initial and boundary conditions to the modelling system and also to evaluate model performance. Additional factors contributing to observational data uncertainties as model input data concerns the ambient conditions characterizations aloft and incommensurability between spatial scales between estimated and observed pollutants concentrations. Observed concentrations represent volumes on the order of tens of cubic meters whereas grid-cell concentrations will represent cell volume, which spans from less than 
1 km3 to 300 km3.

The air quality model system relies also in a meteorological model and the obtained meteorological field’s accuracy is of first order importance in air quality modelling. In one hand, meteorology may control or influence emissions evolution, chemical species and aerosols formation (Seaman, 2000), secondary airborne chemical species reactions rates are strongly dependent on relative humidity, solar energy, temperature and the presence of liquid water; on the other hand chemical species concentrations may be determined only by thermodynamical processes. Boundary layer structure is strongly related with chemical species concentrations in air quality modelling systems, especially in what concerns mixed-layer depth, boundary layer stability, turbulent mixing intensity and lower tropospheric three-dimensional wind field (Shafran et al., 2000). These quantities are determined by atmospheric processes that must be simulated accurately, namely, horizontal and vertical transport, turbulent mixing and convection. Hence, the principal meteorological state variables usually supplied to air quality models are: horizontal and vertical wind components, temperature, water vapour mixing ratio, cloud fraction and liquid water content, solar actinic flux, sea level pressure, boundary layer depth, turbulence intensity, and surface fluxes for heat, moisture and momentum (Seaman, 2000).

Seaman (2000) considers three types of meteorological models producing meteorological fields for Eulerian models: diagnostic, dynamic and four-dimensional data assimilation models. Diagnostic models must produce dynamically consistent fields of the meteorological variables analysed which is unlikely to occur due to the lack of information concerning the dynamical equations, errors may also occur due to the methodology for vertical velocities determination which is based on the continuity equation. Most important is the fact that diagnostic models cannot have greater detail than that resolvable by the observation set, both in time and space and they only represent the original set of processes contained in the data. In general, dynamical models are based on the complete set of primitive equations for hydrodynamic flow but scaled for a particular atmospheric application. The first source of error arises because the differential equations that describe the flow are calculated in a finite-difference form and conservation of mass and energy may be lost in this form. Chang and Hanna, (2004) and Seaman (2000) pointed out an interesting feature, although dynamic models are the major meteorological driver in air quality model systems, they were/are designed to be applied in numerical weather prediction and evaluated under severe weather conditions related with strong dynamical forcing and deep convection, which are not interesting in severe air pollution problems. Weak dynamic associated with air pollution requires very good physical parameterizations of these models. Errors are strongly connected to lack of observed information after integration’s initial time permitting error accumulation over time. Internal errors may be partially overcome by the application of lateral observed boundary conditions, but results after 48 h integration periods may be lost for air quality applications. Data assimilating models considers all the available observations, in space and time, for the considered integration period, correcting dynamic model solutions and reducing accumulation of errors. As mentioned before accurate meteorological fields are extremely important for kinetics constants estimation, which is dependent on actinic flux and temperature. On the other hand radiative transfer requires a good knowledge of cloud information, which is a great source of uncertainty (Fine et al., 2003).

Concerning chemistry input data there is a lack of substantial knowledge concerning atmospheric chemical species and mechanisms. On the other hand even in case that all the chemistry is revealed it would be impossible to simulate due to its great time consume on computer resources calculations. To overcome this fact several approaches are made concerning the state of radical species reactions, steady state is required, and lumping of organic species. The considered chemical kinetic parameters into the chemical mechanisms are empiric and they also have associated technical  and methodological errors (Fine et al., 2003).

Finally, air quality model results are extremely dependent on model resolution, size of the domain of interest (Hanna et al., 1998 and Fine et al., 2003). Usually, compromises must be reached between the resolution of the process under examination, availability of information and computational resources. The imposed grid structure will limit the results obtained from emission and meteorological models. Moreover, emissions must be specified according to the implemented chemical mechanism requirements. In general, fine grids reduce errors associated with numeric solution techniques, better represent point-oriented observations and are closer to physical process such as wind shear and vertical mixing. Nevertheless, modellers should be aware that an opposite effect, i.e. increase in model errors may occur when precipitation processes are involved (Shafran et al., 2000).

Hanna et al. (1998) give a survey of several methods applied to the input data uncertainty analysis. They start by demonstrating that the sensitivity coefficient, S, methodology is not suitable for complex air quality model systems due to large uncertainty values for specific input values, nonlinearity of the physical-chemical processes and when strong correlations between input data are present. Nevertheless a development of advanced mathematical procedures were conducted by several authors in order to obtain sensitivity coefficient values from more complex modelling systems, namely, the Direct Decoupled Method, the Fourier Amplitude Sensitivity Test, the Green’s Function or Adjoint Green’s Function and the automatic differentiation technique. These methodologies have been applied to model system subsets with focus on the chemical mechanism equations integrated into the models. Concerning uncertainties on air quality model results due to input data uncertainties mostly relies on stochastic approaches like the Stochastic Response Surface Models and Monte Carlo methods.

The Monte Carlo analysis is one of the most commonly methods used to estimate uncertainties in model input variables since it has a quite simple principle (Hanna et al., 1998; Hanna et al., 2001 and Bergin et al., 1999). It may be applied to a complete set of more than 100 input parameters and it allows use of standard nonparametric statistical tests concerning confidence intervals. But multiple performance measures and methods should be applied and considered in any model evaluation exercise, as each measure/method has advantages and disadvantages and there is not a single method that is universally applicable to all conditions.

1.2.3 Variability

An air quality station located in a micro-environment with strong influence of local-scale processes may represent considerable short-term variation of air pollutant concentration and meteorological parameters due to stochastic processes. In this case, validation of air quality models against monitoring data will involve uncertainty related with variability that is not implemented in the model.

The approach to quantify the contribution of the stochastic processes to the total model uncertainty comprises: (i) a spectrum analysis of the air quality measurement data, (ii) removal of the stochastic short-term variation from the original data prior to model validation, and (iii) variability quantification.

Spectrum analysis
Spectrum analysis is concerned with the exploitation of cyclical patterns of data.  The purpose of the analysis is to decompose a complex time series with cyclical components into a few underlying sinusoidal functions of particular wavelengths and, in this way, separate different phenomena present in the time series. Fast Fourier Transformation was applied under this work for the data spectrum analysis.

Data filtering

The air quality data could be decomposed in deterministic and stochastic components using moving average filter. The stochastic component W(t) is defined as the difference between the original and filtered data.

