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Abstract

In this thesis, we construct ARMA model for random periodic processes. We stress on
the mixed periodicity and randomness of the model and redefined the definition of sample
autocovariance function. We prove the asymptotic normality of Yule-Walker estimation
and innovation estimation for coefficients in causal and invertible case. We also prove
the central limit theorem for random periodic processes. Under this and ergodic theorem,
we prove the asymptotic normality of maximum likelihood estimation for non-causal au-
toregressive model for random periodic processes. We simulate ARMA model for random
periodic processes to two examples and compare the results with classical ARMA model.

Keywords: random periodic processes, ARMA model, central limit theorem, asymp-

totic normality, causal case, non-causal case, simulation.
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Introduction

Periodic phenomena appear very often in our daily life such as the temperature cycle,
business cycles, astronomical landscapes etc. People built many different kinds of models
to capture periodic trends in order to help forecasting the future events and guiding social
activities and material production. But real world systems are influenced by many internal
or external fluctuations with uncertainty. The mixture of periodicity and randomness
could be in a complex way and make forecasting much harder, especially when noise is
very large and periodicity is covered up.

So far in time series analysis, the fundamental non-structural method to analyse a
time series is to describe the observations as a path of a stationary process using different
non-structural models to fit the data, e.g. the autoregressive moving average (ARMA)
model. The classical ARMA model was described first in 1951 by Whittle in his thesis
[27], and was popularized by Box and Jenkins in 1970 in [9]. It describes the time series
as a stationary stochastic process which combines linearly with an autoregressive polyno-
mial relating the current data to p past data and a moving average polynomial relating
to history noises of lag ¢. For non-stationary time series, de-trended and de-seasoned

preprocessing is need. Consider the well-used classical decomposition model of data [12],

X(t,w) =trend(t) + s(t) + X (t,w), (0.0.1)

which describes the observed data {X(¢,w)} by a linear combination of a trend term, a
noise term X (t,w), which is a stationary process, and sometimes with a seasonal fluctu-
ation component s(¢). Then ARMA model is applied to fit the process {X(t)}.

However this method to model seasonal fluctuations is quite a limited way due to
the inflexible assumption of seasonal component. Recent work in Franses’ book [21] rec-

ommends that the seasonal fluctuations should be paid more attention in econometric
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studies. One reason is that randomness in seasonal variation can explain more precisely
the behaviour of economic agents, and the other is that in many de-trended time series
the seasonal fluctuations take a dominate position in the remaining variation in the series.
Franses also mentioned that the non-seasonal fluctuations in many quarterly or monthly
observed macroeconomic time series do not appear to be a stationary process over time
and that the dependence between seasonal fluctuations and non-seasonal fluctuations may
well exist in some time series. This suggests the limitation of the classical decomposition
model in the classical time series analysis.

In this thesis, we also provide an example of a sample set simulated by a SDE whose
solution is random periodic path. The drift term and the diffusion term are both periodic
functions of t. The seasonal fluctuations and randomness are mixed together. Here the
decomposition model is not correct.

To solve the varying volatility problem in many real cases and to improve the model
fitness, many sophisticated models are built based on the ARMA model.

Gladyshev [22] defined a class of stochastic processes called periodically correlated
random processes, whose correlation function satisfies B(s,t) = B(s+ T,t + T') for some
fixed number T'. Later, some researches constructed periodic ARMA model based on peri-
odically correlated random processes. The PARMA model assumes the coefficients of the
standard ARMA model are varying with the season. There are several papers stated recent
work on PARMA model. For instance, Vecchia studied the maximum likelihood estima-
tion for periodic autoregressive model in [26]. Anderson et al. [4] studied the innovation
algorithm asymptotics for causal PARMA model.

Another commonly used model in financial time series is the autoregressive condition-
ally heteroscedastic (ARCH) model. This is a stationary non-linear model for the data set.
An ARCH(q) model first model the stationary process by an AR(q) model, and describes
the variance of the residual term as a gth autoregressive polynomial relating to the history
squared residuals back to lag ¢. Engle [17] first proposed this model in 1982, Bollerslev [§]
and Taylor [25] independently generalised Engle’s model in 1986 to make it more realis-
tic, termed as generalized ARCH (GARCH) model. GARCH model describes the variance
of the residual as an ARMA-type process which relates to not only the history squared

residuals but also their variances.
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These models have greatly improved the range of application to real world problems in
time series. However for periodic phenomena, the estimation of randomness and periodic-
ity is still limited and considered separately, for example in GARCH model, it only fits a
periodic function such as Fourier series to the seasonal trend and adds it in the ARMA-
type process of residuals linearly. The stochastic process presented in PARMA model
may combine randomness and periodicity together, but it lacks of specific mathematical
definition and description of random periodicity.

The concept of stationary solutions is the stochastic counterpart corresponding to the
fixed points of deterministic dynamical systems. A fixed point is the simplest equilibrium
and large time limiting set of a deterministic dynamical system. A periodic solution is a
more complicated limiting set. Zhao and Zheng [2§] first introduced the pathwise random
periodic paths of random dynamical systems in 2009. Later, Feng, Zhao and Zhou [19],
Feng and Zhao [20] established the concept of random periodicity for semi-flows of random
dynamical systems. In [20], Feng and Zhao studied the periodic measure which describes
random periodicity in the sense of distribution. They proved that the ergodic random
periodic path and periodic measure are ”equivalent” in some sense. They also obtained
for the first time the ergodicity of periodic measure of the transition probability semigroup
of Markovian random dynamical system and proved that random periodic processes satisfy
the strong law of large numbers. This result suggests that the periodic measure gives a
statistical description of random periodic processes in a long run.

As the concept of random periodic processes describes the randomness and periodicity
in the revolution of the stochastic process simultaneously, it inspires us to apply random
periodic process to classical time series analysis to help describing complex periodic phe-
nomena.

The autocovariance of random periodic processes not only depends on the distance
between two times, but also on the time itself. We redefine the sample covariance function
as , which is estimated by averaging a moving window of product of history data.
We stress on the mixed periodicity and randomness in the sample autocovariance. This
definition is different from the one of the PARMA model, which is assumed by statistical
experience.

We prove that the coefficients of the ARMA model for random periodic processes
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are deterministic periodic functions of time t from the periodicity of the autocovariance
function of random periodic processes. This is consistent with the PARMA model.

For causal and invertible case, as the process of the same time point in each period
can be considered as a sequence of stationary process, we obtain the convergence of Yule-
Walker estimators at each time point for random periodic process model by using the idea
in [12] for stationary process. In the proof for the convergence of Innovation estimators,
we follow the steps in [I1] and consider the innovation coefficients in a period as a vector.
This idea is also used in [4] for the PARMA model.

For non-causal autoregressive case, we first prove the central limit theorem for random
periodic processes. We then obtain the asymptotic normality of the coefficients for non-
causal autoregressive model for random periodic processes using the ergodic theorem and
the central limit theorem for random periodic processes.

We approach the ARMA model for random periodic processes from the ergodicity
point of view. This is different from PARMA model. It is suggested that we can not only
simulate the sample set, but also estimate periodic measure of data based on relative
theorems of random periodic processes in [20]. We aim to study the method to estimate
periodic measure for real world problem in the future.

In a ARMA(p, q) model, good estimation result can be obtained with relative small
values of p, ¢q. In fact, bigger values than the theoretical ones of p, q will cause overfitting
problem. To specify suitable values for p, ¢, we follow the criteria for model selection stated
in [12] in this thesis, i.e. AIC, AICc and BIC.

Nowadays, many software programmes such as R, Matlab, Maple etc have correspond-
ing statistical packages which contain functions to realize ARMA model. We programme
the ARMA model for random periodic processes with language R throughout this thesis
and attach the main codes in the Appendix.

In Chapter 1, we introduce the classical ARMA model and some important properties
and theorems which we will use later. Then we introduce the concept of random periodic
processes and properties relevant to this thesis. We also introduce the method to elimi-
nate the trend and seasonal components. In Chapter 2, we construct the ARMA model
for random periodic processes. In Chapter 3, we deduce the asymptotic behaviour of the

coefficients and obtain the algorithm of estimation for causal and invertible ARMA model.
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In Chapter 4, we discuss some properties about non-causal autoregressive model for ran-
dom periodic processes. We hope we will study non-invertible moving-average model for
random periodic processes later. In Chapter 5, we introduce the model criteria and list
the procedure to obtain a suitable model for a time series. Finally we give two simulation

examples in Chapter 5.



Chapter 1

Background

1.1 The Elimination of Trend and Seasonal Compo-

nent

Almost all time series in the real world are non-stationary, which is difficult to simu-
late and study. The main idea of the classical decomposition model is to separate
a stationary process from the original series. First we note that the classical decompo-
sition model assumes time series is separable to three independent parts. However this
assumption may not be suitable to all observed data. Trend component is defined as a
slowly changing function of time ¢, which will obviously make time series non-stationary.
Seasonal fluctuations describe the similar pattern cycle to cycle with approximate period

7, which is also non-stationary.

Two main approaches to eliminate the trend and seasonal components are introduced
in the monograph of Brockwell and Davis [12]. One is to estimate the independent trend
and seasonal parts so that X (t) := X(t) — trend(t) — s(t) is stationary. The other one
is to apply differencing operator to the observed data until the differenced observations
resemble a realization of some stationary process.

First we assume the seasonal fluctuations are absent. Without loss of generality, we

assume that the stationary part X (t) has mean 0.

Method 1. (Least Squares Estimation) Assume the trend is a second order function

6
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of t,
trend(t) = ag + ait + ast?, (1.1.1)

and minimize the residual Y., (x(t) — trend(t))* by choosing appropriate parameters.

This is the most well-used method in many kinds of fitting examples. It requires that

in application the trend is less possible a higher than second order function of ¢.

Method 2. (Smoothing by Means of Moving Average)

ForqeZ, q >0, assume
(1) trend(t) is approximately linear over [t — q,t + |,
(1) the average of the residual is close to 0.

Then the estimate of trend of two-sided moving average is defined as

~ 1
trend(t) = 71 Z x(t +1),
g+1%

one-sided moving average is as
trend(t) = az(t) + (1 — a)trend(t —1) = > a(l —aYz(t — j) + (1 —a) " 'z(1),

fort=2,---.n, and
trend(1) = z(1).

This kind of estimation uses the corrected term to estimate next term, which will
attenuate the effect of the noise term. We should note that if the trend term is not
linear with time ¢, the two-sided moving average will automatically not be accurate for
estimation.

If we regard the coefficients in the moving average as weights, then we could obtain
the general equation of moving average estimation method. Define the weighted moving

average trend as,
oo

trend(t) = Z a;z(t+ 7).

j=—o00
where Zj‘;foo a; = 1. If we choose the weights carefully, this moving average may describe

high order polynomial-type trend undisortedly.
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Method 3. (Differencing to Generate Stationary Data) Define the differencing
operator 7 as 7 X (t) = X(t) — X(t — 1) = (1 — B)X(t), where B presents the backward
shift operator BX (t) = X (t—1). The main idea of this method is to apply the differencing
operator X7 on the series repeatedly until the remaining data appears a stationary pattern.
For example, if trend(t) has the form trend(t) = Z?:o a;t in X(t) = trend(t) + X(t),
we could apply \7* to the series to obtain J*X (t) = klay, + VkX(t), a stationary process

with mean klay. In general, k only needs to be quite small, frequently 1 or 2.

Generally, these methods all use polynomials to estimate the trend component.
Now we turn to the general decomposition equation X (t) = trend(t) + s(t) + X (t)
containing the seasonal fluctuations with period 7. First assume

-
s(t+ 1) = s(t), Zs(t +j)=0forallteTl.
j=1

This is a very strong assumption for seasonality. It requires the seasonal fluctuations to
be the same cycle to cycle and the sum of the fluctuations in one period is zero. In other
word this assumption omits the possible randomness in season fluctuations and limits
the randomness of the original time series only in the stationary noise. It is very hard
to realize this condition in the practical condition. Here there is a possibly fundamental
breakthrough for us to improve the classical models. We will discuss it further in later
chapters.

In order to distinguish season and cycle, it is convenient to index the data as x;y,
where the first index j represents the j** cycle, and the second index k represents the k*
season.

Similar to the methods estimating only trend term, there are methods for both trend

and seasonal components as follows.

Method 4. (Small trend) Assume that there are N cycles of a data sample and the
period of the seasonal component is 7. For some small trend time series, consider the

trend in each cycle as a constant. Then the estimation of trend is

R 1 <
trend(j) = - ij7k,
k=1
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since y ,_, S(k) = 0. Then the seasonal component could be estimated as

1
= NZ arjk—trend j)) =3sk+T),
and the estimated error term is
T = i — trend(j) — 3(k).

Method 5. (Moving Average Estimation) First we use a moving average method

to estimate the trend component for each data. If T = 2q,
- 1
trend(t) = ;(0.5:6(15 —q)+ax(t—q+1)+...+x(t+q—1)+0.5z(t + q)),

since y ;_, s(k)=0. If T =2q+1,

q

trend(t) = % Z x(t + k).

k=—q

Then we estimate the k"-season component,

N T
e %Z (0 = trendti G =17)) 0 == 2>

The deseasonalized data d; = x,—§(t) is supposed to contain only the trend component and
noise term. In the last step we apply the methods introduced before to the deseasonalized
data {d;} to re-estimate the trend component, denoted by trénd(t). Therefore we could get

the estimation for the stationary component

#(t) = x(t) — trend(t) — 3(1).
Re-estimation for the trend component could make the influence of seasonal fluctuations
less significant in the first estimation.

Method 6. (Differencing at Lag 7) Since we first assume that s(t + 1) = s(t), after
applying the differencing operator of lag T, the differenced data will contain only the trend

and noise part,
V.- X(t) = (1-BN)X(t) = X(t)—X(t—7) = (trend(t) — trend(t — T))+(X(t) —X(t- 7')) :

then we apply differencing operator to the deseasonalized data to eliminate trend compo-

nent as introduced before.
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1.2 The Autoregressive Moving Average Model

Definition 1.2.1. (White Noise) A white noise is a process {Z(t)} with zero mean

and autocovariance function

o’ ifh=20
0 ifh+0
written as {Z(t)} ~ WN(0,0?).

Definition 1.2.2. (The ARMA (p,q) Process) The process {X (t),t =0,£1,£2,---}
is said to be an ARMA (p,q) process if {X(t)} is stationary and for each t,

X(t) = X(t=1) =+ = @pX(t —p) = Z(t) + 1 Z(t = 1) +--- +6,2(L — q)

where {Z(t)} ~ WN(0,0?).
If{X(t)—u} is an ARMA(p,q) process, then { X (t)} is an ARMA (p, q) process with mean
p.

Definition 1.2.3. (Sample Autocovariance Function and Sample autucorrela-
tion of data {z(1),--- ,x(n)}) The sample autocovariance function of data {x(1),--- ,x(n)}

is defined as

1 n—h

A(h) == (@(i+h) = 2)(x(i) —7),0 <h <n.
j=1
where T is the sample mean of the observed data T = %Z?:l z(j).

The sample autocorrelation function is defined as

o) = 2 <

7(0)
Another characteristic indicator of ARMA process is the partial autocorrelation func-

tion.

Definition 1.2.4. Denote span{l, X(1)X(2),..., X (k)} to be the closed span of the finite
set {1, X(1)X(2),..., X (k)} and Pspan1,x(1),x(2),...x ()} & to be the unique projection of x

.....

onto span{l, X (1), X(2),...,X(k)} such that for any X(j),7 =1,2,--- k,

<Pspan{1,X(1),X(2) ..... X(k)}x7X(j)> - <ZE,X(])>
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The partial autocorrelation function of ARMA process {X (t)} is defined as
a(1) = Corr(X(2), X (1)) = p(1)
and
a(k) = Corr(X (k+1) = Popanf1,x).... x (k)3 X (K1), X (1) = Popanf1,x2), xx3 X (1)), k > 2

Remark 1.2.5. (i) The autocorrelation function conveys the dependence structure of a
stationary process. a(k) is the correlation of the two residuals obtained after regress-

ing X(k+1) and X(1) on the intermediate observations X (2),--- , X (k).
(i1) (k) only depends on the second order properties of the process.
(111) If the stationary process has zero mean, then
Papan{1,x(2),- x (0} (") = Popan{x (). x (k)3 ()
(iv) The partial autocorrelation of an AR(p) process vanishes for large lags.
(v) The partial autocorrelation of an MA(q) process is bounded in absolute value by a

geometerically decreasing function.

The partial autocorrelation function of ARMA(p, ¢) model is a useful tool to prelimi-
nary estimate the range of the value of (p, q) together with the autocorrelation function.

Their plots may appear like the following cases:

i) If the autocorrelation function plot cuts off at n'" lag, it is possibly a moving-average

series with ¢ = n.

ii) If the autocorrelation plot goes down gradually without any cut off value but the
partial autocorrelation function drops sharply after n'* lag, then it may be an au-

toregressive series with p = n.

iii) If both of them decreases gradually, it indicates that the autoregressive and moving-
average parts may both exist, or we need to check whether the series {X (¢)} are still

non-stationary.

Specifically, for an AR(1) process, the sample autocorrelation function should have an
exponentially decreasing appearance. However, higher-order autoregressive processes are

often a mixture of exponentially decreasing and damped sinusoidal components.
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1.3 SARIMA and pARMA Models

Definition 1.3.1. (The ARIMA(p,d,q) Process) [12]. If d is a non-negative integer,
then {X(t)} is said to be an ARIMA (p,d,q) process if Y (t) := (1 — B)4X(t) is a causal
ARMA (p, q) process.

The process {X ()} is stationary if and only if d = 0.

Definition 1.3.2. (The SARIMA(p,d,q) x (P, D,Q)s Process) [12]. If d and D are non-
negative integers, then { X (t)} is said to be a seasonal ARIMA(p,d, q) x (P, D,Q)s process
with period s if the differenced process Y (t) := (1 — B)¥(1 — B*)P X (t) is a causal ARMA
process,

S(B)®(B)Y (t) = 0(B)O(B*)Z(t), {Z(t)} ~ WN(0,0%),

where ¢(2) =1 —d1z—-+—Pp2P, P(2) =1—Pz—- - —Pp2l 0(z) =14+612+---+6,27
and ©(2) =1+ 612 + - + O2°.

Definition 1.3.3. (Periodically Correlated Process) [22]. We shall call a random process
X(t), —oo < t < oo, periodically correlated with period T if its correlation function

B(s,t) = M X (s)X(t) exists, is continuous, and for any s and t satisfies the condition
B(s,t)=B(s+T,t+ 1),
where T is some fixed number.

Many researchers studied periodic ARMA model based on periodically correlated pro-
cess for periodic problems. The models discussed in different papers had slight difference.

Here we stated below the commonly used definition for pARMA model mentioned in [4].

Definition 1.3.4. (PARM Ay(p,q) Process). The periodic ARMA process {X(t)} with

period d has representation

q

X(t) - Z¢j(t)X(t —J)=Z(t) =Y 6t Z(t — ),

=1
where X(t) = X (t) — pe is causal and invertible and {Z(t)} is a sequence of random
variables with mean zero and standard deviation o, such that {o;'Z(t)} is i.i.d. The
e = EX(t), the parameters ¢;(t), 0;(t) and o, are all periodic functions of t with the

same pertod d > 1.
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1.4 Random Periodic Path

Definition 1.4.1. Let M be a metric space, B(M) be is Borel o-field. A measurable
random dynamical system on the measurable space (M,B(M)) over a metric dynamical

system (Q, F, P, (05)ser) is a mapping :
P:R"xQxM—M, (twz)— ot w, ),
with following properties:

(1) Measurability: ® is (B(RT) @ F @ B(M), B(M))-measurable.

(i1) Cocycle property: for almost all w € €,
O(0,w) = idyy,
Ot +s,w) = D(t,0,w) o D(s,w) for all s,t € RT.
where 0(t) is a measure preserving and measurably invertible map.

The definition of random periodic path of random dynamical system ® is give by [20].

