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SUMMARY

The results of imission analysis results recordednanitoring stations in Cracow
region in the period of September 2007 - April 20tave been presented. Contamination
levels of S@Q, NOy, PM10, Q and meteorological parameters: wind direction,drvapeed,
temperature and atmospheric pressure were examiimedmeasured magnitudes determine
time series with periodic oscillations and oscitlas in shorter periods. Dynamics of imission
and meteorological parameters changes in time vdmscribed and dependencies of
contamination levels of pollutants on meteorolomarameters were analyzed. Instructural
methods have been applied.

1. INTRODUCTION

Processes and phenomena are usually describedusyusal methods. Models are
built on the basis of theory. Experimental dat¢his case serve for verification of theory and
determination of coefficients of the equations déstg process or phenomenon. This
method is time consuming, requires significant exiiteires. Another, instuctural method
consists in deduction on phenomenon directly orbtses of measurements results. There are
known fundamentals of this depiction of the problemd implementations in form of
computer programs. These methods are classifiedrtdgial computational intelligence.
They are applied in various branches. In this wibkk methods are used for analysis of the
results of air-monitoring stations measurementSracow region.

2. GENERAL PART

In air quality assessment codified systems oblidgey use mathematical methods of
modeling of atmospheric transport and methods okctli assessment based on the
measurements results. In theory of contaminantpggation structural models of Gauss,
Euler or Lagrange are used. They were describethenbooks [1-3], monographs [4-7],
doctoral thesises [8-10] and numerous publicat|@tsl6]. Applications of these models are
also codified in the form of recommended computegmms.

In case of analysis of imission measurements esilter issues appear. They refer
especially to determination of probabilistic chaesistics of measured values. First works in
this field were published by Larsen [17, 18]. Hedishe one-dimensional distributions and
stated that the lognormal distribution was mostrofulfilled by the experimental data. Many
publications later on devoted attention to thisiéss



The values recorded at monitoring stations are aandariables. Measured in time
they determine time series. In theories applietthi®problem deterministic models, and more
generally structural models, predominate. In cdsecomplex processes or phenomena (air
contamination propagation belongs to this type micpesses) it is usually difficult to build
sufficiently precise theory. It should be addedtttobtainment of data for calculations with
use of structural models is expensive and sometaisesimpossible.

This types of problems occur in many disciplinest &escription of these phenomena
instructural analysis systems, using directly tixpegimental data, have been elaborated
[19,20]. There exist good bases of these methodstheir applications in the form of
computer programs. These methods are classifieattdigial computing intelligence and
they found many applications. They are still depelb

Conventional (traditional) statistical methods arsufficient nowadays. The aim of
traditional data analysis is most often hypothesisfication or theory verification. However
in practice it is in question to obtain as quickly possible an easy hint necessary for making
decisions. Methods of data mining provide thisdkof information. New methods do not
eliminate the old proven systems. They require haweheir more effective use.

Irrespectively of adopted method of analysis, adégjquality of data is the key factor
influencing the results, and so the quality of blwdd model. Before the calculations the type
of model, for instance deterministic equation ourmaé network has to be selected, and the
results have to be prepared so that they couldsbtili.e. preprocessing is performed. Then
analysis of data correctness and unambiguousitansed out. Gathered data cannot contain
any failures. Occurrence of untypical observatioeeds to be investigated too. If gathered
data are incomplete, the missing values can lefillp; for example by replacing them with
average, median or removing the cases in whichreaibccurs.

Second stage consists in model building and itduatian. Different models, for
example different neural networks are tested. Témwt Inodel is selected, usually basing on
statistical evaluation. Applying the built modelsually two kinds of tasks are solved: more
direct one, namely prediction and more general isting in knowledge discovering.
Prediction refers to the situation when we havemete data from the past, and we currently
want to predict the values on the basis of incotepiiata we have. In this way of predicting
regression and classification are used. A specHi®e of regression is prediction of future
values of time series. As mentioned before theesabf variables measured at air monitoring
stations determine the time series.

