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Introduction

The analysis of spatial processes has received much attention in recent years and
has been studied in disciplines such as geography, geology, biology, and agricul-
ture [1], [2], [3], [4]. The theory of two-dimensional (2D) systems has been devel-
oped during the past decades [5H9]. The main advantages of 2D ARMA models are
to offer the possibilities: firstly, the use of the numerous algorithms of estimation
parameters of models whose implementation is relatively easy. Secondly, the ability
to realize the recursive processes following a lexicographic path, which is associated
with any quarter plane (QP). Indeed, certain applications of these models such as
in engineering problems, image restoration, texture analysis, image encoding, iden-
tification, and systems modeling are given in [10] and references therein.

2D system identification and parametric representations of 2D stationary random
fields based on parametric 2D AR and ARMA models have received great attention
in a wide range of image and signal processing applications. These applications
include image restoration, image compression, stochastic texture analysis and syn-
thesis, and modeling of 2D data. Also, some problems such as image restoration,
pattern recognition, and texture analysis can be converted to the parameter estima-
tion of 2D series. It is also stated the characterization of 2D, real-valued, discrete,
and homogeneous moving average (MA) random fields is a fundamental problem
that has been encountered in a wide range of signal and image processing areas.
For example, this issue is important, especially in the processing of natural texture
images from the perspective of analysis/synthesis and segmentation purposes. It is
verified thoroughly in [11] that a texture field is considered as a realization of a regu-
lar homogeneous random field with a mixed spectral distribution, and is decomposed
into a sum of two mutually orthogonal components called a deterministic component
and a purely indeterministic component, by using the 2D Wold-decomposition.

Remarkably little attention has been paid to methods for measuring predictability,
whereas predictability provides a succinct measure of a key aspect of series dynam-
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ics and is therefore useful for summarizing the behavior of series, as well as for
assessing agreement between models and data. So, it is natural and informative to
judge forecasts by their accuracy. The extent of a series’ predictability depends,
obviously, on how much information the past conveys regarding future values of this
series; as a result, some processes are inherently easy to forecast, and others are
more difficult. Perhaps the most used measure of predictability is the mean square
error of a "perfect" forecast model. This criterion was used to quantify the quality
of predictors of stationary random fields when the third quadrant is chosen as past
support; see [12,|13].

Typically, the mean square error increases with lead time and asymptotically ap-
proaches a finite value, called the saturation value. The saturation value is compa-
rable to the mean square difference between two randomly chosen fields from the
system. Consequently, all predictability is said to be lost when the errors are com-
parable to the saturation value since the forecast offers no better prediction than a
randomly chosen field from the system. Despite its widespread use, the mean square
error turns out to be a limited measure of predictability.

Some models formulated in real-life applications are nonlinear, their linear approx-
imations can lose a good deal of information, so the forecasts may suffer from in-
accuracy. Indeed, the variability of a process may well depend on the available
information. In recent years, interest in nonlinear models for spatial processes has
grown slowly [14], [15].

This reality has motivated extensive research to relax the assumption of a constant
variance imposed by the traditional linear models. Among the proposed models,
we focus on autoregressive models with coefficients assumed to be not constant but
subjected to random perturbations, called random models of Autoregressive coeffi-
cients (RCAR). These models have special appeal among the non-linear models so
far considered in the statistical literature. RCAR models are a natural generaliza-
tion of constant autoregressive coefficient models AR, where the coefficients vary
over time. Indeed, these models are defined by allowing random additive perturba-
tions of the AR coefficients of ordinary AR models. They were introduced in the
one-dimensional case (1ID-RCAR) by several authors [16]; [17]; [18] and continue to
gain interest [19]; [20]; [21]; [22]; [23].

More recently, attention has been oriented to 2D-RCAR [14]. However, research
activities in this area are still weak and many important problems remain to be
explored such as the estimation of 2D-RCAR model parameters. Indeed, very little
is known about the theoretical properties of these procedures and the resulting es-
timates. An interesting characteristic of random coefficient autoregressive models is
that their second-order properties are similar to those of conditional heteroscedas-
tic models 2D-(G)ARCH. In fact, the 2D-(G)ARCH processes can be regarded as
special cases of the 2D-RCA and these models play a very important role in spatial
econometrics [24]. They can be successfully used with financial data, which are char-
acterized by fat tails and volatility clustering. To explore the relationship between
these two types of models [25]; [26].



Thesis Contributions

In this thesis, we present new original results on estimation and prediction in random
field models.

