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Executive Summary 

The aim of CITEAIR II is “to jointly identify, test and transfer a set of good practices through the 
exchange of experiences and to improve the effectiveness of regional development policies in the 
area of air quality protection, sustainable transport and reduction of greenhouse gas emissions”. The 
project was co-funded by the INTERREG IVC programme, was launched in 2008 and lasts until 2011. 

Local air quality forecasting is of high importance for public authorities and the general public, 
especially in urban areas where numbers of people live and emergency control measures can be 
taken in advance in case of pollution episodes. In this context, the CITEAIR II had the ambition to 
collect good practices in the field of urban air quality forecasts, and to derive an easy-to-apply 
methodology and suitable to different levels of data, resources and skill available in a city. 

After analyzing the resources at the various city level and reviewing the advantages and 
disadvantages of existing forecasting tools, a methodology with three different levels of complexity 
was proposed for the CAQI forecast. The main outcome of CITEAIR II regarding the forecast is this 
“CITEAIR methodology” which allows running local air quality forecasting systems in an operational 
way, promoting harmonized approaches: 

- In the “Basic approach”, the objective is to individually forecast air quality at the monitoring 
stations and to derive a air quality index forecast at the city scale, based on local statistical 
adaptation of PREV’AIR regional forecasts . The concentrations are written at each 
monitoring station as a multi-linear function of PREV’AIR regional outputs, past measurements 
and other relevant quantitative or qualitative predictors. Level 1 can be applied by any city 
provided that two years of monitoring data are at least available. 

- In the “Mid-level approach”, the objective is to produce a forecast index map over the city. 
Locally forecast concentrations resulting from level 1 are spatialised by geostatistical kriging 
methods. Auxiliary variables known over the whole area (e.g. emission inventories, population, 
land cover, meteorological fields) and correlated to concentrations are introduced in the 
estimation to enhance the map precision.  

- Lastly, in the “Sophisticated approach”, the air quality is forecast over the whole city at fine-
scale resolution. This approach is based on local statistical adaptation of high resolution 
Chemistry Transport Model outputs  implemented with proper emission patterns and 
relevant chemical schemes; level 1 approach is applied to the high resolution CTM outputs 
instead to the PREV’AIR outputs.  

During the course of the project, Level 2 approach was tested for Rotterdam and Prague; however, no 
satisfying result was obtained due to a too low number of measurement points; indeed, this approach 
requires a rather homogeneous distribution and a sufficiently large number (at least >15) of monitoring 
points over the city and its surroundings.  

Level 1 methodology was applied to Rotterdam, Seville, Prague, Gdansk and Maribor. Level 3 
approach was applied to Paris and Marseille data. Both levels provided promising results, as it is 
shown here for Rotterdam. 

One of the final objectives of the CITEAIRII project was to provide a set of good practices in the field 
of air quality (CAQI index) forecast in the form of the present guidebook; to transfer them to specific 
cities (“transfer cities”) if possible as generic CAQI forecasting tools that could be applied by any city, 
for daily publication on www.airqualitynow.eu, for city inter comparison and public information. The 
stress was put on the validation aspect, with a practical validation procedure that was proposed and 
goals issued. 

Finally, in the framework of the CITEAIR II project, the statistical adaptation methodology should to be 
transferrable to others cities. With this scope in mind, programs have been developed and used during 
the project. These programs are available to any CITEAIR partner provided that a licence agreement 
is signed by the interested city: automatic scripts on Linux Platform and open-source programs for 
data extraction; compilation programs with FORTRAN language and Bash script language on Suse 
Linux Platform; statistical calculations made with R-base, a free software environment for statistical 
computing and graphics (http://www.r-project.org ).  
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1 Introduction 

1.1 Context 

Local air quality forecasting is of high importance for public authorities and the general public. It is of 
primary importance in urban areas where numbers of people live: Population can be warned and 
emergency control measures can be taken in advance in case of pollution episodes. 

Since several years now, different types of air quality forecasting tools have been derived and applied 
in different contexts. However the most advanced urban forecasting systems are complex and require 
numerous and specific input data (meteorological, emission, background concentrations, land 
coverage…) and skills that are not always available at local level. This is the reason why, in the 
framework of the CITEAIR II project, good practices to perform urban air quality forecasts with three 
different levels of complexity, depending on the needs, data availability and the experience of given 
cities or regions have been developed and applied and / or transferred to several cities.   

The air quality forecast tools developed in CITEAIRII aim at performing a forecast of the CITEAIR Air 
Quality Index (CAQI), which was set up during the first CITEAIR project with the objective to assess 
and inter compare air quality throughout European cities, in near real time. 

1.2 Objectives of CITEAIR II 

One of the final objectives of the CITEAIRII project is to provide a set of good practices in the field of 
air quality (CAQI index) forecast in the form of a guidebook; to transfer them to specific cities (“transfer 
cities”) if possible as generic CAQI forecasting tools that could be applied by any city, for daily 
publication on www.airqualitynow.eu, for city inter comparison and public information. 

The main outcome of CITEAIR II regarding the forecast is a “CITEAIR methodology” which allows 
running local air quality forecasting systems in an operational way, promoting harmonized 
approaches. It is presented in the present good practices guidebook, fed by test cases and exchanges 
of experiences developed within the framework of the project.    

Test cases were based on the contribution of CITEAIR partners (Rotterdam, Seville, Prague, Gdansk 
and Maribor) and associated ones who met through “AQ forecasting working group” meetings run 
during the course of the project.  

1.3 Content of the guidebook 

The present guidebook is organized in 6 chapters. After the introduction (chapter 1), the second 
chapter provides an overview of the situation of each partner city with respect to air quality forecasting 
at the beginning of the project; then existing forecasting approaches and examples of operational 
forecasting systems are presented. 

In chapter 3, we investigate the resources, infrastructure and skills potentially available for setting-up a 
forecasting tool in each of the participating cities to CITEIAR II; then confronting these resources and 
skills to the approaches listed in chapter 2 drives us to propose the “three level approach”, explained 
at the end of chapter 3.  

Chapter 4 is devoted to the detailed description of the proposed methodology. The main features of 
the approach and the technical requirements for its correct implementation (“good practices”) are 
described. It is applied to the city of Rotterdam; the procedure and the results obtained are described 
in Chapter 5. 

Finally, chapter 6 lists the references cited in the document. 

2 What exists? 

2.1 In the CITEAIR II partner cities 

This section aims at providing an overview of the situation of each partner city with respect to air 
quality forecasting at the beginning of the project. 
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2.1.1 Rotterdam / DCMR  

DCMR is the EPA for the Greater Rotterdam area, which includes the largest port in Europe, and the 
associated large industrial area. The region it covers comprises the city of Rotterdam and 14 other 
municipalities and has 1.2 million inhabitants. DCMR does all licensing and enforcement for spatial 
and industrial developments on behalf of or in collaboration with the municipalities and the provincial 
government. In addition, DCMR performs environmental monitoring (the air quality network already 
exists for more than 40 years) and modelling tasks and advises the local authorities on air quality 
policy, compliance with the air quality directives, action planning, etc.  

In the Netherlands, there exists a number of dispersion models for air quality, aimed at different scales 
(local, regional, national) and at different sources (road traffic, industry).  

·  CAR-II (local traffic), PluimSnelweg (highway traffic) (local scale) 

·  Stacks/PluimPlus (industrial emissions, regional scale) 

·  OPS (all sources, national scale) 

In addition occasionally experimental models are used such as an hour-by hour motorway model, a 
fugitive dust model, etc. The models are used for regulatory screening and for scenario analysis. 
Forecasting is done to predict 2015 and 2020 concentrations (for regulatory purposes and for policy 
evaluation). Forecasting for the next day(s) as a service to alert the public is not done. 

Forecasting concentrations for tomorrow is a national task and part of the national smog warning 
system. Forecasted results are displayed on the website of the national monitoring network 
(www.lml.rivm.nl) separately for PM10 and O3. NO2 is not forecasted. 

 

Figure 1 Forecasted concentrations for tomorrow dis played on the website of the national 
monitoring network ( www.lml.rivm.nl ) 

�

The data are shown as a map of the Netherlands (left) or you can select your zipcode and see a graph 
of yesterday, today and the next two days (right). The resolution of the forecast is approximately 15 x 
20 km. In case of smog episodes the national networks inform the provincial authorities. They are 
mandated to issue a smog alert. 

The current forecasts are made with the Lotos-Euros model (see http://www.lotos-euros.nl/). Until a 
few years ago an autoregressive model was used that performed quite well under the Dutch 
circumstances. 

Though the way smog alerts are issued is nationally regulated, local authorities could add, as an 
additional service to their inhabitants, a more tailored forecast. If this is a forecasted index it does not 
interfere with the official national forecast, hence the interest of DCMR in the CAQI forecast for the 
Rijnmond area. 
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2.1.2 Seville / EGMASA  

EGMASA, as body government by public law, is responsible for air quality issues in Andalusia. Among 
other activities EGMASA manages the air quality monitoring network in Andalusia. EGMASA has got 
experiences in air quality index. The Environmental Quality Data Centre of EGMASA publishes daily 
an air quality index in several cities of Andalusia, and it makes a monthly and annual report with all the 
information managed, published in the Environmental Regional Government web site. EGMASA has 
been working with dispersion models in order to elaborate a prediction about ozone exceedances. 
EGMASA elaborates an annual regional emission inventory since 2000, and is the co-ordinator of the 
Emission Inventory National Workgroup due to the big experiences in this area. 

The new line of work is a temporal disaggregation of the emission inventory, to make this tool more 
appropriate to the model requirements. The CALIOPE-ANDALUCIA project aims to implement air 
quality forecasting (up to 48 hours) through an integrated system of models that represent the current 
state of knowledge in air quality modelling. It enables simulations of gaseous and particulate matter 
with high spatial (2 km) and temporal resolution. The system consists of a set of models with four 
basic modules (see Figure 13 in Annex 1): (1) mesoscale meteorological model, (2) emission model, 
(3) air quality model, and (4) model of Saharan mineral dust. A module for validating the results of the 
predictions that qualitatively and quantitatively identifies the system ability to forecast air pollution 
episodes complements it. Annex 1 provides a more complete description of the system and its 
characteristics; additional information is available on�http://www.bsc.es/caliope-andalucia/ .  

2.1.3 Prague / CHMI 

The Czech Hydrometeorological Institute (CHMI) is the Czech Republic's central governmental 
organization for the fields of ambient air quality, hydrology, water quality, climatology, and 
meteorology. Within the scope of its activities, the CHMI  

1. establishes and operates the monitoring stations and national networks for the atmosphere 
and hydrosphere monitoring in both qualitative and quantitative terms;  

2. analyses the results of observations, measurements and monitoring;  

3. creates and maintains databases on ambient air quality.  

Air quality in the Czech Republic is monitored through the National Air Pollution Network (státní imisní 
síté). The network consists of 219 monitoring stations and this includes stations which are continuous 
and those which use manual monitoring methods. Most of the stations are operated by the CHMI. 
Several stations, particularly those operated by the CHMI, measure multiple substances (for example 
the Prague 4 – Lubuš station). In Prague, 22 sites measure air quality and 15 of those are operated by 
the CHMI.  

In Prague, O3, NO2 and PM10 (the three key components of the CAQI) are continuously measured at 
Smíchov, Vyso0any, Nam1stí Republiky, Riegrovy sady, Kobylisy, Libuš, Stod2lky, Suchdol and 
Veleslavín.  Hourly concentrations are recorded. Two of these Prague stations are characterised as 
traffic stations, the remainder are either urban or suburban background stations. Meteorological data 
is recorded in Prague at Ruzyn1 and Libuš. Cloudiness, temperature, wind direction and velocity, 
pressure and humidity are measured. 

Obtained air quality data, together with additional information, are used for the assessment of pollution 
in the Czech Republic including Prague. The CHMI supports both central governmental offices and 
local public authorities and also provides information to the public.   

Near-real-time monitoring data for Prague is available to the public over the internet via the CHMI's 
website and other sites including www.airqualitynow.eu . Daily pollution warnings, referred to as smog 
warnings, are given based on meteorological conditions however no quantitative estimate of actual air 
quality or pollutant concentrations is produced for this warning.  

At the time of writing, there is no operational air quality forecast for Prague however air quality in 
Prague is modelled using ATEM once every 2 years. This process makes use of detailed emission 
inventories for the city and its results are used for a number of purposes such as to support air quality 
management in the City and surroundings. The emission inventory that is developed for this model 
combines information from a number of sources including the CHMI's emissions database (REZZO), 
energy, heat and coal consumption statistics, traffic volumes on road links, and MEFA vehicle 
emission factors (Czech-specific vehicle emission factors described by Seebor et al., 2002).  
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The CHMI is implementing a Chemistry Transport Model (CTM) (CAMx, www.environ.com ) which is 
configured to have a horizontal domain which covers most of Europe and which is centred over the 
Czech Republic. It will make use of meteorological forecasts developed at the institute using the 
ALADIN Numerical Weather Prediction. Once its results are verified as being acceptable it is 
envisaged that it could be used for simulations of past conditions and also for deterministic forecasts 
of air quality in the Czech Republic and her cities such as Prague. For deterministic forecasting the 
main hurdles to be overcome relate to prediction performance as a reliable forecast is desired. The 
CTM is able to simulate the gaseous and particulate species that are used to calculate the CAQI. 
Currently results from the CTM are encouraging.  

