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ABSTRACT 

Urban air quality management involves forecasting modules, which are an essential component of related 
decision making processes, especially in densely populated cities, such as the Greater Athens Area (GAA). 
As many forecasting methods are being proposed, it is interesting to perform a comparative study between 
various categories. In the present paper we describe the comparison work performed between several 
statistical methods (LRA, ARIMA, PCA) and classification algorithms, as artificial neural networks, decision 
trees, conjunctive rules, support vector machines, decision tables and fuzzy lattice rules. Useful results are 
drawn concerning the performance and the operational potential of such methods. 

 

1.   INTRODUCTION 

Urban air quality information originates either from observations or from mathematical tools-models and 
estimations. While the former correspond to the current status of air quality, and may be directly interpreted 
in terms of human health risk and eco-system degradation potential or effect, the latter provide forecasting 
capabilities in advance, thus offering decision makers with the opportunity to take preventive measures that 
would “smooth” or alter the results of a forecasted “episode” or even “crisis”. Thus, air quality forecasting 
(AQF) is an essential component of urban air quality management. AQF forecasting is among the most 
common environmental forecasting applications, and is usually performed by air quality agencies or 
authorities responsible for the monitoring and management of the atmospheric environment in urban 
agglomerations. As photochemical air pollution is among the most pronounced air quality problems of the 
developed countries, ozone forecasting (OF) is usually part of the core of every AQF system or application. 
The methods used for OF vary, and in general include the following methods: Persistence, Climatology, 
Criteria, CART, Regression, Neural Networks, Phenomenological/Intuition, and 3-D Air Quality Models 
(EPA, 1999). In the present paper several classification algorithms are applied, for forecasting the maximum 
ozone concentration levels on a daily basis in a dense urban area. Various tests have been conducted and 
results are reported, in comparison with statistical method results published for the same test case (Slini et. 
al., 2005) 

 

2.  BACKGROUND 

The assessment and management of AQ, especially in urban areas, is characterised by major uncertainties 
that are vis-à-vis characterised by, and extend well beyond, the boundaries of the atmospheric chemistry and 
physics and the stochastic nature of the major air pollutant emission mechanisms (including those of 
anthropogenic origin). Air pollution is a problem that can not be treated independently of the urban web. One 
has to consider the urban environment as a multi-dimensional, multivariable system, part of which is the AQ 
aspect, that also includes the layout of the city, the existence of green and un-built areas, the geometry, the 
architectural morphology and the thermal properties of the buildings, the vehicular traffic, the stationary 
thermal systems and of course the local microclimatic conditions. Concerning photochemical pollutants, it 
should be noted that their dynamic nature, accompanied by the strong non-linearities in the underlying 
physical and chemical mechanisms involved in their creation, chemical transformation and transportation-
diffusion, was always among the major challenges for the development of any modelling – forecasting 
method and tool. Focusing on Ozone, one has to take into account that it is a secondary pollutant and is 
formed as a result of reactions between pollutants emitted from industrial sources and automobiles. The 
precursors of ozone are oxides of nitrogen and volatile organic compounds. In the presence of sunlight 
(ultraviolet radiation) and, under suitable meteorological conditions, the precursors react photochemically to 
“produce” ozone. Ambient concentrations of ozone depend on weather related conditions, because the 
amount of reactants, the reaction rates between the pollutants, and the dispersion conditions are sensitive to 
meteorological changes in conditions (MacDonald et. al., 2001). Indeed, it is this dependence on 
meteorological and AQ variables that will be exploited in the present paper, focusing on ozone level-related 
air quality forecasts and applying statistical and classification algorithms, employed from the arsenal of data 
mining / knowledge discovery methods and tools. 
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3.  METHODOLOGY 

Classification and prediction are two forms of data analysis that can be used to extract models describing 
important data classes or to predict future data trends (Han and Kamber, 2001). Classification predicts 
categorical labels, the co-called "classes", while prediction models are used for forecasting continuous valued 
variables. Typically, both classification and prediction analyses are a two-step process. In the first step, a 
classification/prediction algorithm is applied on the available data and a decision model in extracted. The 
mined decision model encapsulates the knowledge lying in the data in a form such as a decision tree, a neural 
network, a regression model, a support vector machine, etc. This step is usually called model training phase. 
The second step is the testing phase, which involves the application of the decision model on data for making 
decisions (predictions). This phase focuses on testing the ability of the decision model to approximate data 
not used in training. In this respect, both classification and statistical prediction algorithms have been applied 
for function approximation in several, yet diverse, domains. To distinguish the terms "classification" and 
"prediction", the reader may have in mind the following working definition: Whereas classification predicts 
qualitative variables, prediction forecasts quantitative ones. 

In the air quality domain, several data driven forecasting models have been developed, using dissimilar 
prediction methods, as regressive models (Slini et.al., 2002), statistical tools methods (Cox et. al., 2002), 
principal component analysis (Harkat et. al., 2004), belief networks (Alang et. al., 2001), case-based 
reasoning (Lekkas et. al., 1994), neural networks (Kolehmainen et. al., 2001) or association rules (Yairi et. 
al., 2001). In all approaches air quality data has been analyzed following a "prediction" perspective, i.e. the 
models developed are approximating a continuous (quantitative) variable (a pollutant's concentration). Such 
models are sufficient for administrative operations, scientific tasks and the study of the environmental 
phenomena associated with air quality degradation. However, such an approach is unsuitable for using data-
driven models in an operational manner. Air quality assessment, from an operational point of view, requires 
the characterization of atmospheric quality using qualitative indicators on the basis of a quantitative 
classification. Legislative acts, as the US Clean Air Act and the 96/62/EU framework directive for urban air 
management (and the accompanying daughter directives) have delimited certain thresholds for characterizing 
the quality for the atmospheric environment. In this background, qualitative information (as the air quality 
indicators) is identified as being of great importance for an operational Air Quality Management System. 
Motivated by this remark, this paper presents a comparative study between statistical methods and 
classification algorithms for contemporary air quality forecasting. For this purpose, a set of environmental 
data have been used, consisting of time series information that include daily observations for a 3.5-year long 
time period (January 1999 - June 2002), for Athens, Greece. The present study is focused on an urban 
monitoring station at the north-eastern suburbs of the city (Marousi).  
 