1. The first contribution is derived in Chapter [2, we focus on two-dimensionally
indexed random coefficients autoregressive models with order 2D-RCAR(p1, p2)
for short. We first develop a maximum likelihood estimation procedure for es-
timating the unknown parameters of 2D-RCAR(p1,p2). Moreover, we prove
that the estimates are strongly consistent. Finally, these results are then ap-
plied to construct efficient estimates in 2D-RCAR model of order (0,1). Then,
a simulation part is given to illustrate the effectiveness and accuracy of the
estimates

2. The second contribution is derived in Chapter [3] we consider a measure of
predictability of a random field following a stationary two-dimensionally in-
dexed autoregressive moving average (2D ARMA). We give a characterization
of equal predictability processes by providing necessary and sufficient condi-
tions, which highlight the role of the coefficients of the moving average (MA)
and the equivalent autoregressive (EAR) representations.

Thesis Organization

This thesis is divided according to the objectives stated above and is therefore struc-
tured into three chapters.

e In Chapter [l we have presented a certain number of preliminaries needed in
the comprehension of the manuscript. In Section spatial ARMA models
are considered using the nonsymmetric half plane and quarter plane ordering
on a lattice of data identifiability conditions and stationarity conditions based
in [27]. Then, the correlation properties for the first-order ARMA model are
discussed, and simple conditions for stationarity of the process are also bor-
rowed from [28]. In Section Definition of the 2D — RCAR processes and
its LLo-structure are given. To the best of our knowledge, the first study of
2D-RCAR models has been well established by (Bibi (2016) [14]. The basic
definitions and results of the second-order properties presented in this section
are borrowed from (Bibi (2016) [14].

Chapter |2|is organized as follows: In section we recall some estimation
methods of spatial ARMA models: Yule-Walker Estimator for the First-Order
Spatial Bilateral AR Model and Exact likelihood function and maximum like-
lihood estimation methods for the first-order spatial ARMA model. In sec-
tion we present new original theoretical results on estimation in nonlinear
random field models. We focus on two-dimensionally indexed random coeffi-
cients autoregressive models with order (pi,ps) € N2,2D — RCAR(p1,p2) for
short. We first develop a maximum likelihood estimation procedure for esti-
mating the unknown parameters of 2D — RC AR(p1,p2). Moreover, we prove
that the estimates are strongly consistent. In Section we focus on devel-
oping two parameter estimation procedures for first-order two-dimensionally
indexed random coefficients autoregressive models (2D-RCAR) of the first or-
der particularly. First, the model is explained in detail, and the definition and



Introduction

the condition of stationarity are given. Then, we provide a simulation study
to show the accuracy of the maximum likelihood estimates and we provide a
comparison with the least squares estimates.

Chapter 3| is organized as follows: In Section we have collected some
basic results with an emphasis on the condition for the existence of a moving
average and equivalent autoregressive representations. In section [3.3] we in-
troduce a measure of predictability of a quarter-plane (QP) two-dimensional
autoregressive moving-average (2D ARMA) model excited by an unknown zero
mean white noise. We clarify the link between the concept of parallelism and
equal predictability at all horizons. A new result is proposed for determining
the test of equal predictability. The test is effected using a Wald statistic,
which follows asymptotically a central chi-squared distribution under the null
hypothesis so that its application is very easy. To illustrate the applicability
of our results, in section [3.4] we present a simulation study and an application
on wheat yield data.
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1

Preliminaries on Spatial Pro-
cesses

Contents

.1 Tontroductionl ............ ... 5
(1.2 Definitions and Structural Properties of 2D ARMA |

[ Models| . . . ... 0 i i e 6
[1.2.1  Stationary 2-D ARMA Models| . . .. ... .. ... .. .. 6

[L.2.2 The Inverse 2-D ARMA Modelsl . ... ... ... ...... 7

[L.2.3 Correlations for 2-D ARMA models| . . ... ... ...... 10

(1.3 Definitions and Structural Properties of 2D RCAR |

[ Models| . . . ... i i e 15
[L3.1 Notations and Definitions]. . . .. ... ... ... ... 15

[1.3.2  Second-Order Properties 2D — RCAR models|. . . ... .. 16

1.4 Conclusionl. . ... ... ... ... 19

1.1 Introduction

The purpose of this chapter is to describe and present the main classical results on
spatial statistics which thus facilitate the reading of the thesis. Some of these results
and notions will be used in the remain of this manuscript.