2.1.4 Gdansk / ARMAAG 

The ARMAAG Foundation is a non- governmental and non-profit organization, which was set up in 
1993 by four local governments from the Pomeranian Region, namely Gda3sk, Gdynia, Sopot, Tczew 
and Nederpol Company. The ARMAAG Foundation was founded for the purpose of creating regional 
automated monitoring network of air. The ARMAAG Foundation makes efforts to supply reliable 
information about air quality to different institutions and to the public. The main aim of the ARMAAG 
Foundation is to take care of the air quality working network, to conduct air quality forecast by means 
of computer models and supply the public and the local authorities with various information about the 
status of air quality (e.g. air quality forecast, data on-line, reports etc.). 

Nowadays we have got an air quality modelling system. We prepare 24 hours air quality forecast for 
SO2, NO2, PM10 and C6h6 for the agglomerations of Gda3sk and Tczew, and also general index 
forecast. For preparing air quality forecast, it is necessary to have really good meteorological forecast 
and emission base as well. In our air quality forecast, we use the WRF model, a mesoscale 
meteorological model .This model is fed by data from project NCEP/NCAR Reanalysis. In the next 
stage, the CALMET/CALPUFF model is used. The CALMET/CALPUFF model is an advanced, 
integrated Gaussian puff modelling system for the simulation of atmospheric pollution dispersion. The 
model calculates each kind of emissions (line, point and surface) of the following substances: SO2, 
NO2, PM10, C6H6 The following step is to sum all types of emissions and index is determined. The air 
quality forecast will be calculated in  high spatial resolution 250 x 250 m. Below is an example of 
forecast: 

�
Figure 2 Example of forecast for Gdansk area 
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2.1.5 Municipality of Maribor / Institute of Public  Health, Maribor 

Regarding AQ forecast in Maribor, there is no forecasting methods or models in use for the moment. 
(Communication: Mrs. Ziva BOBIC CERVEK, Municipality of Maribor; Mr. Benjamin Lukan from 
Institute of Public Health, Maribor) 

To summarize, the situation with respect to air quality forecast is diverse among the CITEAIR partners: 
in some cases, the partners have already a whole forecast system available that they want to improve, 
especially at the local, urban scale; on the opposite, some of them do not have any forecasting 
capabilities. 

2.2 Existing forecasting approaches and systems 

This section provides a general overview about the approaches that are in use nowadays for air 
quality forecast in Europe and beyond, their advantages and disadvantages. Where possible, 
examples of practical applications are given. We do not aim to describe the complex area of air quality 
forecast in an exhaustive and scientific manner as it has been done elsewhere.  

2.2.1 Statistical forecast 

Apart from empirical methods which are based on persistence, climatology, human expertise and 
meteorological forecast, statistical modelling is the simplest approach to forecast air quality levels; it is 
based on statistics, taking advantage of existing links between pollutant concentrations / 
meteorological (wind speed and direction, temperature, cloudiness, moisture…) / physical (emissions) 
parameters. The variables linked to the quantity one wants to assess are named “predictors”. Its 
objective is to provide a forecast where air quality, meteorological and physical records have been 
available for a long time (i.e. monitoring points). 

Statistical models have the following advantages: 

·  air quality levels are quickly computed 

·  few input data are required 

·  implementation of the forecast easy and at (almost) a low cost 

Several techniques might be used:  

·  Linear regression 

·  Linear regression together with a stratification of the data (based e.g. on weather type) 

·  Linear regression on principal components 

·  Classification and regression trees (CART) 

·  Neural networks 

Other methods are occasionally applied or developed such as: 

·  Non linear regression 

·  Quantile regression 

·  Time series analysis (ARIMA; State-space modeling) 

·  Combination between ARIMA and neural networks 

·  Etc. 

An example of such statistical approach is the SMOGSTOP (Statistical Model of Ground-Level Short-
Term Ozone Pollution) tool used by IRCELINE (Lissens et al., 2000). 
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�
Figure 3 Example of linear and non linear regressio ns applied to ozone (high levels) 

(Rakotomamonjy, A. and S. Canu, 2001) 

�

CART (Classification And Regression Tree) methods: 

The following is adapted from http://www.aires-mediterranee.org/html/prevision.htm . 

Since 1998, Atmo PACA (former Airmaraix) has operated a statistical model for air quality forecasting: 
the CART (Classification And Regression Tree) model, in collaboration with the University of the 
Mediterranean (Luminy). 

This model is based on meteorological predictors observed / forecast on several weather Météo 
France stations but also on parameters constructed from levels of pollution. 

These modelling techniques are nonlinear and nonparametric. The explanatory variables are both 
quantitative and qualitative. 

The figure hereafter shows the predictive variables to predict the risk of exceeding the regulatory 
levels of ozone. 

 

 
Figure 4 Example of CART approach ; predictive vari ables used to predict the risk of 

exceedance of the regulatory levels of ozone �
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At the top of the tree, the observation set is divided according to a statistical criterion into two classes 
represented by: 

·  a variable 

·  a threshold on this variable. 

These classes are nodes of the tree; on each of these nodes, the same procedure (binary division) is 
applied and leads to other divisions. At each node we find the number of observations corresponding 
to the division made and the average of ozone maximum on these observations. Thanks to a stopping 
rule of the procedure, we obtain a tree with a number of leaves (extreme nodes of the tree) that is not 
too large. 

The trees are prebuilt for each pollutant and each station. Entering the parameters of the day in the 
CART model, we follow a specific path of the tree to a specific sheet; the average of observations is 
the expected value for the pollutant on the station. This model can therefore predict the maximum 
daily ozone on any measurement station.  

Today, this model is used by Air Alps Mediterranean to forecast at 11:00 the next day the risk of 
exceeding the regulatory levels of ozone by department on the PACA region.  

As in many instances, the final forecast is based not only on the statistical model results but also on 
the deterministic model outputs and on human expertise. 

Neural networks: 

Neural networks arouse growing interest. Their efficiency in comparison with classical methods such 
as linear regression is often (but not always) shown. However, whatever the technique is, the 
performance of the forecasting model depends to a large extent on the available explanatory 
variables. These statistical approaches usually give satisfactory results, at least for ozone daily 
maxima [Zeldin and Thomas, 1975; Simpson and Layton, 1983; Robeson and Steyn, 1990]. 

This table provides an overview of recent studies dealing with statistical forecasting using neural 
networks. 
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Table 1 Recent examples of statistical short-term f orecasting 

Statistical 
method 

Predicted variables Explanatory variables Performance Reference 

Neural network 
(feed forward 
multi layer 
perception) 
(Genetic algorithm 
for the selection of 
the input 
variables) 

PM10 hourly 
concentrations at 
traffic and 
background sites 

T, solar rad., WS, 
cos(WD), day, cos of 
the hour of the day, 
seasonal index 

R2 = 0.50-0.67   
RMSE = 12.35 – 
26.06 
%good alarms : 51-
68 
Better precision than 
multiple linear 
regression (also 
applied for 
comparison). MLR: 
R2 = 0.29-0.35 
RMSE = 17.06- 
35.14, % good 
alarms: 16-36 

Grivas and 
Chaloulakou, 
2006 

Multiple linear 
regression 
CART 
Principal 
Component 
Analysis + 
regression 
Neural network 
(three layer back 
propagation) 

PM10 daily average 
concentration at an 
urban site 

For MLR: 1/mean(WS), 
max (WS), 
mean(T),max(T), day, 
week and month 
variation 
PCA+reg.: 3 factors 
used (76% of the total 
variance) 

RMSE = 
MLR: 11.24 
CART: 33.55 
PCA + reg: 8.14 
NN: 7.13 
% good alarms (> 
50µg/m3): MLR: 
94.1, CART: 39.7, 
PCA+reg: 79.4, NN: 
17.7 
% false alarms : 
MLR: 2.9, CART: 
9.8, PCA+reg: 2.1, 
NN: 0.2 
Large scatter 
between PM10 
predicted and 
observed 
concentrations  

Slini et al., 2006 

Quantile 
regression 

O3 hourly 
concentrations at an 
urban site 

T, solar rad., RH, WS, 
WD, mean(NO)D-1, 
mean(NO2)D-1, 
mean(O3)D-1 

RMSE = 16.86  
More efficient 
prevision of extreme 
values than multiple 
linear regression. R2 
= 0.49 ; RMSE = 
21.82  

Sousa et al., 
2009 

OVL neural 
network model. 
Predicts PM10 
without the use of 
a PM10 forecast.   

Day+0 to +4 daily 
average PM10 
concentrations at 
urban locations. 

Database of PM10 
measurements (1998- 
2002), meteorological 
variables (boundary 
layer height, wind 
speed and direction, 
temperature, could 
cover) and day of the 
week. Temperature and 
wind speed not 
significant predictors. 

Day 1 forecasts 
considerably better 
than persistence 
model.  
Prediction of 
exceedence / non-
exceedence event 
evaluated. 

Hooyberghs et al. 
(2005) 

 

The analysis performed in the framework of the LCSQA report (LCSQA, January 2001) shows that the 
effectiveness of non linear models diminishes whit time lag (D+1). 

2.2.2 Deterministic forecast 

In comparison to statistical approaches, deterministic models are based on the resolution of the 
mathematical equations describing the physical and chemical processes that drive the air pollutant 
concentrations. 
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They have the advantage of providing a comprehensive picture of air quality for a given time period 
and geographical area. For example, deterministic Eulerian models – these models compute 
concentration levels over a grid - indicate city plume directions; they offer the possibility of assessing 
the efficiency of emission scenarios, since they take into account causal aspects. 

Recently, progress in computing technologies has allowed the use of simplified [Vautard et al., 2001] 
and full three-dimensional models for daily forecasts [Tilmes et al., 2002; Cope et al., 2004; McHenry 
et al., 2004; Vaughan et al., 2004; McKeen et al., 2005]. 

Several examples of Air Quality Forecast Platforms exist throughout the world, based on such 
deterministic Eulerian models, and delivering various output products: 

·  The PREV’AIR (French national air quality forecasting and monitoring system) platform, 
operated by INERIS delivers European and national (i.e. over France) forecasts for regulatory 
pollutants: O3, PM, and NO2, up to three days ahead. PREV’AIR uses the CHIMERE 
Chemistry Transport Model (CTM) for dispersion, EMEP emissions and MM5 meteorological 
forecasts. 

·  Another example of an operational system yielding daily forecasts of air quality over Europe 
from regional three-dimensional models is provided by the Rhenish Institute for Environmental 
Research at the University of Cologne (see, e.g., http://www.eurad.uni-koeln.de/index_e.html 
). 

·  At a regional level, the ESMERALDA platform (standing in French for “Multi-regional studies of 
the atmosphere”) operated by Airparif, delivers high resolution forecasts over the Ile-de-
France and neighbouring regions. Hourly forecast maps are produced for the same day (D+0), 
the next two days (D+1, D+2) over the inter-regional area (438 x 552 km ²) with a resolution of 
6 km, and zooms with a finer resolution of 3 km. The systems ingest input data from various 
origins and use numerical models to produce the forecasts for the different pollutants. 
ESMERALDA makes use of CHIMERE; emissions from an inter regional emission inventory 
and EMEP emissions outside the inter regional domain; outputs from the HEAVEN system 
(also operated by Airparif) for traffic emissions; meteorological forecasts from MM5; boundary 
conditions at the national level from PREV’AIR system. 

·  The PROMOTE web site (http://www.gse-promote.org ) provides ensemble forecasts of air 
pollutant concentrations for all of Europe up to two days (72 hours) at a resolution of 
~50km*50km: ground-level concentrations of ozone, nitrogen dioxide and particulate matter 
derived from several chemistry-transport models are combined in order to get an optimal 
result. Ensembles of different models are used in order to improve single model forecasts. 
This approach has recently been tested in experimental settings during limited time periods 
[Delle Monache and Stull, 2003; Delle Monache et al., 2006]. 

·  Other examples of such platforms throughout the world are: in Australia, the Australian Air 
Quality Forecasting System�  predicts daily levels of photochemical smog, atmospheric 
particles (including wind-blown dust and smoke) and 22 other pollutants. It is based on TAPM 
(The Air Pollution Model), a Eulerian/Lagrangian model that is usable for: 

·  assessing emissions from individual chimneys 

·  investigating photochemical smog in cities 

·  studying haze overseas 

·  tracking emissions from cities over hundreds of kilometres. 

·  The model can be applied to coastal and mountainous areas. 

At the urban scale, Eulerian CTM as those described here above can be used at a few kilometres 
resolution. However, even at this “high” resolution, the potential impact on air quality of road traffic – 
one of the major pollutant sources at the urban scale - is not well described: the emissions are 

                                                      

 

1 http://www.csiro.au/services/AAQFS.html and http://www.cmar.csiro.au/airquality/aaqfsanim.html  
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averaged over grid cells. Thus, other approaches have been developed. Gaussian modelling is an 
intermediate approach, which allows describing the impact of multiple emission sources present in an 
urban area, at a low computational cost. By contrast to Eulerian models, Gaussian models compute 
concentration levels at specific points called “receptors” chosen by the operator of the model. 

The SATURN (Studying Atmospheric Pollution in Urban Areas) subproject was part of EUROTRAC-2, 
project to the study of transport and chemical transportation of air pollutants over Europe. It aimed at 
improving the knowledge about source-receptor relationships at the urban scale. Within SATURN, 
about 20 models were developed and applied. 

