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General Characteristic of the Dissertation

Topicality of the problem — Space-time data modelling problem is not
entirely new, however, in light of evolving technologies, there are new
opportunities to model, so this topic is still quite relevant. Often spatial data
sets are relatively small, and the points, where observations are taken, are
located irregularly. When collecting data for a period of time (usually equal
intervals of time) we can have many observations at each point. In such case
usually we have not more than hundred spatial locations (points) but in each of
them quite long time series are obtained. When solving spatial task, usually we
are interpolating or estimating the spatial average. Time series data usually are
used to predict future values. Meanwhile, the space - time tasks combines both
types of tasks. One of the obvious solutions is to analyse spatial data at each
time moment separately, also we can analyse time series at each point, i.e.
multiple time series. However in this case it‘s impossible to predict and
estimate values at the points outside the sample. In general, it is necessary to
take into account the correlations in space and time, and to identify relations
between them.

Aim of the work. To create time series model at new unobserved
location by incorporating spatial interaction thru spatial interpolation of
estimated time series parameters.

Tasks of the work:

To create algorithms of space-time modelling,

To verify the proposed models for space-time data realization,

To perform a detailed comparison of the proposed models with real data
by using R program.

Scientific novelty

1.  Several original space-time data modelling techniques based on
spatial interpolation of time series parameters were proposed and their
properties were investigated.

2.  Forecasting properties of proposed space-time models were

investigated.



3.  Diagnostic checking and comparison of Space-time models was
performed by cross-validation method by modelling wind speed data in
Republic of Lithuania.

Methodology of the research. The scientific work uses the following
research methods: analysis of scientific literature on the topic of the
dissertation, classical statistical methods, and spatial statistics. The proposed
methods are realized by using open-source system R.

Practical value

1. Quite simple modelling technique for space-time data is proposed,
which can be easily implemented by software.

2. Model for spatial time series is designed which allows calculating
prediction at new spatial location s, and for new time moment T + k.

Defended propositions

1. Often space-time random field Z(s;t) can be modelled by
separating spatial and temporal components.

2.  Proposed spatial weights and ordinary kriging methods based on
semivariances quite well describe analysed space-time data. These methods are
more accurate then trend surface and weighted inverse distance methods.

3. Proposed space-time modelling technique can be widely applied in
different research fields.

The scope of the scientific work. The scientific work consists of the
general characteristic of the dissertation, 3 chapters, conclusions, list of
literature and list of publications. The total scope of the dissertation — 84 pages,

66 equations, 20 pictures and 13 tables.

1. Space-time data

Spatio — temporal stochastic process can be described:
{Z(s;t):s € D, t € D,},(s;t) € Dg X D, .

Set D¢ X D, is called space-time set.



Space and time can be continuous and discreet, depending on the
analysed data.

Spatio-temporal process Z(s; t) can be written:

Z(s;t) = pu(s; t) + 6(s; 0), (1)
here s € D,,t € D;; u(s;t) is deterministic mean function; &(s;t) — zero-
mean random effect describing the variation of the trend in time and space,
which does not describe a deterministic function of the mean u(s;t). It is
usually considered that space and time in (1) model are continuous. Second-
order moment of space - time process (1) can be written:
cov(Z(s;t),Z(x;1)) = Cz(s,x;t,7). (2)

There is another way related to the covariance function and helping to
define dependence. Semivariogram of stocastic spatio-temporal process is
described:

var(Z(s; t) — Z(x; r)) =y(s,x;t, 1), (3)
here y is called semivariogram.

Space - time covariance function can be used not only for statistical
dependencies of spatial and temporal characterization. In spatial statistics there
is well-known optimal linear spatial prediction method — kriging.

There is a number of space - time data models, but the most popular are
the vector autoregressive moving average model (VARMA) and the space -
time autoregressive moving average model (STARMA), and their
modifications.

The n — dimensional process Z, is called vector autoregressive moving
average process if {Z,} is stationary and for any t:

Mozt + Mlzt_l + -4 MpZt_p == Aoet + Alft_l + -+ Aqft_q, (4)

here Z, = (Zu(sy), ., Ze(sy)), t=12,..,T; Ag, Ay, .., Ay, Mo, My, ..., M,
are n X n order weight matrixes, and {€,} n — dimensional zero mean withe
noise sequence with covariance matrix X, i.e. €,.~WN(0,X). Such process

usually is denoted as VARMA(p, q).