Definition 1.4.2. A random periodic path of period T of the random dynamical system
O:RY x Qx M — M is an F-measurable map Y : R x Q — M such that for almost all
w € €,

O(t,0(s)w)Y (s,w) =Y (t+s,w),Y(s+7mw) =Y(s,0(T)w), (1.4.1)

for any t € RT, s € R.
It is a stationary path if Y (t,w) = Y (0, 0w) =: Yy (Ow) for all t € RT, i.e.

O(t,w, Yo(w)) = Yo(Oow), t € RY a.s.

For a statistical description, we usually do not know the exact expression of the dy-
namical system driving the time series. We only consider the second equation in (1.4.1]) as
the definition of random periodic process, while the first part is hidden in the time series

evolution.
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From the definition of random periodic process, we know that the stationary process
can be regarded as a special kind of random periodic processes. The latter describes a
mixed structure of seasonal and random patterns. Can we use random periodic process to
replace stationary process in the analysis of time series to enlarge the scope of applications
and to enhance the accuracy of model estimation? We shall study more properties of the
random periodic process.

Define

P(M) :={p: probability measure on (M, B(M))}.

The law of the random periodic paths is defined as
p(T) = P{w: Y(s,w) € T},
It is a periodic measure. The definition is given as follows,

Definition 1.4.3. (Periodic Measure) For a Markovian cocycle random dynamical
system ®, i.e. (t,w)x is a Markov process, recall that for any I' € B(M), the transition
probability is defined as

P(t,z,T) = P{w: ®(t,w)z € T}, t € RT,
and P} : P(M) — P(M) is defined as: for any measure p on B,

<wmm=/mmwmm»

X

A measure function {ps}ser in P(M) is a periodic measure on (M,B(M)) if
Pris = Ps,  Prps = pspr,t € RT.
If ps = po for all s, then py is an invariant measure, i.e.
Pfpo = po,t € RT.

Note that for any fixed s, ps is an invariant measure of {P(kT)}rez. Set p to be the
average of a periodic measure over one period, i.e. p = % fOT psds, then p is an invariant
measure with respect to transition probability {P(t)}:>o.

Set Ls = supp(ps), then L, s = L, and for pg-almost all x € Ly, t > 0,

P(t,I,LS_H) =1.
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The sets Ly C X, s > 0 are called Poincaré section. Then for each Ly,
P(kr,xz,Ls) =1, for any = € L.

This means that starting from = € L,, ®(kT,w)z returns to L, with probability one.
However, ®(k1,w) does not have a fixed point on Lg. This is in consistent with many
real-life time series, e.g. temperature, which inspires us to establish ARMA model based

on the theory of random periodic processes.



Chapter 2

Construction of ARMA Model for

Random Periodic Processes

2.1 Decomposition Model of Time Series

In this dissertation we only consider T" = Z the discrete time case. Consider a time
series { X (t) }sez+ with a set of observation {x(t)}.

Recall that the classical decomposition model of time series is

X(t,w) = trend(t) + s(t) + X (t,w), (2.1.1)
where
1. trend(t), trend component, is an overall slowly changing function of time t.
2. s(t), seasonal component, is periodic function of time ¢ with known period 7.
3. X (t,w), random noise component, is a weak stationary process.

In some situations, there is seasonal pattern in the irregular component, in which the

classical additive structure is not sufficient. We give a counterexample as follows.

Example 2.1.1.

dX; = (—7X; + sin(wt))dt + (0.1 + 0.3sin(wt))dW; ( )
. 2.1.2

X():l

16
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The solution of this stochastic differential equation (SDE) is (integral from zero to t)
t t
X(t) =e ™X(0) +/ e ™) sin(ws)ds +/ o(s)e "W,
0 0

where o(t) := 0.1 4 0.3sin(7t), which is a random periodic solution with period 2. We
take 20 equal-time-interval points in each period to construct a discrete data set with
period 20. We produced 20000 points and set the last 18000 as our data set. The first
2000 points is to ensure the path converges to the random periodic solution. The plot of

part of the data set is shown in the Figure 2.1}

Sample of Random Periodic Solution

0.4

0.2

Y(t)

-0.2

time t

Figure 2.1: The plot of a path of a random periodic solution with period 20.

We emphasize that the diffusion term of the SDE is also a periodic function of time t,
which implies that the volatility of the data set will change according to the time.

There are many functions in R language to help people analyze a time series. One
method to analyze the additive seasonal component is to use the function stl(). This
function assumes that the time series satisfy the additive model . If a time series
applied by this function satisfies the additive model, then the function will decompose this
times series into seasonal, trend and noise components. We applied this function to our

example. The result is displayed in Figure [2.2] Next we plotted the autocorrelation and
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partial autocorrelation function of de-seasoned data. We observed that the autocorrelation
function decreased gradually, while the partial autocorrelation function dropped sharply

after the first lag, which indicated an AR(1) model for the de-seasoned data.

Classical Decomposition

g AAMAAAAMAAMA AR AR MAAAEARAMMAAMAAAAR
m =
0
= 3 E
|
2 \MWW\/\/\/W
5 2
5 5
I B R e e R & o e Lo S R
g
o 0 20 30 40 50
time
Figure 2.2: Decomposition of seasonal part
ACF of deseasoned data PACF of deseasoned data
[+ %) —
S s
5, L
< I A Ff
1 .
Cq L _LulékE o == - e e s s e e T e e
e M T | T T e T I T T I
0.0 0.5 1.0 1.5 2.0 0.0 0.5 1.0 1.5 2.0
Lag Lag
Figure 2.3: The Plot of ACF. Figure 2.4: The Plot of PACF.

After we figured out the de-seasoned data may satisfy an autoregressive equation, we
used Augmented Dickey-Fuller test to test if it is stationary. The procedure of Augmented
Dickey-Fuller test is to detect if there is unit root in the autoregressive model for the sam-

ple which implies the non-stationarity of time series. If the value of Dickey-Fuller statistic

-02 00 02

04 00 04
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in this test is smaller than the critical value for the Dickey-Fuller t-distribution, then it
determines that no unit root is present and the sample is stationary. The corresponding
function in R language is adf.test(). The null-hypothesis of the Augmented Dickey-Fuller
test is that the time series is non-stationary. The value of Dickey-Fuller statistic for this
example is —24511, which is smaller than the critical values —3.43 for 1% and —2.86 for
5%. The p-value of the null-hypothesis is smaller than 0.01, which tells us that we should

reject the non-stationary hypothesis.

> v_decomp = stl{ts(data_vl, frequency = 2@), s.window="periodic")
> deseasonal_cnt <- seasadj(v_decomp)
> adf.test(deseasonal_cnt,alternative = "stationary")

Augmented Dickey-Fuller Test

data: deseasonal_cnt
Dickey-Fuller = -24.511, Lag order = 26, p-value = 8.01
alternative hypothesis: stationary

Warning message:
In adf.test(deseasonal_cnt, alternative = "stationary") :
p-value smaller than printed p-wvalue

-

Figure 2.5: ADF test

Then we applied the function arma(deseasonal_cnt, order = ¢(1,0)) to the de-seasoned

data to obtain the corresponding AR(1) model.

> Q_Fit <- arma(deseaschal_cnt,.crder = c(1,0))
» v_fit

Call:
arma(x = deseasonal_cnt, order = c(1, @))

Coefficient(s):

arl intercept
@.7278463 -0.0006197

Figure 2.6: AR(1) model for de-seasoned data.
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0.00
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L1 1111

-0.10 0.05

Residuals of AR(1) model

L1l

0 200 400 600 800

0.02

PACF
0.00

02

-0.

Lag Lag

Figure 2.7: Residuals of AR(1) model.

Squared residuals of AR(1) model

0 200 400 600 800

0.20
L1 1111

PACF

-0.10 0.05

Figure 2.8: Squared residuals of AR(1) models.



2.1. DECOMPOSITION MODEL OF TIME SERIES 21

We checked the residuals and squared residuals of AR(1) in Figures and 2.8 The
autocorrelations and partial autocorrelations of residuals are near zero, which indicates
the independency of noise. However, the autocorrelations and partial autocorrelations of
squared residuals show obvious periodic pattern, which indicates sufficient dependency of
time in the volatility of noise.

We then used Shapiro-Wilk normality test to double check whether the residuals sat-
isfy normal distribution. The hypothesis of the test is "normal distribution”, while the
alternative hypothesis is "not normal distribution”. We observed that the Shapiro-Wilk
test rejected the "normal” hypothesis with very small p-value. But if we tested on the
periodic-point sequence of residuals, we observed that the Shapiro-Wilk test accepted that

it satisfies a normal distribution.

> shapiro.test(residuals(v_fit)[1:1080])
Shapiro-Wilk normality test

data: residuals(v_fit)[1:1000]
W = 0.94558, p-value < 2.2e-16

> shapiro.test(residuals(v_fit)[seq(1l,100@, by = 203])
Shapiro-Wilk normality test

data: residuals(v_fit)[seq(l, 1000, by = 28)]
W= 0.97623, p-value = @.4192

Figure 2.9: Shapiro-Wilk normality test of residuals.

This example shows that the standard procedure to analyze a time series by the
classical decomposition model and ARMA model fails to obtain the correct result for a
mixed season and randomness case. Although some more complicated models can combine
with a periodic regression model to fit the squared residuals, it is not as parsimony as to
use a random periodic process to approach the data, and the complexity of model may
rise the risk of error.

The insufficiency of the classical decomposition to figure out the mixed structure of

the seasonal and noise components inspires us to make modification to it.

We attempt to use random periodic process to describe the seasonal and noise com-
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ponents simultaneously. The modified model is as follows:
X(t,w) =trend(t) + Y (t,w),

where {Y(¢)} is a random periodic process. The properties of random periodic process

are listed below.
Proposition 2.1.2. The random periodic process {Y (t,w)} of period T satisfies:
i) E[Y (t)?*] < oo.

ii) E[Y (t)] = m(t), m(t) is a deterministic periodic function of time t satisfying m(t +
7) =m(t).

iii) Define vy (r,s) := cov(Y (r),Y(s)). Then vy (r,s) =y (r+7,s+7) for anyr,s € Z.
The autocovariance function of random periodic process is periodic function of time

t on both indezes.

Proof. Since 6(t) is measure-preserving,

w(r+7,s+7)
= E[Y(r+7,w) —mr+7))(Y(s+7,0) —m(s+7))]
= E[(Y(r,0(7)w) —m(r)) (Y(s,0(r)w) —m(s))]
= E[(Y(r,w) —m(r)) (Y (s,w) —m(s))]
(

= Y (r,s).

2.2 ARMA Model for Random Periodic Processes

Next we give the definition of the ARMA model for random periodic processes.

Definition 2.2.1 (ARMA Model for Random Periodic Processes). Define the random
periodic process {Y (t)} with period T to be a ARMA(p,q) process with period T, if for

each t,

—Zp:gbi(t)Y(t—z Ze Z(t—1), (2.2.1)
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where {Z(t)} ~ 11D(0,1) is a sequence of i.i.d. random variables, and fori =1,--- ,p,
j = 1,---.q, the coefficients ¢;(t) and 0;(t) are deterministic functions of time t. In

particular, if ¢ = 0, then it is AR(p) model for random periodic processes, i.e.
Y(t) = ()Y (E=1) = = 6p ()Y (t —p) = bo(t) Z(2). (2.2.2)
If p=0, it is MA(q) model for random periodic processes, i.e.
Y(t)=0()Z(t)+0:.(t)Z(t — 1)+ -+ 0,(t)Z(t — q). (2.2.3)
The periodicity of the coefficients is constructed in the following proposition.

Proposition 2.2.2. The coefficients of AR(p) model and MA model for random periodic

processes are all deterministic periodic functions of time t.

Proof. First consider the AR(p) equation (2.2.2). Multiplying each side of by Y (k),
k =t—1,---  t—pand taking expectations, as Y (k) only depends on {Z(k), Z(k—1), Z(k—
2),---}, noting

E[Y (k)Z(t)] = EY (k)EZ(t) = 0,

hence one obtains

Lp()epp(t) = (1), (2.2.4)
where ~ -
vyt —-1,t—=1) ~v(t—-1,t—2) --- ~(t—1,t—p)
L () = v(t—?,t—l) v(t—?,t—Q) v(t—?,t—p) |
V(E=pt=1) y(t—pt—=2) -+ A(t—pt—p)]
Dy (t) = (61(8), da(t), -+ Dp(1))"
and

Yolt) = (Y(t, t — 1), v(t,t —2),- - ,y(t, t —p))" .

Multiplying each side of (2.2.2)) by Y (¢) and taking expectation, one obtains

05 (t) = (t,t) — dr(t)y(t,t — 1) — -+ — @y (t)y(t, t — p)
= 7(757 t) - d’p(t) "Y;D(t)'
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Hence the coeflicients ¢, (t) is the solution of the linear system (2.2.4)), and y(t) is repre-
sented by ¢,(t) and ~,(t). Similarly, consider

Yt+7)—p(t+7)Y(t—1+7)— - =@t + 7)Yt —p+7)=00(t+7)Z(t+ 7),

the coefficients ¢, (t + 7) is the solution of

Lot +7)pp(t +7) = vp(t +7), (2.2.5)
where
—7(t+7'—1,t+7—1) yt+1-Lt+17-2) --- 7(t+T—1,t+T—p)_
P4 7) = 7(t+7—%,t+7—1) 7(t+7—?,t+7—2) ")/<Zf+7'—2-,t+7'—p)
_7(t+7‘—p,t—|—7—1) yt+T1—pt+T—-2) --- Vt+T7—pt+7—p)]
= I3(1),
and
Yt+7)= (Yt t+T =)yt Tt +T—2), -yt Tt +T—p)"
= ().
Hence

¢j<t + T) = ¢j<t>7j = 17 2--- , D-
Next we consider the periodic MA(o0) equation. Suppose Y (¢) satisfies the following

model,

Y(t)= Y () Z(t—3j), =0,%1,- . (2.2.6)
j=—00
Multiplying each side of (2.2.3)) by Z(t — j) and taking expectations, then
¥ (t) =E[Y (@) Z(t - )], j€Z.

We build an equivalent pathwise definition of {Z(¢) },ez. Define

as a sequence. Here



2.2. ARMA MODEL FOR RANDOM PERIODIC PROCESSES 25

Define €2y to be a set containing all possible w above,

and

Then it is easy to see that for any n,
Z(n,0w) = (0w)(n) =Z(n+1)=Zn+ 1,w).

This is also true for Z(n + 7,w) = Z(n,0(7)w). Therefore Y (¢)Z(t — j) is also a random
periodic process with period 7, so we have E[Y (¢t)Z(t — j)] = E[Y(t + 7)Z(t — j + 7)],
hence v;(t) = ¢;(t + 1), for any j € Z™. O

We also proved the periodicity of coefficients for causal ARMA equation. Recall the

definition of causality.

Definition 2.2.3. (Causality) An ARMA(p,q) model for random periodic processes is

said to be causal if it can be represented as
ij Z(t—j), t=0,4+1,--. (2.2.7)

Note that the process {Y ()} is causal if and only if ¢(2) := 1 — ¢ (t)z — ¢,(t)2P has

roots outside the unit circle by the property of Laurent series.

Proposition 2.2.4. Assume Y (t) is causal and satisfies the equation . The coeffi-

cients ¢, and 0, are deterministic periodic functions of time t.

Proof. Suppose Y (t) is causal and satisfies the equation (2.2.1)). Replacing Y (t — 7) in

(2.2.1) by
Y (t — i) ijt—z (t—i—j),i=1,2,---,p,

and equating the coefficients of Z, we obtain
Oo(t)Z(t) + 01 (1) Z(t = 1) + -+ 04(1) Z(t — q)

= D2t =) = ent) 3_wit = DZ(E =1 =) =+ = byt ZW— Z(t—p—7),

7=0
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and

(

Oo(t) = o(t),
91(75) = ¢1<t) - ¢1<t)¢o<t - 1)7
eq(t) - wq(t) - Qsl(t)qqu—l(t - 1) - ¢k(t)¢q—k(t - k)v where k = max(p, Q)

0=9(t) = or(O)pa(t =1) = - = Gp(t)¥r—p(t = p);

\....

Hence the coefficients ¢(t) and 0(t) can be calculated by

Oo(t) = vo(t)

min(j,p)
0;(t) = ¥;(t) — Z i ()i (t — 1) 0<j<maz(p,g+1)
0 =1;(t) - Z Gi(t)hj—i(t — 1) j =2 maz(p,q+1)

(2.2.8)

If ¢ <p,set0;(t)=0for j =qg+1,---,p. The coefficients ¢,(t) are calculated from 1p,
and 0,(t) are calculated from 1 and ¢, hence they are all periodic functions. O

Remark 2.2.5. (Comparison between seasonal ARMA model, pARMA model and ARMA
model for random periodic processes).

These three models are all non-structural models which combine autoregressive function
of data process and moving-average function of some noise sequence in one equation.
Seasonal ARMA model admits that the seasonal component is deterministic and is additive
to the random component. It says that after differencing the original data process by T
lag, the remaining is stationary. However, the process {Y (t)} considered in pARMA model
and ARMA model for random periodic processes admits more complicated structure of
periodicity and randomness.

The periodicity of coefficients of pARMA model is defined by tuition, while we proved
the periodicity of coefficients of ARMA model for random periodic processes in the above

propositions.
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A time series is a path of some stochastic process. The random periodic processes are
defined pathwisely. [20] and other papers studied many important properties of random
periodic process in pathwise sense recently. These researches built a fundamental theo-
retic basis to help improving some areas of time series analysis. For example, one can
analyze a periodic time series path in the structure of random dynamical system to help
understanding more characters of the corresponding stochastic process.

The periodically correlated process is defined only by its first and second moment, which
show periodicity in the same way as random periodic processes. But that is not necessary to
say that the periodically correlated process s a more general version than random periodic
processes. In the proof of Proposition we showed that one can obtain that a process
1s random periodic by constructing path w and transformation 6 if we know the mean and

covariance functions are periodic and some other conditions.

2.3 Sample Mean and Sample Autocovariance

Recall that the original formula of sample autocovariane for stationary processes is

() = — _1Zy y(i+h).

To avoid the sample autocovariance matrix to be singular, people usually use the following

average to calculate the sample covariance in real cases ([12]):

Zy y(i + h).

Since the covariance function of random peI‘lOdIC process depends on both the time points
and the distance between two time points, the original formula of sample autocovariane
is not suitable any more. As the process of {Y (t — i7)}icz is stationary for fixed ¢, it is
suggested using the average of the fixed time point in every period to represent the sample
mean and sample autocovariance.

In the recent work about periodic ARMA model, people used the following average
formulas to estimate the sample mean and sample autocovariance: suppose there are N
cycles in the sample data set and the period is 7, then the sample mean is estimated by

1 N-1

ﬂ(])zﬁzy(9+27)v j:172a"'77_7
=0
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and the sample autocovariance between j* and k' seasons is estimated by

N-1
o 1 S L . .
k) = 5 Dl +in) = A6k +ir) — (k)
i=0
where j, k= 1,2,---, 7. Although this definition of sample mean and sample autocovari-

ance functions for periodic case show periodicity of the process, but it is deterministic
periodicity of approximation. That is, the same time points in different periods will have
the same behaviour. This omits the small fluctuations between different periods.

For random periodic process, we do not use the above formulas. As the sample mean
and sample autocovariance both depend on the time where the process is, we use a moving-
average term of backward data to estimate them, which will reflect the periodicity as well
as randomness hidden in the revolution of the corresponding random periodic process.

Before we define the sample mean and sample autocovariance, we first give the follow-

ing assumption, which we will discuss again in the next chapter.

Assumption 1. For any discrete random periodic process {Y (t)}ez with mean zero,

assume that for any €; > 0 and e; > 0 there exists a ng such that for any t € Z* and
h € Z*, when n > nyg,

P( <€1>>1—62.

Under this assumption, we define the sample mean and sample autocovariance of

n—1
1
—» Yt —kn)Y(t+h—kr)—~(t,t+h)
n

k=0

random periodic process.