Variability quantification
The variability is expressed in terms of the variation coefficient:
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where σ is standard deviation of differences between the original and filtered series, and 
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 is average concentration. Because the statistical distribution of the data deviates from a normal distribution, the data should be log transformed prior to the analysis.

4 Application of uncertainty analysis to case-studies

Practical examples resulting from academic research will be presented in this chapter concerning the estimation of total uncertainty and the uncertainty resulting from the different components. 

4.1 Total model uncertainty estimation

1.1.1 Qualitative analysis

To show how the described methodology for statistical analysis could be applied to a test case, an air quality model performance evaluation was conducted to an application of two air quality models (referred as MODEL 1 and MODEL 2) to an ozone episode occurred in Portugal, from 27 to 31 May 2001. During this period, exceedances of the O3 limit value (180 µg.m-3) were registered in 5 air quality monitoring stations over Portugal, three of them considered as background stations and two located in industrial areas. 

A 48 hours simulation, from 27 May to 29 May 2001, was performed for Continental Portugal, over a gridded domain with 10 km horizontal resolution, using MODEL 1 and MODEL 2, aiming to estimate hourly ozone concentrations (Ferreira et al., 2003). Models performance was evaluated for the 5 monitoring stations. As an example, Figure 3 presents the time series of simulated and observed ozone concentrations for three of the five evaluated stations.

Both models simulate the global tendency of ozone concentrations temporal evolution. However, it is perceptible that MODEL 1 overestimates nocturne ozone levels in all stations, and on the other hand, MODEL 2 generally underestimates the diurnal evolution of ozone observations, except at Ermesinde station. In spite of the underestimation of ozone peaks by MODEL 1 for Teixugueira, the exceedances verified in Teixugueira and Ermesinde are simulated by the applied models. 
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Figure 3. Temporal evolution of observed ozone concentrations at Ermesinde, Teixugueira e Monte Velho stations and simulated results by MODEL 1 and MODEL 2 for the simulation period, 27 to 29 May 2001.

1.1.2 Quantitative analysis

The qualitative analysis of results from a model application is not sufficient for an evaluation of model performance and behaviour. The quantitative analysis appears as an important tool to clarify and quantify the ability of a model to perform an air quality simulation.

4.1.2.1 Statistical analysis

The qualitative evaluation of simulated results against observed values presented above can be completed by a statistical analysis. The obtained results are summarised in Table 7. Firstly, it must be stressed that the correlation coefficient is one of the most important parameters, as it reflects the ability of the models to simulate measured data. Based on the results presented in Table 7, values reveal a better behaviour of MODEL 2 compared to Model 1. The values obtained for the bias, reported by FB, ANB and MG, reflect the differences between average observed and simulated results. Considering that these three parameters contribute with the same kind of information, only one of them is, in fact, required for a statistical analysis of modelling results.

Table 7. Statistical analysis results for MODEL 1 and MODEL 2 simulation.

	Parameter
	Average for all stations
	Average for background stations

	
	MODEL 1
	MODEL 2
	MODEL 1
	MODEL 2

	r
	0.52
	0.62
	0.56
	0.70

	Fb
	-0.16
	0.28
	-0.19
	0.20

	RMS
	49.10
	51.15
	43.14
	42.66

	NSD
	1.12
	0.77
	1.13
	0.84

	NMSE
	0.27
	0.45
	0.25
	0.34

	ANB
	1.06
	0.52
	1.26
	0.53

	MG
	0.76
	1.44
	0.73
	1.48

	VG
	1.16
	1.16
	1.21
	1.19

	FAC2
	1.19
	0.77
	1.24
	0.84

	d
	0.71
	0.69
	0.78
	0.79


RMSE and NMSE give information about the errors obtained within the observed-predicted pairs of results, but RMSE does not ignore the range of the variable in cause, ozone concentration, which in some cases could lead to incorrect interpretations of the results of this parameter. Thus, a normalized form of the parameter, NMSE, could be in such cases more adequate. FB and MG obtained values for MODEL 1 are closer to the ideal values, 0 and 1 respectively, than the correspondent results for MODEL 2, meaning that systematic errors are higher in MODEL 2 simulation results. However, both modelling applications have systematic and random errors as indicated by VG results. The parameters MG and VG are, in some way, useless, since they are sensitive to very low concentrations, which occur at night during the application example. Therefore, these parameters should be carefully used in such an evaluation. Regarding FAC2 and d, similar results were obtained for both models. Based on the ideas pointed out, it can be concluded that every statistical parameter plays a role in the evaluation of model performance and uncertainties estimation, but some of them could be considered more important, useful and required for such an analysis, namely, the correlation coefficient (r), the fractional bias (FB), the root mean square error (RMSE) (without forgetting its accounting on the magnitude of the studied variable), and the normalised mean square error (NMSE).

4.1.2.2 EPA quality indicators

Table 8 presents the EPA quality indicators that were also computed for the application described above.

Table 8. EPA quality indicators obtained for MODEL 1 and MODEL 2 simulation.

	Parameter
	Average for all stations
	Average for background stations

	
	Model 1
	Model 2
	Model 1
	Model 2

	Au
	18.0
	46.6
	10.1
	26.5

	D
	-0.8
	0.1
	-1.1
	0.1

	E
	0.0
	0.1
	0.0
	0.1


This group of parameters complements the previous analysis, since it evaluates the model capability to simulate peaks, which is particularly important for the evaluation of atmospheric pollutants episodes, like the example exposed. 

4.1.2.3 Uncertainties according to EU Directives

In order to test and illustrate these model uncertainty measures, a one-year simulation of the chemistry-transport MODEL 1 was used. MODEL 1 was applied in the regional scale mode, covering Portugal with a resolution of 10 km for the entire year 2001 (Borrego et al., 2005). The model results were compared with measured data from 23 sites of the national air quality monitoring network according to the EU directives thresholds. In Table 9 is presented an average of the relative maximum error (RME) and the relative error at the percentile, which corresponds to the allowed number of exceedings of the limit value threshold (RPE) for the background and all the monitoring sites, for each pollutant indicator defined by the EU Directives.

Table 9. Average of RME and RPE for the background and all the monitoring sites, for each pollutant indicator defined by the EU Directives.