The n — dimensional process Z, is called pace - time autoregressive

moving average process (STARMA) if {Z,} is stationary and for any t:

Z, = z=1(2?fo ¢klwl)zt—k + ZZ=1(Zf=ko Hklwl)et—k +€, t=01,..(5)
here {W;} is known weights matrix; p and g autoregressive and moving
average order respectively; {¢,;} and {6,;} — model parameters; A, — spatial
order for k — th autoregressive element; u, —spatial order for k — th moving
average element; {€,} — zero mean white noise process with covariance matrix
X, =02l

The essential weakness in VARMA and STARMA models is a large
number of estimated parameters. Methods described in 2 section of this
dissertation work do not take into account space-time cross-correlations what
significantly reduces number of estimated parameters.

2. Modelling of spatial time series

First time series model at each spatial location independently of spatial
information is considered.

Denote by Z;(t) a time series in the spatial location s; € D,i =1, ...,n,
t =1,2,..,T. In this dissertation work two time series models are described:
first model decomposes time series into trend component, seasonal component
and ARMA process, second model is classical ARIMA process.

Model for Z;(t) can be written:
Zy(t) = Li(®) + Si(®) + Tpoo bk (it = 1)) + T, 6i (et = D) + (&), (6)
here L;(t) =Y,,a,t™,m=0,1,.. is m—th order polynomial, which
describes trend of time series; X;(t) = Z;(t) — L;(t); Y;(t) = X;(t) — S;(¢t);
¢L - parameters of autoregressive AR(p,) process, and 6} — parameters of

moving average MA(q;) process. S;(t) — seasonal component:

i i i , r+2)mt
Si(8) = b+ Efco [bhrsacos (F527) + bhraasin (27| ™)
It‘s assumed, that process €;(t) is of the following form

€i() = 0;(D) & (1), (8)

Qr+2)nt
365




where g;(t) is (possibly) time-dependent standard deviation function, and &;(t)
— is as zero-mean temporally independent Gaussian random process with
standard deviation equal to one.

One way to model the variance is to fit a truncated Fourier series

ol (t) = ct + Z] ) [czjcos (3.65) + c5jyq8in ((Zﬁl)nt)], 9)

365

to the empirical daily variance. The alternative is to use the empirical daily
variance. Errors are normalized by dividing them by one of the variance
functions.

As alternative to (6) model, integrated autoregressive moving average
ARIMA model to each time series Z;(t) can be fitted

" (B)VIZ(t) = 0" (B)e;(t), (10)
here ¢'(B) =(1—¢i'B—-—¢;BP) and 0'(B)=(1-6;'B— - —
Ggqu) autoregressive and moving average operators respectively; V4=
(1 — B)4 - d — th order difference operator.

As time series behaviour in the different spatial locations is quite similar
at all locations s; the same order ARIMA model is fitted. However coefficients
¢L and 6} depend on spatial location. Thus in each location model is individual
but with the same number of parameters.

The estimated models are validated for out-of-sample time series data.

After fitting time series model (6) and (10) at each spatial location we
have sets of parameters 7' = {at,, b., pL, éli:m =012..;r=01.2,..:k =
012,.;1=012.} o  #At={d0"k=012.;1=012..}
respectively. For spatial interpolation of fitted time series parameters four
methods are proposed.

In order to incorporate spatial dependence, empirical semivariogram to
normalized errors of time series is fitted. It is shown, that semivariogram
estimator based on normalised errors is unbiased, consistent and asymptotically
normal, i.e. VT (7;; — v:;)~N(0,2v).

Matheron estimator for normalized residuals at locations i ir j can be

written:



=2 (60, @) 127).

Zyizj
T

In this scientific work parameters of empirical semivariogram are fitted

by using Matheron estimator for normalized residuals, i.e. &;(t):
R T
7ij = 2. (& (0 - &) /(2T)
t=1

As distributions of normalized time series residuals £;(t) in case of
finite sample are complicated, in this scientific work their properties are not
analysed.