Here are a few examples of such urban models: 

·  ADMS-Urban http://www.cerc.co.uk/environmental-software/ADMS-Urban-model.html “ADMS-
Urban pollution model is a comprehensive tool for tackling air pollution problems in cities 
and towns . It can be used to examine emissions from 7500 sources simultaneously . 
ADMS-Urban is used to model the impact of major developments such as the Beijing Olympic 
Village, airport expansion and traffic management schemes. It is used to assess current and 
future air quality with respect to the air quality standards such as the EU Air Quality Directive, 
UK NAQS, US NAAQS, Chinese Class I, II and III and WHO guidelines.” 

·  SIRANE : 
http://www.harmo.org/conferences/Proceedings/_Garmisch/publishedSections/5.39.pdf 
« Sirane is a model for transport and dispersion of pollutants in a street network (Soulhac 
2000, Soulhac et al 2001b). The pollutant concentration in each street is calculated from a 
balance of pollutants entering and leaving; the physical processes currently represented in the 
model are vehicle emissions in the street, turbulent flux at the interface between the street and 
the atmosphere, entry and exit fluxes at each end of the street, dry and wet deposition. (…) 
Simple chemical reactions are modelled. »  

·  AIRQUIS-EPISODE: “The models included in the AirQUIS system cover air pollution on all 
scales; along streets and roads, industrial emissions, gridded pollution from household etc. 
within the urban areas and on a regional scale. The NILU developed source oriented 
numerical dispersion model EPISODE calculates spatial distribution of hourly concentrations 
of SO2, NOX, NO2 and suspended particles. The NILU models ROADAIR and CONTILENK 
are used to estimate sub grid concentrations close to roads within the square grid. A puff-
trajectory model, INPUF, is used to calculate the influence of point sources.” (from 
�����������	
���	
��
���
�� �� 

2.2.3 Hybrid forecast 

Finally, hybrid forecast is an alternative approach coupling measurements and model outputs. It is 
more and more used. It is based on both statistical and deterministic modelling tools: statistical 
procedures might also be implemented in forecasting systems to improve their skill. This is the case 
for ozone and particles in the PREV’AIR system [Honoré et al., 2009]. 

An example is a simplified hybrid statistical-deterministic chemistry-transport model that has been 
used for several years in real time for the prediction of ozone in the area of Paris, up to 3 days ahead 
[Vautard et al., 2001]. In this model, a simple linear regression model forecasts the boundary 
conditions. 
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3 The CITEAIR air quality index forecast: a “three level approach” 

3.1 City needs / ambitions 

The development of the CAQI forecast is made to support European cities and regions taking account 
of their constraints. In this respect, the participating cities to CITEIAR II have answered a 
questionnaire about their needs and ambitions and the existing resources, infrastructure and skills: 

·  Available observation data 

·  Available emission data 

·  Available meteorological data 

·  Other data likely to be useful. 

The result of this investigation is briefly reported in the following. 

3.1.1 Rotterdam / DCMR  

DCMR operates an AQ network with 12 automatic monitoring sites monitoring NOx. Ozone, PM10, 
PM2.5, black carbon and SO2 is monitored at most but not all of these sites. In addition there are 
additional monitoring sites in specific locations. These include automatic and semi-automatic 
monitoring sites for CO, PAH, benzene and other VOC-s, TSP heavy metals, and wet deposition. 

The network is over 40 years old and has an industrial background (over 30 SO2 monitoring sites in 
the early 1970ies). Over the years the emphasis has changed and in the past decade monitoring was 
increasingly focussed on urban areas and traffic situations. DCMR collaborates with the national 
monitoring network that runs an additional two monitoring sites. Data exchange between the networks 
is in near real time.  

The monitoring covers an area of approximately 800 km2 that is home to 1.2 million people, a large 
port industrial area including Europe’s largest port. 

Emission data are available for all sectors for the larger Port of Rotterdam area. They include the 
industrial point sources, area sources according to land use and population density, all mobile 
sources: roads, shipping, (inland and seagoing ships) and the airport. Year average emissions are 
used, if necessary with general temporal profiles. Traffic emissions are highly spatial resolved: the 
network is described by >13000 roadlinks, for detailed modelling. Point sources are available with 
exact coordinates, shipping is available at a 550x500m resolution and other sources at a 1x1 km 
resolution. For generic area wide modelling traffic emissions are also used at this scale. 

Complete meteorological data is available for Rotterdam Airport where a full meteo observation station 
is operational. This station is located on the northern outskirts of town. At the extreme west of the 
area, at the coast/port entrance, additional observations are available on the wind direction and speed. 

Most modelling is done for compliance checking and spatial planning. Background concentrations are 
modelled on a 1x1 km grid with individual sources and traffic being added at a resolution of 50x50m. 
Year average concentrations are generally calculated for these purposes. 

For public information the motorways and their immediate vicinity are modelled in real-time and 
displayed on a website (NO2, PM10). In addition a simple data-assimilation tool is used to combine 
pre-modeled concentration fields with actual meteo and calibration measurements to calculate an 
hour-by-hour picture of the NO2 concentrations in the greater Rotterdam area at a 100x100 m 
resolution. This is available on the website. 

No forecasting is being done. This is a national task performed by the national AQ monitoring network. 
However, the scale of the forecast is quite large (>5x5km) and little spatial detail is presented. In 
particular within the city the situation might be different and it would be interesting to arrive at an index 
forecast for the worst situation expected in the city. 
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3.1.2 Seville / EGMASA  

The following resources are available at EGMASA:  

·  air quality monitoring network: 89 stations and 87 atmospherics emissions monitoring stations 
(other water quality and coastal effluents network also are managed); 

·  annual regional emission inventory managed since 2000; temporal disaggregation of the 
emission inventory under progress;  

·  dispersion modelling in order to elaborate a prediction about ozone exceedances. 

EGMASA will actively bring in its knowledge on air quality and emission fostering the exchange of 
experiences and expects a cross-fertilization through the experiences of the other partners. EGMASA 
will especially contribute to the good practices of CITEAIR II. The good practice on air quality forecast 
will be transferred to Seville.  

3.1.3 Prague / CHMI 

Combined, the City of Prague and the CHMI have information that could be used to produce an air 
quality forecast for Prague, including: 

·  Meteorological forecasts from the CHMI's numerical weather prediction model. 

·  Regional CTM model output data (including forecasts). This CTM is run by the CHMI and is 
driven using the meteorological forecasts mentioned above. Anthropogenic emissions are 
derived from the EMEP database and the Czech Republic's national emission inventory. 
Biogenic VOC emissions are derived using an emission preprocessor with meteorological and 
land cover information. Air quality indicators predicted include PM10, NO2 and O3. 

·  Access to real-time air quality monitoring information at roadside, urban and suburban 
locations. 

·  Information on land cover, population density and traffic volumes within Prague. 

·  Emission information from point and mobile sources (based on road links, intersections, 
tunnels, car parks and other special sources).  

As such, Prague is well positioned to have an air quality forecasting capability.  

Prague and the CHMI aim to achieve two outcomes from the CAQI Forecast of CITEAIR II. They are 
willing to share experiences and learn from other participating partners, and transfer the good 
practices developed for the project to Prague, in order to produce an AQI forecast for Prague. Prague 
is interested in applying the Level 1 forecast to improve on an air quality forecast produced solely by a 
regional CTM. CHMI expect this approach to be particularly useful when forecasting air quality for 
near-road locations whose spatial-representativeness is too small to be captured by current CTMs. 
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Table 2 Air quality monitoring by the CHMI in Prague . Stations, substances and averaging 
periods 

 

Location SO2 NO2 CO O3 PM10 

Inner Prague: 

Prague 8-Karlín  1hr 1hr   1hr 

Prague 2-Legerova  1hr 8hr   

Prague 5-Mlyná4ka  1hr   1hr 

Prague 1-Nam1stí Republiky  1hr  1hr 1hr 

Prague 2-Riegrovy sady 1hr 1hr  1hr 1hr 

Prague 5-Smíchov  1hr 8hr 1hr 1hr 

Prague 10-Vršovice 1hr 1hr   1hr 

Prague 9-Vyso0any 1hr 1hr 8hr 1hr 1hr 

Outer Prague: 

Prague 4-Braník 1hr 1hr   1hr 

Prague 8-Kobylisy 1hr 1hr  1hr 1hr 

Prague 4-Libuš 1hr 1hr 8hr 1hr 1hr 

Prague 5-Stod2lky 1hr 1hr  1hr 1hr 

Prague 6-Suchdol 1hr 1hr  1hr 1hr 

Prague 6-Veleslavín  1hr  1hr 1hr 

Prague 10-Pr2myslová 1hr 1hr   1hr 

 

While the monitoring data is recorded in real time, datasets typically become available after they have 
been screened and validated.  This process is commonly undertaken for the annual report and is 
usually completed for a calendar year by July the following year. 

Meteorological data is recorded in Prague at Ruzyn1 and also Libuš. Cloudiness, temperature, wind 
direction and velocity, pressure and humidity are measured at these stations. 
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3.1.4 Gdansk /ARMAAG 

The ARMAAG network has got 10 automated monitoring stations in the Agglomeration of Gda3sk and 
Tczew. The data are available for more than ten years for all stations. All of the stations are urban 
background. On the table below is detailed the list of substances: 

Measured pollutants 

Location         

 SO2 NOx NH3 O3 PM10 CO CO2 BTX 

Gda3sk ul. Powsta3ców Warszawskich x x 
  

x 
   

Gda3sk ul.Kacze3ce x x 
  

x 
  

x 

Gda3sk ul. Wyzwolenia x x 
  

x x x 
 

Gda3sk ul.Ostrzycka x x 
 

x x x 
  

Gda3sk ul.Leczkowa x x 
 

x x x 
  

Gdynia ul.Por5bskiego x x 
 

x x x x 
 

Gdynia ul.Szafranowa x x 
 

x x 
   

Gdynia ul.Wendy 
 

x x 
 

x 
  

x 

Sopot ul.Bitwy pod p
owcami x x 
  

x x 
  

Tczew ul.Targowa x x 
  

x x 
  

Total: 9 10 1 4 10 6 2 1 

Meteorological measurements 

Location 
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Gda3sk ul.Powsta3ców Warszawskich x 
  

x x 
  

Gda3sk ul.Kacze3ce x x x 
   

x 

Gda3sk ul. Wyzwolenia x 
   

x 
  

Gda3sk ul.Ostrzycka x x x x x 
 

x 

Gda3sk ul.Leczkowa x x x x x 
 

x 

Gdynia ul.Por5bskiego x x x x x 
  

Gdynia ul.Szafranowa x x x x x x 
 

Gdynia ul.Wendy x x x x x 
  

Sopot ul.Bitwy pod P
owcami x x x x x x 
 

Tczew ul.Targowa x x x x x 
 

x 

total: 10 8 8 8 9 2 
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Emission data are available from 2008 and 2009. Emission inventories are divided into three main 
categories: point, area and line emissions. Emission inventories include the following substances: 
SO2, NO2, CO, PM10, PM2,5, volatile organic compounds, cadmium, nickel, benzo(a)pyrene, 
mercury, lead, benzene. The resolution is 250 x 250 m in the cities and 1x1 outside of the cities. GIS 
data are also available (in shape file format -emission data, general data such as buildings, streets). 

3.1.5 Municipality of Maribor / Institute of Public  Health, Maribor 

(Communication: Mrs. Ziva BOBIC CERVEK, Municipality of Maribor; Mr. Benjamin Lukan from 
Institute of Public Health, Maribor) 

The Municipality of Maribor would like to have forecasting method which is easy to use (automatic) 
and with which they would be able to predict short term ozone concentrations in summer as well as 
concentrations of other pollutants, especially particles (PM10 and PM2,5) and nitrogen dioxide in the 
periods in which higher concentrations occur. The input data for the model should be the results of the 
measurements that are easy to get (online data for concentrations and some meteorological 
parameters). Also the model should take into account local characteristics and be validated on the 
local level. The problem is to gain emission data so it would be better just to use data on air quality 
and meteorology. So maybe the most appropriate model would be statistical model for the whole city 
and its surroundings. 

Air quality data for Municipality of Maribor are provided by the institute of Public Health. The available 
observation data are the following: 

·  1 measuring station (Centre – urban traffic)  for O3, PM10 (reference method and continuous 
method-TEOM), PM2,5, NO2, NOx, CO, benzene, PAH and heavy metals in PM10 and 
PM2,5, meteorology: temperature, relative humidity, wind speed and direction, radiation 

·  1 measuring station (Tabor - urban) for PM10 and meteorology: temperature, relative 
humidity, wind speed and direction, radiation 

·  1 measuring station for PM2,5 (Vrbanska – urban background) 

·  1 measuring station for O3 (Pohorje) on higher elevation  

The available emission data are: not completely aggregated data until 2008, not complete data for 
bigger point sources (only emission rates without details about stacks) from 2001 to 2008, traffic study 
for 2006. 

Available meteorological data: on the location Tabor (mentioned above) is the complete 
meteorological station of the state meteorological network. Other station is on the Maribor airport 
(Airport of Edvard Rusjan), which is app. 9 km from the Centre. The data for atmospheric stability are 
not yet available. 

All possible GIS data are available (terrain, streets, buildings, population, land coverage etc.) 

To summarize, the situation with respect to city needs, ambitions and resources, infrastructure and 
skills is diverse among the CITEAIR partners; measurement data are commonly available, but the 
number and type are diverse; emission inventories are not always available or not complete. This is 
the reason why, in the framework of the CITEAIRII project, urban air quality forecasts with three 
different levels of complexity, depending on the needs, data availability and the experience of the 
cities or regions have been developed. 