	Pollutant
	EU Directives indicators
	RME (%)*
	Percentile (P)
	RPE (%)*
	RPE (%)**

	SO2
	Human health protection (hourly mean)
	79
	99.73 (25th max 1h mean)
	34
	40

	
	Human health protection (daily mean)
	66
	99.18 (4th max 24h mean)
	57
	69

	
	Vegetation protection 
	33
	annual mean
	33
	46

	
	Vegetation protection 
	44
	winter mean
	44
	58

	NO2
	Human heath protection (hourly mean)
	81
	99.79 (19th max 1h mean)
	39
	48

	
	Human heath protection
	47
	annual average
	47
	50

	O3
	Human heath protection (8h running daily mean)
	69
	93.15 (26th max 8h daily mean)
	16
	35

	
	Vegetation protection
	71
	AOT40
	49
	65


*considering only background monitoring stations;  ** considering all monitoring stations

Concerning the hourly and daily averages indicators, the analysis of the relative maximum error (RME) defined by the EU directives reveals that it is calculated at the highest measured value. In these cases, the assessment of the model uncertainty depends on the model performance in a concentration range having an extremely small probability. This also means that the model uncertainty assessment could probably be based on an outlier concentration caused by an error of the monitoring unit or an extreme weather situation. In fact, and in opposite to the RME, the alternative model error measure proposed (RPE) shows a quite total compliance with the legislation uncertainty requirement of 50% for all the pollutants indicators. These conclusions are in agreement with other model evaluation studies with similar or even higher complexity (Stern and Flemming, 2004; Hass et al., 2003). The analysis of Table 9 also reveals the problem of the heterogeneity of the observed concentration fields and the importance of selecting the adequate and representative monitoring sites for model resolution, since it is impossible for a grid model to simulate all stations with the required accuracy. In spite of the European Air Quality monitoring network (EUROAIRNET) considers that both spatial and temporal representativeness of monitoring stations should be addressed in uncertainty estimation procedures, in order to guarantee a more accurate comparison with air quality standards, the Daughter Directives say nothing about the monitoring stations representativeness and the selection of criteria for the number and type of stations to be used on model uncertainty evaluation. Nevertheless, there is a need for pre-selecting the stations to be used for model evaluation and that should be relied on the sites classification or on the prior knowledge of the air quality regime of the measurement sites (based on daily mean and the daily variation of each pollutant). Besides the monitoring stations representativeness, there is absence of any guidance in the EU Directives about measurement inaccuracy and incomplete data coverage that should all be taken into account in the context of a model evaluation. Regarding to data coverage, the EU Directives require a minimum of 90% data coverage of the hourly or daily values. In fact, this is another model accuracy check problem since in the past the data coverage of the Portuguese stations was mostly below 90%.

The same methodology concerning the estimation of model quality measures of the EU Directives should be applied in case of local scale applications. Restrictions to the application of this methodology will appear in case of models with feasible temporal applications of several days, like CFD (Computational Fluid Dynamic) models, for pollutants with averaging periods of 1 year, such as PM, Pb and Benzene. It is advisable the use of traffic or industrial (hot spot) measuring stations for the uncertainty analysis. In these cases it is recommended the use of the statistical parameters listed in §3.1.2.1.

4.2 Contribution of different components to the Total Model Uncertainty

1.2.1 Model Uncertainty

The chemical mechanisms included in Eulerian air quality models may be numerically expensive in terms of computing time. Due to this, the chemical scheme is often simplified in a small limited number of chemical reactions (Aumont et al., 1997). 

To evaluate the chemical mechanism influence on the total modelling uncertainty and to define their performance relative to each other, four different chemical mechanisms included in two photochemical mesoscale modelling systems (MODEL 2 and MODEL 3), were applied to a particular area of Portugal and tested/intercompared. Both mechanisms (KOREM and EMEP) included in MODEL 3 were applied, whereas concerning MODEL 2 the tested mechanisms were the default Carbon Bond IV and the revised radical termination reactions for the same mechanism. 

A short description of the chemical mechanisms included in the Eulerian photochemical models under evaluation is given:

· MODEL 2 is a 3D Eulerian model that contains five chemical mechanisms, four of them based on the Carbon Bond Mechanism version 4 (CB-IV) and the other one on the SPARC99 (ENVIRON, 2002). For this study, two of the CB-IV revised mechanisms were applied: CB-IV as implemented in the EPM UAM-IV (extensively used at the University of Aveiro, Borrego et al., 2000; Monteiro et al., 2002) and CB-IV with updated ispoprene and reactive chlorine chemistry. Concerning the VOC speciation, CB-IV is a lumped structure mechanism used for both urban and regional scale modelling. In this lumped structure approach, organics are divided into smaller reaction elements based on the types of carbon bonds existing in each of the 12 VOC species (alkanes, 1-alkenes, ethene, toluene, monoalkybenzene, dialkybenzenes, trialkybenzenes, formaldehyde, other aldehydes isoprene, methylglyoxal and unsaturated dicarbonyls). The differences between the two selected mechanisms relay on the number of chemical reactions (91 and 110 respectively), primary and secondary photolysis reactions and gas species (24 and 34 respectively). 

· MODEL 3, a 3D Eulerian well-tested model in Europe, numerically simulates photo-oxidants formation considering the chemical transformation process of pollutants together with their transport in the atmospheric boundary layer (Moussiopoulos et al., 1995). The EMEP mechanism (Simpson et al., 1993) describes the tropospheric gas-phase chemistry with 66 species and 139 photochemical reactions, including 34 photolysis reactions; and the KOREM mechanism, which is simpler, includes 39 chemical reactions and 20 reactive pollutants. KOREM results from the combination of inorganic reactions of the CERT mechanism (Atkinson et al., 1982) and organic reactions of the compact mechanism of Bottenheim and Strausz (1982). Volatile organic compounds (VOC) are lumped in five classes: methane, alkanes, alkenes, aromatics and aldehyds On the other hand, the EMEP mechanism considers the following VOC speciation: methane, ethane, n-butane, ethane, propene, o-xylene, formaldehyde, acetaldehyde, methylethylketone, methanol, ethanol and isoprene (Moussiopoulos, 1992).

These two models were applied to a Portuguese coastal region, Aveiro, where a field campaign was carried out during a summer period of 2001 year (Evtiouguina et al., 2002). Figure 4 shows the location of the meteorological and air quality stations in the simulation domain. Therefore, 48 hours simulation was performed using a 200 x 140 km2 domain and a vertical structure with 23 unequally spaced levels, with first level height at 22 m. 
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Figure 4. location of meteorological/air quality stations in the photochemical simulation domain.