First proposed method for spatial interpolation, based on semivariogram,
Is spatial weights method.

Spatial weights between fixed spatial location s, and any other spatial

location s; are described in such way:

Prings®)
8 14 i
Ooj = 3w 1 =, (11)
=1 /y(ho;9)
here y(h;;; @) semivariogram between i — th and j — th locations; h;; = s; —

Sj.

Set of parameters for new location s, is then calculated:

flogs) =1+ 80” (12)
here fj = (%, ...,A™), were #* vector of fitted parameters in i — th location and
8o = (810, -, o) vector of spatial weights.

Kriging is well known spatial prediction (interpolation) method which
provides the best linear unbiased prediction (BLUP). In this scientific work

formal ordinary kriging is used.

Estimators of formal ordinary kriging can be calculated:

~

ﬁo(oz{) =70 %’ (13)

10



here 1, are also weights: A = g +yeT ! (1 —”’;—r_l) r-=1,r-11,,
J = 1,170 = v(hoj;9), and T — matrix of semivariograms.

Alternatively to spatial interpolation methods described above simpler
methods can be used. These are methods which interpolates just by geometrical
layout of locations. One of them is trend surface model fitted by least squares
method. This model depends on coordinates of point (location). For location

s; = (x;,y;) € D,i = 1,2,...,n, model is described:

PP =3 fruca Apix] y2, (14)
0<f,usd

A A

here B, — component of parameters vector 7' or #*! at location s;; /1]’5; -

parameter of suggested model, d — order of trend surface model.

Modelling of spatial weights is analogue of inverse distance weighting.
Inverse distance weighted methods are based on the assumption that the
interpolating surface should be influenced most by the nearby points and less
by the more distant points. The simplest form of inverse distance weighted

interpolation is sometimes called "Shepard's method". The equation used is as

follows
h P
~ j
Wy = — 15
Y B! (49)

here p > 0,p € R; h,; distance between each and interpolated point, i.e.

hoi =/ (xo — %)% + (vo — ¥1)%.
In order to select the best space-time model cros-validation procedure is

used.
3. Spatial time series model for wind speed data

Proposed space-time modelling techniques were realized to wind speed
(WS) data. The records of (WS) data provided by the Lithuanian
Hydrometeorological Service in Vilnius, Lithuania, were used in this
dissertation work. Data were collected in 20 meteorological stations (see Fig.
1). Each measurement represents the average WS measured in meters per
second. Data were collected since 1977 01 01 until 2007 12 31.

11
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Figure 1. Map of Lithuania with measurement stations.

Modelling univariate time series. The model was estimated on in-
sample data from the period 1977 01 01 to 2006 12 31, consisting of 10,950
observations recorded in 18 stations. As there was no trend, first the seasonal
function (7) for WS data at each station separately was estimated. The function
with only three parameters was sufficient to remove seasonal fluctuations in
data. As ACF (PACF) of residuals showed seasonal variations were removed
in the data, however, the residuals still exhibited strong autocorrelations. As
indicated by the PACF plot, we needed a higher-order AR process to explain
the autocorrelations. The AIC (the lower the better) was used together with
ACF (Box-Ljung test) and histograms of the residuals when deciding on the
order of the AR process. We started with a low order AR process and
proceeded with estimating the processes with an increasing order. The order
prwas bounded to 10. For the most of the stations, AR(3) or AR(4) was
sufficient to capture the variations in the residuals. However, in four stations
AR order higher than four was needed. An ARMA process with the
combination of AR and MA components did not provide better fit. The
residuals after fitting AR became not autocorrelated (Fig. 2) according to the
Box-Ljung statistic. Even though a negative skewness and positive kurtosis in
residuals in all stations was observed, the distribution seemed to be rather
symmetric (Fig. 3). The mean of the residuals was essentially zero for all
stations with standard deviations varying from 0.36 to 0.48. Normal

distributions (and Gaussian random fields) are easier to analyse and estimate.

12



In this case, the deviations from normality are not big and we believe that the

normality assumption is a reasonable approximation.

Figure2. ACF with 95% confidence bounds for residuals after seasonal and AR components were
eliminated from WS in Klaipeda (left) and Vilnius (right).