In Section spatial ARMA models are considered using the nonsymmetric half
plane and quarter plane ordering on a lattice of data identifiability conditions and
stationarity conditions based in [27]. Then, the correlation properties for the first-
order ARMA model are discussed, and simple conditions for stationarity of the
process are also borrowed from . In Section definition of the 2D - RCAR
processes and its ILo-structure are given. To the best of our knowledge, the first
study of 2D-RCAR models has been well established by (Bibi (2016) [14]. The basic
definitions and results of the second-order properties presented in this section are
borrowed from (Bibi (2016) [14].
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1.2 Definitions and Structural Properties of 2D ARMA
Models

An d-dimensional random field is a collection of random variables X (t) on a prob-
ability space (Q,.A, P), where t varies in the d-dimensional Euclidean Space R?.
We are interested in two-dimensional discrete random fields, that is, when t € Z?,Z
being the set of all integers. In a sense, a spatial series may be considered as a gener-
alization of a time series; however, its own intrinsic characteristics make its analysis
considerably more difficult. The key difference is that a time series is unidirectional
with a natural ordering from past to future; on the other hand, this ordering does
not exist for a general spatial series. This difficulty and the huge amount of data to
process motivate the consideration of unilateral models for spatial series. Two main
types of unilateral representations have been studied in the literature: nonsymmet-
ric half-plane (NSHP) representation and quarter-plane (QP) representation. The
NSHP ordering on Z? is defined by considering the set

S={t=(t1,t2):1ﬁt2, ort2=0andt1>0}

Figure 1.1: (a) {(¢1,t2) < (0,0)} in the NSHP ordering. (b) {(t1,t2) < (0,0)} in the
QP ordering.

(cf. Figure[l.1[(a) ). Then we say z <y if y —x € S. Thus, {(¢1,t2) < (0,0)} = -S.
For the QP representation, a partial ordering on Z? is defined as

(1,22) < (y1,92)  if and only if 21 <y, 22 <y (1.1)

(cf. Figure [1.1[b)). Whittle (1954) [29] first considered the NSHP representation.
Helson & Lowdenslager (1958) [30] developed a mathematical theory for this type
of representation in a general setting.

1.2.1 Stationary 2-D ARMA Models

Motivated by the definition of autoregressive-moving average (ARMA) time series
models, a finite-order ARMA representation can be defined for spatial series. For
example, in the QP case, an ARMA model can be defined as

k1=p1 ka=p2 J1=q1 j2=q2
Chiko Xty -k ta—ks = 2, 2 Bijija€i—jita—jar Q00 = Boo =1 (1.2)
k1=0 k2=0 Jj1=0 j2=0
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nz2

Figure 1.2: The support set G(n)

where {¢:} is a spatial white noise process, p,q are finite and the ordering k < p
is as defined above. We concentrate on NSHP ARMA models. Let ni,ns,n3 be
nonnegative integers, n = (n1,n2,-n3) and let G(n) denote the set

{t=(t1,t2) : 1 <t; <my and —ng <tg <ng, or t; =0 and 0 <ty < noj.

In what follows we consider the spatial ARMA process

G i ec oy Mike X ti-hito—ke = £ 5 Biria€ti-iitamjay @00 =Poo =1 (1.3)
Other spatial ARMA representations have been suggested in the literature; see,
e.g. Kashyap (1984) [31] and the references therein for a review and applications of
ARMA models.

We denote by D? the unit polydisc {(z1,22) : |z1] < 1,|22| < 1}, D? its closure and
T? its distinguished boundary {(z1,22) : |21 = 1,|22| = 1}. We consider the spatial
ARMA process defined by , the following conditions correspond to the station-
arity condition for 2-D ARMA models |27]:

k1 _ko _
G e Merke?t 2" # 0l < 1 o] = 1 (1.4)

k2
(O,kg)eG’(p)aokzZQ #0, 20| < 1. (1.5)

1.2.2 The Inverse 2-D ARMA Models
We consider the spatial ARMA process defined by (3.1]), the following conditions
correspond to the invertibility condition for 2-D ARMA models [27]:

(1 j2)eG(Q)ﬁj1j2Z{12%2 #0[21| <1, |20) = 1 (1.6)

L d2
(01j2)€G(q)6(0,]2)22 #0,]2 < 1. (1.7)
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Given two complex-valued functions Qs oy 271 252 and e
P (e ™1 2 0 G i
if there exist two complex-valued functions
ki ko Ji J2
Qi ko 217 292 and a2 %
(7 e ™k 1 2 A0 Gy
with (Z:Z):G( N |bj1j2|2 >0 such that
J1J2)eG(q
ki k2
alﬁk’zzl 22 . .
(k1k2)eG(p) g1 J2 _ ki _k 2
e Gieaan i1 22 = (Zkzlg)ec:(p’)a’“mzllz?z’ (z122) € T
(jl]é)GG(q,)IlejQzl 2
(1.8)
then
G(p) cG(p') and G(q) cG(d’). (1.9)

The two equations (|1.8)) and (1.10]) are an identifiability condition for spatial ARMA
[27].