Meteorological inputs to both photochemical models were obtained by the application of a mesoscale meteorological model using its nesting capabilities (Dudhia, 1993 and Grell et al., 1994). To obtain the resolution required by the air quality models, the anthropogenic emissions data (NOx, CO and VOC) were disaggregated (spatial and temporally) from the national emissions values of the most recent EMEP inventory using adequate statistical indicators (top-down methodology, Borrego et al., 2002). Biogenic emissions (isoprene and monoterpene) from forest were calculated using local and detailed dataset and emission factors (bottom-up methodology, Borrego et al., 1998). The VOC emissions were split in different species, according to each chemical mechanism, using adequate profiles. Therefore, the only difference between VOC emissions considered by each mechanism is related with VOC profiles both for biogenic and anthropogenic emissions.

Each mechanism was evaluated through the application of the USEPA (1991) guideline, during the most polluted period of the field campaign (27-28 of June 2001). Table 10 presents the statistical analysis results from the comparison between measured and simulated ozone values. 

Table 10. Statistical analysis for the 3 different model applications, at the 3 stations.

	
	27 June
	28 June

	
	Au 
(%)
	D
	Ā (%)
	Dpeak
	Fm
	FS
	Au (%)
	D
	Ā 
(%)
	Dpeak
	Fm
	FS

	MODEL2

CB-IV
	9.7
	-0.25
	5.3
	4.36
	-0.02
	0.88
	24.2
	-0.56
	9.5
	10.1
	-0.02
	0.72

	MODEL3

KOREM
	3.2
	0.11
	13.2
	10.9
	0.15
	-0.53
	23.5
	-0.45
	18.9
	19.1
	0.02
	0.63

	MODEL 3

EMEP
	10.1
	0.28
	20.0
	15.4
	0.26
	-0.46
	31.2
	-0.29
	37.8
	33.10
	0.13
	0.98


Concerning statistical parameters that evaluate surface ozone peaks the results present good skill for all chemical mechanisms and for both days and could be applied for population alert situations. Although, it is important to notice that KOREM scheme offers an interesting and simple operative solution for the study region. Despite its simpler formulation, parameter D shows that KOREM mechanism has the best performance for the first simulated day. No differences were verified on the comparative temporal variation of CB-IV and CB-IV with extensions simulations results, for the 3 stations. Therefore, the obtained statistical parameters are the same for these two mechanisms. These conclusions point to a non-significant improvement of results associated to a more complete description of photochemical reactions. The KOREM results show that a more sophisticated mechanism does not mean more accurate results.

To estimate the level of uncertainty associated with the chemical mechanism, it was performed a statistical analysis according to the relative difference obtained using the different chemical schemes. Table 11 presents the average differentials results.

Table 11. Relative difference (%) associated with the application with the different chemical mechanisms integrated in the same numerical model (MODEL 2 and MODEL 3).

	Mechanisms
	Monitoring site 1

Aveiro
	Monitoring site 2

Sangalhos
	Monitoring site 3

Covelo
	Average

	MODEL 2

(CB-IV and CB-IV with extensions)
	No significant
	No significant
	No significant
	-

	MODEL 3

(KOREM and EMEP)
	18.51
	19.30
	21.90
	20


The chemical schemes sensitivity test made with MODEL 2 shows that the small differences (additional chemical reactions and species) applied to the same chemical mechanism (CB-IV) do not give rise to significant variations on model outputs. On the other hand, the different chemical mechanisms used with MODEL 3 (KOREM and EMEP) shows significant (and similar) differences at all the monitoring sites. This relative difference is in the order of 20% and is an indicator of the uncertainty level associated with the chemical scheme used in an air quality model.

It must be referred that this study reflects a simple and easy way to evaluate the influence of a specific model formulation in the results and to estimate its contribution to the total model uncertainty. Besides that, this kind of study requires a representative air quality network over the simulation domain, in order to have confidence on this intercomparison exercise.

1.2.2 Input Data Uncertainty

As mentioned in section 3.2.2, there are several methodologies in order to identify air quality model results uncertainties due to input data uncertainties. The input data uncertainties were categorised into five classes: emissions, observational data, meteorology, chemistry and resolution. This section intends to reveal studies related with this component of model uncertainty presented as case studies, from I to IV.

CASE STUDY I: Monte Carlo method application to pollutants emission estimation for vehicles registered in Lisbon Municipality.

Variability is inherent to the processes that produce emission. If all other sources of uncertainty were removed, the variability would still make it impossible to precise emission estimation at a certain point in time and space (EIIP, 1996). There are two major components of the variability: (i) spatial component introduced by variation from source to source and (ii) temporal component that could be observed within the same source during some time period. An incomplete understanding of the variability in a process can lead to systematic errors in estimation.

Monte Carlo is a numerical statistical technique suitable for uncertainty estimation when (IPCC, 2000):

· Uncertainties are large;

· Their distribution is non-Gaussian;

· The algorithms are complex functions;

· Correlations occur between some of the activities data sets, emission factors, or both.

Usually, emission factors are not normally distributed (Winiwarter, 1993) and there is correlation between emission factors and activity data. For these conditions, statistical concepts, such as mean, bias, variance, etc., are not suitable and Monte Carlo approach is more adequate (Frey, 1992).

The principle of Monte Carlo analysis is to select random values of emission factors and activity data from their individual probability density functions, and to calculate the corresponding emission values. This procedure is repeated many times using randomly generated by computer emission factors and activity data within the probability distribution interval specified initially by user. 

The probability distribution function was determined for fleet composition based on statistical data of vehicles registered in Lisbon Municipality and using recommendations from USEPA (1997). The speed values are considered uniformly distributed between 10-50 km.hour-1. For each input data item a number is randomly selected from the probability density function of that variable and used for emission estimation by MODEL 4. The model is designed to support quantification of emissions induced by road traffic. The emission rate is estimated as a function of average speed. Different technologies (engine type, model year) and engine capacities are distinguished. 

This process is repeated many times and resulted emissions are used to calculate uncertainty associated for each input parameter.

Several series of data sets were compiled to be used in the analysis:

Series 1: Only total number of vehicles is known; distribution by categories and classes is uncertain. Also, vehicle speed is not defined and uniformly distributed between 10 and 50 km.hour-1. 

Series 2: Total number of vehicles and their distribution by categories are known. The class distribution and vehicle speed are not defined.

Series 3: Total number of vehicles, their distribution by categories and speed are known, but their age, engine capacity and type of fuel, and consequently their class for the emission model is not identified.

Table 12 summarizes these series of data sets.

Table 12. Series of data sets for Monte Carlo simulations.

