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A chaos-geometric approach to analysis, modelling and forecasting
atmospheric pollutants dynamics for industrial regions

We applied an advanced chaos-geometric approach to analysis, modeling, forecasting
and processing the time series of the air pollutants (NO,) concentrations in an atmosphere of
the industrial cities (regions). The approach includes such advanced non-linear analysis and
a chaos theory methods such as a multifractal approach, correlation integral algorithm, the
Lyapunov’s exponents and Kolmogorov entropy analysis, a power spectrum analysis, predic-
tion models with neural networks blocks etc. The dynamical and topological invariants (in-
cluding the Lyapunov’s exponents spectrum, Kaplan-Yorke dimension, Kolmogorov entropy
etc) for the air pollutants (NO;) concentrations time series in an atmosphere of the industrial
cities are computed. Our study has shown an existence of a deterministic chaos in the atmos-
pheric pollutants fluctuations dynamics. It is presented an effective prediction model for de-
scription of the temporal evolutionary dynamics of the air pollutants concentration in atmos-
phere of the industrial city.
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Introduction. In this paper we present an advanced version of the chaos-
geometric approach to analysis, processing and prediction of the scalar environmental
measurement data, in particular, the time series of the atmospheric pollutants (diox-
ide of nitrogen) concentrations in an atmosphere of the industrial cities. The studies
concerning non-linear behaviour in the time series of nature dynamical systems are
sparse, and their outcomes are ambiguous (c.g., [1-8]). In Refs. [8-15] it has been
presented an advanced chaos-geometric approach to analysis, modeling, forecasting
and processing the time series of the air pollutants concentrations in an atmosphere of
the industrial cities (regions). The approach includes such advanced non-linear analy-
sis and a chaos theory methods such as a multifractal approach, correlation integral
algorithm, the Lyapunov’s exponents (LE) and Kolmogorov entropy (KE) analysis, a
power spectrum analysis, prediction models with neural networks blocks etc. Here
the results of computing the dynamical and topological invariants (including the
Lyapunov’s exponents spectrum, Kaplan-Yorke dimension, KE etc) for the air pollu-
tants (NO;) concentrations time series in an atmosphere of the industrial cities are
listed. It is presented an advanced prediction model for description of the temporal
evolutionary dynamics of the air pollutants.

The input data. Chaos-geometric approach. In our study, we have used the
nitrogen dioxide concentration data, namely, the multi year hourly concentrations,
observed at several sites of the Odessa (one year total of 20x6570 data points) and
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Fig. 1. The time series of concentrations (ug/m®) of the of the NO,

Gdansk (20x8760 data points) regions during 2001-2006 years. The typical time se-
ries of concentrations (in ug/m®) of the NO, are listed in fig.1 [8].

Let us note that in the Gdansk region, the Agency of Regional Air Quality
Monitoring (Armaag) provides presently the 24-h forecasts of air quality levels using
the model called Calmet/Calpuff (see [1,8] and Refs. therein). In Refs. [8-12] it has
been developed the computational code for studying chaotic features of the complex
non-linear systems and in details described a procedure of testing of the chaos ele-
ments in the corresponding time series. In Table 1 we present the block-scheme of a
chaos-geometric approach in application to air pollutants dynamics.

The detailed description of all blocks can be found in Refs. [5-12]. Below we are

Table 1.
A chaos-geometric approach to nonlinear analysis, modeling and prediction of
atmospheric pollutants concentrations temporal and spatial dynamics
I. Preliminary study and assessment of the presence of chaos:
1. Test by Gottwald-Melbourne: K — 1 — chaos;