Definition 2.3.1. (the Sample Mean and Sample Autocovariance)

For a sample of data {y(1),--- ,y(n)}, the sample mean of random periodic processes is
defined as
1 w—1
W) = — t—ir), t=1 —1)7,2 — 7, m, 92.3.1
m(t) w;y( iT) +(w-D724+ (w—-1r,---,n (2.3.1)

where {y(t) }iez+ is the observed data and w is the number of cycles we choose to estimate
the sample mean.

The sample autocovariance is defined as

I
_

w

A(t, s) = (y(t —it) —m(t —it)) (y(s — iT) — (s —iT)), (2.3.2)

gl
I

i

where s,t =1+ (w — 17,2+ (w — 1)7,- -+ ,n.
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Example 2.3.2. Continued with the Fxample we calculate the sample mean and
sample autocovariance and display the plots in Figures[2.10 and[2.11 We can see that the
plot of sample mean is nearly a deterministic periodic function of time t. And the sample

autocovariance at point t = 15006 tends to converge as w increases.

Estimated Sample Mean Sample variance at 16006
S 5 S
w
= - w0
= S 8 A
E S g ©
— -l ~ B
N E 8
= \ d
L T T T - T o e e e e e e A
13000 13050 13100 13150 13200 100 250 400 550 700
t w
Figure 2.10: m(t) with N = 650. Figure 2.11: 4(15006, 15006).

The following 3D plot displays the evolution of 4(i, j) for time 7, j = 13001, - - - ;13100
when we take w = 650. We can observe that the periodicity is shown as the two indexes

increase simultaneously.
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Sample Autocovariance

0.020

— 0.015

— 0.010

0.005

0.000

Figure 2.12: The 3D plot of the sample autocovariance.

2.4 Central Limit Theorem

A time series is a path of the corresponding stochastic process. Usually we cannot
obtain enough paths of a stochastic process by repeating experiments to calculate the
statistical qualities such as mean and variance. Under the law of large numbers and central
limit theory one can use time average to approximate the state average. Therefore we have
formulas for sample mean and sample autocovariance. In this section we will deduce the

important fundamental theory for random periodic processes, the central limit theory.

From [20] (Feng-Zhao 2015), under certain conditions, one can construct random pe-

riodic paths from a periodic measure. They also proved the Law of Large Numbers (LLN)
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of the constructed random periodic process.

Condition B. The Markovian cocycle ® : ZT x Q x M — M has a periodic measure
p:Z— P(M) and for any B € B(M), as k — oo

1
rk::/ P(s,y,B) — ps(B))| po(dy) — 0.
5= |ty 2 P8) = ) e
where Fy = [t1,ts] C [1,7], m(Fy) is the Lebesque measure of set Fy and for k =

071727'“7
Fk = [tl‘f—k’T,tQ—i—k’T}, GN = Uivz_ole and GOO = UzozoFk.

Theorem 2.4.1. (WLLN) Under Condition B, the random periodic path Y and its law
p satisfy WLLN, i.e. as N — oo,

1
m(Gn)

> Ip(Y(tw) = m(lFO) > p(B).

teGn teFy

Theorem 2.4.2. (SLLN) Under Condition B, as Z* 5T — oo,

1
m([0,T) N Goo) > Is(Y(tw) - ) > p(B) as.

t€[0,7)NG o teFy

In particular, if Condition B holds for Fy = [1,7], then as T — oo,
1z
T ZIB(Y(t,w)) — p(B) a.s.
t=1

where p= <37 pr.

We introduce two more conditions to help proving the central limit theorem (CLT') of
random periodic path. In the proof we will use the result of CLT for stationary process

in [16] stated as follows.

Theorem 2.4.3. (Central Limit Theorem for Stationary Sequence)
Suppose X,, n € Z, is an ergodic stationary sequence with EX,, = 0 and E|Xo|**° < oo.
Let

a(n) = a(F_n, 0(Xy)) = sup{|P(A[ | B) — P(A)P(B)| : A€ F_,, B € o(Xo)},
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where F_,, = 0(X,, : m < —n), and suppose >~ a(n)ﬂiﬂ” <oo. LetS,=X+-+
X, then

=" 7
v o

in distribution as n — oo, where Z ~ N(0,0?), and 0 = EX7 +2> 77 | EXoX,,.

Consider a Markovian cocycle random dynamical system ® on a filtered dynamical

system (€2, F, P, (01) ez, (}_ )s<t). Let
P(t,z,B) = P({w : ®(t,w)r € B}),t € Z*, B € B(M)

be the transition probability of Markovian process ®(¢,w)x on the Polish space M with
the Borel o-algebra B(M). Set Ly C M, s € Z" to be the invariant set of periodic measure
ps- It is also the Poincaré sections of the transition probability P(t,-,),t € ZT defined in
[20]. Assume that the random periodic path Y(s) of @ is adapted. To construct the CLT

for Y, we need the following

Condition A*. For any s > 0, B C Ly, t > 0, the map v — P(t,z, B) is continuous

mx € L.

Condition B*. The Markovian transition probability P(t 4+ nt,z, B) converges weakly to
pi(B) asn — oo for anyt >0, any B € B(M) and a.e. © € M. And for any continuous

and bounded function f € Cy(M), there exists a 6 > 0 and € > 0 such that

P(t+ (n—1)71,z,dy) — /f ptdy)‘<n(+2+€)
for anyn € Z* andt >0, B C L.

Condition A* shows the strong Feller property of Markovian semigroup. For example
n [I8], if the solution of an SDE satisfies weakly dissipative condition, then the solution
will be continuous on the initial condition. Condition B* shows the weak convergence of
Markovian transition probability to the periodic measure. This is not very hard to achieve
for ergodic random periodic processes. The properties related to these two conditions have
been discussed in detail in [20].

Now we state the central limit theorem of random periodic path as follows.
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Theorem 2.4.4. (Central Limit Theorem of Random Periodic Path)

Assume the semigroup transition probability P(t,x,-) and periodic measure {ps}ser satisfy
Conditions A* and B*. Also assume EY (n) = 0 for alln € Z*, and | 37_, Y (5)]**° <
00. Define S, :=Y (1) +---+ Y (n). Then the random periodic path Y satisfies the CLT.
i.e.

L 2(0),

in distribution as n — oo, where Z(1) ~ N(0,02), and

2

03:% E ZT:YU) +2) E < Y(j)) (iY(ﬁm))]

We will first prove a lemma which is needed in the proof of the CLT.

Lemma 2.4.5. Suppose the assumptions in Theorem |2.4.4| are satisfied. Let 0 < my <
my < 7, and set X(n,w) = 37" V(i +n1,w). Assume that E[ 37" Y (5> < oo.

Jj=m1

Then {X (n)}ner satisfy Theorem[2.4.3, i.e.

in distribution as n — oo, where S,(X) = X(1)+---+ X(n), Z ~ N(0,0?), and 0® =
EX?(0) + 25 EX(0)X (n).
Proof. For {X(n,w)}nerwen, define
a(n) = sup |IP(X(—n) € A, X(0) € B) — P(X(—n) € A)P(X(0) € B)|,
AEG™" Beo(X(0)

where G~y := o(X(m), m < —n). First note that

P(X(0) € B)

ma2

= P(ZY(]’)EB)

Jj=mi1

= /MP ( Z Y(]) € B7¥m |Y(m1> = ym1> pm1<dym1)

j=mi1+1

m2
- P( S V(i) € Bmmmn |Y<m1>:ymuwmﬁl):y”“)
M J M

Jj=mi1+2

P (17 Yma dym1+1> Pmy (dym1>
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LA

where B™Y := {z € X : v +y € B} and p; is the law of Y (i) for ¢ = 1,--- 7. The last

) c B7YmiTYmi+1 ’Y(ml + 1) = ym1+1>

Jj=mi1+2

P(17ym17dym1+1)pm1 (dyml)a (241)

equation is because of the Markov property of random periodic process Y. By repeating

the total probability formula and using the transition probability, one can obtain that

X(0) € B)

= / / m2 EB ZJ mly] ‘Y(mg—l) = Ymqy— 1)

P (1, Ymy—2, dYmy—1) -+ P (1 Yms @Yy +1) Pt (Y, )-
_ / / (1, 1 B0 ) P (1, iy, g, ) -+
P (L Yy s dYmy+1) prna (dYimy )
Now notice that
P(X(—n) € A, X(0) € B) — P(X(—n) € A)P(X(0) € B)
— BLy(X(—n))I5(X(0)) — ELy(X (~n))EL5(X(0))
= B((I4(X (=) — EL (X (=) (I5(X(0)) ~ EL5(X(0)))]
— E [E[(L(X(~n)) — EL(X(~-n))) (I5(X (0)) — EI5(X(0))) |7~ V]
- [(IA(X(—n)) _EL(X(—n))E [IB(X(O) CEIg(X ‘f:gg‘”ﬂ . (24.2)
Let us consider E [IB(X(O)) CRI(X(0)) ‘f:ég‘”} first. Note that
E [15(X(0) - EIp(X(0)) | 725 |
— E | (X (0)) | 728" | — EI5(X(0))
— P(X(0) € B ‘f:ﬁi}*”) — P(X(0) € B).
By using a similar method as (2.4.1), noting that
Y (m1,) = ®(m1 + (n — )7, 0(—(n — V7)) (=(n — 1)7,w),
we have

P(X(0) € B|F-ln71)
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_p (mz Y(j) € B ]ﬁéﬁj“)

Jj=m1

- / P( 2. YG) e BT Y (m) Zyml,F_gl)> P(Y (m1) € dym, |FZ3 )
M

j:m1+1

= / / TTL2 EB ZJ mlyJ ‘Y(m2—1)—ym2 1>

P (mg — 1) < dym2 1 ‘Y(mz — 2) me,Q) cee

F2oY)

P (Y(mi +1) € dymy+1[Y(ma) =y, ) P(Y (1) € dyim,
= / / 1 y Ymo— 17 ZJ le yj) P(laymz—QadyWQ—l)”'

- P (17ym1;dym1+1> P(ml + (n - 1)7—7 Y<_(n - 1)7-)7 dym1>7

Set

m 1
f(yml) ::/ / P<1’ym2—17Biz] 27n1 yj)
Ymy+1 Ymog—1

P (17 Ymo—2, dme—l) P (17 Yma s dym1+1> .

As P(,-,-) is a probability measure, and Condition A* holds, f is also a bounded contin-
uous function w.r.t. ym,1. Then by (2.4.2)) and Condition B*,

|P(X(—n) € A, X(0) € B) — P(X(—n) € A)P(X(0) € B)|

IN

E ‘E [JB(X(O)) — EI5(X(0) ‘ffé?_l)] ’
— E‘/M Fm)P(my + (n = D)7, Y (—=(n — 1)7), dypm,) — /]\4f(ym1)pml(dym1)
= [ P+ 0= )i = [ i) pon )
P(w:Y(=(n—1)7,w) € dy)

= /M /M fWm1)P(mq + (n— )7, y, dym, ) — /Mf(yml)Pml(dyml) po(dy)

—(3+2+
< n~ 29,

ie. a(n) < nG29. S0 Z;’ozla(n)ﬂ?ié) < 00. As {X(u)}52, is an ergodic stationary

process by the result in [20], Theorem [2.4.3 implies that % — Z in distribution as

n — o00. O
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Now we are ready to prove Theorem [2.4.4]

Proof. Set m = [2] to be the number of the complete periods of the data up to time ¢.
Let X; =37 Y(j+ir), then by lemma[2.4.5|

m—1

1
Z X; — Z in distribution as m — oo,
i=0

NE=
where Z ~ N(0,0%) and 0 = EXZ + 25 EXX,. Also

TUX Vm Y X
NG i Jm

where Z, ~ N(0,Z). Since

— Z, in distribution as n — oo,

S Y0 S X Sy Y0
v Vi i

and noting that 0 <n —(m—1)7—1< 7, s0

in probability as n — oo. Hence

in distribution as n — oo as well. O



Chapter 3

Casual Case

In this chapter, we followed the idea of stationary process case to prove the convergence
of coefficients for AR(p) model. But for random periodic process case, we fixed time ¢ and
only consider the same time point in each period till —oco time. This constructed the
corresponding sequence {Y (¢t — k7)}x—o1,.. of ¢, which can be regarded as stationary.
The convergence of coefficients has similar form with that in stationary case, but the
distribution has periodic variance. We then derived the Durbin-Levinson Algorithm for

random periodic case.

For MA(d) model, we considered innovation representation of Y (), similarly as sta-

tionary case. We followed the steps in [I1] of proving the convergence of the estimated

(210)]
o(t)

gence of theoretic innovation coefficients b;(t) to the real values, and then proved the

innovation coeflicients l;j (t) to the real values . That is, we first proved the conver-
convergence of b;(t) to b;(t). In the second step, we learnt the idea from [4] that we took
one period coefficients as a d x 7-vector B; and proved the convergence of one-period
vector rather that one-time vector in stationary case. The convergence result is similar
with the one in [4]. However, some settings are confusing in the proof of [4], but our results
are derived smoothly by the periodicity of coefficients proved by the property of random

periodic processes in Section 2.2 and the convergence result in the first step.

By the limitation of the window length W in real problem approximation, the rank of
sample covariance matrix [y is no larger than W, otherwise I'y will be singular. To avoid

the singularity, we used truncated innovation presentation of Y'(¢) to approximate coeffi-

37
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cients 1. Hence we modified the innovation algorithm to truncated innovation algorithm

in Section 3.4.

3.1 AR(p) Model for Random Periodic Processes
For fixed t € Z* and h € Z, define
Vit t+h) - ZYt—kT (t+h—kr). (3.1.1)

The sequence {Y (t — k7)Y (t + h — k7) }xez is a stationary process. We then derived the
convergence of 7" to . The proof is suitable for both causal and non-causal cases.
Assume random periodic process {Y'(t)} can be written as a moving average random

periodic process, i.e.

Z Uit Z(t — i) (3.1.2)

1=—00

Then by a similar proof of Proposition 7.3.5 in [12], one obtains that (¢, ¢+ h) converges
toy(t,t+h)=> " i(t)irn(t + h) in probability as n — oo.
We will use the following lemmas (Proposition 6.3.5, Proposition 6.3.9 and Proposition

6.3.10 in [12]) in the proof of the convergence of ~.

Lemma 3.1.1. Let X,,, n = 1,2,... be random k-vectors. If X,, — b in distribution as

n — oo where b is a constant k-vector, then X,, — b in probability as n — oo.

Lemma 3.1.2. Let X,,, n = 1,2,..., and Y,,;, j = 1,2,...;n = 1,2,..., be random

k-vectors such that
i) Y, ; =Y, in distribution as n — oo for each j =1,2,. ..,
i) Y; =Y in distribution as j — oo, and
iii) lim; o limsup,,_, o P(| X, — Y, ;| > €) =0 for every e > 0.
Then X,, =Y in distribution as n — oo.

Lemma 3.1.3. (WLLN for Moving Averages) Let { X (t)} be the two-sided moving average

= Z wiZ(t_Z)v

1=—00
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where {Z(t)} is i.4.d. with mean p and > o> || < co. Then

%ZX(t) — (Z %) 7

i probability as n — oo.

Proposition 3.1.4. Suppose random periodic process {Y (t)} satisfy (5.1.9), where Z(t) ~
I11D(0,1). Furthermore, for anyt =1,2,...,7, and for any h € Z, suppose Zj:ofoo [i(t)irn(t)] <

o0o. Then for any h € Z,
Yot t + h) — y(t,t + h)

i probability as n — oo.

Proof. Note that

v(t,t+h)
— EY ()Y (t+ h)
—E <+§ Qﬁi(t)Z(t—i)) (f wj(t+h)Z(t+h—j))]
. (f ¢i<t>z<t—z‘>) (f wj+h<t+h>z<t—j>)]
=1EA§§1m®¢HMr+mZ@—wZ@—jJ

= > it it +h),

1=—00

since for i # j, E[Z(t —i)Z(t — j)] = 0. For fixed t and h,

Vi(tt+ h)
_ %HZY(t—kT)Y(t—l—h—kT)
= %i(f wi(t—kT)Z(t—k’T—i)) (f %(t—i—h—kT)Z(t—i—h—sz—j))

= %i(f wi(t)Z(t—kT—i)> (f wj(t+h)Z(t+h—kT—j))

i=—00 Jj=—00
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-1

- %Z (Z 1/12(15)2(15—/@7—@) (Z ¢j+h(t+h)Z(t—kT—j)>

k=0 \i=—00 Jj=—00
1 n—1
= = (Z Vi) ign(t + ) Z(t — kT—i)2> + €n,
k=0 \i=—00

where

n1+oo

:_Z SO Wit an(t + B)Z(t — kT — i) Z(t — kT — j)

k=0 i=—o00 j#i

= 3 S i) yalt + h) (% i Z(t — kr — i) Z(t — kr — j)) .
i=—00 j#i k=0

As {Z(t)*} are ii.d. with mean 1 and 3..7°_ |1;(£)in(t + h)| < 0o, by lemma m,

—Z (Z Vi(t)Piin(t +h)Z(t — kT — i) ) — Y bilt)isnlt + h)

1=—00 1=—00
in probability as n — oo.

Moreover, note that when 7 # j,
Cov(Z(t—i)Z(t—37),Z(t+h—1)Z({t+h—]j)) = (3.1.3)

Hence
Var (% - Z(t—kT—i)Z(t—kT—j))
= =Y Var(Z(t—kr —i)Z(t — kr — j))

+ Y Cov(Z(t —kr —i)Z(t — kt — §), Z(t — hT — i) Z(t — h7 — j))
k,h=0,k#h

as n — 00. Define for each positive integer m,

-3 S wmaen

[i[<m |j|<m,j#i

n—1

SRS

Z(t —kr —1) (t—lm‘—j)).

k=0
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By Chebyshev’s inequality, for any o > 0,

P(le)| = o)
1 m
< ;Var(en)

IN

_Z Z [t %+ht+h\Var<iZZt— T—19)Z(t kT—j)).

li|<m |j|<m.j#i

Hence €' — 0 in probability as n — co. Furthermore,

lim limsup Ele, — €|
m—00 p—o0

< Jim limsup Yoo DD > D | Ovealt + 1)

li|[>m |j|>m,j#£i  |i<m |j|>m  |i|>m|j<m

3
,ﬁ

E Z(t—kT—l) (t—kr —2)

0

S|

£
Il

Thus by lemma [3.1.1] and [3.1.2] ¢, — 0 in probability as n — co. Together with the first

part of the proof , we can obtain the final convergence of (¢, + h). m

Now let us consider AR(p) model. As ¢;(t) = ¢i(t + 7) for every i =1,2,--- | p, write
the AR(p) equation (2 in the form of

K,n - Xt,n¢p(t) + eézt,m

where
Y:f,n = (Y(t)v Y(t - T)? T 7Y<t - (n - 1>T))T7
L ve-1) Y(t—2) Y(—p) |
X, - Y(t—'l —7) Y(t—'2 —7) Y(t—'p—T) |
_Y(t—l—(n—l)T) Yt—2—(n—1)1) --- Y(t—p—(n—l)T)_
(pp(t) = (¢1(t)> ¢2(t)> T ¢p(t>>Ta
and

Zin = (Z@t),Z(t—71),-,Z(t— (n—1)7)".
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Considering that the respective components of Y (t —1),Y (¢t —2),--- Y (t —(n—1)7) in
X, are independent of the respective components of Z, ,,, it is suggested that the linear

regression estimate ¢ (t) of ¢,(t) is defined by

o (t) == (X Xt,n)—lxgnnn. (3.1.4)

p 7”

The (4, j)"-component of X[ X, is

n—1

1

- N Y (t—i— k)Y (t—j—k7),
k=0

T

and the " component of %XMY,;,n is equal to

% nzl Y(t— kr)Y(t—i— k7).
k=0
Then by Proposition [3.1.4]
%X{nxtm — T,(t) (3.1.5)
in probability and
%XtT Y0 — Yp(t) (3.1.6)

,n

in probability as n — oo, where

Lp(t) == (y(t —i,t = J))ijm1, e ps
and
Yo(t) == (v(t,t = 1), y(t,t = 2), -yt t = p)".
By using a similar method of stationary process shown in [I2], in the next proposition

we can prove that for fixed t, /n (qﬁg(t) — qbp) — V, in distribution as n — oo, where
Vi ~ N(0,00(t)°T, ' (). We will use the following two lemmas in [12] in the proof.