3.2 Transferability of existing forecasting tools 

For the list of tools described in section 2.2, we now identify which specific needs and potential 
problems are associated with the implementation of these tools in a city.  

Statistical modelling: 

·  Each model is site specific: coefficients but also predictors usually differ from one site to 
another; one city to another; 

·  Only a localized information is provided; 
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·  Each model is valid for a period of time (i.e. if environmental conditions change, it has to be 
rebuilt); they can only assess situations they have already encountered; no scenario mode is 
available (as a consequence of the previous point); 

·  These tools require long time series of in-situ measurements. 

Deterministic modelling: 

·  A huge amount of input data is required to feed the model: meteorology / emissions (inventory 
+ temporal disaggregation profiles) / background concentrations / terrain (relief) data / land 
coverage (Existing land coverage data at the European scale (CLC)) 

·  The input data must be as precise as possible 

·  They are cost and time (human / machine) consuming. 

Hybrid modelling: 

These tools require many measurement sites (at least 20 stations). Regional (i.e. rural) stations would 
be of substantial added value for the forecasts. 

We have listed here above the difficulties one might encounter when implementing a forecast 
modeling tool, either statistical, deterministic or hybrid. 

On the other hand, as mentioned in section 2.2.2, one might take advantage of large-scale existing 
forecasting tools to derive higher-resolution forecasting tools, at a more local scale: outputs of the 
former can be used as boundary conditions to the latter in case of deterministic forecasting or as 
predictors into statistical models. 

In the framework of CITEAIRII, the CAQI forecasting methodology was first developed based on the 
PREV’AIR platform outputs (www.prevair.org). The reasons why the PREV’AIR platform was selected 
is: i) INERIS, a partner to the CITEAIRII project, develops and maintain this platform; ii) PREV’AIR 
outputs covers the European domain of interest to CITEAIRII; ii) PREV’AIR performs well in 
forecasting background concentrations of classical pollutants – but still, there is room for improvement 
at the urban and local scale.  

3.3 A proposed methodology: the “three level approa ch”  

After analyzing the resources at the various city level and reviewing the advantages and 
disadvantages of existing forecasting tools, different levels of complexity were proposed for the CAQI 
forecast.  

"Level 1: “Basic approach” 

The objective is to individually forecast air quality at the monitoring stations in order to derive a 
forecast air quality index at the city scale. The methodology is based on local statistical adaptation 
of PREV’AIR regional forecasts . It consists in writing concentrations at each monitoring station as a 
multi-linear function of PREV’AIR regional outputs, past measurements and other relevant quantitative 
or qualitative predictors. Level 1 can be applied by any city provided that two years of monitoring data 
are at least available. 

Level 2: “Mid-level approach”  

The objective is to produce a forecast index map over the city. Locally forecast concentrations 
resulting from level 1 are spatialised by geostatistical kriging methods. Auxiliary variables known over 
the whole area (e.g. emission inventories, population, land cover, meteorological fields) and correlated 
to concentrations are introduced in the estimation to enhance the map precision.  

This approach requires a rather homogeneous distribution and a sufficiently large number (at least 
>15) of monitoring points over the city and its surroundings.  

Level 3: “Sophisticated approach”  

The objective is to forecast air quality over the whole city at fine-scale resolution. This approach is 
based on local statistical adaptation of high resolution Che mistry Transport Model outputs  
implemented with proper emission patterns and relevant chemical schemes; level 1 approach is 
applied to the high resolution CTM outputs instead to the PREV’AIR outputs.  
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Implementation of levels 2 and 3 depends on the intended level of detail and on the available 
resources and data. 

Nota bene: Level 2 approach was tested for Rotterdam and Prague; however, no satisfying result was 
obtained due to a too low number of measurement points. Thus, the following refers to level 1 and 3. 
Since the methodology is the same, but applied to different resolution levels – low-resolution with 
PREV’AIR and high-resolution with local CTM, we provide a single description of both approaches. 
The term CTM refers either to PREV’AIR (level 1) or local CTM (level 3). 
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4 Good practices 

For each CITEAIR city, the operational CAQI available on the website www.airqualitynow.eu  is based 
on the daily concentrations of PM10, NO2 and O3 measured at a selection of monitoring stations 
(daily mean concentrations for PM10, daily maximum concentrations for NO2 and O3). Accordingly, 
the forecast of the CAQI will be based on the individual forecast of the same pollutant concentrations 
at the same stations.  

The principle of the proposed methodology is to mix information provided by the large scale PREV’AIR 
forecasts or high resolution CTM and the local measurements to derive local forecasts at the 
monitoring sites. The main features of the approach and the technical requirements for its 
implementation are described hereafter. 

Note that if the work done to develop, validate and automatize the statistical modelling approach is 
substantial, the application of method is finally simple for the end user. 

4.1 Data format and quality check  

The whole methodology is based on the availability and quality of data, as will be explained in 4.2. The 
information needed is the following: 

Id station; date; hour; parameter; value; validatio n 

Id:  station id is integer of 5 digits, ex: 01001, the two first numbers are the city index (e.g. 01 for 
Rotterdam). The three next corresponds to the station id you define.  

Date:  yyyymmdd  

Hour:  hours between 00 and 23 UTC.  

Parameter:  parameter name  

Value:  

·  for pollutant in 6g/m3 

·  for meteo: wind in m/s, direction(met standards), temperature in Kelvin, relative humidity (%), 
pressure(hPa), cloudiness (met standards) 

Validation:  mention A if the data are validated or R if not. 

An additional file should describe the measuring stations: 

Lon, lat, height, type (urban, suburban, rural), na me, method of measurement 

The method of measurement is a critical parameter (kind of analyzer, measurement techniques, 
average time…) Lon and Lat are the geographic coordinates (WGS84 system); height is the height 
above sea level expressed in meters.  

The statistical modeling described in the following section strongly depends on data quality. As 
practice shows, some inexplicable outlier values may be present in the data sets. Outlier values are 
values that sit way outside the standard range of a column’s normal value range. They may be due to 
some natural exceptional events, thus reflecting real concentration variations, or result from technical 
malfunctioning. In that second case they decrease the quality of the statistical model, which may lead 
to poor validation results. It is hence recommended to partners to mention a “A” flag indicating 
validated data. 

4.2 Statistical modelling 

The multiple linear regression  technique is selected because of its efficiency - which bears 
comparison with more sophisticated methods (see bibliographical review)-, its flexibility, which makes 
it easy to add or remove predictors, and its low computing cost.  

 

The considered model takes the form: 

yS(t) = ß0 + ß1x1  + ß2x2  + ß3x3  + ..... ßnxn + eeee 

where: 
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·  yS denotes the pollutant concentration at station S and time t. 

·  {x i}i=1…n denote the quantitative or qualitative independent predictors. Those predictors include 
CTM forecast interpolated at station S, as well as any potentially interesting variable 
(meteorological data, traffic data, …) 

·  {bbbbi}i=1…n denote the coefficients of the statistical model (they have to be determined, this is the 
objective of step 4.5. 

·  eeee is the error term assumed to be uncorrelated to the predictors. 

It is called “statistically adapted model” as it incorporates CTM output into a statistical relationship to 
provide the final forecast.  

The statistical modelling is conducted in two stages: 

1. Construction of the statistical model on a training data set; 

2. Validation of the model against an independent data set.  

4.3 Input and output 

Variables to predict (response variables) 

A model is defined for each station, each pollutant and each season (winter/summer). The different 
variables of interest and the corresponding forecasting methods are presented in Table 1. 

Table 1 : Variables to forecast  

Typology Stations 

D+0 and 
D+1 NO2 

daily 
maximum* 
concentrati

on 

D+0 and D+1 
O3 daily 

maximum* 
concentration 

D+0 and D+1 
PM10 daily 

mean** 
concentration 

D+0 and 
D+1 Station 

Index 

D+0 and 
D+1 City 

index 

D+0 and 
D+1 City 

index class 

Urban 
backgroun

d 

Station 1 forecast by 
local 
statistical 
adaptation of 
CTM 

forecast by 
local statistical 
adaptation of 
CTM 

forecast by 
local statistical 
adaptation of 
CTM 

derived from 
NO2, O3 
and PM10 
concentratio
n forecasts derived from 

the Nb bgd 
index 

forecasts 

derived from 
the city index 

forecast 
Station 2 idem idem idem idem 

… … … … … 

Station 
Nb 

idem idem idem idem 

Urban 
traffic 

Station 1 forecast by 
local 
statistical 
adaptation of 
CTM 

- 

forecast by 
local statistical 
adaptation of 
CTM 

derived from 
NO2, O3 
and PM10 
concentratio
n forecasts derived from 

the Nt traffic 
index 

forecasts 

derived from 
the city index 

forecast 
Station 2 idem - idem idem 

… … … … … 

Station 
Nt 

idem - idem idem 

* represents the maximum of the 24 hourly values 

** represents the average of the 24 hourly values 
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Predictive variables  

The regression predictors can be taken from the following list (Table 2). In that table, D+x stands for 
D+0 or D+1. It represents the day for which the forecast is expected.  

 

Table 2 : List of possible predictors 

Measurements of the previous 
day (D-1) 

f(O3 measured concentration)  

f(NO2 measured concentration)  

f(PM10 measured concentration) 

PREV’AIR D+x forecast   

concentrations  

f(O3 forecast concentration)  

f(NO2 forecast concentration)  

f(PM10 forecast concentration)  

PREV’AIR D-1 simulation error  f(O3 simulated concentration – O3 measured concentration)  

PREV’AIR D+x forecast   

meteorology 

f(forecast temperature) 

f(forecast height of the boundary layer) 

f(forecast wind speed) 

Wind sector 

Other variables related to D+x  Day (Mon, Tue, …, Sun) 

Type of day(Working day / Week end)  

 

f can be one of the following functions: daily minimum; daily maximum; daily mean; daily range 
(maximum – minimum). Other functions can be used, such as the logarithm for the height of the 
boundary layer. 

This makes a large number of possibilities. Before performing regression it is advised to define a 
restricted set of predictors adapted to local conditions, station typology, pollutant and season. Such 
selection can be based on a preliminary correlation analysis, air quality expertise and field experience. 

4.4 Correlation analysis 

The correlation analysis is performed on the minima, maxima, averages, deltas between minima and 
maxima, log of the following variables: measured concentrations, model errors of the day, modeled 
concentrations, and meteorological variables. For each type of variables, we keep the ones which are 
best correlated with measured concentrations for D+x. For example max_O3mod correlates well with 
the corresponding observed quantity, while min_O3mod does not. 

When no correlation are found between observed and modeling data, a model of persistence should 
be selected by the stepwise method. Users should be aware that a persistence model cannot be a 
good forecasting model. 

 

4.5 Construction of the statistical model on a trai ning data set (model learning) 

The statistical models should be developed using data from at least one complete year. If a longer 
measuring and modeling history is available, a more extensive learning period is recommended. 

 

General procedure 

The different steps of model learning are presented in the following chart (Figure 5). 



www.citeair.eu 

Good Practice Guide on Urban Air Quality Forecast  - 25 - 

� �



www.citeair.eu 

Good Practice Guide on Urban Air Quality Forecast  - 26 - 

�

�

 

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

Figure 5 : model learning 

�

Regression coefficient estimation 

The linear models are constructed by analysis of covariance so that both quantitative and qualitative 
variables can be taken into account. An automatic both direction stepwise method is used to select the 
most significant predictors and have the maximum of variability explained by the statistical model. 

At time t, yS forecast is then written as: 

 

where n’ is the number of predictors after stepwise selection and { }i=0,1…n’ are the estimated 
coefficients. 

 

7y7t 7= 7� 07 7� 1 x17 7� 2 x27 7� 3 x37 .. ..7 7� n' xn'

7� i

Predefined list of predictors 
per pollutant and period 

INPUT Predictive variable 
datafile 

Response variable 
datafile 

STATISTICAL MODELLING : 
Linear regression 
Stepwise selection of predictors 
Model checking (analysis of the residuals) 

Computation of the daily min, max, 
averages, min.-max., and log for all 

predictive variables 

Calculations 

Statistical adapted concentrations and derived 
AQ sub-indexes 

Data extraction for the considered city, 
period and pollutant 

 

Comparison to the measurements 

Exported regression 
model 

OUTPUT 
Graphs 

(representation of 
the residuals, 
time series, 

scatter plots…) 

Table of skill 
scores (error 

statistics, 
correlation,…) 

Table of skill 
scores (error 

statistics, 
correlation,…) 
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4.6 Validation 

In the first paragraph, we present the general validation procedures, then tools that are used for the 
validation process: time series, model coefficients, statistical parameters. After that, we present 
thresholds values (or goals) for each pollutant: should the SA model meet these goals, the user can 
conclude that the SA model forecast behaves correctly. Finally, we propose a practical validation 
procedure. 

4.6.1 General validation procedure 

Over the learning period, concentration estimates are generally in good agreement with the 
measurement data since the latter have been used to construct the model. To make sure of the model 
reliability before applying it in real time, it is of utter importance to validate it against independent data. 
A validation period of at least one year (or more if enough data are available) is recommended.  

The different steps of model validation are presented in the following chart. 

 

Remarks:  Once it is implemented for operational forecasting, regular validation and coefficient up-
dating are highly advised. 