	
	Total vehicle number
	Vehicles by category
	Average speed
	Vehicles by classes

	Series 1
	(
	(
	(
	(

	Series 2
	(
	(
	(
	(

	Series 3
	(
	(
	(
	(


The results of Monte Carlo simulations for different pollutants are presented on Figure 5 as a Coefficient of Variation (CV). This statistical parameter expresses the standard deviation (s) as a percentage of the mean value (xmean):
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Figure 5. Coefficient of variation for MODEL 4 estimations obtained from Monte Carlo approach. 

As could be expected, estimation of emission is less sensitive to the data variability in the last case, where only vehicle class is unknown. However, it is important to observe that different pollutants have different response for input data and CO2 prediction is more robust for all simulations. Oppositely, the estimation of PM is always more affected by the input data uncertainty. However, it should be mentioned that this analysis is performed on a relative basis, while comparison in absolute values will give insignificant variation for the PM and a large variation for CO2. Also, as could be seen on Figure 5, the estimation of VOC is very sensitive to the input data and demonstrates an important variation in the results.

CASE STUDY II: Influence of Traffic Emissions Estimation Variability on Urban Air Quality Modelling

The main objective of this work was to analyse how uncertainties in emission data of nitrogen oxides (NOx) and volatile organic compounds (VOC), originated from road traffic, influence the model prediction of ozone (O3) concentration fields. Different methods to estimate emissions were applied and results were compared in order to obtain their variability. Based on these data, different emission scenarios were compiled for each pollutant considering the minimum and the maximum values of the estimated emission range. These scenarios were used as input to MODEL 5 that was especially developed to be applied to coastal regions (Barros, 1999). The applied modelling system is composed by a prognostic 3-D meteorological model to generate the meteorological inputs and a photochemical model (USEPA, 1990; Kessler and Douglas, 1992). Simulations have been performed for a summer day in the Northern Region of Portugal (Borrego et al., 2001).

The adopted methodology is related with two main subjects of the work: traffic emission estimation and photochemical production modelling. The statistical indicators used for data emissions disaggregation are a crucial point and can significantly affect the final results. There is no general rule to select an appropriate factor for disaggregation of emissions coming from road traffic. Therefore, several statistical parameters are considered, taking into account their advantages and disadvantages. In present work, the following indicators have been used: 

(i) Gasoline consumption. The detailed information about gasoline consumption is available for each municipal unit; however, other fuel types used by road transport are ignored.

(ii) Gasoline and diesel consumption. In this approach, the two principal fuel types used by vehicles are considered. The diesel consumption data represent total values for each municipality and do not distinguish between transport and other activities and this is the important disadvantage of the method.

(iii) Total vehicles miles travelled. These data reflect not only fuel consumption, but also the vehicle split for each municipality. The main limitation of this approach is that the referred values are results from calculations and not statistical information.

Each of these parameters was separately applied to disaggregate national emission data to the municipality level. As a next step, the emissions for municipal level 
(NUT IV), obtained on the basis of the different disaggregation factors, were processed applying Census data in order to obtain sub-municipal (NUT V) resolution and then transformed to the regular matrix required by the model. The bottom-up methodology was also considered to estimate road traffic emissions of NOx and VOC for the study area. In the present approach, main roads were processed as line sources and emission calculations were based on daily mean traffic measured at several points. Emissions factors used in calculations are derived from the COPERT III methodology (COPERT III, 2000). These emission factors depend on several parameters, such as vehicle types and age, vehicle speed, etc. The application of this methodology has been described in more detail in Borrego et al. (1999a).

MODEL 5 was evaluated with experimental data and its performance was also compared with other models (Barros, 1999; Borrego et al., 2000). In both cases, the system shown to be consistent and giving realistic results.

The applications of MODEL 5 were performed over a modelling domain of 200 x 140 km2 with a horizontal grid resolution of 5 x 5 km2. The domain is located in the Northern part of Portugal including Porto and other urban areas (Figure 6).
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Figure 6. The study area used for mesoscale modelling.

First step on results analyses was the analysis of five matrixes of NOx and VOC road traffic emissions estimated from different approaches. These matrixes correspond to:

A- disaggregation based on gasoline consumption data;

B- disaggregation based on consumption of gasoline and diesel data;

C- total vehicle miles travelled;

D- updated 1990 inventory data applying growth factors to an already disaggregated emission inventory (Borrego et al., 1999b); 

E- emissions estimated by the bottom-up methodology. Table 13 presents the total NOx and VOC emissions calculated, for the entire simulation domain, by the five methods.

The only source of uncertainty on emission data considered in this methodology was related to activity data, considerations on emission factors uncertainty were absent. The difference in total values presented in Table 13 reveals a divergence much higher than 14% for both NOx and VOC, which can be related to the uncertainties of emission factors.

Table 13. Comparison of total traffic emission values obtained by different methodologies.

	Pollutant
	Top-down 
	Bottom-up

	(t .year-1)
	A
	B
	C
	D
	E

	NOx
	68200
	69534
	68497
	62722
	48957

	VOC
	46945
	47869
	47153
	43950
	24967


To provide the input to the photochemical model, two emission scenarios were compiled on the basis of maximum and minimum values, for each cell, obtained from the five approaches above described. In order to characterise the data variability, a maximum range between the two scenarios and a standard deviation of the differences were calculated, resulting in 600 kg.h-1 for NOx and 255 kg.h-1 for VOC for the maximum range obtained and 63% for NOx and 59% for VOC, concerning differences on standard deviations.

Analyses of the modelling results were performed, comparing the number of grids cells exposed to ozone concentration that exceeding the defined limits: 180 µg.m-3 (warning threshold of 92/72 EEC Directive) and 240 µg.m-3 (imposed by the Daughter Directive 2002/3/EC) (Table 14).

Table 14. Comparison of results obtained through the air quality model simulations.

	
	Nº cells with O3 concentrations higher than

	
	180 (g.m-3
	240 (g.m-3

	Minimum scenario
	18
	0

	Maximum scenario
	77
	4


During the simulation period, the number of cells above the warning threshold in the maximum scenario exceeds about 4 times the number of cells above the warning threshold in the minimum scenario. Additionally, a standard deviation of 37% for ozone concentration differences has been estimated. This model prediction discrepancy is due to the input data variation used in the scenarios compilation.