Lemma 3.1.5. If {X,} and {Y,} are sequences of random k-vectors such that X,, — X

i probability and Y, — b in distribution as n — oo, where b is constant, then
X, +Y, - X+0b

and
Y X, = b'X

in distribution as n — oo.
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Lemma 3.1.6. Let {X,} be a sequence of random k-vector and 3, be the covariance
matriz of X,. As %, is symmetric, suppose it can be decomposed as 3, = QA A, QT
where N, is a diagonal matriz with square root of eigenvalues of ¥, on the diagonal. If
(Qn) (X, — ) — Z in distribution as n — oo where Z ~ N(0,I) with I to be the
identity matriz, and B is any non-zero m x k matriz such that the matrices BY, BT,

n=1,2,---, have no zero diagonal elements, then
(BQuA) ™ (BX, — Bu) = Z
i distribution as n — oo.

Proposition 3.1.7. Assume that random periodic process {Y (t) hiez satisfies AR(p) equa-
tion , where Z(t) ~ I1D(0,1). For fired t, define ¢, (t) as , then

Vn (95 (t) — (1) = Vi
in distribution as n — oo, where V; ~ N(0,0y(t)°T, ' (t)).

Proof. From the definition of ¢ (),

V(@] (1) — ¢y (1)

= Vi (X X)X Y — ()]

- \/ﬁ [(XZnXtvn)_IXgn<Xt,n¢p(t) + HO(t)Zt,n) - d)p(t)]
1 T

= neo(t)(Xg:nXtﬁ)il(ﬁXt,nZt,n)'

Set U; := (Y(t —1)Z(t),Y(t —2)Z(t), - ,Y(t — p)Z(t))T, then

n—1
1 1
—X'Z,,=— § :Ut_'T.
5 ’ \/ﬁ = J

By the assumption of causality, Y (¢) can be represented by Y (t) = ;08 () Z(t —g).

Hence Z(t) is independent of (Y(t —1),Y (¢t — 2),---,Y (¢t — p))’. Then {U,_j, }jez is a

sequence of stationary process with EU; = 0 and

EUtUt,I_;_h -



CHAPTER 3. CASUAL CASE 44

For fixed ¢, define F}. := 0(U;ysnr, m < n). Then for any n > 1,

E[Utlfin] = E[U;|U;-n]
=E[Y(t-1),....Y({t—p)' Z{t) | (Y({t—1=n7), -, Y(t—p—n7))"Z(t — n7)]
=EZWOE[(Y(t—1),- ,Y(t—p) | (Y({t—-1=n7), - Y(t—p—n7)"Z(t —n1)]

= 0.

By the central limit theorem of stationary processes,

1
%Xgnzt’n — St

in distribution as n — oo, where S; ~ N(0,T,(t)). Besides, by (3.1.5)), n(X/, X )" —

I'1(t) in probability. Hence by Lemma [3.1.5(and [3.1.6, one can obtain the result that

Vi (¢, (t) — ép(t) = Vi,
in distribution as n — oo, where V; ~ N (0, 6,(t)*T, ' (t)). O

Remark 3.1.8. If we use the weak law of large number of stationary process instead of
the central limit theorem in the proof above, we obtain that ¢} — ¢, — 0 in probability.

The details are as follows.
4,1
by (t) — Bp(t) = nbo(t)( X/, Xi.0) 1(5XZnZt,n)-

By the weal law of large number of stationary process,

n—1

1
Eth:nZtvn == E J;O Ut—jT — ]EUt == O

in probability as n — oo. Hence @} — ¢, in probability as n — oo.

Remark 3.1.9. In real life calculations, in order to avoid taking values at negative time,
we let n go to infinity along with t tending to infinity. That is to say, we can regard n — oo

ast — oo.

With the concern of the previous remark, it is required that we use finite periods
of data to estimate the covariance function within certain error permission in real life

calculations. That is the reason why we assume Assumption 1.



3.1. AR(P) MODEL FOR RANDOM PERIODIC PROCESSES 45

To ensure the estimation of ¢(t) by the finite-periods estimation of covariance has
the same asymptotic normality as the infinite one, i.e. ¢"(t), we assume the following

assumption:

Assumption 2. For any small positive €; and €s, there exists an mq such that, for m; >

mo,
1 1 mi—1 1 mo—1
P (m? o 2 Y= k7)Y (s = kr) — - N Yt-knY(s—kr)|>e | <1l-e,
k=0 k=0

(3.1.7)
for any t,s € Z*.

This assumption shows the possibility that under certain error permission, one can
use the average of a finite-length window of {Y (¢t — k7)Y (s — k7)}xez to approximate
the average of the whole sequence. Most time series in real problems have finite second
moment. Also, this assumption seems quite reasonable and common in approximation.

Then we can set w = max(ng, mgy) to estimate the sample autocovriance function
4(+,+) in the real world problem. Denote QZ) as the Yule-Walkers estimator obtained by the

sample autocovariance function %, i.e. qu(t) = (f‘;)‘lf?p(t). Then

n (&(0) - Bp(1))
= 72 (07, (0) — 02 (X, X)X Y

v

,n

~ . 1 1 AL 3 1
= (07 () = — X[ Yia) +nd (07 = (X, X00) Y] - XL Yo

From Assumption 1 we have 4,(t) — 7,(t) and IA“; — I'y(t) in probability. Assumption 2

T

implies the convergence of n_%(’yp(t) — %XMYM) to zero in probability as n — oco. Set

| - | to be the Euclidean norm.

e
n |5 = (X, X
e 1 i
= (1) (ﬁxfnxm - FZ) (X Xin)™!
1] A 1)1 r
< n:2 (F;Z)il n z —XtTnXt,n_F; ‘n(XtTnXt:”>71| ’
n s ’

%Xant,n — f; — 0 in probability as n — oo. Then by
(00)7" = n(XT, Xi0) ™!

s

Assumption 2 implies n~2

f; — I,(t) and (3.1.5), we have n-: — 0 in probability as
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n — 0o. As we also have (3.1.6), we conclude that n=2 ((ﬁp(t) - ¢Z(t)) — 0 in probability
as n — o0o. Thus y/n (qﬁp(t) - gbp(t)) — V; in distribution as well.

3.2 Durbin-Levinson Algorithm

For the casual AR(p) model (2.2.2), if we replace the covariance function ~(¢,s) in
by the sample covariance function of {Y(¢)} and solve the corresponding linear
system, then the solution (f»p(t) = (¢21(t),¢22(t), e ,ép(t))T is called the Yule-Walker
estimator of ¢,(t). From the above section, we have obtained the asymptotic behaviour
of ggp(t). Moreover, by [12], the Durbin-Levinson algorithm is used to solve the linear
equation system I',¢,, = -, recursively without solving the inverse of coefficients matrix.
Hence this algorithm can be used to obtain ¢,(t).

Suppose we know the history data {y(1),y(2),---,y(n)}. We would like to estimate
y(n + 1) from them.

For spanned linear subspace of {1,Y(1),Y(2),---,Y(n)}, we know that

span(1,Y(1),Y(2),---,Y(n))
= span(1) ® span (Y (1) — E[Y'(1)[span(1)]), (Y (2) — E[Y'(2)|span(1)]), - -,
(Y(n) — E[Y (n)[span(1)]) ,

where E[Y;|span(1)] = E[Y(s)] =: us. Without loss of generality, assume for any t,
EY (t) = 0. Define H} := o{Y (1),Y(2),--- ,Y(n)}, we take E[Y (n+1)|H}] as the one-step
best linear estimator of Y (n+ 1) with respect to the history data {Y(1),Y(2),---,Y(n)}.
In the Durbin-Levinson Algorithm for stationary process, suppose for any n, the one-step

linear estimator of Y (n + 1) with respect to {Y'(1),Y(2),---,Y(n)} satisfies

n

Y(n+1)=EY(n+)H] = aj(n+1)Y(n+1-j),
j=1
where the coefficients {a;(n + 1)} are obtained by solving

A

EY (n+1)Y (j)] = EY (n + 1)Y(j)]

for all j =1,2,--- ,n. In the Durbin-Levinson Algorithm for stationary process, {a;(n +
1)} are calculated by iteration without calculating the inverse of matrix. We would like

to find the corresponding algorithm for random periodic processes.
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For n > 7, define
Z-‘,—l = U(Y(T + 1)a Y(T + 2)a e ,Y(TL)),

and for k=1,2,--- 7, define

Then

~

Y(n+1)=EY(n+1)[H!] =EY(n+)|Hi]+ -+ EY(n+1)|H ] +E[Y(n+1)H: ]
(3.2.1)
Suppose

Y(n+1)= zn:aj(wr DY (n+1—j). (3.2.2)

j=1
The coefficients are obtained by the property of conditional expectation: for any ¢ =

1727"' y 1,

E[Y (n + 1)Y(i)] = E[Y (n + 1)Y (i)]. (3.2.3)

Suppose E[Y (n+ 1)|H? ] = Y777 aj*'Y,11_;. By the equation above, the coefficient
oy r(n+1) = (pr(n+ 1), an r(n+1),-- ,ar(n+1)7
is the solution of the following linear system

Yor(n+1) =T, (n+ Doy, _(n+1),

where
771*7'(77’—’_ 1) = (7(n+171+7)77(n+ 172+7—)7"' 7’7(n+ 17”))T>
and -~ .
vy1+7m14+7) vA4+7,247) -+ v(1+7,n)

2+7,14+71 24+T1,2471) --- 24+71.n
I ) = ol | ) A | ) ol | )

v(n,1+7) y(n,2+71) - 7y(n,n)
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For Y(n+1—71)= > aj(n+1—7)Y(n+1—7—j), the coefficients
an(n+1—7):=(ar(n+1-7),-- a1(n+1—-7))"
is the solution of the linear system
Yorn+1—=7)=T,_(n+1—-7)a,_(n+1—-7),
where

7n—7(n+1_7—) = (7(n+1_771>a7(n+1_772)7 77(n+1_77n_7—>)T7

and ] _
7(171) ’7(1,2 7(1’71_7_)
Frkr(ﬂ +1-— 7') = ’7(2’ 1) ’7(2‘, 2) ’7(2, n— 7')
y(n—71) yn-72) - yn-7n-71)|

As the covariance function of random periodic process has the periodic property
Yt s) =yt +7,5+7),

we obtain that a,—,(n +1) = a,_,(n+1—7) . Hence

EY(n+ D|H} ] = iaj(n +1-7)Y(n+1-j).

J=1

For each k = 2,--- , 7, suppose

e

E[Y1|He] = any1-k(n +1) <Y<k) -y E[Y (k)[H;] — E[Y(@H'[ZH]) ;

1

<.
Il

where

E[V(n+1) (Y (k) — SI2 B (0) ] - BIY (B2 ) |

an—l—l—k(n + 1) = 2
E [V (k) = Y7o, E[Y (K)[H;] — E[Y (k) 7]

Jj=1

For k=1,2,--- 7, assume E[Y(k)|H} ] = > 7"  boj(n + 1, k)Y (n + 1 —j), then by the

property of conditional expectation, one can list that for i =14 7,--- ,n,

E[Y (k)Y (i)] = E

(Z_: bos(n+ LE)Y (n 41— j)) Y (i)
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Replace it by the covariance function and rewrite in the matrix form, we have
Yn—r(k) = Tnr(n+ 1)b2—7(n +1,k),

where

77177(]?) = (7(k> 1+ T)> 7(k7 2+ T)? e ?7<k7 n))T

and

b%—‘r(n + 17 k) = (b0,1+7(n + 17 k)a bO,2+T(n + 17 k)a U 7b0,n(n + 17 k))T

By solving this linear system one can obtain the coefficients for the conditional expectation

of Y (k) with respect to H? ;. For H;, i =1,2,--- ,7, assume for k =i+ 1,i+2,--- , 7,
i1
E[Y (k)|H;] = bi(n + 1, k) <Y(z) — ZE[Y(@)l’Hﬂ) ,
§=0

where

E|Y(h) (Y() - S EY O] |
Var (Y(i) - S BN G)H])

Then by comparing the coefficients of the two equations (3.2.1]) and (3.2.2]), we can find

out the formula for the coefficients a,,; in the form of o, 1, B,41 and @, 1.

For n+1=2,Y(2) = E[Y(2)[Y(1)] = a1(2)Y (1), where a;(2) = 253,

ForO<n<1+4T,

Y(n+1)=E[Y(n+1)|H]] = an(n+1)Y Zanﬂ i(n+1) (Y SE[Y@')|H;~]>7
~ (3.2.4)
where
Hy :U(Y(l))y

By (3.2.3)), an(n+1) = W(jﬂ’l) and

E[vin+ 1) (Y6) - TLEVOIH)
Var (Y(0) - S EY ()[4

[
.
I

no

Uni1—i(n+1) =
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For each 7, consider j =1,--- ,i —1,if j =1,

E[Y (¢)|H;] = Bu(n+1,n+1—-149)Y (1),

where B,(n +1,n+1—1) = 3((;11))’ if j=2,---,i—1, assume
7j—1

E[Y(Z”H]] = 5n+1_j(n + 1,71 +1—3 ( E |Hk ) y
k=1

then

E[v(0) (Y() - S EY ()]
Var (Y (j) = TIZ EY ()1
Hence one could compare the two equations of (3.2.2) and (3.2.4) and find out the formula

ﬂnJrlfj(n—i_ 17n+ 1 _Z) =

of coefficients a,,.1 in the form of a,, 11 and 3,11 as well.

3.3 MA Model for Random Periodic Processes

Recall the definition of invertible ARMA process.

Definition 3.3.1. An ARMA process for random periodic processes is said to be
invertible if there exists a sequence of functions ¥o(t) and {m;(t)} such that > 7= |m;(t)| <

oo and

Zw] Y(t—j), teZ. (3.3.1)

Now let us consider another simple model, moving average model, i.e.
Zw] Z(t—j), tezr, (3.3.2)

where {Z(t)} is an i.i.d. sequence of random variables with mean 0 and variance 1, and
the coefficients {;(t)},;—0.1,... are periodic functions of ¢ with the period 7 as proved in
Proposition [2.2.2) “ Suppose that 9;(z) := 377 1;(t)2? is non-zero for all z € C such that
2| < Tand )77 [¥);(t)] < oo. This means that the MA process is invertible, i.e. it has the
2 <1 ([12]).

representation (3.3.1)), where m(¢) = 1 and m(2) := Z;‘:O m;(t)zd =

1
Pie(z)’
The detail of the relation between the coefficients 1) and 7 is as follows. Define the shift

operator B such that BY (t) = Y (t — j) and B’4;(t) = ¢;(t — j) for j = 0,+1,42,---
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Hence the equations (3.3.2)) and (3.3.1]) can be represented as

Z(t) = iwj(t)Bj(Y t

and

Y(t) = Z?ﬂj(t)Bj(Z(t))
= Zzpj(t)Bj< 1(t Zm t—z)
= iﬂzw.@_ﬁm_i_ﬁ
=0 to(t = j) i=0 l ’

where 7y(t) = 1. By comparing the coefficients of two sides, we obtain that

'¢0 t)
() = 1
t) U1(2) _
N (t>+z/10(t—1)7ro(t_1)_0
(1) W) )
O(t)m(t)—i_%(t—l)m(t 1)+@/}o(t—2) ot —2)
(1) W) ) ) o
N R AT oy i e e KU T e KL
\ (3.3.3)

From the relation above, one can easily conclude that {m;(t)};=1 ... and 6y(t) are periodic
functions of ¢ with period 7 as well.

To estimate the coefficients 1, first we recall the innovation representation of Y'(¢).

Suppose

t—1

Y(t)=) b(t) (Y(t—j) —EY(—5)H ), (3.34)

O

Jj=
where by(t) = 1, E[Y (1)|H}] = 0 and H{ ™" = o(Y(s) : 0 < s < t), the filtration based on
the past history. The coefficients b;(¢),0 < j < t,t =1,2,--- can be calculated recursively

from the innovation algorithm stated in [12] (Proposition 5.2.2).

Proposition 3.3.2. If{Y(t)} has zero mean and E[Y (i)Y (j)] = k(i, 7), where the matrix

(K1, 7)]7 =1 is mon-singular for each n = 1,2,---, then the one-step predictors Y(n +
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1), n >0, and their mean squared errors v,.1, n > 1, are given by

0 n=>0
Y(n+1)={ = , 3.3.5
ety Y bn+ DY (n+1—k) —Y(n+1-k) n>1 (335)
k=1
and
(U1:K(1,1>

bo(n+1)=v;'k(n+1,1)

k1
bp—r(n+1) = v (Fa(n +1,k+1)— Zbk,j(k + 1)b,_j(n + 1)vj+1> k=1,---,n—1-"

J=0

n—1
Un+1 = I{(TL —|— 1, n + 1) — an_j(n —|— 1)2Uj+1
7=0

\

(3.3.6)

If we replace k(i,j) with the sample covariance function 4(i,7), we can obtain the

estimated coefficients b by the innovation algorithm. Next we need to show that b converges
to .

The first step is to figure out the relation between 1) and b. We follow the idea in [11]
for stationary case to prove the convergence of coefficients b in the following lemma for

the random periodic case.

Lemma 3.3.3. Assume that for any t > 1, the coefficients of satisfy,

VEY TS mit)m(t)] < oo,

i>t—1j>t—1
then the coefficients of innovation representation satisfy that, for any k € 7",
t)
\/%(b t —L) — 0 ast — oo.
k( ) wo(t - k’)
Proof. Define the mean-square error
1972
v =E[Y(t) —E[Y()H ]

As E[Y (t)|H! "] is the best linear estimation of Y (¢) based on the history

{Y(1)7 Y(2)7 e ’Y(t - 1)}7
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and by the representation (|3.3.1) we have

Z% Y (t — 5) +ho(t) Z(1).

Then we know that — > %, 7Tj(t>Y(t — j) is the best linear estimation of Y'(¢) based on
all the history {Y(¢t —1),Y(t—2),Y(t —3),---,Y(—00)}, hence the mean-squared error
between Y'(t) and — 37, m;(1)Y (¢ — j) will be less than v, i.e.

Yo(t)” = Var (Yo(t)Z(1))
)+ ZWJ Y(t—j ]

vy (3.3.7)

IN

On the other hand, the mean-squared error between Y (t) and — 22;11 ()Y (t — j) will
be greater than v;, hence

2
< E|Y —1—2713 If—j]

= E [o(t)Z(t) — Z wj(t)Y(t—j)]

j>t—1

= E[to(t)Z(t))* + E [Z Wj(t)Y(t—j)] : (3.3.8)

i >t—1

And

2

I LZ (Y (t = J)

j>t—1

=E[) Y mt)m)Y(t—i)Y(t—j)

i>t—1j>t—1
Z Z mi(t)mi()y(t — it — j).
i>t—1j>t—1

For each k, multiplying on both sides of (3.3.2) by Z (¢ — k) and taking expectations,

we have
Ur(t) = E[Y (1) Z(t — k)].
Also, multiplying by (Y (t — k) — E[Y (t — k)|H}7*""]) on both sides of (3.3.4) and taking

expectations, we have

bty =E[Y () [Y(t — k) —E[Y(t — k)|H; 1]



CHAPTER 3. CASUAL CASE o4

Hence
Ue(t) |
)
B [ye-k -Eye-mHY)] Eyeze- k)|
Vt—k Yot — k)
< E[Y(t)]2E |:Y(t — k’) - E[i:_(: — k?)|7'[1_ - ] B Z(é__kl;))]
=v@ﬂ<ED“F%ﬂ_%§“_mmﬁkﬂ

C2E[Z(t—k)[Y(t = k) —EN (= K)HT]] | E[Z(E - k)P
ot = k)u(t — k) tho(t = k)?