�
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�
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Regression model created in 
the learning stage 

INPUT Predictive variable 
datafile 

Response variable 
datafile 

APPLICATION OF THE REGRESSION 
MODEL TO THE SELECTED 

PREDICTORS 

Computation of the daily min, max, average 
and range for all the predictive variables 

Calculations 

Statistical adapted concentrations and derived 
AQ sub-indexes 

Data extraction for the considered city, 
period and pollutant 

 

Comparison to the measurements 

OUTPUT 
Graphs 

(representation of 
the errors, time 
series, scatter 

plots…) 

Table of skill 
scores (error 

statistics, 
correlation,…) 
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Figure 6 : model validation 

 

As mentioned in the chart, model validation is based on skill scores and graphs. 

 

4.6.2 Validation tools 

Whatever the importance of the statistical parameters to summarize the performance of a model, it is 
of primary importance to look carefully at time series  (modeled and observed) at the highest time 
resolution (daily in our case), over the training and learning periods. This global overview might show 
more efficiently than any statistics a strange behavior, or a systematic tendency. 

Another important point is to check the SA model itself.  The coefficients – value and sign – have a 
physical meaning (e.g. positive coefficient for the temperature when dealing with ozone concentration 
forecast), and one should check that the coefficient signs are coherent with what is expected. 
Sometimes, the stepwise procedure ends up with a SA model in which the only predictor is the 
concentration for the day before: it is a persistence model; it should be “banished”. 

Lastly, when talking about model, an easy, a synthetic way to assess forecast performances is to use 
statistical scores . Statistical parameters are computed based on the SA model outputs and against 
measurement data (traffic, urban and suburban stations). The following table contains the most 
common statistical parameters used for validation; these parameters are available in the valid files 
(see Annex 3). In these files, the statistical parameters are computed for different thresholds; i.e. one 
considers only those model outputs for which the observations are above a given threshold. 

 

Statistical parameters Description 

Npairs Number of observations 

P75-90-95-100_Obs Percentiles of the measured data 

P75-90-95-100_Pred Percentiles of the forecast data 

mean_bias Mean bias 

mean_err Mean error 

frac_bias Fractional bias 

frac_err Fractional error 

mean_norm_bias Mean normalised bias 

mean_norm_err Mean normalised error 

cor Correlation coefficient 

rmse Root Mean Square Error 

nmse Normalised Root Mean Square Error 

et_err Standard deviation of errors 

eXX, XX=10, 20, 30, 40, 50% 
Percentage of data for which simulated and observed data differ by less than 
XX % 

eXXa, XX=10, 20, 30, 40, 50µg/m3 
Percentage of data for which simulated and observed data differ by less than 
XX µg/m3 
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Annex 2 provides a detailed description of these statistical parameters, and their formulas.  

In the computation of these parameters, time resolution is daily; time window should be a whole year. 

These statistical parameters are not independent: e.g. a model with a large bias will have a large 
RMSE; on the contrary, its correlation might be good.  

4.6.3 Quantitative validation (goals) 

In this section, we derive goals for each pollutant for some of the statistical parameters we presented 
in the previous paragraph. We consider here these parameters at the station level.  

We applied the SA methodology to a large set of French stations included in the Air Quality Data Base 
(BDQA). More than 400 stations were considered for NO2; about 350 for ozone and almost 250 for 
PM10. The learning period was 2008 and the validation period 2009.  

Based on the scores obtained for these stations, we derived goals for each pollutant, for bias, RMSE 
and correlation; the threshold values cover 90% of the stations: 

 

 Mean bias  

(µg/m3) 

RMSE  

(µg/m3) 

Correlation  

(0-1) 

NO2 [-3.0 ; 5.7]  8 21.2  9 0.7 

O3 [-3.7 ; 6.2]  8 16.5 9 0.8 

PM10 [-2.2 ; 3.2] 8 8.4 9 0.8 

 

Nota bene: these values were obtained for SA models including meteorological predictors. 

 

 
Figure 7 (to be followed) 
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Figure 7 RMSE and bias computed for NO2 (top panel), ozone (middle panel) and PM10 

(bottom panel), for SA models (left hand side) and t he PREV’AIR model (right hand side) at a 
large selection of French stations. One point stand s for one station; points in grey stand for 

the 10% stations with the highest scores. 

 

Additional goals for other statistical parameters: 

European legislation imposes quality objectives for model outputs in terms of uncertainty (Directive 
2008/50/EC). They are summarized in the table below:  

 

Model uncertainty NO2 Particles 
(PM10/PM2.5)  

Hourly resolution 50 % -- 

Eight hour averages 50 % -- 

Daily means 50 % Not defined yet 

Annual means 30 % 50 % 

Table 3 : Model data quality objectives in terms of  maximum uncertainty for ambient air 
quality assessment 

The Directive defines "uncertainty as the maximum deviation of measured and calculated 
concentration of 90% of individual monitoring points over the period considered for the limit value (or 
target value in the case of ozone), regardless of the chronology of events. The uncertainty for 
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modeling shall be seen as being applicable in the range of the limit value (or target value in the case 
of ozone). Fixed measurements that were selected for comparison with modeling results are 
representative of the scale covered by the model. "  

This Directive is the only European regulatory reference that imposes an objective quality for modeled 
data (in terms of relative error).  

We propose to apply for daily averages, the objectives recommended by the Directive on an annual or 
daily basis (NO2 = 50% ; PM10 and PM2.5 = 50%). The application of these goals to daily outputs is 
more stringent than what requires the European legislation. 

According to the literature (Coparly / ECL 2003, Coparly / INERIS, 2006, Air Pays de la Loire / INERIS, 
2006), the objective of 30% uncertainty for NO2 over traffic sites may not always be met but it is 
considered that the criteria of the Directive apply. For PM10 and PM2.5, the 50% criterion in 
background conditions does not seem severe enough. Thus, the threshold value of 30% is 
recommended. Regarding ozone, no uncertainty is given in the Directive for a time resolution different 
from 8-hour average. Considering the value of 50% given in the Directive for a hourly concentration 
and 8-hour average concentration, it is reasonable to advocate for the monthly and quarterly means, a 
maximum uncertainty of 30%. The progress made in recent years in ozone modeling also justifies this 
choice. 

Nota bene: Apart from the absolute performance, the performance of the SA models are also 
assessed in comparison to the CTM used: even if a SA model does not respect the goals issued in the 
last paragraph, if it performs better that the CTM, it is said that it is acceptable. 

4.6.4 Practical validation procedure 

Here we propose a practical validation procedure to help decide whether or not the SA model provides 
good forecasts of the CAQI index at the city level (i.e. satisfyingly reflects the levels of the CAQI 
computed based on measurements). 

Although we are interested by forecasting the CAQI and CAQI sub-indices at the city level, our 
forecast methodology relies on forecasting the pollutant concentrations at the station level. The 
verification process is principally aimed at determining which SA models could be used to produce a 
CAQI forecast.  

The process takes two directions ; one of elimination  followed by one of retention : 

- We begin by eliminating all SA models which are, at first glance, of poor quality (step 1). 

- Then, from that subset of models, the ones of good quality are selected and retained (step 2). 

- A third step is employed if the first two do not result in selection of any models. 

The first step makes use of the results in comparison to the regional model (CHIMERE) and a 
persistence forecast: the RMSE is used to verify that the SA model is better than CHIMERE and also 
better than a persistence forecast.  

The second step uses the goals. If the SA model meets the goals then it is retained;  

Step 3, based on more detailed inspection, is used to further distinguish between acceptable and 
unacceptable SA models. Predictor variables are reviewed to eliminate models relying on 
observations only (persistence) and models relying on unreliable regression relationships; 

4.7 Real time forecasting 

In practice, daily forecasting of the air quality index will follow the following steps: 

·  Data retrieval (D-1 measurement data ;  D+0 and D+1 CTM output data) ; 

·  According to the season, location and pollutant, application of the appropriate regression 
model to each station retained for index computation ; 

·  Computation of O3, NO2 and PM10 sub-indexes per station and over the whole city; 

·  Computation of the global city air quality index.  

Note that missing values of one or several predictors will generate missing forecast. The possibility of 
having no forecast at one or several stations should be taken into account in the calculation of the 



www.citeair.eu 

Good Practice Guide on Urban Air Quality Forecast  - 32 - 

CAQI. It might be useful to identify the most frequently missing predictors and to develop substitute 
regression models without those predictors. 

Also, it is important to note that the coefficients of a regression model only apply to the same source of 
data as the data used in model learning. For instance, if a regression model was built using PREV’AIR 
outputs and a city wants to use its own, high resolution local forecasts instead, then a new regression 
model has to be developed. In short, statistical models are computed for one CTM and cannot be 
applied to another CTM. 

Statistical adapted models are constructed with long time series of data (one year) and for one CTM. It 
is recommended to update the models every year and when some changes are done in the CTM 
configuration (resolution, emission, meteorology). 

4.8 Tools and platform 

In the framework of the CITEAIR II project, the statistical adaptation methodology should to be 
transferrable to others cities. Thus, programs have been developed and used during the project. 
These programs are available to any CITEAIR partner provided that a licence agreement is signed by 
the interested city. 

Automatic scripts on Linux Platform and opening source programs have been developed: data 
extraction and compilation programs were developed with FORTRAN language and Bash script 
language on Suse Linux Platform. Statistical calculations were made with R-base, a free software 
environment for statistical computing and graphics (http://www.r-project.org ). 

Annex 3 presents the programs developed and the output files that are produced by the tools 
developed in the framework of the CITEAIR II project; some of them should be used for validation: 
they are identified in grey. 

Note also that in 4.1, data files are in the format required by the programs. 

Please refer to Annex 3 if you use the tools developed within the framework of CITEAIR II to see 
which files are relevant for validation at the city and station levels. 

Note that the tools compute all the scores for validation purpose but do not make validation. It is then 
recommended to check for the selected explicative variables and the scores.  
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5 Implementation of the approach in CITEAIR cities:  example of 
Rotterdam 

The methodology described previously and applied to Rotterdam data is now presented. In the 
framework of the project, it has been applied also to Seville, Prague, Gdansk and Maribor (results not 
shown here but presented during the course of the project). 

5.1 Presentation of the area 

 
Figure 8 List and location of measurement stations in the Rotterdam test case  

For this test case, 4 stations were available from DCMR: 2 urban background (01009 and 01004) and 
2 traffic stations (01007 and 01008; see Figure 8). The table here above also shows for each station 
the list of measured pollutants. 

5.2 Regression models 

Statistical forecasting models were established based on 2008 learning data for each station. pollutant 
and date (D+0 or D+1); the PREV’AIR model forecasts were also used as predictors. 

Equations (1) and (2) provide two examples of such models. In the following equations. mod stands 
for PREV’AIR output interpolated at the considered station; mes for measurement at the considered 
station; IWE(d)=1 if d=Saturday or Sunday, IWE(d)=0 in other cases. 

 

Equation 1 Rotterdam SDM background station. Forecast ing of the D+0 daily maximum 
concentration of O 3 

� � � � ����	
�
�
�� � ������� � ����� � � � � � ����	��

��� � ����� � � � � � ����	
�
��� � ����� � � � � � � ��� � � � � �  

��� ! �"#�	��

� $�$�% � � &'  

This equation shows that the ozone maximum concentration can be predicted for D+0 based on: 

01007 01008 

01009 

01004 

CiteAir stations for 2008 

EEA stations for 2008 

5 km 
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- The ozone concentration peak observed on the day before; 

- The ozone concentration peak forecast by PREV’AIR for D+0; 

- The ozone maximum concentration also depends on the minimum of model error for D-1: 
� � � � � ��� � � � � �  

��� ! �"# �	�� .If the PREV’AIR model tends to over or underestimate the 
observation on D-1. the forecast for D+0 is corrected in the opposite way (hence the negative 
sign associated to the predictor � � � � � ��� � � � � �  

��� ! �"#�	�� ); 

- A positive correction is applied on week-end days. and there is a negative intercept (-10.970). 

 

Equation 2 Rotterdam RID traffic station. Forecastin g of the D+0 daily average concentration 
of PM 10 

� () �� � ���#�	
�
�
�� � ��**$ � ��*�� � � () �� � ���#�	
�

��� � ��%�� � � () �� � ���#�	��
��� � ����� � � &'  

 

This equation shows that the PM10 mean concentration can be predicted for D+0 based on: 

- The PM10 mean concentration observed on the day before; 

- The PM10 mean concentration forecast by PREV’AIR for D+0; 

- A negative correction is applied on week-end days and there is a positive intercept (8.556). 

 

One important thing about both models is that they are not just persistence models: other variables 
than observed concentrations for the day before appear as predictors. 

5.3 Validation results 

The models built in stage b) have been applied to 2009 validation data. The estimated concentrations 
and corresponding indexes have been compared to the same measured variables as illustrated by 
time series in Figure 9 to Figure 12. 

 
Figure 9 : Rotterdam SDM background station. Forecas ting of the daily maximum 

concentration of O 3. Time series of predicted and measured concentration s. SA_model: 
statistical adapted model; model: PREV’AIR output. 
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The statistical model tends to better simulate the observations than the deterministic model, although 
both models might be wrong at some times.  

Next figure shows the ozone sub CAQI time series for Rotterdam (based on background stations SDM 
and MSL): it is even clearer that the SA model performs generally better than the deterministic model. 

 
Figure 10 : Rotterdam ozone sub CAQI. Forecasting o f the ozone sub CAQI . Time series of 

predicted and measured sub CAQI. SA_model: statistic al adapted model; model: PREV’AIR 
output. 