!

Wl psald

Figure 3: Histogram of residuals after seasonal and AR components were eliminated from WS in
Klaipeda (left) and Vilnius (right).

The autocorrelations seemed to vary randomly around zero, however the
ACF of the squared residuals revealed time dependency in the variance (see
Fig. 4). Therefore next the empirical daily variance of the residuals obtained
after the seasonal effects and AR process were eliminated from WS data was
examined. The empirical daily variance was calculated by averaging the
squared residuals for each day, resulting in 365 observations. For wind the
ACF function of the squared residuals exhibits a clear seasonal pattern,

although the residuals themselves are uncorrelated. Following the analysis of

13



the empirical variance, we started with modelling it as a function defined in (9)
with J = 1. Also the daily empirical variance for modelling the seasonality in
the residuals was used. The residuals were first normalized by dividing them
by the square root of one of the two variance functions. For model validation
365 out-of-sample WS observations from the year 2007 available in all 18
stations were used. To validate the temporal model, one-step-ahead predictions
for out-of-sample observations were generated and the prediction errors (PE)
defined as the differences between the observations and predictions were
calculated. Simple statistical tests were performed on PEs. The PEs were
normally distributed for all but two. Even though the normality assumption
was not verified at the 5% significance level in Siauliai and Utena, the
histograms demonstrated a reasonable symmetry in these stations.

Following the same steps of time series modelling in each station
ARIMA models were fitted. We started with ARIMA(1,1,0) process and
continued until ARIMA(3,1,3) at most of the stations ARIMA(3,1,1) was
sufficient. The residuals also were normalised by dividing them by square root
of empirical daily variance function and variance estimated via (9) formula.

Spatial interpolation

For estimated time series residuals exponential semivariogram was
fitted:

0,if k=0

r(9) =15+, (1 — exp (—=+/hT + h%))J’f h>0

2

In case of time series model (6) estimated semivariogram parameters

are: 9, = 0,031; 9, = 0,005; 9, = 0,192 su MSE = 0,013.

In case of model (10) estimated semivariogram parameters are: 9, =
0,032; 9, = 0,004; 9, = 0,214 su MSE = 0,015.

After semivariogram was fitted spatial interpolation for Traky Vokeé and
Palanga stations was performed. Results of spatial interpolation are shown in

Table 1 and Table 2 for time series models (6) and (10) respectively. In first

14



column estimated parameters with standard errors(SE) of univariate time series
are shown. Most of the estimated values are within two SEs from the fitted
values, demonstrating a rather good fit of the model. As expected closest to the
actual values are values estimated by using spatial weiths and ordinary kriging,

I.e. estimates based on spatial correlations.

Palanga Traky Vokeé

Estimates (SE) | ES OK TPM |IDW | Estimates (SE) | ES OK TPM |IDW

by| 1,414 (0,006) (1,266 1,316 | 1,257 |1,136| 1,014 (0,005) [1,118| 0,997 | 0,958 |1,112

b,| 0,141 (0,009) (0,165 0,151 | 0,148 |0,161| 0,175 (0,007) |0,168| 0,183 | 0,167 |0,167

b,| 0,008 (0,009) |0,005| 0,011 | —0,029 {0,024| 0,310 (0,007) |0,360| 0,395 | 0,483 |0,224

¢, 0,478 (0,014) |0,498| 0,464 | 0,494 |0,475| 0,433 (0,010) |0,471| 0,459 | 0,466 |0,468

¢,/ -0,046 (0,015) 0,033 -0,045 | —0,031 -0,029 -0,020 (0,010) 0,036, -0,015 | —0,028 |-0,029

¢ 0,067 (0,015) |0,062| 0,073 | 0,057 |0,059| 0,037 (0,010) [0,058| 0,061 | 0,057 |0,055

¢, 0,055 (0,014) |0,026| 0,035 | 0,023 (0,023

o2 0,173 (0,005) |0,198| 0,193 | 0,186 |0,181| 0,219 (0,005) |0,232| 0,301 | 0,198 |0,193

Table 1. Estimates of time series parameters with standard errors (SE) for model (6) also
estimates calulated by using spatial weights (ES), ordinary kriging (OK), trend surface model (TPM)
and inverse distance weights (IDW)