Under conditions (1.6) and (1.7), there exists {¢s+, : t1 20, t2 > 0} such that,
for (2122) € T2,

k1 _ko
Oy oo 211 2
(kik2)eG(p) 17271 72

_ t1 to _
g1ja (t1t2)2(0,0)¢)t1t221 % fo=1 (1.10)
(J'1j2)GG(Ol)ﬁjlhZ1 2

A1y, (tit2) € G(P)
5j1j2¢t1—j1,t2—j2 = { v

(1.11)
0, (t1t2) ¢ G(p)

(J1j2)eG(a)

Proof: Define

ki ko
(87570 AN
_ (kik2)eG(p) "ML 72

F(z1,22) |21 < 1,]z0] < 1
(j142)€G(q)

Then on 2 = €2, F (21, ei)‘Q) can be written as
i\ k
Zii:o a, (€ 2) 2

Z?izo Bjr (e12) 27!

F(z,e™) = (1.12)

Condition (1.6) implies that F (zl,eMQ) is analytic in |21] < 1, so it can be ex-
panded as

F(z1,e™) = i b1, (N2) 21" (1.13)
t1=0
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Also, in view of condition (1.7)), there exists a finite M such that

1 x
51

ie. F (21, e“‘Q) belongs to the Hardy space H?. Parseval’s theorem now implies that

. . 2
Zpl Oék iAo k1 A1 1
k120 1( ) d)\lﬁ—MQXQﬂ'(oo
2]1 -0 Bi, (e (eih2) efirh 2m

> 16t (M2)l < oo
t1=0

i.e. ¢y, (A2) € L? (d\2). It then follows from Plancherel’s Theorem that ¢z, (A2) can
be decomposed as

b1, (No) = Z bty 1,272 (11 20) (1.14)

to=—o00

Furthermore, we have from and (| - ) that
Q0 (ei)‘z)
Boo (€2)

Condition (1.7) now implies that agg (22) /Boo (22) is analytic in |zo| < 1. Hence, it
can be expanded as

$o0 (A2) =

(2
(bOO (ei)\z) - BEZE ) Z ¢0 1€ ztg)\g (115)

Putting (1.15) and ( into ( -, we get

p i\ ik A
Zkizo o, (@l Q)ez 1A1 i # oi(tiA1+t22)
SE By (e2) A (i)2(00) 2
\=

where (Zt:tz);(o ~ Yho=0+ 2ti=0 Lig=—oo- Thus (1.10]) is established. In view of this
112 )=2{Y,

result, we get, for z € T?,

Z akzk = (%;jgz):EG(q)B‘h‘nz‘{l 252 Z ¢tzt

keG(p) >0
=y ¥ Bt =) ( > ﬂjqbt—j)zt (1.16)
20 jeG(q) teZ2 \jeG(q)

using the change of variable ¢’ = t + 7 and defining ¢; = 0 for ¢ < 0. It follows from

(1.16) that, on z = €™,
e—is>\ Z ( Z qust_]) eit>\ — e—is)\ Z akeik)\
teZ? \jeG(q) keG(p)

Consequently, setting o =0 for ¢t ¢ G(p),

> ﬁ]¢tJ/ ]2 A = > akv/-ww et k=9 g\

teZ? jeG(q) keG(p)
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=y at[ . =2 (1.17)
teZ>2 -

Therefore,

Y Bidi-j =

j€G(q)

{at teG(p)
0 t¢G(p)

1.2.3 Correlations for 2-D ARMA models

We consider spatial processes defined on a regular rectangular grid in two dimensions
with sites labeled (7, 7), with an associated random variable Y;; defined at each site.
We first briefly review some different models used to analyze two-dimensional spatial
data, and then concentrate on the first-order unilateral model of our interest.

Some models for spatial data

Three broad categories of spatial models that have been studied are the simultaneous
autoregressive (SAR) models, Whittle (1954) [29], the conditional autoregressive
(CAR) models (Bartlett (1971) [32] , Besag (1974) [33]), and the moving average
(MA) models (Haining (1978b) [34]). The models considered in practice were mostly
of first order, that is, only the immediate neighboring sites are used to model the
value of a particular site. The simultaneous AR model (Whittle (1954) [29]) is
defined as ® (B, B2) Y;j = ¢, where

® (By, By) = %% 0 BY BY

with B1Y;; = Yi_1; and BoYj; = Y; j_1, and the ¢;; are a collection of independent
random variables with E (g;;) = 0 and Var (¢;;) = 0. Note that in the SAR model
k and [ can take both positive and negative values. Whittle (1954) [29] proved that
given a set of autocorrelations of a SAR process {Y;;}, there is a unique representa-
tion of the process in which Y;; can be expressed as an autoregression on Y (l < j)
and Yy (k < i,1 unrestricted)

Yij=> Y anYikji+ Y anYij+eij. (1.18)
k=11l=—o00 =1

The general form of models are called unilateral AR models and special cases
of these models will be considered in this paper. The correlation properties of the
unilateral AR models have been studied by Besag (1972) [35] .