. Vi—k 2¢0(t — k:) 1
=00 (G - S s * )
= y(t,1) (Yot — k)% = (ves) ")
B v — po(t — k)?
= (¢, t) Dol — k2o
where the first inequality is obtained by the Cauchy-Schwartz inequality. By equations

(3.3.7) and (3.3.8), we obtain

be(t) V(1)

Pt — k)

2

<At ot — k) ™E L > omy (- j)] .

j>t—k—1

By the assumption that for any t,

VES T Y mi(t)m(t)] < oo,

i>t—1j>t—1
one obtain the convergence of
Ur(t) 1o
tWop(t) — —————=|" > 0 as t — oo,
(1) wo(t—k)‘
ie.
t)
Vi <b t) — L) =o(1).
+(f) Yo(t — k) o

[]

In the next proposition, we prove the asymptotic behaviour of the estimated coefficients

b. This idea is used in [I1] and [4].
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Proposition 3.3.4. Let {Y (t)} be the process defined by (3.3.9). Assume
V1300 Y i Imi(m 4+ )mj(m +1)] < oo. Then for any 1 <d<m+2—r7,

M1 ( it — me) ~ N(0, V)

i distribution as m — oo, where

A ~

Bm-‘rl = (bﬁ—klv bgjm U >b%+2 T)T’ bm-‘rl - (gl(m + 1)7 U al;d<m + 1))T7

im+1)  da(m+1) Yi(m+2—7) Ya(m +2—7) )T
d)

"‘pm“::( do(m) 7 To(m+1—d) To(m+1—1) Thp(m+2—7—

and
Vi = (I - C) \diag (U,, W, 4, ,0) Vdiag (V,, U, _y,--- )" (T -C)")".
Proof. As E[Y (m + 1)|H]".,_,] has two representations,
d
E[Y (m + 1)|H™, ] Z Y(m+1—j),
and

(m+ D) Hpy -4l

bim+1)(Y(m+1-7)=Y(m+1-73))

I
.M& g

1

J
min(m—j,d)
bim+1) (Y(im+1—j5)— DY am+1-j)Y(m+1-j—i)

i=1

M=

<.
Il
—

M=

ajm+1—-7)Y(m+1—j)

<.
I
—

for any integer 1 < d < m + 2 — 7, the coefficients a and b has the relation as

Qi1 = mem+17 (339)

where

Apt1 = (al(m + 1),(1,2(771 + 1)7 e 7ad(m + 1))T7

b1 = (by(m + 1), by(m +1),- -+, bg(m + 1),
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and
[ 1 0 0
—ay(m) 1 0
—az(m)  —ay(m—1) 0
Qm =
—ag—2(m) —ag_3(m —1) 1
_—ad,l(m) —ag_2(m —1) —ay(m—d+2) 1
Moreover,
E[Y (m+ 1)|[Hn1-d]
d
=Y ajm+1-j)Y(m+1—j)
j=1
d d A
= Y am+1—)) (bemﬂ—j)(wmﬂ—j—z) —Y<m+1—j—z'>>)
=1 i=1
d A
= D bilm+ 1=V (m+1—-4)=Y(m+1-j),
j=1
the coefficients a and b also satisfy
bm+1 = Rmam+1, (3310)

where

bd_Q(m) bd_g(m — 1)
_bd_l(m) bd_g(m — 1)

1

0
1

By the construction of the estimators a and 13, there are also @, 1 = Qm3m+1 and 13m+1 =

~

Rm Apyi1-
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Besides, set

1 0 0 0
m(m) 1 0 0
m, - mo(m) m(m—1) 0 0
7Td,2(m) 7Td,3(m — 1) 1 0
Ta-1(m) mg_o(m —1) mim—d+2) 1
Define ) )
1 0 0 0
1 (m) .
Po(m—1) 1 0 0
Ya(m) Pi(m=1)
W, = | BB ) o 0
Yq—2(m) Ya_3(m—1) 1 0
o(m—d+2)  Po(m—d+2)
Pa—1(m) Pg—2(m—1) 1 (m—d+2) 1
| o(m—d+1)  tpo(m—d+1) o (m—d+1)

then by relation (3.3.3)), Q. V,, = I,,, where I, is the d x d identity matrix.

Next we consider parameters in one period simultaneously. Set (d x 7) vectors as

Bm+1 = (bfn+17 bﬁa ) bz—‘nJerT)T?
and
Am+1 = (aZfLJrl? G;%, T 7a’fz+277)T
Then we have
m 1 (B’mﬂ - Bm+1> (3.3.11)

= Vvm + 1d7/ag <Rm+17 Em; ey Rm+277> Am+l —Vvm + 1d2ag (Rm+17 Rm7 s 7Rm+277) Am+l
= dlag (Rm+17 ﬁma R Rm+2—7—) m+1 <Am+1 - Am+1)

+vm+1 (dlag (Rm-l-lu Rmn T Rm+2—7> - dlag (Rm+17 Rm7 T Rm+2—T>> Am+1‘
(3.3.12)

Without loss of generality, we assume m + 1 is multiple times of period. From Section 3.1

we have

mA T (Apis = Anir) = N(O,V),
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in distribution as m — oo, where V' := diag (03(7)T';' (1), -+ ,03(1)[;*(1)). Next we will
show that

m+1 [(diag (Rm—&-h ]:zma T 7]:2m+2—7> — diag (Rm—i-la Ry, Rm+2—7)> Amy

- m+1 (Bm+1 - Bm+1>] — 07

in probability as m — oo, where Cpyyq = S0 Dy iy P4 D with

i d—1 i d—1i
—N— % N —N— %
Di,erl = dlag 07 707ai<m+1)7"' 7ai(m+1)707"' 707ai(m)7"' 7ai(m)7
0,0 ,0,a;(m+2—7),-- Ja;(m+2—71)) |,
~—— —~ %
2 d—i

and P to be the orthogonal d7 x d7 cyclic permutation matrix

010 -0

001 -0
P =

000 -1

100 - 0]

To view this structure more straightly, we consider an example: for 7 = 2 and d = 3,

0 0 0 0 0 0
0 0 0 a(m+1) 0 0
as(m+1) 0 0 ay(m+1) 0 0
Cm+1 =
0 0 0 0 0 0
ai(m) 0 0 0 00
0 aj(m) 0  ax(m) 0 O

Then

(diag (Rmﬂ, Rm) —diag (Ryi1, Rm)) A
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(62(m) — by(m)

(132(m 1) — by(m —

and

Cerl (Berl - Bm+l)

(ég(m) — by(m)

That is to say, it suffices to show that

(61(m 1) = by(m—
1)) ar(m) + <81<m —2) —by(m— 2)) as(m)

0

(Bl(m) —bl(m)> ar(m + 1)
) ar(m+1) + (él(m 1) = by(m —

0
1)) ar(m)

0

(Bl(m) —bl(m)> ar(m + 1)
Yar(m+1) + (bi(m+1) = by(m + 1)) ax(m + 1)

0

<131(m +1)—bi(m+ 1)) ai(m)
(32(m+ 1) — ba(m + 1)) a

(m) + (61 (m) — by (m)> as(m)

VE(bi(t) — byt — 7)) = 0

and

in probability as ¢ — oo.

3.3.3

Lemma

)—>o

(t=7) _ _ilt

lead to (3.3.13

and the periodicity of by

Vit (aa(t) — aa(t — 7))
= VHX], X)X Y —
= V(X[ X))
+ (X

t—r,n—1

_<X

t—7m,n—

\/_(XtTTn 1

Xt—T,n—l)_ \/E (

Yo(t—7—1) — o(t—

1y T
XtTnl

Xt—‘r,n—l)
1Xt T,n— 1) ]X }Itn

Xt,nn,n - X En) )

t—1,n—1

1)) az(m + 1)

. For
suffices to prove v/t (a;(t +7) — a;(t)) — 0 in probablhty by (3 . By (3.1.4),

Y.,

(3.3.13)

(3.3.14)

3.3.14

it
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where n = [L] with [-] to be the greatest integer function. The " component of
\/Z(XgnY;,n - Xt T,n— 1lft n)

%" 1Y(t—i— kT)Y (t — kT) — n\fl

[\

3

Yt—7—i—kr)Y(t—7—kT)
0

B
Il
o
B
Il
—

n—

= nzlYt—z—k’T WY(t—kr)— Y(t—i—kr)Y(t— k1)

n(n—l) — (n—l) ]
= %Y(t—i)Y( n\/—gl nzlYt—z—kT VWY (t — k)

—0
in probability as t — oo by Proposition [3.1.4] Besides,

\/—l th (XtTTn 1Xt—7'7ﬂ—1)_1‘
= VH[(X], X0) T (X i Xt — X050 X ) (X1 X mrn1)

< (X X)) VX X e — X X | [(X X rn1) '

t‘rnl

By similar calculation, we can prove that each component of Vit ( A 1 X1 — X r WXt n)

converges to zero in probability as ¢ — oo, hence

\/—} th (XT thT,nfl)il‘ — 0

t—7n—1
in probability. Therefore,
Vit (6q(t) — aqg(t — 7)) = 0
in probability as ¢ — oo.
Combing above results, is equivalent to

Vm+1(I = Coui1)(Bii1 — Buia)
= V/m + ldiag ( R ( s R st 7Rm+277> (AmH - Am+1) +0,(1).
By Remark [3.1.8] we have
(@(m+1),- - agm+1)" = (=m(m+1),-+, —7ma(m +1))"

in probability as m — oo. Then C),,1 — C' := Zd ! H P41 in probability as m — oo,

where
i d—1i i d—1i
~ —— % N N— ~
1L i1 = diag | 0,---,0, —m;(7), -+, —m;(7),0,- -+ ,0, —m(T — 1), -+, —m;(T — 1),
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And by the relation between coefficients a and b in (3.3.9)),
diag (ﬁim—i-la Rm, T 7ﬁim+2—7—> — diag (Y., V. _q, -, Uy)
in probability as m — oo. Consequently, combining with Lemma [3.3.3] we have
AT (Bt = 1) = N(0,Va)

in distribution as m — oo, where

- (Bntl | _WntD | intdon) | dei2on )
m vo(m) T To(m+1—d) Td(m+1-1) ahg(m+2—71—d)

and

T

‘/1 = (I - C)ildiag (\D”m \IIT717 o 7\1/1) lea’g (\DT; ‘117717 U 7‘111>T ((I - 0)71)

3.4 Truncated Innovation Algorithm

From the algorithm shown in the previous section, the coefficients b only depend on
the covariance matrix of Y. But as in the real life we usually cannot choose w in the
sample autocovariance function to be large enough, so in the next lemma we will see that
the sample covariance matrix of random periodic process has rank w, which is the number
of previous cycles we use to estimate the sample autocovariance function. If the size of
the sample covariance matrix is greater than w, the matrix will be singular, which will
cause the estimated v; drop to zero. Hence we will use the truncated innovation algorithm

to estimate the coefficients b.

Lemma 3.4.1. The rank of the sample covariance matriz of random periodic process is

no greater than w.
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Proof. For N > w, let

Set

y(1) y(1-7)
Py [ V@ W27
y(N) y(N —7)

Then I'y = iPNP]%;. As Rank(Py) < w,

Rank(I'y) < Rank(Py) < w.

In order to use the innovation algorithm to calculate the coefficients b, we use the

truncated innovation representation of Y, in which we only take several periods of history

data to estimate Y instead of using all past information. Then the modified innovation

algorithm is shown as follows.

Proposition 3.4.2. (Truncated Innovation Algorithm) Set Y (n+1) := E[Y (n+1)|Hpt1],

for some positive integer K with KT < w, if

~

Y(n+1)=

(

0

ibk(N—Fl)(Y(n—i-l—k)—

§fmm+¢xym+1—ky-

\ k=1

n=>0
Y(n41-k))
Y(n41—k))
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then whenn > K7, fork=n—Kr,--- ,n—1,

bn,k(n + 1) = Uk_—i%l (”y(n + 1, k -+ 1) — Z bk,]’(k + 1)bn,3(n + 1)’Uj+1> k> Kt

j=k—Krt

k—1
boi(n +1) = vl (’M + 1L E+1) = b j(k+ Dbj(n+ 1)Uj+1) k<Kr
j=0

n—1
Upr1 =k(n+1,n+1)— Z bo_r(n +1)*vp4
\ k=n—KrT

(3.4.2)

Proof. When n < K7, we use the original algorithm.
When n > K7, for each k satisfying n — K7 < k <n — 1, multiplying Y(n + 1) with
Y (k+1) — Y (k+1) and taking expectations, and by (3.2.3), we have

E [Y(n +1) (Y(k; +1) - V(k+ 1))]
) [Y(n +1) (Y(k +1) - V(k+ 1))]

= byr(n+ Dvgyq.
Hence b, (n+ 1), k=n— K7,...,k <n—1 are given by
bui(n+1) = vp,E [Y(n +1) (Y(k Y1) - Y(k+ 1))} .
When k£ > K,

= ly (BIY(n+ DY (k -+ 1)~ E[Y (0 + D7 (k4 1)])

Y(n+1) (Zb (k+1 k+1—j)—}7(k:+1—j))>”

fn+ 1,k + 1 fb(m DE [V (n+1) (Y(k+1—j>—y(’“+1_j))}}

= vl qk(n+1,k+1) -

/—/H/—/H/—/H

= Uk+1 krn+1,k+1 | § bp—;(k+ 1E [Y(n“‘ 1) (Y(J +1) - Y(j * 1>)]}

:v(k+1)1<(n+1 k—l—l Z bkjk—i- n](n+ )’Uj+1>.

j=k—Krt
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When k£ < K,
k—1
b r(n+1) = vl <n(n +1E+1) = bk + D)byj(n+ 1)vj+1> .
j=0

By (3.2.3), E[Y (£)]2 = B[Y (£)Y ()], hence

E[Y (n + 1))
—EY(n+1)+Y(n+1)—-Y(n+1)
= E[Y(n+ 1)+ 2E [Y/(n +1) (Y(n Y1) -Vt 1))} YEY(n+1) — V(n+ 1)

— EY(n+1DP+EY(n+1)—Y(n+1)>

Besides,

EY(n+1P=E|Y bin+)(Y(n+1l—j)—Y(n+1 —j))]

Lj=1

—E Z_: bo(n+ 1)(Y(k+1) = Y(k+ 1))]

n—1

= Z bnk(n + 1) vk 1.

k=n—KTt

Thus,

Upe1 = B[Y (n+ 1) = V(n + 1)]?
= EY(n+ 1) —E[Y(n+ 1)

n—1

=kn+1,n+1)-— Z bo_r(n + 1) 0k 1.
k=n—KT

We will see in examples that the K frequently takes the value 1.



Chapter 4

Non-causal Case

4.1 Background

Recall that a causal autoregressive model of data means that the data can be fully ex-
pressed as a series of history noise. It requires the characteristic function of autoregressive
parameters ¢(z) = 1 —¢12 —- - - — ¢,2P has no root in the unit circle. On the other hand, if
¢(2)’s roots are all in the unit circle, the model is called purely non-causal autoregressive
model, then the data fully depends on future noise. If ¢(z) has roots both in and out of
the unit circle, then the data depends not only on history noise, but also the future’s.
This is called mixed non-causal autoregressive model.

Brockwell and Davis stated in [12] that non-casual autoregressive model can be re-
expressed as a causal or purely non-causal autoregressive model driven by a new noise
sequence {Z(t)}. For non-Gaussian case {Z(t)} is uncorrelated, but not independent with
each other, which will make estimation much harder. However, the autocovariance of
data remains unchanged. Hence the Yule-Walker and innovation algorithms are unable to
distinguish among causal and non-causal cases.

Breidt et al. studied the mixed non-causal case in [10]. Suppose in the following model
¢(B)X: = Zy, (4.1.1)

the autoregressive polynomial ¢(z) has roots both in and out of the unit circle. ¢(z) can
be factorized as ¢(z) = ¢1(2)¢*(z), where ¢T only has roots out of the unit circle and

¢*(z) only has roots in the unit circle. That is to say, if we define U; = ¢*(B)X; and

65
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Vi = ¢T(B)X;, then U, is a causal autoregressive process and V; is a purely non-causal
one. Next they approximated the likelihood function of the parameters and concluded the
asymptotic normality of the maximum likelihood estimation.

Lanne and Saikkonen ([23]) re-expressed the mixed non-causal autoregressive as
p(B)o(B)X, = Z,, (4.1.2)

where ¢(z7!) represents the purely non-causal polynomial and ¢(z) represents the causal
one. They stated that if the last parameter of ¢(271), i.e. @, is not zero, then there is a
one-to-one correspondence between and . Besides, they stated that
containes the overfitting condition of ¢ and ¢. The asymptotic normality of the maximum
likelihood estimation of parameters in (4.1.2)) were deduced by similar idea as [10].

In the following sections, we construct a very simple version of the mixed non-causal
model for random periodic processes based on . For this we assume that the coeffi-
cients are all constants and the number of coefficients is independent with time ¢. In the
future we attempt to release this assumption to general case. The asymptotic normality
of the maximum likelihood estimation of parameters will be deduced according to the
idea in [I0], but under the central limit theorem and ergodic theorem for random periodic

processes.

4.2 Mixed Non-causal Autoregressive Model for Ran-

dom Periodic Processes
Let {Y(t) }+ez be a random periodic process satisfying
p(B)o(B)Y (1) = Z(1), (4.2.1)

where ¢(B) = 1 —¢B— -+ — ¢, B", o(B™) =1— B! — .. — p,B% and Z(t) is
a sequence of i.i.d. random variables with mean 0 and variance o?. Assume that o; is
deterministic periodic function of time ¢. Also assume that the polynomials ¢(z), ¢(2)
have their zeros outside the unit circle, so that ¢(z) # 0 for 2| < 1 and ¢(z) # 0 for

|z| <1 and ¢, # 0, @5 # 0. Moreover, assume that the probability density function of
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Z(t) is fi(x) = o%f(a%)’ where f(x) satisfies the following assumptions ([10]):

Al :f(z) >0 for all .

A2 :f € C*(R).

A3 :f" € L'(R) with /f’(x)dx = 0.
A4 :/a:f’(:c)d:c = 1.

A5 - / F(@)dz = 0.

A6 :/asf”(a:)d:r = 0.

A7 :/:CQf”(:C)d:C =2.

A8 :/(1+$2)%d$ < 00

Define U(t) = o(B~1)Y () and V() = ¢(B)Y (t). From and (B 1)¢(B) =
&(B)p(B™1), we have ¢(B)U(t) = Z(t). Thus U(t) is causal, and so U(t) can be expressed

Ut) = ialZ(t —4), (4.2.2)

with g = 1 and «; decay to zero at exponential rate as i — oo. From ¢(B~Y)V (t) = Z(t),

V (t) is purely non-causal, then V' (¢) can be expresses as
V()= BiZ(t+), (42.3)
=0

with Sy = 1 and §; decay to zero at exponential rate as i — oco. The process Y (t) itself

has the two-sided moving average representation

Y(t)= ) Z(1), (4.2.4)

j=—o00

where 9(2) := ¢(2) " tp(z71) 7L
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Next we are going to express the joint density function of {Y'(¢)}. First we have

U(1) Y(1) =3 Y (1+7) V(1)
Un—-s) | Yn—s)=3 0¥ (n—s+]) 4 Y(n—s)
V(in—s+1) Yn—s+1)=>" ¢Y(n—s+1—1) Y(n—s+1)
v | | vm-sLeve-n | | vw
where
_1 —p1 0 0 0 0 0 ]
0 1 0 0 0 0 0
0 0 1 —p1 —p2 2
A, =10 0 0 1 —p1 cee =1 — (s
o 0 ... — s —é 1 0 0
0 0 ctt Op—1n—s—1 Qan—1n—s On—In—s+1 =°°° 1 0
_O 0 ce nn—s—1 an,n—s ann—s+1 ce —¢1 1 i

The values of a;; in the last two rows depend on the values of s and j.