 

�
Figure 11 : Rotterdam RID traffic station. Forecast ing of the daily average concentration of 

PM10. Time series of predicted and measured concentrati ons. SA_model: statistical adapted 
model; model: PREV’AIR output. 

The statistical model tends to better simulate the observations than the deterministic model, although 
both models might be wrong at some times (e.g. very end of the period). 



www.citeair.eu 

Good Practice Guide on Urban Air Quality Forecast  - 36 - 

Next figure shows the PM10 traffic sub CAQI time series for Rotterdam (based on traffic stations RID 
and RDS): it is even clearer that the SA model performs generally better than the deterministic model. 

 
Figure 12 : Rotterdam PM10 traffic sub CAQI. Forecas ting of the PM10 traffic sub CAQI . Time 

series of predicted and measured sub CAQI. SA_model : statistical adapted model; model: 
PREV’AIR output. 

 

We applied the validation approach presented in section 4.6.4 

Step 1: 

All SA models perform better than PREV’AIR as far as RMSE is concerned; all SA models perform 
better than persistence models as far as RMSE is concerned. 

Step 2:  

A brief summary of the results of the D+0 forecast (SA models and PREV’AIR) is in Table 2. The 
results have green highlighting if they meet the goals.  

The biases for NO2 and O3 meet the goals for all stations, and are all better than PREV’AIR’s. For 
PM10, the goal is met only for stations 01004 and 01009. The goal is not met for stations 01007 and 
01008. Moreover, for these stations, the biases are greater than PREV’AIR’s. However, the other 
statistical indicators are much better for the SA models than PREV’AIR’s. 

Regarding RMSE and Correlation coefficient, not all SA models meet the goal.  

All SA models perform better than PREV’AIR as far as Correlation is concerned; all SA models 
perform better than persistence models as far as Correlation is concerned. 

The table shows the overall improvement of the forecast when shifting from PREV’AIR to SA model. It 
is even more important for NO2. 

Table 2 – Rotterdam SA model and PREV’AIR results (D+0) 

Score Station Station type 

NO2 O3 PM10 

SA 
model 

PREV’AIR SA 
model 

PREV’AIR SA 
model 

PREV’AIR 

Mean bias 01004 Urban 
background 

1.50 -21.6 -0.59 6.36 1.32 -4.03 

Mean bias 01007 Traffic -2.03 -36.07 - - 3.99 -2.81 

Mean bias 01008 Traffic -1.42 -31.93 - - 3.36 -1.72 
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Mean bias 01009 Urban 
background 2.01 -23.34 5.10 7.43 1.91 -3.32 

Score Station Station type SA 
model 

PREV’AIR SA 
model 

PREV’AIR SA 
model 

PREV’AIR 

Correlation coefficient 
(cor) 01004 Urban 

background 0.63 0.52 0.89 0.86 0.75 0.70 

cor 01007 Traffic 0.63 0.51 - - 0.75 0.59 

cor 01008 Traffic 0.58 0.30 - - 0.71 0.63 

cor 01009 Urban 
background 0.66 0.56 0.89 0.86 0.78 0.61 

Score Station Station type 
SA 
model 

PREV’AIR SA 
model 

PREV’AIR SA 
model 

PREV’AIR 

RMSE 01004 Urban 
background 19.04 30.86 13.69 16.48 6.99 9.51 

RMSE 01007 Traffic 23.17 44.43 - - 8.26 12.61 

RMSE 01008 Traffic 26.33 45.52 - - 8.44 10.64 

RMSE 01009 Urban 
background 17.53 30.98 14.54 16.67 7.01 12.41 

 

Step three:  

The regression relationship predictors and their coefficients were inspected. There are no suspicious 
O3, NO2 or PM10 predictors, except for station 01008 : Predictors for NO2 are type-of-day and 
measured NO2. No model forecast is used. However, even in this case, the SA model performs better 
than PREV’AIR. Therefore, all SA models should be kept for forecasting the CAQI index in Rotterdam. 

 

5.4 Computation of the city indexes 

Individual indexes forecast at each station have been aggregated in order to: 

·  Calculate O3. NO2 and PM10 background and traffic sub-indexes over the city ; 

·  Compute global background and traffic indexes over the city.  

The results have been compared to the measured indexes. 

 

Table 4 here after presents the scores of the statistical forecast for the background CAQI as compared 
to the European forecast by PREV’AIR. 

 

Table 4: Scores for the background CAQI forecast for  Rotterdam. Left: SA_model (statistical 
adapted model); right: model (PREV’AIR output). 

SA model PREV’AIR model 

Threshold 0 50 80 Threshold 0 50 80 

Npairs 271 126 4 Npairs 
271 126 4 

Mean bias 3.50 -1.17 -11.50 Mean bias 
-5.20 -7.37 -12.00 
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Fractionnal 
bias 0.08 -0.02 -0.14 

Fractionnal 
bias 

-0.12 -0.15 -0.15 

Mean error 7.81 7.29 11.50 Mean error 
8.92 11.52 12.00 

RMSE 9.54 9.10 12.90 RMSE 
11.54 14.22 13.60 

NMSE 0.04 0.02 0.02 NMSE 
0.07 0.09 0.03 

Correlation 0.68 0.50 0.52 Correlation 
0.67 0.47 0.44 

E30 1.00 1.00 1.00 E30 
0.98 0.96 1.00 

E20 0.97 0.98 1.00 E20 
0.91 0.83 1.00 

E10 0.72 0.77 0.50 E10 
0.64 0.52 0.50 

E30% 0.84 0.97 1.00 E30% 
0.80 0.75 1.00 

E20% 0.67 0.82 1.00 E20% 
0.61 0.57 0.75 

E10% 0.38 0.48 0.50 E10% 
0.38 0.35 0.25 

 

Compared to the raw forecasts provided by the deterministic European model, the SA model improves 
the prediction of the background CAQI. Note that the prediction of the index class is generally less 
sensitive to the statistical adaptation. All statistical indicators are improved. 

 

Table 5 here after presents the scores of the statistical forecast for the traffic CAQI as compared to the 
European forecast by PREV’AIR. 

 

Table 5: Scores for the background CAQI forecast for  Rotterdam. Left: SA_model (statistical 
adapted model); right: model (PREV’AIR output).  

SA model PREV’AIR model 

Threshold 0 50 80 Threshold 0 50 80 

Npairs 270 139 5 Npairs 270 139 5 

Mean bias 4.79 -0.74 -11.20 Mean bias -8.18 -10.93 -11.80 
Fractionnal 
bias 0.11 -0.01 -0.13 

Fractionnal 
bias -0.20 -0.24 -0.14 

Mean error 8.54 6.52 11.20 Mean error 12.56 14.37 11.80 

RMSE 10.78 8.53 12.76 RMSE 15.38 17.47 13.23 

NMSE 0.05 0.02 0.02 NMSE 0.15 0.16 0.02 

Correlation 0.61 0.52 0.69 Correlation 0.55 0.47 0.67 

E30 1.00 1.00 1.00 E30 0.96 0.93 1.00 

E20 0.94 0.97 0.80 E20 0.81 0.72 0.80 

E10 0.67 0.77 0.60 E10 0.45 0.41 0.60 

E30% 0.79 0.96 1.00 E30% 0.61 0.65 1.00 

E20% 0.66 0.85 0.80 E20% 0.42 0.46 0.80 

E10% 0.40 0.57 0.60 E10% 0.27 0.28 0.60 

 

Compared to the raw forecasts provided by the deterministic European model, the SA model improves 
the prediction of the traffic CAQI. All statistical indicators are improved. 
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The statistical model is based on the deterministic European model outputs, and the methodology 
enables to improve the deterministic model performance with respect to the background CAQI as well 
as the traffic CAQI. From these results (time series and scores), one can conclude that the statistical 
model provides a rather good CAQI forecast at the city level. This forecast is available everyday on 
www.airqualitynow.eu . 
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Annex 1: Modeling in Andalusia 

Objectives 

To current date, the Environment Regional Government of Andalusia had carried out an annual 
emissions inventory to identify all emissions taking place in Andalusia, disaggregated at the municipal 
level and by SNAP activities. The objective of the modeling is to develop a digital model of emission 
and immission for Andalusia, spatially disaggregated (cells of 1 km), by sector (according to the  
SNAP) and temporally (hourly). This information is essential for any study analyzing the air quality 
levels. To this end, this project is structured to achieve the following objectives: 

·  Operational implementation of a system for predicting air quality comprising a meteorological 
model, an emission model and a chemical transport model for natural and anthropogenic 
components. This system helps to: 

o Giving a forecast of air quality (gaseous and particulate matter) with high 
resolution. 

o Making decisions for the implementation of existing directives on air quality. 

o Interpreting the data of the air quality monitoring stations existing in 
Andalusia. 

·  Use of an emission model of high spatial resolution (1 km2) and temporal resolution (1 hour) to 
calculate emission inventories in Andalusia. The emission model is a high impact strategic 
objective for the modeling of air quality with high resolution and to provide quality service for 
the evaluation and management of air quality to be made by government. The model allows a 
higher detail of the chemical speciation of all species involved in air pollution episodes. 

·  Determining the uncertainty of the results obtained by the model by validating their results 
against available data from air quality monitoring stations and meteorological observations. 

·  Use of a web to display of forecasts. 

Project specifications 

The CALIOPE-ANDALUCIA project aims to implement simulations to the prediction of air quality 
through an integrated 48-72 hours system, which represent the current state of knowledge in air 
quality modeling. The model allows the simulations of gaseous photochemical and particulate matter 
pollution with high spatial and temporal resolution for Andalusia (1 km2 to 1 hour). The project is 
complemented by a system of evaluating the results of the predictions (qualitatively and quantitatively) 
to identify the system's ability to predict air quality pollution episodes and Saharan dust intrusions, and 
to verify and quantify the extent, duration and severity of exceedance episodes. For the prediction of 
air quality, it requires detailed information on the emission and immission of primary air pollutants (e.g. 
NOx, SO2, CO), photochemical formation of secondary pollutants (e.g. O3) and particulate matter 
(PM10, PM2,5).  

This model is complemented by a system of results validation. It identifies the system's ability to 
predict air quality pollution episodes. Daily, the system automatically collect the information needed for 
initialization and validation of system models, implement appropriate models for the prediction of high-
resolution air quality, and provide end users (local environmental authorities, regional, and national 
scientific institutions) the estimate to 48-72 hours of air quality parameters that exceed the thresholds 
established by European law through a system of results dissemination via web, developed 
specifically for Andalusia. With this analysis, it is possible to identify potential discrepancies with the 
measured data, study its causes and identify areas for improvement of models or problems associated 
with input data. 

Functional applications 

To current date, the 24 hour Service of the Environmental Quality Data Center alert the population in 
case of occurrence of an excess of the established legal values. This notice is done by activating a 
series of protocols, including communication to the affected area municipalities, Ministry of Health, 
Emergency Coordination Centre and news agencies. Also, the information is published in real time on 
the website of the Environmental Regional Government and panels within busy public spaces. But this 
form of action inherently involves alerting the public immediately after the improvement has taken 
place. 
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With the forecast model implemented, these same addressees have knowledge of the probability of 
occurrence of the exceedances before it occurs, which drastically increases the time for action. 

The results of the prediction model supports the planning and compare the measurements made using 
other measurement systems in Andalusia, such as Mobile Units of Measure Air Quality or passives 
sampling campaigns. 

Technical description of CALIOPE-ANDALUCIA project 

The CALIOPE-ANDALUCIA project (http://www.bsc.es/caliope-andalucia) establishes an air quality 
forecast system for Andalucía (48h forecast) to increase the knowledge on transport dynamics of 
pollutants in the south of the Iberian Peninsula. The objective of the project is to deliver an air quality 
forecast with high resolution useful to: (1) air quality managers and (2) general public, for reducing the 
impacts of air pollution in human health.  

CALIOPE-ANDALUCIA is a state-of-the-art modeling framework that integrates a meteorological 
model (WRF-ARW), an emission processing model (HERMES), a mineral dust dynamic model (BSC-
DREAM8b), and a chemical transport model (CMAQ) together in an air quality model system (Figure 
1).  

The Weather Research and Forecasting (WRF-ARW) model provides the meteorological parameters 
as input to the Model-3 Community Multiscale Air Quality (CMAQ) model. The High Elective 
Resolution Emission Modelling System (HERMES) has been developed specifically for Spain with a 
high spatial and hourly resolution (Baldasano et al., 2008). This model focuses on the estimation of 
gas and particulate matter pollutants, including the ozone precursors. HERMES in its current version 
refers to year 2004 as the reference period and considers emission from: (1) power generation plants, 
(2) non-industrial combustion plants, (3) combustion in manufacturing industry, (4) production process, 
(5) solvent and other product use, (6) on-road transport, (7) other mobile sources, (8) waste treatment 
and disposal, (9) agriculture and (10) biogenic. The Dust Regional Atmospheric Model (BSC-
DREAM8b) complements the air quality system that simulate and predict the atmospheric cycle of 
mineral dust. 

The model system is initially run by two nested domains: (1) on a regional scale (12km x 12 km in 
space and 1 hour in time) to model the European domain (Pay M.T et al., 2010) and (2) the Iberian 
Peninsula domain (4km x 4km and 1h) (Baldasano et al., 2008). The final domain covers the entire 
south of the Iberian Peninsula with a spatial resolution of 2km x 2km and 1 hour (at the end of the 
Project, this last domain will be 1km x 1km).  

A real near time evaluation is executed to compare the results of the model with air quality stations. 