Tjostheim (1983) [36] examined in detail, including asymptotic properties of the
corresponding Yule-Walker estimators, a special case of the unilateral AR models
as defined by Whittle (1954) [29] where the value at the site (i,7) is a (finite)
autoregression on the values at the sites which are in the lower quadrant of (i, 7).
In two dimensions this model becomes

pP1 P2
Yij = Z Zain—k,j—z +&ij, oo =0. (1.19)
k=01=0

In the following, we will examine unilateral first-order autoregressive moving average
(ARMA) models of the quadrant type, given by

Yij=a1Yi1j+ oY1 +asYiq 1 +eij+0igi-1; +02e; 51 + 0351 -1 (1.20)
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Note that although these models may not possess the same intuitive appeal as the
general SAR or CAR models because of their unilateral rather than quadrilateral
structure, the models are capable of representing a wide range of general spatial
correlation patterns. In particular, the special case of where ag = —ajas and
03 = 6102 leads to the linear-by-linear (or separable) form of spatial ARMA
model which has recently been studied extensively by Martin (1990) [37], who has
argued that these models have wide uses in practical modeling.

General correlation structure
Defining B1Y;j = Y;_1; and BYj; =Y j_1, we can write model ((1.20) as

Yij=(1-01B; - By - a3B1By) ™ (€ij +0164-1,5 + b5 j—1 +O36i-1,j-1) -

Note that if 1 — a121 — agze — agz129 = 0 for all zq, zo within the closed unit poly-
disc, |z1] £ 1,]22] £ 1 ( [38], Lemma 5.1), then use of a multinomial expansion for
(1-a1By - ayBy - agBlBg)_l implies the convergent representation

XA (k+1+7)!
EEDIDID) %a’faéag (Simkor jtor + 0161 k—r—1 j—ior

+02Ei-k—r ji-r—1 + 03Ei—k—r—1 j—i-r-1) - (1.21)

The following gives a convenient set of conditions on the AR parameters oy, as, a3
to ensure the existence of the stationary representation of the model (1.20))

For the first-order spatial model (1.20) with ®(z1,22) = 1 — a121— aozo —
a32122, none of the roots of @ (z1,22) = 0 lie within the closed unit polydisc
(|z1] £1,]22| £ 1) if and only if

(i) |au| <1 for all 4,
(i) (1+02-0%-0a2)’ -4 (a1 +aga3)? >0,

(iii) 1-a3 > a1 +azas|.

Proof: (a) Sufficiency. Assume the condition on the roots of ®(z1,22) =0 holds.
We first prove condition (1) that |o;| < 1. Taking 22 =0 in ®(z1,22) = 0 implies that
|z1] = ﬁ > 1, by assumption, so that |aq| < 1.

Similarly, taking zo =0 in ®(z1, 22) =0, we prove that || < 1.

To prove that |a1| < 1, note that the roots of ®(z1,22) =0 have 2z = @:‘—Oj;zlﬂ Taking
z1, equal to 1 and -1, from |a11_f23| > 1. and |a11__°23| > 1 we can readily obtain that

|043| <1
To prove condition (2), suppose that A2 = (1 +a? - a2 - a2)? - 4(a; + azas)? <0 is
true and consider the values (z7 23 ), where

2 2 2
l+aj-a5-az+A

2(041 + Oé2043)
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and ) ) )
1+OZ1_OZ2_OZ2+A

2((%2 +-CM2(X3)

Note that (2}z3) is a root of ®(z1,22) = 0 and it can be shown that A? is also

equivalent to

(1+ a% - ag - ag)2 - 4(ag + a1a3)2

Hence |2f] = |23| = 1 if A% <0, which is within closed unit polydisc and so we have
contradiction. Thus condition (2) is established.
suppose that

A% = (1+a% ~ a3 —oz%)2 —4 (o +ana3)? €0

is true and consider the values (z7,z5), where

1+a?-a2-a?2+A
( 1 2 3

2 ((Xl +-(¥2(X3)

*
21:

and
(1—a%+a%—a§—A)

2 (612 +-(¥1(M3)

*
22:

Note that (27,23) is a root of ®(21,22) = 0 and it can be shown that A? is also
equivalent to

(1 —a?+ak- a%)Q 4 (oo + opas)?
Hence |2]| = |23| = 1 if A% £0, which is within the closed unit polydisc and so we have
a contradiction. Thus condition (ii) is established. Taking z2 = ag in @ (21,22) =0,
with |zo| < 1 by (i), implies that

(1-a3)

1= ((ll +—C¥3(¥2)

must be greater than 1 in absolute value which leads to condition (iii).