2. Fourier decompositions, irregular nature of change — chaos;

3. Spectral analysis, Energy spectra statistics, the Wigner distri-
bution, the spectrum of power, "Spectral rigidity";

I1. The geometry of the phase space. Fractal Geometry:
4. Computation time delay t using autocorrelation function or
mutual information;
5. Determining embedding dimension de by the method of correlatior
dimension or algorithm of false nearest neighbouring points;
6. Calculation multi-fractal spectra. Wavelet analysis;
U
[1l.  Prediction:
7. Computing global Lyapynov dimensions LE: A,; Kaplan-York
dimension d., KE, average predictability measure Prpa;
8. Determining the number of nearest neighbour points NN for the
best prediction results;
9. Nonlinear prediction. Neural network algorithm, algorithm opti-
mized trajectories.
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limited only by the key aspects. As usually, we study the concentration data
s(n)=s(to+ nAt) = s(n),where t, is a start time, At is time step, and n is number of the
measurements. The first fundamental step of modelling is in reconstruction of the
corresponding phase space using as well as possible information contained in s(n).
Using collection of time lags t to create a vector in d dimensions, y(n)= [s(n), s (n+1),
s(n + 21),..,s(n +(d-1)7)], the required coordinates are provided. The dimension d is
the embedding dimension, de. The goal of the embedding dimension determination is
to reconstruct a Euclidean space R™ large enough so that the set of points d, can be
unfolded without ambiguity. From the mathematical viewpoint, this procedure results
in set of d-dimensional vectors y(n) replacing scalar measurements. There are a few
approaches to the choice of proper time lag [5-9]. This point is important for the
subsequent reconstruction of phase space. First approach is to compute the linear
autocorrelation function C (6) and to look for that time lag where C.(8) first passes
through 0. The alternative approach is based on using method of an average mutual
information. The correlation integral analysis is one of the widely used techniques to
investigate the signatures of chaos in a time series. This method is based on using the
correlation integral, C(r). As usually, if the corresponding time series is characterized
by an attractor, then the correlation integral C(r) is related to the radius r as
d =lim[logC(r)/logr], where d is correlation exponent. The saturation value of this

r—0
N—>w

exponent is defined as the correlation dimension (d,) of the attractor (c.g. [5-12]).
Another method for determining de is given by the method of false nearest
neighbours. As a rule, the simultaneous application of two methods provides more
exact determination de. The further important step in studying the chaotic time series
Is determination of predictability, which can be estimated by the KE. The KE is pro-
portional to a sum of the positive LE. The largest positive value of the LE determines
some average prediction limit. Since the LE defined as asymptotic average rates, they
are independent of the initial conditions. The estimate of the attractor dimension is
provided by the conjecture d_ and the LE are taken in descending order. The further
development of the chaos-geometric approach was provided by development of new
prediction models with standard interpolation methods (e.g., spline or polynomial)
and neural networks blocks (all details are in refs. [11,13-16]).

Some results and conclusion. In Table 2 we present our advanced data on the
parameters t, K, correlation dimension (d,), embedding dimension (dg), two LE (A4,
A2), Kaplan-York dimension (d.), and average limit of predictability (Pry.x, hours),
KE Kgyt for time series of the NO, at sites of the Odessa (2001) and Gdansk (2003)
regions. If time lags determined by average mutual information are used, then algo-
rithm of false nearest neighbours provides de = 6 for all air pollutants. From the table
2 it can be noted that the Kaplan-Yorke dimensions, which are also the attractor di-
mensions, are smaller than the dimensions obtained by the algorithm of false nearest
neighbours. It is very important to pay the attention on the presence of the two (from
six) positive LE A; . This fact suggests that the system broadens in the line of two
axes and converges along four axes that in the six-dimensional space [8,9,13].
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Table 2.

The correlation dimension (d;), embedding dimension (dg), first two Lyapunov’s
exponents, E(A1,A,), Kaplan-Yorke dimension (d.), and average limit of
predictability (Prmax, hours) for time series of NO, at the Odessa and Gdansk sites

T d2 dE 7»1 7»2 dL Pr'max Kent K
Site 2 Odessa region (2001)

8 | 529 | 6 /0.0191]0.0050] 392 | 42 | 0.024 |0.70
site 6 of Gdansk region (2003)

9 | 531 ]6[00184]00061] 411 | 40 | 0.025 |0.68

As example of using an approach to predict the time series, in Figure 2 we pre-
sent the empirical (solid line 1) and forecasting (solid line 2 and dotted line 3) data
for the NO, concentration for the last one hundred points (Gdansk region, 2003) [8].
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Fig. 2. The empirical (solid line 1) and forecasting (solid line 2 and dotted line 3)
NO; concentration lines for the last one hundred points (see text).

The theoretical predicted data (solid line 2) are obtained with using the Schrei-
ber-type prediction algorithm with neural networks block and the theoretical data
(dotted line 3) are obtained with using the standard Schreiber-type algorithm. In
whole an analysis shows that almost all the peaks on the actual curve repeated on the
prognostic difference between the forecast and the actual data in the event of high
concentrations of the ingredients can be quite large. The prediction line 2 looks more
exact in comparison with actual data. In Table 3 we list the quantitative indictors of
the forecast effectiveness. It can be seen that with decreasing predictability the qual-
ity of the forecast improves, that is, the results of the method are very similar to those
that can be obtained by other methods. In order to check how well the model is built,
it reflects the entire time series, a forecast was also made for 900 randomly selected
terms. The success of the forecast turned out to be slightly improved (Table 3).
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Table 3.