Similarly,

o | U(1) ] v |
U(r) U(r) U(r)
Z(r+1) Ur+1)—=>"_oU(r+1—1) Ulr+1)

. _ : _c. . 7
Z(n—s) Un—s)—>._,o:U(n—s—1) U(n —s)
V(in—s+1) V(in—s+1) V(in—s+1)

Vi) || V(n) | | V()|
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where
_ ) . -
0 1
—pp - =y 1 0 -+ 0 0
0 -« —y —py 1 -« 0 0
c - ) ) ) ) ) )
0 0 0 0 1 0
0 0 0O 0 - —¢1 1
1 -0
0 1

We can see that C,, are non-singular and det(C,,) = 1. Re-represent A, as

A - A Ay
A; Ay

where A; is a (n— ) X (n—s) upper triangular matrix with det(A;) =1, and Ay isa sx s
lower triangular matrix with det(A,) = 1. As det(A,) = det(A;)det(Ay — AsAT Ag) = 1,

A, is also non-sigular. Hence

v ] vy ]
Y(r) Ul(r)
Y(r+1) Z(r+1)
: = (C,A,)™! : . (4.2.5)
Y(n—s) Z(n—s)
Y(n—s+1) V(in—s+1)
Y(n) ] V()|

From (4.2.2)) and (4.2.3)), we know that U(t) is independent of V' (t+s5), hence (U(1),--- ,U(r))7,
(Z(r+1),---,Z(n—s))" and (V(n—s+1),---,V(n))" are independent. The joint den-
sity function of (U(1),---,U(r), Z(r+1),--- ,Z(n—s),V(n—s+1),--- ,V(n))" can be
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expressed as

hU(U(l)v T ,U(T)) < 1:[ ft(Z(t))> hV(V(n — s+ 1)7"" 7V(n)>7

t=r+1
where hy and hy signify the joint density functions of U and V' respectively. We can see
that the non-stochastic matrices A, and C,, are non-singular and det(C,,) = 1. Then the

joint density function of (Y(1),---,Y(n))T is expressed as

hu(p(B~HY (1), o(B)Y (r)) < 1:[ ft(so(B_lw(B)Y(t)))

t=r+1

X hy($(B)Y (n — s+ 1), , ¢(B)Y (n))det(A,)det(C,).

As det(A,,) is independent of sample size n, we approximate the log-likelihood function

of parameters 0; := (g1, , Pr, 1, , s, 01))7 as
La(0) = > g:(6), (4.2.6)
t=r+1
where

gt(et) = lngt(Z(t))
= logfil(U(t) = Ut =1) —--- = ¢, U(t — 1))
= logfi(V(t) =1 V(E+1)— - — o V(t+T1)).

Evaluating the partial derivatives of ¢; at the true values of parameters and using the

logogram f; for f,(Z(t)), we obtain

96, —U(t—z’)ﬁ, 1=1, T
Dyt A _
8@1 —V(t +])E, ] = 1, , S,
and
Jg; 1 ft/(Z<t))
= (205 )

The assumption A4 on f(x) implies

ot] - Ao o[ b1 ()] = [ 3 (2) =
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Then
' 0, s #t,
|z -
Ji -1, s=t
Hence fori=1,--- ,rand j=1,---,s,
0 0
E |99 _o, E |29 — o, E| 2~
8@ 8(,0] 00,5
0, - 0 T
Next we determine the limiting covariance matrix of (Zt 1 aef’(tt), cee ?:TSH W%) .
Define T := Ja ff((?) de, J = Jp @ ff((x))) dr — 1, then
J, t=Fk,i=j=0,
’ ' 0271»0_2]: t=k,i=75#0,
Con(Z(t — i)t 70k — jylky = 17
fe I 1, t£ki=t—Fkj=k—t,

0, otherwise.

Let vy (+,-) and vy (+, ) denote the autocovariance functions of {U(¢)} and {V(¢)} respec-
tively. Then from the representations of (4.2.2)) and (4.2.3)), we obtain

(

t—i,t—jgﬂj’ t=k,i,7=1,---,r,
ConUt — iyt vk — ey = {7 7
fi' i 0 k=T
/y t+i,t+j0'_2]~’ t:k7i’j:1’...787
C’ov(V(t—l—z)ft V(k+j )fk) v )i
fi! e 0, tL ki j=1,-- s
C’ov(U(t—z)ft V(k+j )fk)
fr’ flc
= Coy( Zaa t—z—a Zﬂb (k+7 +b)§l’z>

Qi By, t—k>mg, 4,5 =1,--- 71,

0, otherwise.
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where mg := max(i,j), and forany i =1,--- ;rand j=1,--- s,
dg:  Ogp dg; gy
Cov 0 C 0 fi t, k
ov (ao_t 8¢Z) Y Ov(ao_t 690]) ? or a‘ny Y )
and

Cov(==—, ==
doy’ Doy, 0 LA
Also, forany i =1,--- ,rand j =1,--- s,
(¥ S8 S o
n—r—s t—+1 Zk +1
= Z Z Cov(U(t —1) ft V(k—i—])fk)
n_r_str+1k 1 f i

n—moy—s n—Ss

= § E atzkﬁtk]
n—T—S

k=r+1 t=k+mg

n—mo—sn—s—i—k

= E E atﬁt-l—z —j
n—7“— S

k=r+1 t=mog—1

As {a;}iez+ and {B;};ez+ decay at exponential rate, hence, as n — oo,

n—s [e.9]

e z L S-SR ST

t=r +1 Ps k= 7"+1 J t=mo—1i

Similarly, for 7,7 = 1,--- ,r, by the periodicity of o,

gt — agk
n—r—s Z Zagbj

Z

k=r+1
= Z Z Cov(U(t —1) ft Uk — )&)
n_r_str+1k r+1 f fk

IS L aF
— ;ZvU(t—z,t—])atQI,
=1

asn —oo. Fore,7=1,--- s,

09 ~— (9gk
n—r—s Z Z

t= r+1 Pi k= 7‘—‘,—1

n—s n—s

= Z Z Cov(V(t+1) h V(k—l—j)fk)

t=r+1 k=r+1 f
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1 « .
— ;Z’YV<t+i,t+j)O't_2],
=1
as n — o0o. And

n—s

9, 0 _ _
n—r—SCOU Z = Z Ogi n—T—SZJt2J—> Zot2j.

t=r+1

Combining the preceding results, we conclude that

1 391& 99
n—r—scov Z 06, <Z 80t> = Zo,

t=r+1

where

AO BO
Yo = . (4.2.7)
BT Dy
Ap is a 7 x r symmetric matrix with (i, j)"-element o;; = L 577 vy (t —i,t — j)o; °I for
i,j=1,---,r. Byisarx (s+ 1) matrix with (, j)"-element o; = 7,7 oS4 for
i=1,---,r, j=1,--- s and zero otherwise. Dy is a (s + 1) X (s + 1) symmetric matrix
with element o;; = 377 4y (¢ + it + 7)o 2 fori,j=1,-- 5, Oay1.ep1 = 13 o7 %]
and zero otherwise.

891&

Next we prove the asymptotic behaviour of ——— \/7 Do 90,

in the following propo-

sition.

Proposition 4.2.1. If the probability density function f(x) satisfies assumptions A1-AS8,
and the parameters {«(t)} and {(k)} are exponential decay, then

Z 891&
\/n—r—s +180t

in distribution, where g is given in

N(0,%0), (4.2.8)

Proof. By the Cramér-Wold device, it suffices to prove that for any a € R™ 51,

al gt T
— N(0,a" X
\/n—r—st_ZJrl 00, (0,0 0a),

in distribution as n — oo.
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For a large positive integer m, define U, (t) = > " a.Z(t — a), and V,(t) =
S o BoZ(t +b). Define

/

ST S AN /S I
Ym<t>.—( Ut = D2 =2 Ve 2
£l £(Z(1) !
“Velt ) (Z(“ Wz 1)) '

Then for fixed m, U,,(t) and V,,(t) are still random periodic processes, so as Y, ().

Define o, := ——Cov ( YL@, (s Y (t))T> Then X, — X asm —

r—s t=r4+1 -Mm t=r+1 +tm

00. By the central limit theorem for random periodic processes, under the conditions that

{i}icz+ and {f;};ez+ are exponential decay and there exists a positive ¢ such that
E[(Z(t))**°] < oo, there is

1 n—s T

—_— aYmt—>N0,aTE ma

\/m t:rZJrl ( ) ( 0, )

in distribution as n — oo.

Since
lim lim Var . f a’Y,,(t) — aT% =0
m—00 Nn—00 A/ Nn—1r—3S8 e " 80,5 '
The convergence in ([£.2.8) is immediate from Proposition [3.1.2] O

4.3 Asymptotic Normality

In this section, we will follow the idea in [I0] to prove that there exists a sequence of

solutions, é”, to the likelihood equations,

0L, (0)
90;(t)

:07 t:T+1,"',TL—S,j:1,-",T—f—S—f—l,

where L, is given in (4.2.6), which is consistent with the true parameter value 8* in the

sense of distribution. We represent this result in the following theorem.

Theorem 4.3.1. For the non-causal autoregressive model for a random periodic
process {Y (t)}, there exists a sequence of solutions, 0", to the likelihood equations
which satisfy

\/ﬁ - m *
D N6 - 67) = N(0. %),

t=1
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in distribution as n — oo, where 8 = (05(t), - - - ,0:+S+1( NT is the true values of param-

eters at time t and the weight matrix ¥, 1s given in .

Proof. Define h(z) := £® Agin [10], we assume that h'(z) = hy(x) — ho(z) where hy

flz)
and hy are non-decreasing functions with h;(z) = O(|z|°) as |¥| — oo, where we have
E|Z(t)|**® < oo. This implies E|Z(t)|7|h'(Z(t))| < oo for j = 0,1,2. By calculation, we

have

oo d (f(@) "(@) f(z) — (<>)2
“"“‘%(f(x))‘

LD = o t(2), & (19) = o720 (2) and E 1 (42)] = -

Expanding L,(0) in a neighbourhood of 8*, we have

1
—(L,(0) — L,(6"
———(L,(6) — Lu(6")
1 r+s+1 n—s
— t)— 6
— 0i(t) — 0:()
i=1 t=r+1

r+s+1r+s+1 n—s n—s

s DI IP B a SCCREAOICIORAT)
r+s+1r+s+1 n—s n—s 82Ln(0*)
oy 2 2 2 Z ( 000, k)_aei(t)aej(k)>

i=1  j=1 t=r+1k=

x (0:(t) — 07 (£))(0;(k) — 05 (k))
= P+ P+ B,

where 6 is between 6 and 6*. By the ergodic theorem for random periodic processes in

[20]7

P - Z f 20 )~ )
n—r—s & 4 !

r+s+1 T |:

%ZZ

998 ] 0,(t) — 0:(t)) =0 as.

as n — 0.

Next we consider the second partial derivative term. For 7,7 =1,--- ,r,

1 = = 0?’L,(0)
n—r—s Z Z 00,(t)06,(k)

t=r+1 k=r+1
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S < WY e 0)
=T 2 Ul igs (ft(Z(ﬂ)
- i Ut —i)U(t — j)o, k' <@>

By ergodic theorem of random periodic processes, at the true value of parameter 6%,

n—s n—s

n—r-—s Z Z

t=r+1 k=
A Z(t)
=Y E|\U(t—-49)U"(t— ’h
- Z U= U - (o0 ( =
= ——Zw(t—i,t—j)(af)’zf a.s.
=
as n — oo. Similarly, for ¢,5 =1,--- , s, we have
5
n—r—st — 5 &%M )8(9]+r( )
_ Z 8297&
n—r—s 8@18%
1 — A Z(t
= — Z V(t+i)V(t+j)o %h (L)>
n—r—s & o

1 « , g
- —;ZW(WFZ,MLJ)(@) 2] a.s.

as n — 0.

Fori=1,--- ;rand j=1,--- s,

n—r—s Z Z 80 00

t=r+1 k=r+1 j+r (K)
1 - 82gt(0)

I S Y N S A 10) S LEZ®) 9

_ n—r—st;1 Ut )&pj (ft(Z(t») +t_§;+z 20 99, U(t—1i))

_ Ut — )V (t+ j)o;2h Y(t—i+j)o;'h
n—r—s t;u; J < > — ;ﬂ j < >
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7

ASE Ut — i)V (t+ )k (Z“)ﬂ — 0 and

(<43

E {Y(t—i%—j)at_lh (@ﬂ

Li(Z(1))

B| 3 wt- -0 h

by ergodic theorem, at point 8*,

n—s n—s

P DD ae aeH Z% - s

t=r+1 k=r+1
as n — oo. Similarly, asn — oo, fori =1,--- ,sand j=1,---,r,

n—s n—s

n—r—s Z Z 89

t=r+1k= ir(t (k)
_ Z aQQt
n—r—s s, 8%8@

:ﬁ fiY(tH—j)at ( ) Z Vit+iU t_j)at_Qh«ZU(t))

t=r+1 t=r+1+1
1 T
- — —Zwi_]‘ a.s.
=
Besides, by calculations, as n — oo, for i =1,--- ,r,
n—r—sz Z aak n—r—sz Z@aﬁ@
t=r+1 k= t=r+1k=
. 1 -— GQQt(O) . 1 ~— 82gt(0>
n—r—s &= 0¢;00; n—r—s & 000¢;
1 Z(t Z(t Z(t
_ 5 arvut - [ (22) 1 2 (Z00)
n—r—s i1 O¢ O¢ O¢

= ﬁ iz_: 0t2E{U(t—z’) [h (Zoff)) n Z;f)h/ <Za(f)>]} 0 o

_n—r Z Z 80@9

t r+1 k=r+1

n—r—sz ZaGH 80

t=r+1 k=r+1 k

z—i—r
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_ Z 0°:(0 _ Z 0%g:(0
n—r—s 8%8@ n—r—s & (9@&,01

—z () (2

And

n_r_st;uk;l 80t80k
2
L (20 4 (20) (20
n—r—st:Hl ¢ O¢ O¢ O¢

— EZUJQJ a.s.

T
t=1

n—s

Combining previous results, we have at the true parameter values 6*

1 02 L, (
—— P 4.3.1
n—r—s 8080 Z ! (4:3.1)
Foreacht=1,---,7,
A, B
S=| 0 . (4.3.2)
B D,

Ay is a r x r symmetric matrix with (i,7)"-element o;; = Yy(t — i,t — j)(oF) 2 for

i,j=1,--,r. Byisarx(s+1) matrix with (i, j)"-element 0;; = ¢;_; fori =1,--+ |r, j =
1,---,8 Dyisa (s+1)x(s+1) symmetric matrix with element o;; = vy (t+4, t+4)(07) 21
fori,j=1,---.,5, Ost1641 = (Ut")*QJ~ and zero otherwise. Therefore,

T

1 , .
Py — = > (6. 6) % (6, - 6;) a.s.

t=1

By the same idea in [I0] and ergodic theorem for random periodic processes, we can

prove that
— 9 O*L,, (0%)
li 0 .S. 4.3.3
s sup > S ~mwon | 0 ae (433)

t=r+1 k= r+1

as the radius of the neighbourhood of 8* satisfies ¢ — oo for each i,j =1,--- ;r+ s+ 1.
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Therefore we conclude that for € small,
sup (P + P+ P3) <0 a.s.
0c0Q,
as n — oo. Hence for large n, L,(0) < L,(6%) a.s. There exists a sequence of local
maximum 6" to L,, which converge to 8* a.s.

To explore the asymptotic behaviour of é”, we expand ‘?Lg—ffn) at 0* as

TV 00 s 06,/ 0006

1 OL,(0") 1 ”Z 9g:(6*) L@QLn(é)\/ﬁ(én_e*).

Since @ — 6* a.s. By equation 1D and ergodic theorem for random periodic processes,

vn 0000  \/n 0006 NG

Hence by Proposition |4.2.1,

1 2L,(0) 1 0L,(0°) . 1 [02L,(0) 1 02L,(0%) 1<
7n 7n * 0006 \/n 0800 %_F;Zt 8-

D N0 - 67) —» N(0. %),

t=1

in distribution as n — oo. O
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Simulation Results

For an observed time series, to fit it with ARMA model for random periodic processes,

our estimation procedure is listed below,

1. Assume Y (t) is causal. Consider the corresponding MA(K7) model for random

periodic processes with K7 < w,

Y, = ZT¢j(t)Z(t —9), t=1,--. (5.0.1)

2. Use truncated innovation algorithm to estimate the coefficients of .

3. By (3.3.3) calculate the coefficients of ¢y (t)Z; = > 7" 7;(1)Y (t—j), then use history

data to estimate history noise.

4. For each pair of (p, q) satisfying p + ¢ < K7, calculate the coefficients of the corre-
sponding ARMA(p, ¢) model by (2.2.8)).

5. Determine the order of the most suitable model by model criteria.

In the following sections, we will introduce some model criteria to help us determine the

most suitable model.

80
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5.1 One-step Prediction of ARMA (p,q) Model for

Random Periodic Processes

For the ARMA(p, q) process (2.2.1)), recall the definition of the transformed process
(ct. [5]),

eal(t)y(t)7 = ]-7 , M,

W(t) = (5.1.1)

0o (1) (Y(t) - Z@(t)Y(t - i)) t>m,

where m = max(p, q). We will use this transformed process to find the one-step predic-
tion of the corresponding ARMA process. The autocovariance functions vy of W (t) are

calculated as follows: for t > s,
(i) when t < m, v (t,s) = E[0; ()Y ()0, ()Y (s)] = 0, (£)05 (5)yy (¢, 8);

(ii) when ¢t > m and s < m,

(iii) when s >m and t — ¢ < s,

ywit,s)=E

60 (1) ) 0:()Z(t = )85 (s) ) 0;(s)Z(s — j)]

i=0 §=0

= 01 ()0, (s) Z 0:(t) Z 0;(s)E[Z(t —i)Z(s — j)]

s—t+q

= 0,1 (1)65(s) Z 0115 (t)0;(5);

(iv) when s >m and t —q > s, yw(t,s) = 0.
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Applying the innovation algorithm in Proposition to W (t), one obtains the one-step
predictor W(n + 1) := E[W (n + 1)|a(W(1),--- ,W(n))] as follows,

Wi(n+1) Zb n+1D)(Wn+1—j)—W(n+1-j)) 1<n<m,
(5.1.2)
Wi(n+1) Zb (n+1D)(Wn+1—j)—Wn+1-—7)) n>m,

where the coefficients b;(t) and r, := E[W (t) — W (t)] are calculated by using .
When n > m, W(n+1) only depends on the previous ¢ of W(n+1—j) =W (n+1—j),
the coeflicients b;(t) = 0 for j > ¢. This is because when ¢t —s > ¢, yw(t,s) = 0. For

example,

p
qg+2,1

1
bei(g+3) = = (w (g +3,2) = bo(2)bgralq + 3)v1) = 0

=0

b 3) = - (el 3,3 b D yala-+ 3~ @y g+ ) = WLERD
From the construction of W(t), we have
? = 0<Y(1)7 e 7Y<n)) = U(W<1)= T 7W(n))7
hence
(t)Y (t) 1<t<m
W(t) = E[W(t)|[H™] ( . ) . (5.1.3)
Y(t ()Y (t —1) t>m
Moreover, for t > m, we have
W (t) — W(t)
= 05 (1) (Y(t) =Y Y (t— Z)) — 0 (t) (f/(t) =Y Gt (t - Z))



5.2. ORDER SELECTION CRITERIA 83

together with W () — W (t) = 05 (t)(Y (t) = Y'(t)) for t < m. Therefore, substituting W ()
into 1} we obtain the one-step prediction Y (n + 1) as follows,

(

Y(n+1) Zb n+1D)(Y(n+1—-j) —Y(n+1-7) 1<n<m,
Y(n+1) Z@ n+1)Y(n+1—1i) (5.1.4)
—i—ij(n—i—l)(Y(n—i—l—j)—Y(n—i—l—j)) n>m,
\ A

and

EY(n+1)—Y(n+1)P?=602n+DEWn+1)—W(n+1)? =602+ 1Dr. (5.1.5)

5.2 Order Selection Criteria

In this section we recall the standard AIC, AICc and BIC criteria for model selection.
First we introduce the computation of the likelihood of ARMA (p,q) process. We will use
them to verify our model selection. Examples will be given in the next section.