(b) Necessity. Assume conditions (i)-(iii) hold. Note that if (wq,ws) is a solution
to @ (z1,292) =0, then

g = (1-a1w)
(a2 + azwr)
which implies
wol? = 1+a2 |wif* - 201 Re (w1)

a% + a% |<,u1|2 + 203 Re (w1) .

Let |wi| £ 1 and write wy = rexp(i¢), where 0 £ r £ 1,0 £ ¢ £ 27r. We need to
establish that no roots of ® (21, 2z2) = 0 lie within the closed unit polydisc, and hence
we need to show that |ws| > 1. It suffices to show that 1 - a3 > M where

M = sup f(r)= sup {(ag - a%) 2+ 2r|ag + a2a3|}.
0srs1 0sr<1
The function f(r) may attain its maximum over 0 £r <1 at r = 1, in which case we

need that
2. 2 2
1-a5> a5 —af +2|ag + agas|
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which follows by condition (ii) and by using the fact that conditions (i) and (ii)
also imply that 1+ a? - a3 — a3 2 0. Otherwise (if a3 — o2 < 0), f(r) may attain a

maximum at an interior point

_ |051 + OtQOégl

"o (a%—a§)<1’

with maximum
M = f (7"0) = |041 + 042043|7’0 § |041 + 042043| .

Hence, 1-a3 > M follows by condition (iii). Therefore, the proposition is established.

i
It follows from ((1.21)) that
E (Yieij) =0 when k <i or [ < j, and E (Yijeij) = 0°. (1.22)

Let ps: denote the bivariate correlations at lags (s,t), which are defined as pg =
E (Y;;Yi-s j-t) |7, where v = Var (Y;;). Note that

P-s,—-t = E (Yij}/i+s,j+t) /’Y =F (E—s,j—tY;j) /'Y = Pst

Hence we can concentrate on the half-plane {(s,t) | s 20, —oo <t < 00} to obtain
the bivariate correlations. Now from ([1.20))

Ypst =Y (Q1ps—14 + Q2ps -1 + a3ps-1t-1) + E (€i;Yizs j-t)
+01E (ci-1,jYios j-t) + 02E (gi,j-1Yi-s,jt) (1.23)
+03E (gi-1,j-1Yi-s,j-t) -

From (1.22)), we see that E (g,-1,j-1Yj-s,j—t) =0 when s> 1 or ¢t > 1, so we have
Pst = Q1 Ps—1t + 0205 -1 + A30s-1,4-1, (1.24)

for {s>1and —co <t <oo} and {s<1and ¢t>1}.

To solve this partial difference equation explicitly, we obtain the characteristic equa-
tions, for s > 1 and ¢ < —1, from assuming a solution of the form of a constant times
A=t for this region (see Mickens (1987) [39]. Noting that also implies that
Pst = Q1 Psr1t+ Q2Ps 141 + 3ps41,¢+1 for s> 1,1 <1, this leads to

oA+ ag,u_l + ag)\;[l =l=ag N+ QoL + ag)\_lu. (1.25)
Eliminating p from the two equations in (1.25)) above leads to
(a1 + apaz) A - {1 +af - (oz% + a%)})\ + (a1 + agag) = 0. (1.26)

The two roots of are reciprocals, A and )\_1, and hence a real value of A\ with
IA| < 1 exists if (1+a2 - a3 - a§)2 —4 (a1 + azasz)? > 0. Note that this, together with
conditions (i) and (iii) of Proposition are equivalent to the condition that no
roots of 1 — 121 — aigzg — aigz129 = 0 lie within the closed unit polydisc.
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In the special case where a3 = 0, the condition reduces to |aq|+]|az| < 1, as in Whittle
(1954) [29] and Besag (1972) [35]. From , the relations between the roots u
and A are = (a2 +azA) [ (1 —agA) and A = (aq + asp) [ (1 - agp).

To obtain an explicit representation for pg for the remaining region of the quadrant
s 20 and t £0, we divide this remaining region into two subregions and solve for
Pst, using simultaneous partial difference equations, for these two subregions. First
consider the relations for the region, s > 1 with t =0 and ¢ = —1. We observe from
that pso = a1ps-1,0 + a2ps -1 + @3ps-1,-1,5 > 1, or

(1-oqB1) pso = (2 + azBy) ps,-1, s> 1.

Also, using E (g;;Yi4s ) = 02 (a1 +61) af™! for s 2 1 as obtained from (T.21)), from
(1.23) we have

Ps,~1 = P-s1 =Q1Ps+1,-1 T 02050 + A30s+1,0 (1.27)
+ (02/7) (1 +601) (02 +a163) 7t s> 1.