The availability of the MareNostrum supercomputer held in the BSC-CNS, together with the advances 
in the parallelization of air quality model codes, allows the high-resolution simulations of this project. 
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Figure 13 System of models that make up the Calliop e project for air quality forecasting in 

Andalucia; nested domain simulations over the Iberi an Peninsula. 
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Annex 2: Statistical parameters 

Statistical parameters are used to quantify the differences between model outputs and measurements; 
to assess the ability of a model to simulate “reality”. The parameters used highlight three types of 
errors: systematic error, local error and total error. 

The error is systematic when the model always overstates or understates measured values. The local 
error is the variability between individuals. It characterizes the "accuracy" of the model outputs i.e. 
their spread around the average. As for total error, it characterizes the "rightness" of the global model 
outputs compared to reality. 

We briefly define hereafter the most commonly used statistical parameters to compare model outputs / 
observations in the framework of urban modelling. 

Mod_i is the predicted concentration and Mes_i the measured concentration. Overlined terms stands 
for time averaged quantities. 

�

Statistical parameters Description 

Npairs Number of observations 

P75-90-95-100_Obs Percentiles of the measured data 

P75-90-95-100_Pred Percentiles of the forecast data 

mean_bias Mean bias 

mean_err Mean error 

frac_bias Fractional bias 

frac_err Fractional error 

mean_norm_bias Mean normalised bias 

mean_norm_err Mean normalised error 

cor Correlation coefficient 

rmse Root Mean Square Error 

nmse Normalised Root Mean Square Error 

st_err Standard deviation of errors 

eXX, XX=10, 20, 30, 40, 50% 
Percentage of data for which simulated and observed data differ by less than 
XX % 

eXXa, XX=10, 20, 30, 40, 50µg/m3 
Percentage of data for which simulated and observed data differ by less than 
XX µg/m3 

 

 

Mean Bias  is the average difference between simulated and observed data. It accounts for the 
systematic error made by the model. 
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Mean Error  is the average of the absolute value of the difference between simulated and observed 
data (the “error”). It is expressed in µg/m3. This parameter represents the total error. 
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Fractional Bias , expressed in %, it provides information on the trend of the model to over (positive 
bias) or under (negative bias) estimate observations. It quantifies the systematic error. 
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Fractional Error  is the average of the absolute value of the relative difference between simulated and 
observed data. It is expressed in %. This parameter represents the total error. 
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Mean Normalised Bias is the relative difference between measurements and model outputs. It is 
expressed in %. 
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Mean Normalised Error  is the average of the absolute value of the relative difference between 
measurements and model outputs. It is expressed in %. 
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Correlation coefficient, ranging between -1 and 1, dimensionless; the higher the coefficient, the 
higher the model reproduces the temporal variations of the observations. The correlation coefficient 
quantifies the local error. 
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Root Mean Square Error (RMSE)  is the square root of the averaged squared difference between 
simulated data and observations. It characterizes the total error. 
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Normalised Root Mean Square Error (NMSE)  is expressed in% and provides information on the 
relative difference between simulated data and observations. The lower the NMSE the closer the 
model outputs to observations. The NMSE describes the total error. 
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Standard deviation of errors  is the standard deviation of differences between model outputs and 
observations. It describes the local error made by the model. 
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eXX, expressed in %, quantifies the percentage of data for which simulated and observed data differ 
by less than XX %. It is calculated as follows: 
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The closer to 100% this indicator is, the closer simulations are to observations. This parameter defines 
a local error. 

eXXa, expressed in %, quantifies the percentage of data for which simulated and observed data differ 
by less than XX µg/m3. It is calculated as follows: 
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The closer to 100% this indicator is, the closer simulations are to observations. This parameter defines 
a local error. 

 

 

Other statistical parameters are not described in this note and can be used to evaluate the behavior of 
a model such as: Index of Agreement (IA) (Willmott, 1981). IA could well replace the correlation 
coefficient, as it is less affected by outliers. When one wants to compare forecasts from different 
locations, one should use fractional bias and error (Boylan and Russell, 2006). 
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Introduction 

In the framework of the CITEAIR II project, programs were developed and are available to any 
CITEAIR partner provided that a licence agreement is read and signed by the interested partner 
before using the programs. By accessing or using the programs, the partner acknowledges that he 
has read, understood and agrees to be bound by the terms described in the document and to comply 
with all applicable laws and regulations. If the partner is using the programs on behalf of his employer, 
he represents that he is authorized to accept the terms of use on his employer's behalf. If the partner 
does not accept the terms of use, the programs shall not be used. 

 

Presentation of the programs 

The main objective of the program is to make a statistic adaptation of pollutant concentrations. It is a 
statistical forecast of pollutant concentrations (O3, NO2 and PM10) on stations locations based on 
past measurements and forecast from a Chemistry Transport Model (CTM). The statistical models are 
computed for today (D+0) and for tomorrow (D+1). 

The required data are in situ observations and the raw forecast (D+0 and D+1) for a period of two 
years: one year for learning phase, second one for validation. 

The first script is an example of extraction of CHIMERE CTM's netcdf file. Users who want to use 
CHIMERE's forecast can contact the PREV'Air team for the data (http://www.prevair.org/fr/contact.php 
). It is also possible to adapt the associated Fortran code to read one’s own netcdf files. 

The second script makes a compilation of all the data required for learning and validating phase. This 
script should be adapted if additional variables (ex: meteorology) are used. 

The third script computes the statistical adapted models using multilinear regressions with quantitative 
and qualitative variables. A preselection of explicative variables is done based on the correlation 
between measurement and CTM data. A stepwise method on both direction is used to select the final 
list of explicative variables. Statistical model are created only for max_O3, max_NO2 and 
mean_PM10. 

The last script applies the statistical models to an independent set of data and computes the scores 
for validation purpose. 

 

Necessary soft and tools 

Automatic scripts on Linux Platform and open source programs have been developed: data extraction 
and compilation programs were developed with Fortran language and Bash script language on Suse 
Linux Platform. Statistical calculations were made with R-base,  

- Bash script 

- R 2.9.0, free software environment for statistical computing and graphics (http://www.r-
project.org ) 

- Netcdf library 3.6.0 

- Fortran compilator (ifort) 

- Python 2.5 

- Imagemagick (convert to gif file) 

 

Launching the programs step by step  

Preliminary steps: 

- Unzip with password 

- Edit $home/src/makefile and compil according to your system. 



www.citeair.eu 

Good Practice Guide on Urban Air Quality Forecast  - 49 - 

- Edit R-library in $home/src/Regression.sed and $home/src/Validation.sed according to the 
system. 

- Edit station file according to the studied city: for example, $home/src/liste_stations_Rotterdam 

Extraction of CHIMERE netcdf data: 1_extract_chimere extracts data from CHIMERE netcdf files 
(contact PREV'Air team for the data) 

Example:  1_extract_chimere Rotterdam 2008 

1_extract_chimere Rotterdam 2009 

All model data (explicative variable) are in directory $home/data/chimere/$city_$year/$pol  

See file O3_01003.chimereB for example. B refers to D-1 data. 0 to D+0 data and A to D+1.  

Compilation of all data for the statistic adaptation: 

Example:  2_prepare_data Rotterdam 2008 

2_prepare_data Rotterdam 2009 

Input observation data are in directory $home/data/obs/Marseille_2008/data/${pol}_${date}.csv. 

Model data are in directory $home/data/chimere/$city_$year/$pol (see files for data format). 

Output data are in the directory $home/data/out/out.Rotterdam_2008. 

file $icode.mes contains measurement data for D+0 and D+1 

file $icode.var contains explicative variables (measurement + CTM + meteo). 

See the files 01004.var and 01004.mes for the format 

Paragraph Data files required hereafter goes through the data format into more detail.  

Creation of statistical model: 

Example:  3_create_SAmodel Rotterdam $pol 

By default, the learning year is 2008, for day D+0 (inc=0). 

Input : icode.mes and icode.var in the directory $home/data/out/out.Rotterdam_2008 

Output : in directory results/results${inc}/Rotterdam_$pol 

See the “Output files” section hereafter for output files description 

Changes can be made in the Regression.sed and Validation.sed line: base_mes <- 
aggregate(base_mes,list(base_mes$time),fmoy) [,-1] 

Validation of statistical model: 

Same as creation. Default year is 2009. 

 

Data files required 

Monitored data is required to build and validate the forecast model. It is to be provided by the city. One 
file (a stations file ) defines monitoring station locations, and allows monitoring data to be provided in 
daily data files (data files ).  

Stations file: Description 

One stations file is required for a city. It is a file describing the measuring stations.  

It contains lines with station_ID, station_name, station_type, longitude, latitude in this order. 

- The station_ID is 5 digits; the first two make up the city ID, the last three identify the 
monitoring station. 

- The station_name is a character string.  

- The station_type is either “Urban_Background” or “Traffic”. 
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- The longitude and latitude must be in this order and in decimal degrees, with a dot as the 
decimal separator, and in WGS84 coordinate system. 

The file is read as a Fortran 'free-format' file, which means that the information in the file can be either 
space or comma separated.  

Stations file: Example 

Name: liste_stations_Rotterdam 

01009 Schiedam Urban_Background 4.40131667 51.92139 167 

01004 Maassluis Urban_Background 4.2279 51.93203611  

01008 Ridderkerk Traffic 4.57467222 51.86923611 

Data files: Description  

The data files hold the observations of air quality indicators such as O3, NO2 and PM10.  

One data file is required for each day. For forecast building and testing there will be one file for each 
day in the testing year and one file for each day in the validation year. This means approximately 730 
files. The files should separated  by folders based on year.  

They are read as a Fortran 'free-format' files, which means that the information in the files can be 
either space or comma separated. The ordering of the data lines in the file is flexible. This means that 
the data can be sorted by date, by station, or by specie, or be unsorted. 

Each file contains lines with station_ID, date, hour, parameter, value, validation_flag in this order.  

- The station_ID is 5 digits; the first two make up the city ID, the last three identify the 
monitoring station. 

- The date is  8 digits and holds the year, month and day in the format YYYYMMDD. 

- The hour is 2 digits and holds the hour of the day, ranging from 00 to 23 (UTC). 

- The parameter is the indicator name (e.g. 'O3'). 

- The value is the value of the parameter in the correct units. For concentration data the units 
are �# g.m-3, wind speed is in m.s-1, wind direction is in decimal degrees, temperature is in 
Kelvin, relative humidity is a percentage, pressure is in hPa. Missing data can be identified 
with the value -999. 

- The  validation_flag is 'A'  to show that the data is validated. Unvalidated data should not be 
used however, if desired, 'R' can identify unvalidated data.   

Each file is named according to the city ID and the date. The city ID is 2 digits and is joined to the date 
by an underscore. The date is 8 digits and holds the year, month and day in the format YYYYMMDD. 
The file suffix is 'csv'.  

Data files: Example 

Name: 04_20090202.csv 

04001,20090102,00,O3,12.38,A 

04001,20090102,00,NO2,27.27,A  

04001,20090102,00,PM10,30.21,A  

04002,20090102,00,NO2,40.54,A 

04002,20090102,00,O3,-999,A 

04002,20090102,00,PM10,42.24,A 

04001,20090102,01,O3,23.18,A 

   :                 : 

   :                 : 

   :                 : 

Additional information about the measurements 
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Additional information can also be supplied in a separate file. This information commonly provides 
more information about the measurements. The method of measurement is a critical aspect of the 
quality of the measurement therefore the kind of analyzer, measurement techniques, average time is 
of relevance.  

 

Data quality 

The statistical modeling described in the following section strongly depends on data quality. As 
practice shows, some inexplicable outlier values may be present in the data sets. Outlier values are 
values that sit way outside the standard range of a column’s normal value range. They may be due to 
some natural exceptional events, thus reflecting real concentration variations, or result from technical 
malfunctioning. In that second case they decrease the quality of the statistical model, which is likely to 
lead to poor results. It is hence recommended that partners pay close attention to the quality of the 
data and check that the validation_flag is used correctly.  

 

Feedback  

The scripts do not contain self installer instruction. So please send questions, complaints, praise, 
criticisms, etc to the following address at INERIS: Anthony.ung@ineris.fr  

 

Ouput files  

This section describes the CITEAIR forecast outputs. The aim is to document which files are 
generated for forecast learning and validation and provide some suggestions on how they can be 
interpreted.  

Each output file is discussed in the order, generally speaking, that it is produced. As file names include 
the city and station ID we use STAT as these values, so that full file names are written. Similarly, the 
pollutant name is also used in some file names so, here, we have used POL. And further, if the 
learning or validation time period is not one year, the word Year in some file names will change to 
reflect the time period used.  

Grey lines refer to files that are particularly recommended for use in the verification process.  

The interpretation suggestions are only suggestions. They are intended to provide users that are 
unfamiliar with the outputs an understanding of what they mean, and a basis for evaluation of the 
results.  

 

Station level: For each time lag D+i (i=0, 1 ou 2), each city CITY, and each pollutant POL, the 
following files are produced for each measurement station STAT: 

 

File Content 

STAT_Regression.txt This file holds the R commands that conduct the model learning 
phase. 

STAT_Validation.txt This file holds the R commands that conduct the model validation 
phase. 

STAT_Year_POL.modele The regression model and associated data is saved in binary format 
in this file. It holds a collection of R objects.  

STAT_Year_POL_Regression.explicatives All predictor variables considered for use in the regression 
relationship are listed here. 