According to the idea in [12], we assume {Y'(t)} is Gaussian process. For Y, :=

(Y(1),---,Y(n))", denote T, := E[Y,'Y,], the likelihood is
n 1 ]_
L= (2m) 2(detT,) 2 exp(—iynTern).

The determinant and inverse matrix of I',, can be represented by the parameters b and
v calculated by the innovation algorithm. Set C., := [b;_;(i)]}';—,, where define by(i) = 1
and b;_;(i) = 0 for i < j. Also set D,, := diag(vy,vs,--- ,v,). Then the innovation

representation of Y'(¢) can be represented as

Then we have Y,, = C,(Y,, — f’;) Multiplying Y,, and taking expectation of both sides,

we have

A

r, =EY,Y,] = C.E[(Y, - Y,)(Y, - ¥,)"|c! = C,D,CL.

Hence

det T, = (det C,,)*(det D,,) = v1vg - - - ¥y,
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and

Y TY,
— (Y, — ¥,)"CT(C.D,CT) Co(Yr — Vi)
= (Y, - Y,)'D;}(Y, - Y,)

1 Y (i
=Z( DR (U

=1 v
Therefore the likelihood function is rewritten as

Y (Y () ~ Y (0)*

L= (2m)"2 (vyvy-- ‘vn)’% exp(— 5
Uy

).

For a pair of (p, q), we calculated the corresponding parameters @ and 6, then we can use
the innovation algorithm and 1} to calculate Y. Therefore the likelihood L is regarded

as a function of ¢ and 6,

L(6.0) = (2) (Bu(1) - 6u(m))(rara - 1,)F exp (J > O =) )

The log-likelihood function is

InL(¢,6) = ——ln 2r) Zln 0o (4) ! > - li () _,Y(i))z.

S 2 — 2 = 02(i)r;

When computing the likelihood of {Y'(¢)} by computer, we usually use the log-likelihood
form in order to avoid the divisors being too small to be recognized as zero.

Although {Y ()} are not i.i.d. and not Gaussian, we can also use the likelihood function
as a measure of choosing the parameters by maximizing it.

The AIC (Akaike Information Criterion) is first introduced by statistician Hirotugu
Akaike in [I]. It is using the likelihood of model with different parameters to estimate
the relative information loss by such model. The model with the smallest AIC value is
chosen. However, when the sample size is small, there is a tendency that AIC will overfit
the models, that is, it will prefer model with larger parameters. The AICc was developed
with a more strict penalty term for large number of parameters for small sample sizes.
We will see that as the sample size n — 0o, AICc¢ will tend to AIC. The BIC (Bayesian

Information Criterion) is another criterion with larger penalty term. The formulas of these
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three criteria are as follows,

AIC(¢,0) = 2k — 2In(L),

2k% + 2k

and

BIC(¢,0) =In(n)k — 21n(L),

where k is the number of parameters in the model.

5.3 Simulation Procedure

For the ARMA model for random periodic processes, we analyze the asymptotic be-
haviours of the coefficients and give the corresponding optimisation algorithm in the
previous sections. We aim to write it as a computer programme and realize inputting
new data one by one and outputting prediction results as soon as possible, i.e. machine
learning. In the following sections we give two examples of simulation and in the appendix
we give the main functions written in R language which we used in the simulation.

To do simulation with the ARMA model for random periodic processes, inspired by
the idea of machine learning, we set the procedure of estimation in three stages. The
first stage is to estimate w in the sample autocovariance function. This stage will end if
the autocovariance function with respect to w shows convergence tendency. In the second
stage we estimate the coefficients of MA (K1) model for random periodic processes based
on the truncated innovation algorithm, we will see that K is chosen to be 1 in most
of the cases. We will use model fit criteria to compare each ARMA(p,q) model with
p+ q < K7 and choose the one with smallest value of model fit criteria. Recall that we
will use MA (K1) model to obtain the corresponding AR(m) model and use it to estimate
the history noise by data we have already known. We will test which m is suitable in the
third stage. The procedure is to predict by ARMA(p, ¢) model we choose in the second
stage with the history noise estimated by AR(m) model and compare the result with the
real data. We choose the m which minimizes the mean-square error between predicted

data and the real one.
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5.4 Example of Temperature

Many business activities and people’s livelihood are influenced greatly by weather,
for example, energy production and consumption, agricultural commodities production,
airline passengers and among others. Even accident deaths may be influenced by ex-
treme weather conditions. Nowadays, people are establishing new type of security called
weather derivatives to help hedging their risks against weather-driven poor performance
of business activities. The payoffs of these instruments may be linked to various weather-
related variables, including heating degree days, cooling degree days, maximum tempera-
ture, minimum temperature, humidity, sunshine and precipitation (rainfall, snow-fall) etc.
(Campbell et al. [14]). The market of weather derivatives grows rapidly in America, and
has great potential in Europe. Weather forecasting is getting more and more crucial to
guiding people’s activities and even to government, like setting disaster prevention budget

such as snow-removal cost.

People are seeking methods to modelling the daily temperature. Temperatures in differ-
ent cities probably need different fitting models. Dornier and Querel [15] proposed a mean-
reverting Ornstein-Uhlenbeck stochastic process to model the daily temperature. Some
extensions of this model type were studied later. Alaton et al. [2] studied the Ornstein-
Uhlenbeck model and observed that the quadratic variation o?(t) is nearly constant over
each month in the data set. They chose a piecewise constant function to represent the
monthly variation in volatility. However, a statistical test for the normality of the residuals
was not provided. Brody et al. [I3] suggested a fractional Brownian motion replacement,
and Benth et al. [6] suggested a Lévy process replacement. They also suggested to use
an autoregressive conditional heteroscedastic (ARCH) dynamics with seasonal and cycle
components to describe the residuals. Also, Campbell et al. [T4] studied the non-structural
model to estimate temperature of seven cities in America. They emphasized the capacity

of long-horizon forecasting of the model.

In this thesis we try this mean-reverting stochastic process model described in Benth et
al. [7] to model the daily temperature case and compare the result with that of our periodic

ARMA model. Suppose the mean monthly temperature 77 (¢) satisfies a deterministic
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function of time ¢,

T (t) = A+ Bt + Ccos(wt + ¢). (5.4.1)

As temperature T'(t) varies along its mean value, it is modelled by a stochastic process

solution of the following SDE
dT(t) =dT™(t) — [a(T(t) — T™(t))] dt + o (t)dW (t).

The term d7™(t) guarantees that the process really reverts to the mean 7™ (t) (Alaton et

al. [2]). The explicit solution is given as
t
T(t) = T™(t) + [T(0) — T™(0)] e~ + / o ()= dT (s).
0
Discretizing the equation, we obtain
Tt+1)-T(t)
t+1
= T 1)+ IO T 5 [ e 1w ) —
0
t
+[T(0) —=T™0)] e + / U(s)e“(ts)dW(s)}
0

+e

= [T"t+1)=T™t)] - (1 —e e “[T(0) —T™0)] — (1 — ea)/o o(s)e " aW (s)
1 o(s)e” =9 qW (s)

T _

t+
t

t+1
= [T"(t+1)=T"#)] — (1 —e e ™[T(t) —T"(t)] + 6_“/ o(s)e = dw (s).
t
Approximating the integral part, we have
t+1
e_“/ o(s)e”NaW (s) = e ()W (t+ 1) — W(t)].
t

Let T'(t) := T(t) — T™(t), then we consider the following model
T(t+41)=¢T(t)+6(t)Z(), (5.4.2)

where ¢ 1= e™?, &(t) := e %0(t) and Z(t) ~ N(0,1). One can use ARMA(1,0) model to
estimate the coefficient ¢ first. 5(¢) can be estimated from the squared residuals.
Daily temperature can be seen as a good example of random periodic process in real

life. If we eliminate the first order trend term A + Bt from the original data, consider the
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average temperature 7" (t) and o(t) satisfying periodic functions of ¢, then the solution
T(t) is a random periodic solution of SDE. Later we will see the periodicity of o(t) by
autocorrelation function of squared residuals of model .

The data set we used in this example is the daily maximum temperature of central
England obtained from Met Office. The range of the data process is 140 years from Jan.
1878 to Dec. 2017 with length 51100 and period 365. We eliminate every 29th Feb from
the sample in leap years. Part of the data is plotted below. Daily CET values are expressed

in tenths of a degree.

Daily Maximum Temperature in Central England
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Figure 5.1: Central England Temperature.

We use (5.4.1)) to estimate the mean of daily maximum temperature. The regression

result we obtained and the plot are displayed below,
2
T™(t) = 124.3 + 2.853¢ 4 — 0.72233008(%25 +24.8). (5.4.3)

The coefficient of first order term seems to play a crucial role in the process. In average the
temperature of central England will rise around 0.1 °C every ten years. Such trend increase
may due to the Greenhouse effect, or development and air pollution which increase the

urban temperature in general.
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Figure 5.2: Estimated mean values of daily maximum temperature.
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Figure 5.3: De-seasoned values of the daily maximum temperature.
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Figure displays the estimated average maximum daily temperature by in red
curve. It approximately describes the evolution of daily temperature around an average.

Figure |5.3| shows the de-seasoned values of the daily maximum temperature. There is
no obvious trend or non-stationary pattern shown in the figure. Augmented Dickey-Fuller
test rejects the non-stationary hypothesis with p — value = 0.01. Since we will use the
sample from 40151 to 43800 to estimate the coefficients of ARMA(p, ¢) model for random
periodic processes later, here we only use this slot of time to estimate AR(1) model in
order to keep consistent with ARMA model for random periodic processes with respect

to each quantities. The result is shown below. This gives us the estimated value of ¢ in
(5.4.2)) is 0.7768.

Call:
arimalx = data_tr[c(40151:438@@3], order = c(1l, @, @))

Coefficients:
arl 1intercept
B.7768 1.4581
s.e. B.0le4 1.4609

sigmarZ estimated as 388.9: 1log likelihood = -16862.64, aic = 32131.29

Figure 5.4: AR(1) model of de-seasoned temperature.

Figure 5.5/ and shows the autocorrelation functions for residuals and squared resid-
uals of AR(1) model. The first several lags of the autocorrelation functions for residuals
is significant beyond the confidence bounds of zero, which shows that a higher-order au-
toregression model may be taken consideration. The autocorrelation functions for squared
residuals displays a slight periodic pattern, which reveals a time dependency in the vari-

ance of the residuals.
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ACF for Residuals of AR(1) ACF for Squared Residuals of AR(1)
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Figure 5.5: Autocorrelation function for resid-Figure 5.6: Autocorrelation function for

uals. squared residuals.

We use the following method described in the paper of Benth et al. [7] to estimate
7 (t). First we calculate the empirical values of variance by averaging the squared residuals
in each day. This gives us 365 values. Then we use a Fourier series of lag 4, i.e. ,
to fit the empirical values. The results is shown in Table and Figure [5.7 We observe
that the estimated variance by Fourier series shows slight oscillation, which matches the
appearance of the autocorrelation function of squared residuals. One may consider the

variance to be constant within allowed range of error for simplicity.

. 2m 27 47 4 6
53 (t) ~ 018111(%75) + D1COS(365 )+ C’231n(365 )+ DQCOS<365 )+ C’gsm(%t)
6T 8T 8T
+ Dgcos(365 )+ C’4sm(ﬁt) + D4COS(%® +C. (5.4.4)

Table 5.1: The coefficients of Fourier series.
C o Cy Cy Cy D, D, Ds D,

388.90 42.10 -57.86 -19.57 49.67 -16.84 41.98 11.59 10.59
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Estimated Variance of Residuals
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Figure 5.7: Estimated variance of residuals.
One-step Forcasting by SDE_AR(1) Model
| Real
e | Fcrecasti*g
'n —
(3] |
o . | I
= il
o == | L [ !
© n | '
o - [ | |
E | f
[ - 1 Ik I I\
a !
o | 1
[T+] !
o |
T T
1999 2000
Year

Figure 5.8: One-step forecasting result of SDE-AR(1) model.
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We then make forecasting by SDE-AR(1) model (shown in green curve) in Figure
and compare with the observed data plotted in black curve from time 43801 to 44300. We
use the following formula to calculate the relative error between the real data vector T'(t)

and the forecasting vector T'(t):
erp = = ’T(t)A_ T(t)l - (5.4.5)
<|T(t)| >

Then the relative error for this model is 3.5994%.

Campbell et al. [14] studied the autoregression model with residuals described by
Fourier series. In some other cases in the early research people gave several ARMA-based
models with residuals described by more complicated models, such as ARCH series or
Lévy process. But further research showed that these complicated residuals model will
add complexity for further price modelling for weather derivatives based on such model.
In this thesis we only compare the ARMA model for random periodic processes with
the classical ARMA model. For specific applications, one can also consider adding more
complicated term in the ARMA model for random periodic processes if necessary.

Now we start to estimate the ARMA model for random periodic processes for this
sample. In order to use random periodic process to describe the data, we first eliminate

the non-periodic trend component by using the least square estimation (1.1.1]).

> 1lml
Call: e
Im(formula = data_daily ~ t) Call:
Im(formula = data_daily ~ t + I{tA2))
Coefflicients: :
{Intercept] + Coefficients:
(Intercept) t ICtA2)
1.241e+82  2.915e-04 1.254402  1.450e-04  2.866e-09
Figure 5.9: LSE of first order. Figure 5.10: LSE of second order.

We ignore the second-order coefficient, but the first-order is crucial to the trend of
process, which is consistent with the result of the estimated mean values of temperature.
After eliminating the trend component, we calculate the sample mean and sample auto-
covariance at different time points in one period to estimate the value of w. One sample

of the results are shown below.
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Sample Mean of Temperature Sample Autocovariance
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Figure 5.11: Sample mean of temperature. Figure 5.12: Sample autocorrelation w.r.t. w.

Figure shows the plot of 4(50001,50001) with respect to N. We observe that he
sample mean has a cosine pattern but with some small fluctuation and little difference
between different cycles. We also observe that after around 100 the autocovariance func-
tions tend to converge. Hence we set w = 110 for this case. Since the value of period is
far larger than that of w, and the total number of cycles in the sample is less than the
period, we observe that the truncated innovation algorithm is hard to achieve. For this
special case, we use the original innovation algorithm instead. And in order to avoid the
singularity of the sample covariance matrix, we set

w—1
1

which makes the large-distant sample autocovariances tend to zero and guarantees the
non-singularity of covariance matrix. We then use sample from 40150 to 43800 in the
innovation algorithm. The plot of mean-squared error v; is shown in Figure [5.13

We observe that 0, shows similar pattern with the estimated variance by squared
residuals in SDE-AR(1) model. The average of ¢, described in red curve in Figure is
smaller than the estimated variance 52(t) in in green one, which may be resulted
by the periodic coefficients of autoregression part which matches more suitable to the

sample than the constant coefficients.
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Mean-squared error Average Mean-squared Error
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Figure 5.13: Mean-squared error of innovation Figure 5.14: Average mean-squared error.
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Figure 5.15: Autocorrelation function. Figure 5.16: Partial autocorrelation function.

Specifically, for an AR(1) process, the sample autocorrelation function should have an
exponentially decreasing appearance. However, higher-order autoregressive processes are
often a mixture of exponentially decreasing and damped sinusoidal components.

According to the autocorrelation function and the partial autocorrelation function for
the de-trended process with mean eliminated in Figure and , we search AR(p)

model for random periodic processes to fit the sample. By the performance of the autocor-
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relation functions for residuals and squared residuals, we choose AR(1) model for random

periodic processes for this sample.

Series d_res Series d_res”2
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|
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0 200 400 600 800 1000 0 200 400 600 800 1000

Figure 5.17: Autocorrelation functions for Figure 5.18: Autocorrelation functions for

residuals. squared residuals.

The slightly periodic pattern of autocorrelation functions for squared residuals reveals
the consistent with periodicity of ¢, and 6, (t). The autocorrelation function for residuals
shows that a higher-order of autoregression may be taken into consideration. But further
calculation shows that there is not much improvement of adding more terms in the model.

Hence we still choose AR(1) model for random periodic processes for this example:
[T'(t) = m(t)] — o1(t) [T'(t = 1) — m(t — 1)] = Oo() Z(t). (5.4.6)

The values of ¢4 (t) and 6y(t) will not be given in this thesis as the length of the coefficients
matrix is too big.

Figure shows one sample of the forecasting result of AR(1) model for random
periodic processes. The relative error between observations and predictions is 2.7425%,

which is a bit smaller than that of SDE-AR(1) model.
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One-step Forcasting by peirodic AR(1)
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Figure 5.19: One-step forecasting result of AR(1) model for random periodic processes.

For comparisons, we search for suitable ARIMA model for de-trended and de-seasoned
data data_tr by function auto.arima in R, which gives us the result shown in Figure [5.20]

The autocorrelation function of residuals for ARIMA(2,0,2) model in Figure is
almost within the confidence interval of zero, which is satisfactory. But the autocorrelation
function of squared residuals in Figure |5.21| shows small periodic pattern, which implies
the variance of noise may depend on time.

Although the autocorrelation function and partial autocorrelation function of residuals
give quite satisfactory result, the forecasting given in Figure [5.23]is not more satisfactory,
and the relative error is 5.7639%, which is much bigger than that of the AR(1) model for
random periodic processes. Shapiro-Wilk normality test rejects the normality hypothesis
of residuals with p — value = 1.791e~" in addition to the autocorrelation function of
squared residuals. That is to say, the residuals are not ” white noise”, which implies that
there is still some information about temperature in the residuals which ARIMA model

fails to figure out.
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Series residuals(d_fit1)"2

s}
=
o
o
> d_fitl % g
Series: ts(data_tr[c(40151:4380031) =y
ARIMACZ,@,2) with zero mean
<
Coefficients: :g
arl arz mal maz2 ' T T T T T T
1.6047 -0.6214 -0.7876 -8.1111
s.e. ©.0529 0.9448 @.8542 0.0217 0 200 400 600 800 1000
sigmarZ estimated as 385.8: log likelihood=-16045.84 Lag
AIC=32101.67 AICc=32101.69 BIC=3213Z.68
Figure 5.20: ARIMA(2,0,2) model. Figure 5.21: Autocorrelation function for

squared residuals.
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Figure 5.22: Residuals of ARIMA.
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One-step Forcasting by ARIMA(2,0,2) for De-trended and De-seasoned Dat
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Figure 5.23: Forecasting result of ARIMA(2,0,2) model.

5.5 Example of SDE

We continue with the example of random periodic solution of SDE. From Figure [2.11
we set w = 650. Hence the first stage of estimation is from 1 to 13000. The length of the
second stage is set to be 4000 after practising several times, i.e. from 13000 to 17000. And
we aim to use the last 1000 data to do the prediction.

We observe that there will be extreme points of mean-square error 0(¢) when K is
chosen too large, for example in Figure we take w = 5 and there are several near-
sigular points. We find that in application K usually is 1. In Figure we plot v(t) after
applying the truncated innovation algorithm with K = 1 and w = 650. One can observe
that (t) shows periodic pattern clearly. We plot d(t + (i — 1) x 20) and by,(t + (i — 1) x 20)
for each point ¢ in one periodic, and choose the converged value to determine v(t) and

Y (t). One example of time 1 is shown in Figure and
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Mean-square error v(t) with K=5 Mean-square error v(t) with K=1
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Figure 5.24: 0(t) with K=5 and w=650. Figure 5.25: 0(t) with K=1 and w=650.
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Figure 5.26: 9(1 + (i — 1) x 20). Figure 5.27: b1 (1 + (i — 1) x 20).