Correlation coefficient (r) between actual and predictive series

and rms prediction error (o) for different predictions timeliness (NO; ; two sites) for
the last 100 raw points and 900 randomly chosen raw points

l6h  [12h |18h | 24h l6h  [12h |18h | 24h
Site 1; Last 100 points of a raw Site 1; 900 random points

098 | 098 | 0.97 | 096 |r 099 | 099 | 098 | 0.98
3.825 | 4.019 | 5.233 | 6.025 |¢ | 3.711 | 3.891 | 4.338 | 5.011
Site 2; Last 100 points of a raw Site 2; 900 random points
R | 099 | 099 | 098 | 097 |r 099 | 099 | 0.99 | 0.98
3.611 | 3.938 | 4839 | 5.636 |c | 3.567 | 3.899 | 4.287 | 4.978

™M |20

N/

To conclude, we have presented results of advances studying the temporal dy-
namics (time series) of the atmospheric pollutants (dioxide of nitrogen) concentration
in atmosphere of the industrial ccities using earlier developed chaos-geometric ap-
proach and new prediction models. To reconstruct the corresponding attractor, the
time delay and embedding dimension are determined. The LE spectrum, Kaplan-
Yorke dimension, KE etc are calculated. It is presented a new effective prediction
model for description of the temporal dynamics of the air pollutants concentration.
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bynakoea I0.A1., Xeueniyc O.10., @aoprko T.0.,
I'nywrkoe O.B., Ceunapenxo A.A., /Iyopoeceka FO.B.

Xaoc-reoMeTpUYHHMN MIAXiJ 10 aHAJI3Y, MOACJTIOBAHHA i IPOrHO3yBAHHA
AMHAMIKH 3a0pPyIHIOI0UYHMX PEYOBUH B aTMOC(epi NIPOMHCI0BHUX PErioHIB

AHOTAIIA

V3acanvuenuii xaoc-eeomempuunuil nioxio 3acmoco8anull 00 aHaunisy, MOOeI08AHHI Mda
NPOSHO3YBAHHS 4aACO80i Ounamiku konyenmpayii 3a6pyontoouux pevosur (NO2) 6 ammoc-
epi npomucnosux micm. 11ioxio exnrouae 8 cebe maxi Memoou HeliHIHO20 aHANI3y Ma meo-
pii xaocy, ax myremugpakmanbHull opmanizm, Memoo Koperayitino2o inmezpand, anaiiz Ha
ocHOg8I noxaszuuxie Jlanynosa, eumponii Konmozoposa, cnekmpanvHi i npocHO3Hi Mooei, 8
m.y., nepuie 3 HeUpoHHOMYpe#cesuM ONOKOM. [l aHanizy GUMIPAHUX 4ACOBUX Nepiodi6 KOH-
yenmpayii diokcudy azomy ¢hazosutl npocmip cucmemu 0y10 PeKOHCMPYUOBAHO MemOOOM
3ampumox. 3 Memor UKOHAHHA YOOCKOHAIEHO20 AHAI3Y BUKOPUCMOBYIOMbCA MEMOO 83d€-
MHOI IHopmayii, aneopumm KOperAYitiHo20 iHmespand, aneopumm NOMUIKOBUX HALLOTUNCYUX
cycioig, aHaniz Ha OCHOBI NOKA3HUKIG JIanyHosa i memoo cypocamuux danux. Memoo kopens-
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YIlIHOI pO3MIPHOCMI 00360116 BUABUMU OUBHUTI AMMPAKMOP 3 8I0HOCHO HEB8UCOKOIO (ppakma-
JbHOW po3mipricmio. Po3paxosani Ounamiuni i monono2iuni ineapianmu, 8 momy 4ucii, po3-
Mmipnocmi: eéxnadenns, xoperayitina, Kannana-Hopka, noxasnuxu Jlanynoea, enmponis Kon-
Mo2opoea ma iH. AHaniz ompumaHux OaHux niomeepous HAsGHICMb eleMeHmi8 OemepMiHo-
8aH020 Xaocy 6 hayKmyayitiHoi 4acositi OuHamiyi KOHYeHmpayit ammocpeprux 3a0pyoHIo-
sauis. Po3pobneno HO8y edhekmugHy mooeib NPOSHO3V8AHHA MUMUACOBOI eBONIOYItIHOI OUHA-
MIKU KoHYenmpayii 3a0pyoHiosayie nogimps 6 ammocgepi npomuciosozo micma. Hagedeno
yycenvHi 0awni 015 Koepiyienma Kopersayii Midc hakxmudHum i nPOSHOCMUYHUM PAOAMU.