Knowledge discovery is the discerning descriptdrdata, indicating the structures,
dependencies and information hidden in them. Thas wthe main aim of this work. The
results obtained by artificial computing intelligen can be useful as an essential complement
of currently performed analyses during air quadisgessment.

3. EXPERIMENTAL DATA

The calculations were based on the results of nneamnts performed according to
the standing regulations in the period of Septend®&7 - April 2008 at the automatic air
monitoring stations in Cracow region [21]. In figut locations of all the stations, including
the planned ones, are presented.
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Fig. 1. Locations of monitoring stations. Cracowgios, year 2007-2008 .

In figure 2 distributions of 1-hour concentratiasfscontaminants and distributions of
meteorological parameters registered at Nowa Hates are presented for example.
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Fig. 2. Distributions of 1-hour concentrations ohtaminants and meteorological parameters.
Nowa Huta, September 2007 - April 2008.

According to evaluations of Voivodeship EnvironnarRrotection Inspectorate in Cracow,
in year 2008 in Lesser Poland Voivodeship exceesntpermissible pollution target levels
and permissible pollution levels extended by toleeamargin for the following substances
occurred: particulate matter PM10 - average comagoh per calendar year, particulate



matter PM10 - 24-hour concentration, nitrogen diexi average concentration per calendar
year and annual average concentration.

This work does not concern the assessment of atagonation according to the
standing procedures. The aim was the analysis ef data by artificial computational
intelligence methods indicating the structures,etelencies and regularities hidden in them.
The first stage was determination of probabilistitaracteristics of measured values by
traditional statistical methods. Known one-dimensiodistributions were tested [2]. It was
demonstrated, that the lognormal distribution wasstoften fulfilled by the experimental
data registered at monitoring stations.

4. ANALYSIS OF FUNCTIONAL DEPENDENCIES

Investigations of interdependencies between ragdtevariables, i.e. knowledge
discovering indicating the structures and regutsihidden in data, were called the functional
analysis. To perform the analysis by artificial re@unetworks method the describing and
described variables have to be defined. Time, wepked, wind direction and temperature
belong to describing variables. Contaminants commagons should be classified in general to
described variables.

While describing contaminants concentrations mesbsat monitoring stations usually
we do not have important information such as nundbeemitters located in the examined
area, their technical characteristics and the tyaaf emission, which are the basis of
structural models of atmospheric transport of comants.

During the construction of the way of analysis himstwork the redundancy principle
was used. It consists in that some of the measustdes can complete the missing
information. For example the temperature is coreweavith fuel combustion for heating
purposes. Hence this could complete the resultsezomg the contaminants emission from
these processes. It should be added that some nuoatss react in air. Than their
concentrations interdependency is natural.

Computer program Statistica Neural Networks wasl isecalculations [23-26]. MLP
(Multilayer Perceptron), RBF (Radial Basis Funcji@amd GRNN (Generalised Regression
Neural Networks) were tested. Good accuracy wasllysobtained for GRNN networks.
Therefore these networks were used the most often.

The way of calculations performing has been shawthe example of dependencies
of 1-hour contaminants concentrations registeredNatva Huta station. In figure 3
architecture of the built neural network is present

v
% 3@\\\\

Rys. 3 Architecture of GRNN 9/2472 network.



The first number stands for the number of descgilvariables, and the second one for
the number of hidden neurons. Statistical evalnadicthe network is given in table 1.

Table 1. Statistical evaluation of GRNN 9/2472 raiw

Parametr| Tr. NQ| Ve. NQ, | Te. NG
Data Mean 86.29126 84.48058 84.17233
Data S.D.| 101.083®8.00799 96.04125
Error Mean -0.6291| -3.01071-2.15109
Error S.D.| 21.0188(142.6129141.78545
Abs E. Mea13.08603 25.17274 24.43117
S.D. Ratio| 0.2079350.43479| 0.435078
Correlation| 0.979103 0.90169| 0.90073

In figure 4 concentration values of N@alculated by neural network and determined
experimentaly are compared.
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Fig. 4. Comparison of 1-hour N@oncentrations calculated and determined expetahen
Nowa Huta station. September 2007 — April 2008.