In Figure 7, the daily variations of the difference in O3 concentration and NOx emissions between the maximum and minimum scenarios for all surface domain cells are represented. During night, in absence of radiation, the amount of precursors emission plays a very small role; the deposition process and the night atmospheric chemistry scavenge limit the ozone atmospheric concentration (Zannetti, 1990). These processes are more effective in the maximum scenario (higher NO emissions) and explain the presence of negative values in the graph of ozone concentration difference between both scenarios during more intense traffic hours (Figure 7a). The number of negative values decreases during the day and is confined to the more intense traffic emissions. Nevertheless, the traffic emissions also contribute for downwind ozone formation, and very high positive differences (nearly 60 µg.m-3) can be observed during the day and the rush traffic hours, linked to NOx emissions amount (Figure 7b).
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Figure 7. Daily variations of the difference in (a) O3 concentration and (b) NOx emissions, between the maximum and minimum scenarios, for all superficial domain cells.

Summarizing, uncertainties on emissions input data for the domain covering the northern part of Portugal, and their impact on ozone photochemical production, were evaluated throughout different techniques of emission data generation with high spatial and temporal resolutions. Emission estimation comparison demonstrates that there is a considerable divergence between the applied methodologies regarding the total absolute domain values (reaching 20 000 t.year-1 for both considered pollutants) and their spatial distribution. Aiming to measure the uncertainties of emission estimations, the data incompleteness has been calculated and corresponds to 14% for the study domain. The range of variability and the standard deviation for NOx and VOC differences were also studied and considered for scenarios construction.

Analyses of the photochemical modelling results show that the variability in the input emission data influences significantly the air pollutant concentrations. A variation in the input emission data of 63 % for NOx and 59 % for VOC produces a dissimilarity of 37 % for ozone concentration fields. However, validation of the results based on a remote station observations do not reflect the uncertainties of model predictions for the overall domain due to the insignificant variability in emission estimation for the cells around the station and to their placement out of the urban plume influence. A comparison between results from the simulations considering the maximum and minimum scenarios indicates an increase of grid exposure to concentrations above the Directive warning threshold.

CASE STUDY III: Influence of topography and land use in pollutants dispersion

Regions characterised by complex orography and/or located near shore may introduce some additional processes into the daily photochemical pollution cycles. The role played by these physiographic factors is very important in order to determine the major factors contributing for ozone production. These characteristics are well described as input data to photochemical model systems.

The mesoscale circulations in the northern part of Portugal are forced by the influence of the Atlantic Ocean and several mountain ridges parallel to the coast line. The case study described intends to present a sensitivity study to a photochemical model system input data regarding land-use and topography over this region. Uncertainties associated to ozone results under different combinations of these two factors are also calculated. Hence, photochemical model results assessment to thermal induced circulations is the major concern in this case study.

The numerical system applied for pollutant transformation calculations integrates a meteorological and a photochemical module, respectively MODEL 6 (Dudhia, 1993 and Grell et al., 1994) and MODEL 5 (Moussiopoulos et al., 1995). The model input domain covers the North-western part of Portugal mainland. The simulated period for the pollutant’s dispersion in the atmosphere included two consecutive summer days under the influence of a thermal low-pressure system located over the Iberian Peninsula, 15 and 16 of July 2000 (Carvalho et al., 2006).

The sensitivity analysis on vertical ozone concentration fields was carried out using the factor analysis developed by Stein and Alpert (1993). The domain of interest (40 x 40 grid cells with 5 x 5 km resolution) is represented in Figure 8. Topography and land use were modified in order to evaluate the influence of these two important features on the local to regional flow patterns. 2n simulations are required to correctly evaluate the contribution and the interaction between the n factors. In this study two factors were considered and a set of four simulations were performed (Table 15). The modified characteristics include constant height as flat terrain at 0 m and constant land use defined as mixed shrub and grassland (code 9 from the United States Geological Survey database).

Table 15. Sensitivity analysis options.

	
	Land use
	Topography

	Simulation 1
	USGS
	USGS

	Simulation 2
	USGS
	Null

	Simulation 3
	constant
	USGS

	Simulation 4
	constant
	Null


[image: image31.emf]
Figure 8. Meteorological and air quality stations location over the study region.

The analysed ozone fields are based on the equations proposed by Stein and Alpert (1193) for two factors analysis, i.e. n=2. The ozone concentrations fields obtained are labelled according to the four simulations described (see Table 15). Hence, fields are obtained for the control simulation f12, for the flat terrain simulation (f2), for the constant land use category simulation (f1) and for the simulations were these two factors are set also constant, i.e., flat terrain and constant land use category (f0). To detect the contribution of these factors to the vertical ozone distribution it was necessary to observe the fields defined by:
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Where 
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 shows the ozone concentration not related with any of the two factors under analysis; 
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 shows the vertical ozone concentration induced by the topography; 
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 shows the influence of constant land use and finally, 
[image: image36.wmf]12

f

ˆ

 gives information related to the interaction of these two factors on the vertical ozone concentration field. Results of these calculated fields are presented in Figures 9 and 10 for the constant latitude over Teixugueira air quality station (See Figure 8) It is possible to observe that vertical meanders are almost vanished for the simulation where flat terrain and constant land use are considered, although some ozone spots appear below 5 km altitude. For these conditions higher ozone concentrations are observed in higher altitudes over land. The analysis of Figures 9 and 10 reveals that an enhancement of ozone concentrations is verified especially over water, western part of the domain, being more pronounced when topography is the inductor factor (
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). At noon, ozone concentrations are highly promoted in the western part of the domain for both factors (
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 and 
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) for the two simulated days, as well as its horizontal extension. This feature is also detected at 18 UTC but is less intense. On the other hand, land use effects are more related with ozone decreasing values over land (Centre and East part of the domain).
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Figure 9. Ozone concentrations unrelated to either topography or land use (
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); ozone concentrations induced by topography (
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 ); ozone concentrations induced by land use (
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); and ozone concentration induced by the interaction between topography and land use (
[image: image60.wmf]12
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), for 15th June 2000 at 12 UTC and 18 UTC. Vertical line represents shore location.

The contour lines values reveal that topography represents a leading factor in ozone transport to the higher levels in the western part of the domain. Increases in ozone concentrations are visible at higher levels reaching approximately 70 µg.m-3 at 3 km altitude and above (Figure 9 at 12 UTC). The interaction between both factors promotes increases in ozone concentrations above shore line reaching 90 µg.m-3 at 18 UTC in both days. At this time of the day, the vertical extent of these increases is higher, reaching 5 km altitude, which makes ozone available in a residual layer. At 12 UTC the ozone increases are also visible over land but a negative contribution is observed over water. In general, the ozone concentrations increasing or decreasing amounts may depend on the weather situation imposed by the boundary conditions, although the ozone patterns are maintained.
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Figure 10. Ozone concentrations unrelated to either topography or land use (
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); ozone concentrations induced by topography (
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 ); ozone concentrations induced by land use (
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); and ozone concentration induced by the interaction between topography and land use (
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), for 16th June 2000 at 12 UTC and 18 UTC. Vertical line represents shore location. 