For each pair of (p,q) with p > 0,¢ > 0,p+ q < K7, calculate the coefficients of the
ARMA (p, q) model for random periodic processes by 1,5(15) and then calculate the model
fit criteria. Also calculate them for the MA(20) model for random periodic processes. We
found that the MA(20) model for random periodic processes has the smallest value of
model fit criteria. Hence we use it to do model prediction. For 0 < m < K7, calculate
the coefficients of each corresponding AR(m) model for random periodic processes and
use this model to estimate the history noise by history data. To find the proper value for

m, we define Y,, as the predicted value of the corresponding AR(m) model for random
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periodic processes and choose m* which minimises the following error

t=1
For this example m* = 12. We found that not the larger m causes the better prediction
result. One sample of the forecasting result by the MA(20) model for random periodic
processes is given in Figure [5.28] The relative error between the predictions and the
observations is 24.18%. The relative error is quite large since the absolute value of sample

is too small.

One-step Forecasting by Periodic MA(20) Model

Y(t)

-0.2 00 02 04 068

' L

| T T | | T |
17000 17100 17200 17300 17400 17500

-0.4

Figure 5.28: Forecasting result by periodic MA(20) model.

In comparison we apply auto.arima function in R to simulate the sample by ARIMA
model with season parameter in the function to be TRUE. The auto.arima function
searches through combinations of order parameters and picks the set that optimizes model
fit criteria AIC, AICc, and BIC. The result is shown in Figure In Figure [5.30] the
function tsdisplay tests the residuals of the given model and displays the ACF and PACF
plots of the residuals. If the model order parameters and the structure are correctly

specified, there should be no significant autocorrelations of residuals present.
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> v_fit_no_holdout
Series: ts{data_v1[c(130@1:17@08)7)
ARIMACZ ,@,3) with zero mean

Coefficients:
arl ars mal maZd ma3
1.8614 -9.9550 -1.0306 ©.@2838 ©.1881
s.e. ©.8835% 0.80859 @.0184 ©.8215 0.8133

sigmarZ estimated as @.0@5887: log likelihood=4887.23
AIC=-976Z2.46 AICc=-976Z2.44 BIC=-9724.69

Figure 5.29: The results of function auto.arima for original data.
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Figure 5.30: Test of residuals by ARIMA(2,0,3).

The function auto.arima gives ARIMA(2,0,3) model for this sample. But the auto-
correlation function of residuals shows that there are more parameters expected to add
in. We forecast next 500 data by ARIMA(2,0,3) model and the result is shown in Figure
[5.31] The relative error is 37.40%, which is much bigger than that of the MA(20) model

for random periodic processes.
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One-step Forcasting by ARIMA(2,0,3) Model

— Real
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Y(t)
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Figure 5.31: Forecasting result by ARIMA(2,0,3) model.

Next we consider SDE-AR model for this example according to the construction of

the data set. The solution of this SDE is (integral from zero to t)
t t
X(t)=e™X(0) —|—/ e (=) sin(ﬂs)ds+/ o(s)e ™= dW,
0 0
where o(t) := 0.1 + 0.3sin(nt). Then

t+1 t+1
X(t+1)=e"X(t) + e_”/ e ™ sin(s)ds + e_“/ o(s)e ™= dW,.
t t

Set X (t) := X (t) — [s- (sin(t) — cos(wt))], and by similar approximation of the integral

of Brownian motion, we have
X(t+1) ~e™X(t)+e o(t)e, (5.5.1)

where ¢, ~ N(0,1). This approximation of the solution implies us to establish AR(1)

model with periodic-variance noise for the sample data as
[(X(t) —s(t)] =@ [X(t = 1) —s(t = 1)] = Z(1), (5.5.2)

where Z(t) ~ N(0,(t)).
To estimate the mean value of X (), we do regression to the sample set to fit the

following function:

2 2
—Wt) + B cos(—ﬁt) +C.

5(t) = Asin( 50 50
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The regression result is shown in Table The plots of estimated mean values and

de-seasoned values of X (t) = [X(t) — s(t)] are in Figure and

Table 5.2: The coeflicients of 5(¢).
A B C

0.158867 - 0.161542 -0.002256

Estimated Mean Values De-seasoned Values

R
<t b
o | o
— - — L=
g . s S
S X o
i S 7
< | = |
? T | | T T 1 e T | | | | |
0 50 100 150 200 250 300 0 50 100 150 200 250 300
t t
Figure 5.32: Estimated mean values. Figure 5.33: De-seasoned values.

Call:
arima(x = data_vr[c(13001:170@@)], order = c({1, @, B))

Coefficients:
arl 1intercept
@.7458 @.8858
s.e. B.@81e5 @.8041

sigmarZ estimated as ©.804411: log likelihood = 517@.93, aic = -18335.86
Figure 5.34: The results for SDE-AR(1) model.

Then we use AR(1) model to fit the X (¢) ranging from 13001 to 17000. Figure
shows that the estimated value of ¢ is 0.745, which is close to the real value e~™/10,
The period of the original process is two, but for the sample the period is 20, hence the

frequency is 7/10, which is consistent with model (5.5.1) as well.
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Figure 5.35: ACF for residuals.
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Figure 5.36: ACF for squared residuals.

Estimated Variance of Residuals
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Figure 5.37: The estimated variance of residuals.
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The autocorrelation function for residuals in Figure |5.35[shows that the residuals may
be regarded as independent with each other, while the autocorrelation function for squared
residuals in Figure |5.36|shows that there is significant time dependence in the variance of
the residuals.

We use the same method stated in example of temperature and plot the estimated
variance in Figure with comparison of the mean-squared error ¢, (red curve) calcu-

lated by truncated innovation algorithm and e™™ (0.1 +0.3 sin(—%—gt + &)) (green curve)

iy

5oz is introduced here since the sample

in original solution of this SDE. A phase angle
is taken discretely and there may be some offset with respect to the original process.
We observe that the patterns are similar. Since we approximated the integral part of the
solution, the green curve may not be considered as the exact standard of the variance,
but a good contrast.

Then we use SDE-AR(1) model to forecast next 500 data (represented by green curve)
and compare with the observed values (represented by black curve) from 17001 to 17500 in

Figure|5.38] The relative error between the forecasting and the observed values is 22.07%,

which is smaller than the previous two models.

One-step Forcasting by SDE_AR(1) Model

— Rea
— SDE

X(t)

-0.2 00 02 04 06

-0.4

I | 1 I [ I I
17000 17100 17200 17300 17400 17500

Figure 5.38: Forecasting result by SDR-AR(1) model.

Inspired by the form of the solution, we consider the AR(1) model for random periodic
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processes as follows,
[(X(t) = m(t)] — ¢u(t) [X(t = 1) —m(t —1)] = Oo(£) Z(1), (5.5.3)

where m(t) is the sample mean by and Z(t) ~ N(0,1). The values of coefficients
o (t) is given in Table . We observed that these values are around the real value e=™/10,
and the volatility of these values is quite large in Figure[5.39] One sample of the forecasting
result of the AR(1) model for random periodic processes is shown in Figure m The
relative error is 25.36%), which is a little bigger than that of SDE-AR(1) model. It may be
better to set qZA>1 (t) to be constant. This example inspires us to study the determination

criterion for periodicity in real world cases.

Table 5.3: The coeflicients of periodic AR(1) model.
o) 01(2)  61(3)  1(4)  a(5)  d1(6) (7)) ¢1(8)  d(9)  $:1(10)
0.6815 0.6951 0.6731 0.7322 0.7395 0.7435 0.7040 0.6952 0.7160 0.7320
P1(11)  ¢1(12)  ¢1(13) é1(14) @1(15) ¢1(16) ¢1(17) ¢1(18) 1(19) ¢1(20)
0.7166 0.7255 0.7359 0.7577 0.7040 0.7327 0.7237 0.7388 0.7193 0.7059

Values of Coefficients of Periodic AR(1)

0.74
|

phi(t)
|

0.70
l

0.66
|

r 1.1 1. 1 1. 11 1 1.1 1.1 1T T T T T T 1
13001 13151 13301 13451 13601 13751 13901

Figure 5.39: Estimated values of ¢ (t).
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X(t)
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-0.4

One-step Forcasting by peirodic AR(1)
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— pAR

17000 17100 17200 17300 17400

Figure 5.40: Forecasting result by periodic AR(1) model.
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Appendix A

R Language Code

# Calculating the covariance of data between time t and s with s<=t
rCovariance<—function (data, period ,t,s ,w){
scov <— 0
temp <— s—(w—1)*period
if (temp<1) stop(” There_isn ’t_enough_backward_data”)
for (i in 0:(w—1)){
scov <— scov+data[t—ixperiod|*data[s—ixperiod ]
¥
scov<—temp/ (w—1)
return (scov)
}
# Truncated Innovation algorithm
rInno<—function (data, period ,s,t ,w,K){
N <— t—s
scov <— array (0,c(N,N))
for (i in 1:N){
for(j in 1:1){
scov|[i,j] <~ rCovariance(data,period ,s+i,s+j,w)
}
}
dtheta <— array (0,c(N,N))

v <— numeric(N)

109
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v[1l] <= scov[l,1]
dtheta[l,1] <— scov[2,1]/v[1]
v[2] <= scov[2,2] — dtheta[l,1]"2xv[1]
for(n in 2:(Kxperiod)){
dtheta [n+1,n] <— scov[n+1,1]/v[1]
for(k in 1:(n—1)){
temp <— 0
for(j in 0:(k—1)){
temp <— temp + dtheta[k+1,k—j]|*dtheta[n+1,n—j]*v[j+1]
}
dtheta [n+1,n—k] <— (scov[n+1,k+1]—temp)/v[k+1]
}
temp <— 0
for(j in 0:(n—1)){
temp <— temp + dtheta[n+1,n—j] 2x%v[j+1]
}
v[n+1] <— scov[n+1,n+1] — temp
if (v[n+1]==0){
cat ("v(” ,s+n+1,”)_is_zero.”)

break

}
for (n in (Kxperiod+1):(N—1)){
for (k in (n—-Ksxperiod):(n—1)){
temp <— 0
if (k <= (Ksperiod)){
for(j in 0:(k—1)){
temp <— temp + dtheta[k+1,k—j]*dtheta[n+1,n—j]=*v][]j+1]
}
dtheta [n+1,n—k] <— (scov[n+1,k+1]—temp) /v [k+1]
}
else{

for(j in (kKsperiod):(k—1)){
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temp <— temp + dtheta[k+1,k—j]|*dtheta[n+1,n—j|*v[j+1]

}

dtheta[n+1,n—k]| <— (scov[n+1,k+1]—temp)/v[k+1]

}
temp <— 0
for(j in (nXKxperiod):(n—1)){
temp <— temp + dtheta[n+1,n—j] 2%v[j+1]
¥
v[n+1] <— scov[n+1,n+1] — temp
i (v[n4+1]==0){
cat ("v(” ,s+n+1,”)_is_zero.”)

break

}

result<—list (scov=scov ,dtheta=dtheta ,v=v)

return(result)

}

# For any (p,q) such that p+q<=K\tau, calculating phi and theta by psi
# p,q are not zero, and p+q<=Kxperiod
coeff_parma <— function (period ,p,q,K, psi,v){
phi <— array (0,c(period ,p))
theta <— array (0,c(period,q))
if (p>=(q+1)){
for(t in 1:period){
t1l <— t+Kxperiod
A <~ array (0,c(p,p))
b <— numeric(p)
if ((2+#p—1)<=(Kxperiod)){
for (i in 1:p){
b[i] <— psi[t,p+i—1]
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else{
for (i in 1:(Kxperiod+1-p)){
b[i] < psi[t,p+i—1]

}
s <— (t1-p)P%period
if (s==0) s < period
All,p] <= v[s]
for (i in 2:p){

Ali,p] <— psi[s,i—1]
}
for (j in 1:(p—1))

s <— (tl—j ) %period

if (s==0) s <— period

if ((Kxperiod+j—p+1)>=p){

for(i in 1:p){
Ali,j] <= psi[s,p-1+i—j]

}

}

else{
for(i in 1:(Kxperiod+j—p+1)){

Ali,j] <= psis,p—1+i—j]

}

}

}

if (det (A)==0){
cat (" The_determinant_of” ;t,” _is._zero.”)
break

}

phi[t,] <— solve(A)%+%b

t2 <~ t-1

if (t2==0) t2 <— period

theta[t,1] <— psi[t,1] — phi[t,1]*v[t2]
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if (g>1){
for(j in 2:q){
temp <— psi[t,j]
for(i in 1:(j—1)){
s <— (t1—i)%period
if(s==0) s <~ period
temp <— temp — phi[t,i]*psi[s,j—i]
}
s <— (t1—j Yperiod
if (s==0) s <— period
theta[t,j] <— temp — phi[t,]j]=*v][s]

}
else if(p==1){
for(t in 1:period){
t1 <~ t-1
if(t1==0) t1 <— period
phi[t,1] <— psi[t,q+1]/psi[tl,q]
theta[t,1] <— psi[t,1] — phi[t,1]*v[tl]
(1)
# theta[t,1] <— psi[t,1] — phi[t, 1]xv][t]l]
for(j in 2:q){
theta[t,j] <— psi[t,j] — phi[t,1]*psi[tl,]—1]

}

else({
for(t in 1:period){
tl <— t+Kxperiod
A <~ array(0,c(p,p))
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b <— numeric(p)
for(i in 1:p){
b[i] <— psi[t,qgt+i]
}
for(j in 1:p){
s <— (tl1—j ) %period
if (s==0) s<—period
for (i in 1:p){
Ali,j] < psi[s,qHi—j]

}
if (det (A)==0){
cat (”The_determinant_of” ;t,” _is_zero.”)
break
}
phi[t,] <— solve (A)%+%b
t2 <— t-1
if (t2==0) t2 <— period
theta[t,1] <— psi[t,1] — phi[t,1]*v[t2]
for(j in 2:p){
temp <— psi[t,j]
for(i in 1:(j—1)){
s <— (t1—i)%Yperiod
if (s==0) s <— period
temp <— temp — phi[t,i]|*psi[s,j—i]
}
s <— (t1—j )Pperiod
if (s==0) s <— period
theta[t,j] <- temp — phi[t,j]*v[s]
}
if (g>p){
for (j in (p+1):q){

temp <— psi[t,]]
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for(i in 1:p){

s <— (t1—i)%period

if(s==0) s <— period

temp <— temp — phi[t,i]*psi[s,j—i]
}

theta[t,j] <— temp

}

result<—list (phi=phi,theta=theta)

return(result)
¥
# Innovation algorithm for Wt with p,q not zero.

rIlnno W <— function(data, period ,s,t,scov,p,q,phi,theta,v){

N <~ t—s
scov W <— array (0,c(N,N))
# Calculate the covariance of Wt
for (i in 1:m){
I <— (s+i)%period
if (I==0) I <— period
for(j in 1:1){
J <~ (s+j )%period
if (J==0) J <— period
scov W[i,j] <= scov[i,j]/(v[I]*v[J])

}
for (i in (m+1):N){
I <~ (s+i)%period
if (I==0) I <— period
for(j in 1:m){
J <— (s+j )%period
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if (J==0) J < period
temp <— scov[i,]]
for(k in 1:p){

temp <— temp — phi[I k]*scov[i—k,]]

}
scov W[i,j] <— temp/(v[I]*v[J])
}
for(j in (m+1):i){
if (j=i){
temp <— v[I]"2
for (k in 1:q){
temp <— temp + theta[I k]2
}
scov W[i,i] <— temp/(v][I]"2)
}

else if ((i—j)<q){
J <~ (s+j)%Jperiod
if (J==0) J <— period
temp <— theta[I,i—j]|*v][J]
for(k in 1:(j—i+q)){
temp <— temp + theta[I,i—j+k]|xtheta[J, k]
}
scov W[i,j] <— temp/(v[I]*v[J])
}
else if ((i—j)==q){
scov W[i,j] <— theta[I,q]/v[I]

}
for (i in 1:(N—-1)){
for(j in (i+1):N){
scov W[i,j]| <— scov W[j,i]
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}

# calculating the coefficients b
dtheta <— array (0,c(N,N))
v <— numeric(N)
v[1l] <— scov W[l ,1]
dtheta [2,1] <— scov W[2,1]/v][1]
v[2] <= scov W[2,2] — dtheta[2,1] 2%v[1]
i f (m>=2)]
for(n in 2:m){
dtheta[n+1,n] <— scov W[n+1,1]/v[1]
for(k in 1:(n—1)){
temp <— 0
for(j in 0:(k—1)){
temp <— temp + dtheta[k+1,k—j]|*dtheta[n+1,n—j|=*v[j+1]
}
dtheta [n+1,n—k] <— (scov W[n+1,k+1]—temp) /v [k+1]
}
temp <— 0
for(k in 0:(n—1)){
temp <— temp + dtheta[n+1,n—k]" 2%v[k+1]
}
v[n+1] <~ scov W[n+1,n+1] — temp
if (v[n+1]==0){
cat ("v(” ,s+n+1,”)_is_zero.”)

break

}
for (n in (m+1):(N-1)){
for(k in (n—q):(n—1)){
temp <— 0
if (k<=q){
for(j in 0:(k—-1)){
temp <— temp + dtheta [k+1,k—j]*dtheta[n+1,n—j]|=*v[j+1]
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}

else{
for(j in (k—q):(k—1)){
temp <— temp + dtheta[k+1,k—j]|*dtheta[n+1,n—j]|*v[j+1]

}
dtheta [n+1,n—k|] <— (scov W[n+1,k+1]—temp)/v[k+1]
}
temp <— 0
for(k in (n—q):(n—1)){
temp <— temp + dtheta [n+1,n—k]|" 2%v[k+1]
}
v[n+1] <= scov W[n+1,n+1] — temp
if (v[n+1]==0){
cat ("v(” ;s4n+1,”)_is_zero.”)

break

}

else{
for(n in 2:(N—1)){
for(k in (n—q):(n—1)){
temp <— 0
if (k<=q){
for(j in 0:(k—1)){
temp <— temp + dtheta[k+1,k—j]|*dtheta[n+1,n—j]|*v[j+1]

}

else{
for (j in (k—q):(k—1)){
temp <— temp + dtheta[k+1,k—j|*dtheta[n+1,n—j]|*v[j+1]
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¥

dtheta [n+1,n—k] <— (scov W[n+1,k+1]—temp)/v[k+1]
}
temp <— 0
for (k in (n—q):(n—1)){

temp <— temp + dtheta [n+1,n—k]|" 2%v[k+1]

}
v[n+1] <~ scov W[n+1,n+1] — temp
if(v[n]:: ){
cat ("v(” ,s4n+1," ) is_zero.”)
break
}

}
result<—list (scov W=scov _W,dtheta=dtheta ,v=v)
return(result)
}
# Function of calculating \hat{Y} from s+1 to t.
Y_predictor <— function(data, period, s, t, p, q, phi, theta, v, b){
m <- max(p,q)
N <— t—s
hat Y <~ numeric(N)
if (m>=2){
for(n in 1:(m—1)){
S <— (s4+n+100%l2
if (S==0) S < 12
for(j in 1:n){

hat _Y[n+1] <— hat_Y[n+1] + b[S,j]*(data[n+1—j] — hat_Y[n+1l—j])

}

for(n in m:(N-1)){
S <— (s+n-+10%l2
if (S==0) S <— 12
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for(i in 1:p){
hat _Y[n+1] <— hat_Y[n+1] + phi[S,i]*data[n+1—i]
}
for(j in 1l:q){
hat Y[n+1] <— hat_Y[n+1] + b[S,j]*(data[n+1-j] — hat_Y[n+1-j])

}

else{
for(n in 1:(N—1)){
S < (s+n+10%12
if (S==0) S <— 12
for(i in 1:p){
hat _Y[n+1] <~ hat_Y[n+1] + phi[S,i]|xdata[n+1—1i]
}
for(j in 1l:q){
hat Y[n+1] <~ hat_Y[n+1] + b[S,j]*(data[n+1—j] — hat_Y[n+1—j])

}
return (hat_Y)

¥
# Likelihood function

log L <— function(data,hat_Y,v,r,s,t){
n <— t-—s
L <~ —nxlog(2xpi)/2 — sum(log(v)) — 0.5%sum(r)
for (i in 1:n){
L <~ L-0.5%(data[s+i]—hat_Y[i])"2/(v[i] " 2%r[i])
}

return (L)
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