This implies that, for s > 1,
(ag + agBl_l) Ps0 + (1 - alBl_l) Ps,—1 = (02/7) (aq +671) (02 + a163) ai_l. (1.28)

Solving for ps 1 and pso from (1.27) and (1.28)) simultaneously, we obtain

Ps—1 = 21N 2 pso = (p20 = pocip ) @ 4 po i TINTE s> 1

Next consider the relations for the region ¢ > 1 with s = 0 and s = -1, which is
equivalent to consideration of the region ¢ < -1 with s = 0 and s = 1. Following in
the same line of reasoning as in the case of s > 1 with ¢t =0 and ¢ = -1, we can show
that for ¢ > 1,

Pt =Pt = p1,-2pt’ 7,
ot = pot = (poz2 = p1,-2A ") a2 + pr oA

The correlation properties of the unilateral model (1.20))are summarized in the fol-
lowing.

For the first-order spatial model ((1.20]), the spatial correlations pg; are given
explicitly, over the quadrant s 20,¢ £0, by

0’_2 (92 + a193) (a1 + 91)

)\s—l _ 51 ’ >0,
(a2 + alag) ( 1 ) 5

ps0 =2 "pro +

-1
Ps—1=p1,-1A" ", s>0,

2
_ o° (01 + a263) (g + 05 _ _
POt=Mt 1POI+ ( )( )(Mtl_agl)v t>07
v (a1 + agas)

Pt = pl,—lM_t_la i< 07
Pst = pl,_l)\s_l,u_t_l, s21 and t<£-1, (1.29)
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with the initial values given by

p1,-1 = Apo1 + [N (a1 + azas)] fa,
p1,-1 = pp1o + [pf (a2 + ras)] f1,
p10 = A+ [A (a1 + agas) ] (ufi +asfo + f3),
po1 =i+ [pf (a2 + arasg)] (Afa+ fo+asfs). (1.30)

The forms of the f functions are

fi= (02/7) [1+ (a1 +61) (01 + aab3) + (g + 02) (B2 + a103) + 05 (a3 +03)];
02/7) [02 + 05 (a1 +61)];
02/7) [01 + 05 (a2 +62)];
02/'7) (g +62) (01 + a263) ;
o’ [7)( ) (02 + a163) .

4

2/7 a1 +91

The proof of this Proposition is detailed in [28, page 646].

1.3 Definitions and Structural Properties of 2D RCAR
Models

Two-dimensional indexed random coefficient autoregressive model (2D-RCAR) is
a natural generalization of 2D-AR. The analysis of 2D-RCAR models is quite
tractable. Fixed coefficients for 2D-AR Model is not very realistic, the autoregres-
sive models with coefficients assumed to be not constant, but subjected to random
perturbations allow to handle the non-homogeneity of a process.

To the best of our knowledge, the first study of 2D-RCAR models has been estab-
lished by (Bibi (2016) [14]. The basic definitions and results of the second-order
properties presented in this section are borrowed from (Bibi (2016) [14].

1.3.1 Notations and Definitions

e Throughout, all random variables are defined on the same probability space
(Qa j7 P) 9

o L,=L,(2,7,P),p>1 denotes the Banach space of random variables X such
that £ {| X[’} < +oo (L, is endowed by the norm || X|,=F {|X|p}l/p) :

o I(;;) denotes the k x k identity matrix and O (respectively Q(k) ) denotes
the k x k matrix (respectively k-vector) whose entries are zeros.

o If M is an nxn squared matrix, p(M) refers to the spectral radius of a square
matrix M, i.e., p(M) := max; {|\;(A)|} where \;(M) are the eigenvalues of M.

« All vectors are underlined except those of Z? are written in bold letters, so 0 =
(0,0),e1 = (1,0),ep = (0,1), and 1 = (1,1). For any s = (s1,s2),t = (¢1,t2) €
72, and z = (21, 22) € C?, we write s < t (resp s <t) if and only if [s; <¢; and
sy <tg] (resp. s1 <t1 and sy <tp) and z° = 27" 25° X (t - 1).
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o If a=(a1,a2),b=(b1,b2) € Z2,% = (%,Z—;) whenever by,by # 0, when a < b,

the following indexing subset in Z? will be considered S[a,b] := S [ay,bi] x
S [az,b2], where S[a,b] ={x € Z,a <z <b} if a=0 (resp. a =—o0 ), S[0,b] is
noted S[b] (resp. S_[b] ) and S]b] = S[b]\{0}.