The air quality stations selected for MODEL 5 ozone results uncertainty estimation due to land cover and land use changes input data were Teixugueira, Estarreja and Coimbra, representing a rural, an industrial and an urban site, respectively (see Figure 8). The Coefficient of Variation (CV, defined in sections 4.2.2) was the parameter chosen for uncertainty evaluation.
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Figure 11. CV obtained for ozone concentration results obtained for each simulation.

Figure 11 represents the CV results obtained in the hourly ozone concentration calculated for each run due to input changes in land use land cover expressed in Table 15. As expected air quality stations located in rural and industrial/rural site show greater CV values for all performed simulations that even may reach values higher than 50% for control simulation at Teixugueira. Over these sites it is also observed an enhancement of variability when constant land use is introduced. Ozone simulated results at the urban air quality station of Coimbra are more disperse around mean value when flat terrain is considered. This result agrees with the one obtained with Stein and Alpert (1993) methodology, above described.

CASE STUDY IV: Monte Carlo estimates of uncertainties in predictions by a photochemical grid model due to uncertainties in input variables.

This case is mentioned due to its importance in photochemical model uncertainty evaluation in input data. It was developed by Hanna et al. (2001), and it was started in 1997. It illustrates a more complex applications of Monte Carlo simple random sample methodology applied to input data uncertainties and their impacts in photochemical model results. 

In order to get knowledge on each specific input variable uncertainty, the first step is to identify the input parameters that will be considered for variations into the Monte Carlo experiment. Secondly, it should be associated a distribution function (shapes and key parameters such as median and variance) to each input parameter. All this information on data is gathered throughout an expert elicitation where around 20 experts are asked to give estimations of uncertainties, based on their experience, on a web page. Almost all 128 input variables considered in the Monte Carlo experiment are described by a log‑normal distribution functions, by hypotheses. Exceptions are wind direction, ambient temperature, relative humidity and cloud cover which are assumed to follow a normal distribution.

The experts were asked to give estimates of the uncertainty range that would include 95% of the possible values (i.e., from the 2.5th percentile to the 97.5th percentile of the cumulative distribution function (CDF)):

· for normal distributions, the standard deviation then equals about 
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 of this range;

· for log-normal distributions, the uncertainties were usually expressed as “plus and minus a factor of Y”; this factor is dependent on the range size of the variable:

· for variables with large ranges such as plus and minus a factor of 2 or 3;

· for variables with smaller ranges, the uncertainty was usually expressed as "plus and minus Z percent”, which can be considered equivalent to “plus and minus a factor of (Y = 1.0 + Z/100).

For a log-normal distribution, the standard deviation of ln(X), where X is the dimensional value of the physical variable, equals 0.5 x ln(Y). For example, the input initial ozone concentration, 
[image: image84.wmf]i

O

C

3

, is assumed to have an uncertainty of plus and minus a factor of 3 (encompassing 95% of possible values). Therefore the standard deviation of 
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 is 0.5 x ln(3) = 0.55.

Table 16 gives the information compiled for the considered input variables, their 95% uncertainty ranges, their assumed distribution functions and the standard deviations of the natural logarithm of the input variable (for log-normal distributions) or the input variable itself (for normal distributions).

Within this study, the photochemical grid model the UAM-V was applied over the north-eastern part of he United States for an ozone episode registered over there during July 1995. A Monte Carlo experiment with 100 runs, each one considering a new resampling of the 128 input variables, was carried out producing a distribution function for ozone results all over the considered domain. It is interesting to show the author’s major conclusions of this experiment. The distribution function of the maximum predicted ozone is consistently to log-normal with a 95 % uncertainty range extending over plus and minus a factor of about 1.6 from the median (corresponding to a standard deviation of 0.22-0.23 of the log-normal distribution). The uncertainties associated to ozone one hour average or 8 hours average are approximately the same.

Table 16. Uncertainty ranges (include 95% of data) and associated ( (standard deviations of log-transformed data) for the 128 UAM-V input variables studied in the Monte Carlo runs. A range defined by plus and minus a “factor of…” uncertainty encompasses 95 % of the data. For small uncertainty factors (i.e., less than 2), a factor of 1 + x uncertainty can be considered to be “plus and minus 100 x %” (Hanna et al., 2001).

	Variable
	Uncertainty range (includes 95 % of data)
	Sigma (log-normal unless noted)

	Initial ozone concentration
	Factor of 3
	0.549

	Initial NOx concentration
	Factor of 5
	0.805

	Initial VOC concentration
	Factor of 5
	0.805

	Top ozone conc
	Factor of 1.5 (50 %)
	0.203

	Top NOx concentration
	Factor of 3
	0.549

	Top VOC concentration
	Factor of 3
	0.549

	Side ozone concentration
	Factor of 1.5
	0.203

	Side NOx concentration
	Factor of 3
	0.549

	Side VOC concentration
	Factor of 3
	0.549

	Major point NOx emissions
	Factor of 1.5
	0.203

	Major point VOC emissions
	Factor of 1.5
	0.203

	Wind speed
	Factor of 1.5
	0.203

	Wind direction
	( 40 º
	20 º (normal)

	Ambient temperature
	( 3 K
	1.5 K (normal)

	H2O concentration (as RH)
	30 %
	15.0 % (normal)

	Vertical di!usivity (8AM‑6PM; < 1000 MAGL)
	Factor of 1.3 (30 %)
	0.131

	Vertical difusivity (all other times and heights)
	Factor of 3
	0.549

	Rainfall amount
	Factor of 2
	0.347

	Cloud cover (tenths)
	30 %
	15 % (normal)

	Cloud liquid water content
	Factor of 2
	0.347

	Area biogenic NOx emiss.
	Factor of 2
	0.347

	Area biogenic VOC emiss.
	Factor of 2
	0.347

	Area mobile NOx emiss.
	Factor of 2
	0.347

	Area mobile VOC emiss.
	Factor of 2
	0.347

	Area low point VOC emiss.
	Factor of 2
	0.347

	Other area NOx emissions
	Factor of 2
	0.347

	Other area VOC emissions
	Factor of 2
	0.347

	NO2, HCHOr, HCHOs, ALDs, and O3-O1
	Factor of 2
	0.347

	Photolysis rates
	Factor of 2
	0.347

	CB-4 reactions 1‑94
	Factor of 1.01 to 3.02

Median 1.80, Mode 2.5
	0.10 to 0.55

Median 0.30, Mode 0.46


Correlations between input parameters and uncertainties with any air pollutant calculated by the model permits to detect areas of further investigation in order to improve models estimation of the chemical specie under analysis. In this particular case ozone was the selected pollutant. This Monte Carlo experiment have allowed the authors to detected that the uncertainties associated to model ozone predictions are strongly correlated with wind speed and direction, relative humidity, cloud cover, biogenic VOC emissions and above all with the NO2 photolysis rate. When emissions scenarios are imposed it is possible to determine that emissions are responsible for 1/5 of the uncertainties associated to ozone when all the input data are considered.