Palanga Traky Voké

Estimates (SE) | ES OK TPM | IDW | Estimates (SE) | ES OK TPM |IDW

$1 | 0,429 (0,014) |0.450| 0,437 | 0,418 |0 461| 0,415 (0,010) |0.446| 0,438 | 0,419 (0487

$2 | -0,062 (0,015) [0,047] -0,051 | -0,059 |0 048 -0,027 (0,011) [0:049 -0,041 | -0,022 |0 052

®3 | 0,065 (0,014) |0.042) 0,071 | 0,019 |0 034| 0,018 (0,010) |0.035] 0,027 | 0,034 |9 055

61 | -0,977 (0,004) 0,972 -0,981 | -0,965 | 09,971 -0,975 (0,003) [0.970 -0,961 | -0,976 0974

6" | 0,187 (0,013) |0,291| 0,201 | 0,151 |0 154| 0,244 (0,009) [0,198| 0,203 | 0.215 |0 190

Table 2. Estimates with standard errors (SE) of model (10) also estimates calulated by using
spatial weights (ES), ordinary kriging (OK), trend surface model (TPM) and inverse distance weights
(IDW)

Cross-validation results in Table 3 shows that the model Zs(so; t) fits
best to the given data. It is a model with seasonal component and AR (p)

process and for spatial interpolation spatial weigths method was performed.
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Model RMSE

ZTPM(SO; t) 0,57 m/S

ZES(SOIt) 0,14 m/S

ZIDW(SO; t) 0,21 m/S

ZOK(SO; t) 0,16 m/s

ZA;PM(SO; t) 0,48 m/s

2ts(s;t) | 0,17 mis

ZAI*Dw(SO; t) 0,28 m/s

25 (50 t) | 0,23 m/s

Table 3. Results of cross-validation. RMSE — root mean square error.

General conclusions

1.  Quite simple methods for spatial interpolation of time series
parameters where proposed. Given models describe WS dynamics in space and
time quite accurately.

2.  There are two methods for univariate time series proposed. First
method decomposes time series is into seasonal component and AR(p)
process. Application of time series decomposition makes it quite easy to model
wind speed over time. After removing all deterministic components, we were
left with the residuals which essentially were white noise.

3. Second proposed model — classical integrated autoregressive
moving average model ARIMA(p,d,q). Residuals of this model after
estimating seasonality of variance and removing it were white noise.

4. 1t is then simple to estimate spatial structure based on time
uncorrelated residuals. Empirical semivariogram to time series residuals was
fitted.

5. Four methods for spatial interpolation were proposed, two of them
take into account spatial correlations: spatial weights method and ordinary
kriging method. The other two methods only take into account the layout

between points.

16



6. The WS is a very noisy meteorological parameter, which makes it
difficult to model. The provided models thus contains quite many parameters,
however they are clear and easily applicable for space-time prediction, which
is an important input in many applications. After establishing the form of
different model components, a maximum likelihood estimation approach could
be implemented in a straightforward manner by appealing to the normality
assumption. However, it can be a priori difficult to parameterize the model of
such a noisy phenomena as WS in an optimal way.

7. In proposed models we are able to separate time and space
components by applying well-established ARIMA process in time and
Gaussian random field in space. The ARIMA parameters are quite stable over
the space, all noise is left to the residuals. This can be attributed to
homogeneous weather patterns in Lithuania. Models over the bigger and/or
more complicated geographical area would most likely contain more
components.

8.  After cross-validation procedure it was found that wind speed in
Republic of Lithuania is most accurately described by seasonal AR(p) model

were spatial interpolation was performed by using spatial weitghs method.
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Erdvés - laiko duomeny statistinis modeliavimas, pagristas laiko eiluciy
parametry erdviniu interpoliavimu