The satisfactory accuracy was obtained. The beitral model could have been used
in further calculations. The first stage was estiamaof parametric sensitivity. The results are
listed in table 2.

Table 2. Results of parametric sensitivity analygsrSGRNN 9/2472 network

Parametr SO, CcoO PM10 WS WD Pressufe TemperatiHumidity| Time
Rank 9 1 2 7 3 8 5 6 4
Error | 21.6313172.14044 48.23425 32.29759 44.08896 28.29231] 34.08931 | 32.6905(38.41671
Ratio | 1.0288883.431342 2.29425| 1.5362262.09708| 1.34571F 1.621449 | 1.5549161.827281
Rank 9 1 3 6 2 8 5 7 4
Error 42.887 | 73.8166949.58733 47.06974 50.00609 43.88281 47.36082 46.069§ 47.46838
Ratio | 1.004334 1.72865| 1.1612431.102286 1.1710491.027654 1.109102 | 1.07886p1.111621

The rows marked in black refer to the training aet] the rows marked in red refer to
the validation set. In both cases estimations iandag. This means that the calculations were
performed properly.

Statistica Neural Network computer program enablesialization of obtained
dependencies. In figure 5 such charts are presented
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Fig. 5. Visualisation of interdependencies betwesgistered variables. Nowa Huta
station, September 2007 - April 2008.



Strong correlation between N@nd CO indicates, that in the area of this station
primary amounts of these contaminants were emiftedn the same sources. High
concentration of NQoccurred at low wind speed values. Low concemnatiof nitrogen
oxide in the area of the station was registerediatl speed values above 3 m/s. The last
picture shows, that nitrogen oxides flowed into #wea of the station from different
directions.

The same calculations were performed for all comtants registered at the automatic
stations located in Cracow region. Correlationsveen daily concentrations of contaminants
at stations took different forms. Different depemcles of imission levels on wind direction
were also obtained. They were conditioned by locatdf imission sources against the
stations. However for all the stations dependencdEscontaminants concentrations on
temperature and wind speed took same forms. Theltsesere confirmed performing
calculations jointly for the data registered at #ile automatic stations. In figure 6
dependencies of daily concentrations of;, SO, NQ, and PM10 on temperature and wind
speed for the region are shown.
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Fig. 6. Dependencies of daily concentrations otammnants on temperature and wind
speed. Cracow region, September 2007 - April 2008.

Considering the stations jointly similar charts eobtained. This means that
determined dependencies for single stations réferta the whole region.

CONCLUSIONS
1. The results of analysis of contaminants coneéintt and meteorological parameters
measurements performed in Cracow region in thegde&eptember 2007 — April 2008
are presented.

2. It was demonstrated that the values measursthons and in region are described
with good accuracy by one-dimensional distributjotiee most often by lognormal
distribution.

3. Interdependencies between variables registerezh@h station and in region were

investigated. Artificial neural networks were agpli Sufficiently accurate models
were obtained(correlation coefficient 0,90 and bigh

4. Ranking of describing parameters for consideradtaminants was determined and
dependencies of contaminants concentrations omibiggrvariables were defined.

5. Occurrence of maximal immision at low temperatwalues, connected with fuel
combustion processes for heating purposes, wasistat

6. It was demonstrated that at low wind speed eslhigh concentrations of all

contaminants occurred. Low concentrations weresteggd at wind speed values
higher than 3 m/s.

7. Contaminants dependencies on wind directioritf for the stations. They depended
on locations of emission sources against the sistio

8. For the stations and for the region strong ¢atimn between NQ NO, PM10 and CO
was stated. This means that primary amounts otéméaminants were emitted from
the same sources (fuel combustion processes fotingepurposes and motor
transport). In case of SOno clear interdependency on other contaminants
concentrations was noted.

9. Presented way of analysis of measurement reguldé monitoring stations enables
obtaining of valuable information about aerosagitaonditions in industrial regions.
This could be useful during air quality assessnmestich regions.
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