1.2.3 Variability

Air quality monitoring data for 2003 with 15 minutes resolution were analysed for different station types located in Lisbon and Porto metropolitan areas (Figure 12).
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Location: Porto

Type: urban, traffic
	2.

[image: image87.jpg]



Name: Boavista
Location: Porto

Type: urban, traffic
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Name: Vila Nova de Telha
Location: Porto/Maia

Type: suburban, background
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Name: Av. Liberdade
Location: Lisbon

Type: urban, traffic
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Name: Beato
Location: Lisbon

Type: urban, background
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Name: Chamusca
Location: Lisbon Region

Type: rural, regional background


Figure 12. Air Quality stations considered for the data analysis.

The frequency spectrum obtained for 1-year observations illustrates a contribution of different frequencies in the decomposed time series (Figure 13-15) for various locations. It could be concluded that higher frequencies (small period, T=1/f) have important contribution in areas with direct influence of traffic, while for the background stations long-term variations are most important. Nevertheless, all stations present clearly identified peaks for the period T=12 hours and T=24 hours (f≈0.08 h-1 and f≈0.04 h-1). 
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Figure 13. CO frequency spectrum for the sub-urban background station (V. N. Telha).
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Figure 14. CO frequency spectrum for the urban traffic station (Boavista).
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Figure 15. CO frequency spectrum for the urban traffic station (Antas).

The air quality data were decomposed on deterministic and stochastic components using 12h-moving average filter. The stochastic component W(t) is defined as a difference between the original and filtered data. As an example, the results obtained for 1-week measurements of CO on urban background and urban traffic stations are presented in Figure 16 and 17.
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Figure 16. Suburban background station: a) Original data; b) deterministic component (line) and hourly average data ((), c) stochastic component. Time=7days*24hours*4measurements per hour.
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Figure 17. Urban traffic station: a) Original data; b) deterministic component (line) and hourly average data ((), c) stochastic component. Time=7days*24hours*4measurements per hour.

The variability calculated for 1-week CO data analysed is 16.4% for urban traffic station and 6.4% for suburban background station.

5 Recommendations

Measuring the concentration of atmospheric pollutants is of primary importance in order to obtain the closest value to the reality. Nevertheless, the actual measured value is always affected by a certain amount of errors due to several sources.

Quantifying, or establishing, the uncertainty associated to a measured value although difficult it is strongly recommended. The first step is to clearly define the purposes of the measurements, such as: determine compliance with air quality standards; determine the highest concentration in a predefined area; determine the representative concentration in areas of high population density; determine effects of particular emitters on the ambient air concentrations; determine background pollution levels.

The following procedure is to establish a monitor network design that represents the continuous field of concentration pollutants over the area of interest and that is in agreement of the measurement purposes.

It is highly recommended that cities approve and implement a Quality Assurance/Quality Control plan for their air quality measuring networks. Prior Data Quality Objectives must be defined.

If air quality data obtained on a monitoring site are only for air quality standards compliance assessment than quality objectives and indicators given in the EU Daughters Directives on air quality are compulsory. For comparative purposes/mapping or trend analysis it is recommended to follow Data Quality Objectives and QA/QC plans (minimum or complete) described in EEA Technical Report nº 12: Criteria for EUROAIRNET. The EEA Air Quality Monitoring and Information Network. If the implementation of the defined QA/QC plans are achieved it is possible to analyse temporal, spatial, sampling and analytical chemistry methods and associate this information to the measured air pollutants concentration.

The present European legislation defines the Modelling Quality Objectives as an acceptability measure to guarantee good model performance and reliable modelling results for decision makers. However, a practical application of these requirements and interpretation of the uncertainty analysis results based on the recommended methodology is ambiguous, and in some cases incomprehensible for non-expert users. The development of a consistent procedure for the uncertainty evaluation is still a challenge for the scientific community. Nevertheless, based on the compilation done and here presented, it is possible to define some recommendations to estimate the total model uncertainties for a given modelling application. The proposed procedure, presented in Table 17, considers three levels of application adaptable to end-users needs, goals and ability (Borrego et al., 2005). The first level is a simple qualitative analysis. The estimation of total model uncertainty based on statistical parameters and on FWD settlements is covered by the second level. In order to improve model performance, it is necessary to investigate the contribution of the different components of total model uncertainty. Therefore, the third level details the total model uncertainty, through the estimation of its different components. The variability is addressed as a first step. The contribution of stochastic variations in the total model uncertainty should be examined separately, since it cannot be reduced. For a more complete evaluation, sensitivity analysis to model and input parameters should also be performed. This sequence of recommendations should be regarded in these three levels of complexity and could be applied by end-users according to their desire and need of detail. 

Table 17. Guidelines/recommendations for model applications evaluation by end-users.

	 Level of Complexity
	Guidelines description

	Qualitative analysis
	Analysis of model results against measured values from the air quality network

	Total model uncertainty
	Quantitative analysis of model results using a set of statistical parameters defined in §2.2;

Model performance evaluation according to the Air Quality Framework Directive Quality Objectives- Due to ambiguities in the FWD text it is suggested to apply an alternative model error measure as proposed and justified in §2.3;

	Total model uncertainty by components (variability, model uncertainty and input data)
	Variability - for stochastic variations quantification spectrum analysis or exploration of cyclical patterns should be performed to measured air quality data.  The purpose of the analysis is to decompose a complex time series with cyclical components into a few underlying sinusoidal functions of particular wavelengths and, in this way, separate different phenomena present in the time series. Fast Fourier Transformation technique can be used to accomplish this goal. 

	
	Model Uncertainty- Sensitivity analysis and/or model intercomparison to evaluate different model modules (Chemical mechanisms, physical parameterisations and numerical algorithms);

Input Data- Sensitivity analysis to input parameters (initial and boundary conditions, meteorological parameters, emissions, land use and topography).
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