Kniouosi cnoesa: c¢rykmyayitina oOunamika ammocepHux 3a6pyoHI08ayis, xaoc-
2eomempudHull nioxio.

bynaxoea 10.4., Xeyenuyc O.10., @aopko T.A.,
I'nywrkoe A.B., Ceéunapenko A.A., /[yopoeckas FO.B.

Xaoc-reOMeTpnqecxnifl moaAxoa K aHa/In3y, MOACJIUPOBAHUIO U IPOTHO3H-
POBAHUI0 TUHAMHUKH 3AIPASHAIOIINX BCIIECCTB B aTMOC(l)epe INPOMBIINLJICH-
HbIX PCTHOHOB

AHOTALMA

O600wénnblll Xaoc-2eomempuieckuti N00X00 HPUMEHeH K aHAIu3y, MOOeIUpo8aHuro u
NPOCHO3UPOBAHUIO 8PEMEHHOU OuHamuku Kowyenmpayuil 3aepsasuarowux eewecms (NOy) 6
ammocghepe npomvluLieHHbIX 20p0008. 1100x00 exarouaem 6 cebs maxkue Memoowvl HeIUHEUHO-
20 AHAU3A U MeopUlU Xaocd, KaK MyIbmu Qpakmanbhsiil N00X00, Memood KOPPeIsiyuOHHO20
uHmeepana, aHalu3 Ha OcHose nokazamenei Jlanynoea, swmponuu Konmoeopoea, cnek-
MpaIbHbLE U NPOCHO3HBIE MOOENU, 8 M. Y., BNEPEblE C HEeUPOHHOCEmMesbiM OI0KOM. [l aHanu-
30 UBMEPEHHBIX 8PEMEHHBIX NePUO008 KOHYEHMPayuil OUOKCUOA a3oma (hazoeoe npocmpan-
cmeo cucmemvl ObLIO PEKOHCMPYUPOBAHO Memooom 3adepaicek. C yenvio 6bINOIHEHUs YCO-
BEPUIEHCIMBOBAHHO20 AHANU3A UCNONL3VIOMCA MEmMOoO 63AUMHOU UHGOpMayuu, areopumm
KOPPENAYUOHHO20 UHMEeSPAaLd, ANOPUMM JIOJHCHBIX OAUNCATIMUX coceell, AHAU3 HA OCHO8E
nokazameinei JIanynosa u memoo cyppoeamuvlx 0anuvix. Memoo KoppenayuonHou pazmep-
HOCMU NO360IUTL 8bIAGUNb CIPAHHBIL AMMPAKMOP ¢ OMHOCUMETbHO HEGbICOKOU (pakmaib-
HOU pasmepHocmblo. Paccuumanvl Ounamuyeckue u monorocudecKue UH8APUAHmyl, 6 mom
yucne, pasmepHocmu 610vcenus, kopperayuonnas, Kannana-Hopka, noxasamenu Jlanymo-
6a, sumponus Koamozoposa u Op. Ananuz nonyyeHuvix OGHHbIX NOKA3A] HATUYUE DNEMEHMO8
0emepMUHUPOBAHHO20 XA0CA 8 IYKMYAYUOHHOU BPEMEHHOU OUHAMUKE KOHYEHMPAYUll am-
Mmocepuvix 3azpaznumenei. Paspabomana Hosas 3(ekmusHas mooeib npocHO3UPOBAHUS.
BPEMEHHOU I80TIOYUOHHOU OUHAMUKY KOHYEHMpayuu 3azpsasHumenetl 6030yxa 6 ammocgepe
NPOMBIULIEHHO20 20po0a. [Ipusedensvl uucienHvle OaHuble 0 KO3phuyuenma Kopperayuu
MedHcoy hakmuueckum u nPOSHOCMUYECKUM PAOAMU.

Knrouesvle cnosa. piykmyayuonHas OUHAMUKA AMMOCQEPHbIX 3acpsa3Humenetl, Xaoc-
2eomempudeckuti n00xoo.