Nagrinéjama problema ir darbo aktualumas. Darbe nagrin¢jama
erdvés — laiko duomeny modeliavimo problema néra visiSkai nauja, taciau deél
besivystan¢iy technologijy, atsiranda vis naujy modeliavimo galimybiy, tod¢l
S1 tema vis dar yra gana aktuali. DaZnai erdviniy duomeny rinkiniai yra gana
nedideli, o taskai, kuriuose pasklide stebéjimai, iSsidéste netaisyklingai.
Renkant duomenis tam tikrg laiko periodg (paprastai vienodais laiko
intervalais), jy gali buti net ir labai daug. Monitoringo sistema tokiuose
stebéjimuose paprastai sudaro ne daugiau kaip Simtas tasky, taCiau
kiekviename taske gaunamos gana ilgos laiko eilutés. Sprendziant ,,erdvinj*

uzdavinj, paprastai siekiama inerpoliuoti arba jvertinti erdvinj vidurkj. Laiko
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eiluciy duomenys dazniausiai naudojami ateities reikSmeéms prognozuoti. Tuo
tarpu erdvés — laiko uzdaviniai jungia abu uzdaviniy tipus. Vienas i§
akivaizdZiy sprendimo biidy yra analizuoti erdvé¢je rinktus duomenis kiekvienu
atskiru laiko momentu, t.y. ignoruoti reiSkinio kitimg laike. Taip pat galima
analizuoti laiko eilutes skirtinguose taskuose, t.y. daugiamates laiko eilutes.
Taciau tokiu atveju nejmanoma modeliuoti, prognozuoti bei jvertinti reikSmiy
taskuose, nesan¢iuose imtyje. Bendru atveju reikia atsizvelgti j koreliacijas ir
erdve¢je, ir laike bei nustatyti rySius tarp jy.

Darbo tikslas. Sudaryti laiko eilutés modelj naujame, nestebétame
taske, erdvinge saveika (angl. spatial interacion) inkorporuojant per jvertinty
laiko eilu¢iy parametry erdvinj interpoliavima.

Darbo uZdaviniai. Sudaryti erdvés — laiko modeliy realizavimo
algoritmus.

Patikrinti sitllomus modelius erdvés — laiko duomeny realizacijai.

Atlikti 1§samy sitlomy modeliy palyginimg su realiais duomenimis R
programos pagalba.

Tyrimy metodika. Darbe naudojami $ie tyrimy metodai: mokslinés
literatiiros analizé disertacijos tema, klasikiniai statistiniai metodai, erdvinés
statistikos metodai. Sitilomi metodai realizuojami atvirojo kodo sistema R.

Darbo naujumas ir jo reik§mé

1. Pasiilyta keletas originaliy erdvés — laiko duomeny modeliavimo
metody, pagristy laiko eilu¢iy parametry interpoliavimu ir iStirtos jy savybeés.

2. ISanalizuotos siiilomy erdvés — laiko modeliy prognozés
galimybés.

3.  Atliktas erdvés — laiko modeliy patikrinimas bei palyginimas,
remiantis kryZminio patikrinimo metodu, modeliuojant LR vejy greiciy
duomenis.

Darbo rezultaty praktiné reik§mé

1. Pateikta gana paparsta erdvés — laiko duomeny modeliavimo

metodika, kurig nesudétinga realizuoti kompiuteriniy programy pagalba.
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2. Sudarytas erdviniy laiko eiluc¢iy modelis, leidziantis apskaiCiuoti
prognoze naujame erdvés taske s, nauju laiko momentu T + k.

Ginamieji teiginiai

1. Daznai erdvés — laiko atsitiktinj laukg Z(s; t) galima sumodeliuoti
atskiriant erdvés ir laiko komponentes.

2.  Pasitlyti erdviniy svoriy bei ordinaraus krigingo metodai, pagristi
semivariogramomis leidzia pakankamai tiksliai aprasyti analizuojamus erdvés
— laiko duomenis. Sie metodai tikslesni uZ trendo pavir§iaus bei svertiniy
atvirkStiniy atstumy metodus.

3. Pasiillyta erdvés — laiko modeliavimo technika gali biti placiai

taitkoma jvairiuose tyrimuose.

Darbo rezultaty aprobavimas

Disertacijos tema atspausdinti 5 straipsniai. Disertacijos tema skaityti 2
pranesimai respublikinése konferencijose bei 6 praneSimai tarptautinése:

Tarptautinés konferencijos:

Modified STARIMA model. 9th International Vilnius Conference on
Probability Theory and Mathematical Statistics, June 25-30, 2006, Vilnius,
Lithuania.