4.  RESULTS AND DISCUSSION 

Aiming at investigating the operational performance of state-of-the-art data mining methods and tools 
towards OF in urban areas, a number of classification-based methods have been employed. In contrary with 
conventional statistical apporaches, data mining algorithms used in this paper utilize other criteria/functions, 
as the information gain and entropy, distance-metrics, or memory-based learning, for encapsulating data-
driven knowledge and ultimately drawing conclusions. In this work, different types of algorithms for 
classification are evaluated. Among them, instanse-based learners are used, as iBK, Kstar, Nnge (Nearest 
Neighbor With Generalization), rule-based classifiers, as Conjuctive Rules, OneR, Decision Tables, decision 
trees (C4.5, ADTrees), along with Bayesian Classifiers (NaiveBayes), Neural networks (Voted Perceptron) 
and Fuzzy-Lattice Reasoning (FLR). All these algorithms are implemented in WEKA (The Waikato 
Environment for Knowledge Analysis, WEKA 2004). The WEKA platform was used (notably this is an open 
source software) for the data mining experiments described below. For further information on the algorithms, 
the reader may refer to Witten and Frank, 1999 and the WEKA documentation.  

Results obtained are summarised in Table 1, where, in parallel, results obtained for the same test case with 
statistical methods (LRA, ARIMA and PCA) and published elsewhere (Slini et. al., 2005), are included for 
comparison purposes. The focus was the successful forecast of daily mean ozone concentration values, 
applying as daily alert threshold the limit of 65 �g/m3, which is the Vegetation protection threshold for the 
mean value over 24 hours according to the former European Directive 92/72/EEC. The purpose of this 
selection was the ability to make comparisons with the statistical methods used for the same test case as 
previously reported. For each model, the RMSE and the percentage of the correct and false alarms are given, 
in combination with the so called Kappa Index (i.e, the Critical Success Index). It should be noted that the 
Kappa Index is calculated on the basis of the occurrence of events (successful/unsuccessful forecasts in 



combination of occurrences of threshold value exheedances), on the basis of Table 2 (McHenry et. al, 2003) , 
and by making use of eq. (1)  

Table 1. The statistical performance of data mining models accompanied by statistical models, for Marousi 
monitoring station. Test case: mean daily O3 concentration levels, with threshold set to 65 �g/m3. 

Model RMSE % correct 
alarms 

% false 
alarms 

Kappa  
Index 

ARIMA 0.153 31.58 2.94 0.154 
LCA 0.128 53.37 0.37 0.256 
PCA 0.261 21.47 0.55 0.148 
NaiveBayes 0.404 80.65 17.65 0.154 
Voted Perceptron 0.414 80.65 15.97 0.630 
IBk 0.438 59.68 15.13 0.458 
KStar 0.598 61.67 43.70 0.160 
FLR 0.482 51.61 10.08 0.446 
Conjunctive Rule 0.398 64.52 10.92 0.555 
Decision Table 0.381 69.35 12.61 0.576 
Nnge 0.44 59.68 8.40 0.544 
OneR 0.42 70.97 11.76 0.601 
ADTree 0.361 85.48 17.65 0.648 
C4.5 0.376 75.81 19.33 0.548 

 
Table 2. Contingency table for threshold forecasts 

Exceedances Forecasted 
Observed  Yes No 
Yes a B 
No c D 

 

Kappa Index = 
cba

a
��

 (1) 

 

One first overall comment is related to the differences concerning the RMSE values concerning the 
classification methods (ranging from 0.376 to 0.598) and the statistical methods (ranging from 0.128 to 
0.261). Although this may be considered to be a criterion for poor modelling performance, it should be noted 
that statistical methods are based on the forecast of a continuous set of values, while classification methods 
are based on the forecast of occurrences that are either true or false; thus, RMSE is not a sufficient criterion 
for model performance concerning classification methods, and should be used solely to demonstrate the 
scattering of values generated by predictions in comparison to observed ones. Coming to the percentage of 
correct alarms forecasted, it is evident that classification models perform better compared to statistical 
models, with performance ranging from 51.61% (FLR- Fuzzy Lattice Reasoning) to 85.38% (ADTree-
Alternative Decision Trees), while for the percentage of wrong alarms, classification models perform 
between 8.4% and 43.7%. Overall, with the aid of the Kappa Index, it is evident that classification models 
have a much better performance for the specific test case in comparison to statistical models, as their success 
index rages from 0.154 to 0.648, while for statistical models does not exceed 0.26. On the basis of obtained 
results, the classification algorithms seem to have an advantage in comparison to statistical ones, achieving 
better performance concerning air quality management-related decisions taken on the basis of threshold 
values used. Yet, more analysis and testing should be made in order to arrive to a sufficient proposal for an 
effective OF module for an urban area of interest. Thus, the combined usage of classification methods and 
statistical methods may provide an effective OF module for operational usage that will enhance 
environmental decision making at an urban level. 

  