Example: 

NO2 Year  max_NO2B_mes 
 max_NO2_mod0  moy_O3_mod0
  moy_NO2_erreur_modB day 
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STAT_Year_POL_Regression.log This file holds summary information on the characteristics of the 
regression relationship.  

A TRUE value for the test for Heteroscedasticity is desired so that 
the null hypothesis (heteroscedasticity) can be rejected. 
Homoscedasticity is desired so that forecast error can be assumed to 
be approximately constant, regardless of whether the forecast is for 
high or low concentrations.  A FALSE value for the test of 
Homoscedasticity Hypothesis by Breusch-Pagan is desired so that 
the null hypothesis (homoscedasticity) is not rejected. If either of 
these tests indicate heteroscedasticity one can look at the residual 
plots (STAT_Year_POL_Graphes_residus.gif) to visualise the extent 
of this feature and make a decision on the usability of the model from 
that information.  

The residuals should be normally distributed therefore the two tests 
for normality should be TRUE.  

The test for independence should give a TRUE result. If the residuals 
are not independent (and therefore correlate somewhat) there is 
room for improvement in the model and in severe cases the model 
predictors may have been poorly selected. 

STAT_Year_POL_Result_reg_diagnostic.csv This file provides an indication of the improvement in the regression 
relationship by showing correlation measures before and after the 
stepwise predictor selection process.  

The stepwise selection process uses the Akaike information criterion 
(AIC) to select predictors that will produce an optimum regression 
equation. The newly selected predictors and associated data for the 
regression equation, including coefficients, are written to a separate 
file (STAT_Year_POL_Result_reg_modele.csv).  

The R2 and R2-adjusted values (used to asses the fit of the 
regression equation) can be inspected. Their before (avant) and after 
(apres) values are in the regression diagnostic file. Ideally the 'after' 
values should be higher than before however in practice, R2 is often 
slightly lower than its before value and R2-adjusted is higher than its 
before value. If both are lower after the stepwise selection process 
the regression equation should be considered worse. However, small 
decreases could arguably be regarded as insignificant.  How small?  
That is up to personal preference. 

STAT_Year_POL_Result_reg_Learning.csv This holds each day's value; the forecast value (Pred), the measured 
value (Mes) and the value from the regional model (Mod). It also 
holds the residual between the observed value and the forecast 
value (Residu). 

Example: 

 Time Mes Mod Pred Residu 

1 20080101 61,70 7,83 - - 

2 20080102 51,70 4,92 51,39 -0,31 

3 20080103 21,00 8,48 39,34 18,34 
 

STAT_Year_POL_Result_reg_modele.csv Final predictors and their coefficients are listed in this file.  

Predictors can include the previous day's value but this should not be 
the only predictor unless a persistence forecast is desired. The 
model should be able to perform better than the persistence forecast.  

Predictors should include at least one model value (from the 
PREV'AIR system). 

The predictor coefficients – value and sign – have a physical 
meaning (for example, a positive coefficient for the temperature, 
when dealing with ozone concentrations, should occur because 
strong sunlight which is conducive to ozone formation also increases 
temperatures). One should check that the coefficient signs are 
coherent with what is expected. 

Example: 

Variables 
Coefficie
nt 

Std 
Error 

t_valu
e 

Pr(>|t|
) 
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(Intercept) 46,85 6,77 6,92 0,00 

max_NO2B_mes 0,17 0,08 2,34 0,02 

max_NO2_mod0 0,73 0,15 4,81 0,00 

moy_O3_mod0 -0,37 0,07 -5,29 0,00 

moy_NO2_erreur_mo
dB -0,63 0,20 -3,20 0,00 

dayMonday 14,66 3,51 4,18 0,00 

daySaturday -4,42 3,43 -1,29 0,20 

daySunday -7,63 3,42 -2,23 0,03 

dayThursday 2,12 3,39 0,63 0,53 

dayTuesday 2,10 3,42 0,61 0,54 

dayWednesday 3,09 3,37 0,92 0,36 
 

STAT_Year_POL_Validation.log This file has the results of checks made to ensure that all data is 
present before the validation process begins. Nothing should be 
missing here.  

STAT_Year_Result_reg_indicateurs_apprent.csv This file holds values of statistical indicators relating to the forecast 
model's performance in the learning period. The statistical indicators 

are described in ������ � . There is one row for each indicator. 

General goals for these indicators are also listed in the ������� . 

Files holding this information can have more than one column of 
results. In such a situation the column headings are numbers 
(threshold values) that indicate which fraction of the data was used.  
A threshold value of 50 indicates that the results are from days when 
the observed value was greater than 50. Likewise the heading 25 
indicates that only days when the observed values were greater than 
25 were used. A heading of 0 or 'res' indicates that all values were 
used. 

STAT_Year_Result_reg_indicateurs_apprent_CHIM.cs
v 

This file holds values of statistical indicators relating to the regional 
model's performance in the learning period. CHIM means CHIMERE, 
the name of the regional model. The statistical indicators are 
described in ������ � . See the discussion on 
STAT_Year_Result_reg_indicateurs_apprent.csv for detail about the 
file structure.  

STAT_Year_Result_reg_indicateurs_valid.csv Performance indicators for the forecast model. 

This file holds values of statistical indicators relating to the forecast 
model's performance in the validation period. The statistical 
indicators are described in ������ � . Refer to the discussion on 
STAT_Year_Result_reg_indicateurs_apprent.csv (learning phase) 
for detail about the indicators and the file's structure. 

STAT_Year_Result_reg_indicateurs_valid_CHIM.csv Performance indicators based on the regional model. 

STAT_Year_Result_reg_indicateurs_valid_classe.csv Performance indicators based on forecast values as CAQI classes. 

STAT_Year_Result_reg_indicateurs_valid_CHIM_class
e.csv 

Performance indicators based on regional model values as CAQI 
classes. 

STAT_Year_Result_reg_indicateurs_valid_indice.csv Performance indicators based on forecast values as CAQIs. 

STAT_Year_Result_reg_indicateurs_valid_CHIM_indic
e.csv 

Performance indicators based on regional model values as CAQIs. 

STAT_YearPOL_Result_reg_Validation.csv This holds each day's value; the forecast value (Pred), the measured 
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value (Mes) and the value from the regional model (Mod).  

Example: 

time Mes Mod Pred 

20090101 28,00 9,26 - 

20090102 47,17 6,96 38,58 

20090103 23,50 11,47 37,10 
 

 

Some figures are plotted (scatterplots, time series…) that have also to be used for the validation 
stage. 

 

File Content 

STAT_Year_POL_Graphes_learning_nuage_max.gif This is a scatter plot of the forecast values. The current version of the 
scripts add a boxplot of the forecast errors to visualise the interquartile 
ranges and outliers.   

STAT_Year_POL_Graphes_learning_serie_max.gif This is a time series plot showing the observations with the regional 
model's prediction and the forecast model's prediction.  

Sometimes time series plots can easily give an overview of the quality 
of the forecast and can be used to reality-check observations as well as 
forecast values. Under or overestimation can sometimes be seen, as 
can changes in performance throughout the year, forecast delay (lag), 
and general quality of performance during high or low pollution periods. 

STAT_Year_POL_Graphes_residus_max.gif 

NOM A VERIFIER 

This is a figure containing 5 plots. All the plots relate to the residuals 
which are the forecast minus observed values. The histogram in the 
top-left corner shows the frequency of residuals, grouped into 5 or 6 
range bins. A normal (Gaussian) distribution of the residuals around 0 is 
desirable.   

Below the histogram is a quantile-quantile plot of the normalised 
(standardised) residuals. The points on this plot should follow the dotted 
line. Departures from the dotted line indicate departures from normally-
distributed data. The solid red line in this, and the other plots, is a 
smoothed representation of the data.  

In the top right, the residuals are plotted against the fitted data. In other 
words, the forecast error is plotted against the actual forecast value. 
Here, it is desirable to have a consistent range of residual values 
spanning the whole length of fitted values. Such a shape would suggest 
that forecast error is relatively constant no matter whether high, low or 
medium values are forecast. This is homoscedasticity. The plot can 
indicate heteroscedasticity if there is a trend in the residuals with the 
fitted values (e.g. the residuals increase with fitted value indicating that 
when high values are predicted they will have greater error). This can 
suggest that the forecast model's reliability is not consistent.    

The square root of the standardised residuals is also plotted against the 
fitted values (Scale-Location plot). This plot can also indicate hertero- or 
homoscedasticity. Common practice (a rule of thumb) dictates that 
standardised values of ±2 indicate something strange, values of ±3 
indicate more severe issues and values of ±4 indicate that something is 
very wrong with the regression equation. Therefore, when looking at the 
square roots of the standardised residuals, values greater than 2 should 
not be seen and values below 1.4 can be considered acceptable. 
Between these ranges the validator may use his or her own judgement. 

The plot in the bottom left is the (standardised) Residuals vs. Leverage 
scatter plot. It indicates what the residual was compared to the related 
observation that has been converted into its 'leverage' value. Observed 
values that are calculated to have high leverage have a large effect on 
the outcome of the building of the regression relationship. As such, low 
residuals are desired when the leverage is high.  The cook's distance 
(red dashed lines at 0.5 and 1) is also plotted on this chart to show how 
each point relates to the distance. It can be thought of as the measure 
of actual influence of a data point, as opposed the the potential 
influence indicated by the leverage value. If the Cook's distance is close 
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to zero the effect of removing that data point has been low, and this is a 
desired feature of the regression relationship. If a data point is 
excessive (>1) it is considered to have a strong influence on the 
regression relationship and this is undesirable. Therefore, we should 
see low residuals at high leverage values and all the points should be 
within the Cook's distance of 1 (and preferably within the 0.5 line).  

STAT_Year_POL_Graphes_valid_nuage_indice.gif This is a scatter plot of the forecast values after they have been 
converted to CAQIs (index values). The current version of the scripts 
adds a box plot of the forecast errors to visualise the interquartile 
ranges and outliers. 

STAT_Year_POL_Graphes_valid_nuage_max.gif This is a scatter plot of the forecast values. A box plot of the forecast 
errors to visualise the interquartile ranges and outliers is also included. 
Box plot errors should be close to zero. The scatter plot's points should 
line up along the diagonal line. Look out for flat scatter plot data (good 
correlation but points not aligned with the diagonal). This can occur if 
the forecast predicts somewhat constant values.  

STAT_Year_POL_Graphes_valid_serie_classe.gif Time series of CAQI classes (forecast, observed and regional model). 

STAT_Year_POL_Graphes_valid_serie_indice.gif Time series of CAQI values (forecast, observed and regional model). 

STAT_Year_POL_Graphes_valid_serie_max.gif Time series plot showing the forecast, the regional model and the 
observed values in ug/m3. 

STAT_Year_POL_Year_Valid_Taylor.gif A Taylor diagram with a point for the performance of the forecast and 
one for the performance of the regional model.  

The Taylor diagram plots the correlation coefficient, the standard 
deviation, and the centred root mean square error.  

01001_Year_NO2_CT-SAMODEL.pdf A contingency table of CAQI class results from the forecast model. It 
shows the number of times when a forecast class coincided with an 
observed class. Correct forecasts are along the diagonal of the table. 
The frequencies as percentages are also shown.  

01001_Year_NO2_CT-CHIM.pdf  A contingency table of CAQI class results from the regional model. It 
shows the number of times when a predicted class coincided with an 
observed class. Correct predictions are along the diagonal of the table. 
The frequencies as percentages are also shown.  
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Table 3 Description of statistical parameters  

Statistical 
parameters 

Description Goal 

Npairs Number of observations A full set of observations for the period 
processed. 

P75-90-95-100_Obs Percentiles of the observations No goal, descriptive. 

P75-90-95-100_Pred Percentiles of the predictions Should be similar to the observed percentiles. 

NPred+ Number of positive predictions Should be same as Npairs. Negative or missing 
data can affect this.  

NObs+ Number of positive observations Should be same as Npairs. Negative or missing 
data can affect this. 

NPredObs+ Number of pairs of predictions and 
observations when both are positive 

Should be same as Npairs. Negative or missing 
data can affect this. 

cor Correlation coefficient 

A number between 0 and 1, where 1 is perfect 
correlation. Criteria are documented for this 
value based on concentration data for  NO2, 
PM10 and O3.  

bias Mean bias 
A value close to zero. Criteria are documented 
for this value based on concentration data for  
NO2, PM10 and O3.  

fracbias Mean fractional bias A value close to zero. This measure is bounded 
by -200%, +200%. 

mean_abs_err Mean absolute error A value close to zero. 

mean_abs_norm_err Mean absolute normalized error A value close to zero. 

mean_rel_error Mean relative error (actually  mean relative 
bias) A value close to zero. 

mean_abs_rel_err Mean absolute relative error A value close to zero. 

et_err Standard deviation of errors 
A small number, indicating low variability in 
error. 

rmse Root Mean Square Error (RMSE) 
A value close to zero. Criteria are documented 
for this value based on concentration data for  
NO2, PM10 and O3.  

nmse Normalized Root Mean Square Error A value close to zero.  

eXX, XX=10, 20, 30, 
40, 50% 

Percentage of data for which simulated and 
observed data differ by less than XX % 

Higher percentages of data are desired to fall 
into the earlier groups (e.g differ by only 10%).  

eXXa, XX=10, 20, 
30, 40, 50µg/m3 

Percentage of data for which simulated and 
observed data differ by less than XX µg/m3 

Higher percentages of data are desired to fall 
into the earlier groups (e.g differ by only 
10ug/m3).  

 

 