Spatio-temporal modeling in case of anisotropic variogram structure.
Nordic Conference on Mathematical Statistics 2008 (NORDSTAT), 16-19
June, 2008, Vilnius, Lithuania.

Adequacy Testing of Two Methods for Modeling Spatial Time Series.
The XIN™ International Conference “Applied Stochastic Models and Data
Analysis” (ASMDA-2009), Vilnius, Lithuania.

Spatial-temporal modeling of Baltic Sea coastal zone parameters. 2nd
Nordic-Baltic Biometric conference, 10-12 June, 2009, Tartu, Estonia.

Spatio-temporal model based on separable characteristics. 4th Nordic-

Baltic Biometric Conference, June 10-12, 2013, Stockholm, Sweden.
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Comparison of two Spatio-temporal modelling techniques for Wind
Speed data. Spatial Statistics Conference, June 4-6, 2013, Columbus, Ohio,
USA.

Respublikinés konferencijos:

Modifikuotas STARIMA modelis erdvés — laiko duomenims. 46 LMD
konferencija, birzelio 15-16 d., 2005, VU, Vilnius.

Erdvinis ARIMA modelis véjy greiciy duomenims LR. 53 LMD
konferencija, 11-12 birzelio, 2012, Klaipéda, KU.

Straipsniai disertacijos tema recenzuojamuose mokslo Zurnaluose:

J. Saltyté — Benth, L. Saltyté. (2011). Spatial-temporal model for wind
speed in Lithuania. Journal of Applied Statistics. Vol 38. No 6, p. 1151-1168,
ISSN 0266-4763 (print), ISSN 1360-0532 (online)

Saltyté L., Duéinskas K. (2004). Spatial time series modeling with
system R. Lietuvos Matematikos Rinkinys. LMD darbai, Vol. 44, 770-773,
ISSN 0132-2818

Saltyte L. (2005). Modified STARIMA model for space — time data.
Lietuvos Matematikos Rinkinys. LMD darbai, Vol. 45, 375-379, ISSN 0132-
2818

Paulioniené¢ L. (2012). Spatial ARMA model for wind speed data.
Lietuvos Matematikos Rinkinys. LMD darbai, Vol. 53, 102-107, ISSN 0132-
2818

Straipsniai disertacijos tema konferencijy pranesSimy
recenzuojamuose mokslo leidiniuose:

Saltyté L. (2009). Adequacy Testing of Two Methods for Modeling
Spatial Time Series. In Proceedings of the 13th International Conference
., Applied Stochastic Models and Data Analysis “ (ASMDA-2009): selected
papers, 33-36, Vilnius: Technika. ISBN 978-9955-28-463-5.

Disertacijos struktura.
Disertacija sudaro jvadas, trys skyriai, iSvados, literatiiros sgraSas bei

autorés publikacijy disertacijos tema sarasas.
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Bendra disertacijos apimtis 84 puslapiai, numeruoty formuliy 66, 13
lenteliy, 20 paveiksly. Literatiiros sgrasg sudaro 79 Saltiniai.

Pirmame disertacijos skyriuje aprasSytos bendros erdvés — laiko
duomeny charakteristikos, jy savybés. ISanalizuoti erdvés — laiko duomeny
tipai, aptarti populiariausi Zinomi modeliai VARMA, STARMA bei atskiri jy
atvejai.

Antrame disertacijos skyriuje aprasyta keletas originaliy erdviniy laiko
eilu¢iy modeliavimo metody. Sifilomi metodai pirmiausia analizuoja vienmates
laiko eilutes, o paSalinus laiking priklausomybe jose, laiko eiluciy lieckanoms,
vertinama erdviné priklausomybé. Tikslas — sudaryti model;, leidziant;
prognozuoti pozymio reikSme¢ naujame, nestebétame taske, nauju laiko
momentu. Tokio modelio sudarymas remiasi laiko eiluc¢iy parametry erdviniu
interpoliavimu. Darbe analizuojami du vienmaciy laiko eilu¢iy modeliai:
klasikinis ARIMA modelis bei modelis, susidedantis i§ trendo, sezoninés
komponenciy bei ARMA proceso. Siikomi modeliai remiasi prielaida, kad
kiekviename erdvés taske stebimg informacijg galima apraSyti tokiu paciu (tos
pacios eilés) laiko eilutés modeliu. Erdviniam parametry interpoliavimui
sitlomi dviejy tipy metodai. Pirmo tipo metodai atsizvelgia ] erdving
koreliacija, darbe nagrin¢jami du Sio tipo metodai: sudaryta erdviniy svoriy,
kurie apskai¢iuojami semivariogramy pagalba, formule¢ (ES) bei pritaikytas
formalus ordinarus krigingas (OK). Antram tipui priklauso metodai,
ignoruojantys erdvin¢ koreliacijg, t.y. trendo pavirSiaus metodas, kurio
parametrai vertinami maziausiy kvadraty metodu (TPM); atvirkStiniy atstumy
svoriy metodas (IDW).

TreCiame skyriuje visi Sie metodai realizuoti interpoliuojant jvertintus
laiko eilu¢iy parametrus vejy grei¢iy duomenims Lietuvos respublikoje (LR)
bei atliktas visy keturiy interpoliavimo metody palyginimas, taikant kryZminio
matikrinimo metoda.

Bendprosios isSvados

22



1. Darbo tikslas buvo sudaryti laiko eilutés modelj naujame,
nestebétame taske, erdving sgveika (angl. spatial interacion) inkorporuojant per
jvertinty laiko eiluc¢iy parametry erdvinj interpoliavima.

2. Pasiillyti gana paparasti metodai, erdvéje interpoliuojantys
vienmaciy laiko eiluciy parametrus, kurie gana tiksliai apraso ve¢jo grei€io
dinamika erdve¢je ir laike. Pirmiausia, nagrinéjamos vienmatés laiko eilutés
kiekvienoje stotyje. Laiko eilu¢iy modeliavimui pasitlyti du modeliai

3. Turint laike nepriklausomus stebéjimus, gana paprasta jvertinti
erdving  struktirg, remiantis empirine semivariograma. Emipiriné
semivariograma jvertinta nepriklausomiems ir vienodais pasiskirs¢iusiems
stebéjimams (replikacijoms), §io jvercio savybéms suformuluota lema.

4.  Erdviniam modeliavimui pasitlyti keturi metodai, du i§ jy
inkorporuoja erdvine koreliacija, t.y. erdviniy svoriy bei formalaus ordinaraus
krigingo metodai , o kiti du atsizvelgia tik j taSky tarpusavio i$sidéstyma, t.y.
trendo pavirSiaus bei svertinio atvirkStinio atstumo metodai.

5. Véjo greitis yra gana triuk§mingas meteorologinis parametras, kas
labai apsunkina jo modeliavimg. D¢l §ios priezasties siilomi modeliai turi gana
daug parametry, taciau i§ kitos pusés modeliai yra gana aiskis ir juos lengva
taikyti erdvés — laiko prognozei, kas yra labai svarbu jvairiuose taikymuose.
Nustacius modelio komponentes galima biity taikyti maksimalaus tikétinumo
metodg normalumo prielaidai patikrinti. Taciau labai sunku parametrizuoti tokj
triukSminga parametrg kaip vejo greitis.

6. Modeliuose galima atskirti erdve ir laika, taikant gerai Zinoma
ARIMA procesg laike ir Gauso atsitiktinj laukg erdvéje. ARIMA parametrai yra
gana stabiliis erdve¢je, visas triukSmas paliktas liekanose. Tokie modeliai gali
buti taikomi tuo atveju, kai analizuojamas dydis visoje teritorijoje yra
homogeniskas. Didesnéje ar labiau komplikuotoje geografinéje vietoje,
modeliai biity daug sudétingesni ir su dar daugiau komponenciy.

7. Siilomiems modeliams pritaikius kryZminio patikrinimo metoda

buvo nustatyta, kad analizuojama véjo greitj Lietuvos respublikoje geriausiai

23



apraSo sezoninis AR(p) modelis, kurio parametry interpoliavimui buvo
pritaikytas erdviniy svoriy metodas.
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