In this section, we introduce the class of real-valued 2D — RC AR(p) models subject
to the following definition

A R-valued random field (X (t),te ZQ) defined on some probability space (2,7, P)
is called two-dimensionally indexed random coefficient autoregressive model
with order p = (p1,p2) € N? denoted by 2D — RCAR(p) if it is a solution
of the following stochastic difference equation

X(t)= Y (Bi+B(t)) X(t-j) +e(t),t ez (1.31)

jeSIp]

in which the innovation process (e(t), te Z2) is an independent and identically
distributed (i.i.d.) sequence of random fields with mean zero and variance
o’ 3= (ﬁj,j € S] p]), is a real vector of constants. If 3(t) = (ﬁj(t),j € S] pl,te
7Z?)', then the perturbation process (ﬁ(t),t € Z2) is a strictly stationary of
an independent vectors of random fields with zero mean, Var{s(t)} = II and
independent of (e(t),t e 77).

1.3.2 Second-Order Properties 2D - RCAR models

The stochastic recurrence Equation defines a nonlinear random field model
that has received considerable attention in the context of random perturbation of
dynamically multidimensional systems and signal processing.

Hence, and for the statistical purpose, it is often important in practice that the
process (X(t),t € Zz) should be stable, ergodic and Jy := J,Ee) v 6,(:6)— measurable
where 39 = 5 (e(s),s € S_[t]) and 37 = 5 (B(t),s € S_[t]).

For this purpose, and according to 2D — AR model the equation can be
transformed into state-space form as X (t) = H'Y (t) and

Y(t) = Ao(t)Y (t —ep) + A1(t)Y (t —e1) + He(t) (1.32)
or equivalently ®¢(B)Y (t) = He(t) where
Dy (2) = I(ny — Ao(t)z™ — A1 (t)2"

for some appropriate vectors Y (t), H, and random matrices A;(t),i =0,1 (not nec-
essarily unique).

Since is valid for all t € Z?, by successive substitution, we obtain a formal J;—
measurable solution (Z(t),t € ZQ) for given by

Y(t)=e(t)H+ ) M(t)H (1.33)
k1
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where
My (t) := 21: {HAZJ (t Ze”)}e(t—zk:eil),kzl (1.34)
21,..,0,=0 | j=1 =1

which satisfies the following recursive equation
Mi(t) = Ao(t) My-1 (t —eg) + A1 (t) My (t—e1) k21

In the problem of estimation and some related statistical questions, it is important
to have conditions on (Ai(t),t € Z2) ,1=0,1, and (e(t),t € Zz) which guarantee the
convergence of infinite series in in }Lg.

In such a case, we say that the Equation 2) (and hence Equation (1.31)) has
a second-order stationary solution and | is actually its doubly moving-average
representation. It is worth noting that When almost surely (a.s.) A(t) = A4;,i =
0,1, for all t € Z* (non stochastic), a necessary and sufficient condition for the

jge)— measurable solution is that

existence of second-order strictly stationary and
det (I(n) — Apz® - Algel) # 0 for all z € U where

Us={z=(21,20) € C*: 1| < 1, |20 < 1}

However, very little effort has been made toward the analysis of 2D — AR(p) whose
coeflicients are stochastic.

The next proposition provides some information about wide sense stationary solu-

tions processes of ((1.32)

Consider Model (1.31)) with associated state space ([1.32). Then, a necessary
and sufficient condition for Model (1.31)) to have a unique J;-measurable second-
order strictly stationary solution given by ((1.33)) is that

e

1 k -1 '
Mk(t,A) = Z O{H i (t _ ; eil) e—lA‘eij}

Wik j=1

>, H'My(t,\)H
k20

2
dA} < +00 (1.35)

where

with A = (A1, A2) ,d\ = dA\1d)\2, and A denotes the usual inner product.
Proof: Using the spectral representation of e(t), i.e.,
o(0)= [ 2 H 20

where Z(.) is an orthogonal stochastic measure with E{dZ()\)} = 0 and spectral
measure E{|dZ(A)|2} (2 eiat

we get
= [ HMy(t ) He"2dZ())
ko < -mm 2

-2 d\ where d\ means the Lebesgue measure on R?, then
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and the process X (t) is in Ly, that is F {X2 )} < +o0 if and only if

(t)
2
{ H'Mk(t,A)ﬂe’“dZ(A)}
k>0

- FE 0_2 [
Ar? Jf-mx)?
and the results follow.
Based on ([1.35)), several equivalent conditions can be derived to guarantee the con-

vergence of the Series ([1.33)) in Ly. Indeed, to verify that the process (1.33) is
well-defined in Lo, it is sufficient to show that My (t)H converges to zero in Lo

(endowed with any matrix norm) at an exponential rate, as k — oo, since

1Y (), < kZO 1M (8) H,

For this purpose, let T'y(h) = E{M(t) ® My(t +h)}, then from (1.34) we have
Fk(O) = A(()z)l“k_l(()) + AgQ)Fk_l(O) + AO ® All“k_l (e1 - e(]) + A1 ® A()Fk_l (e() - e1) s

> H'M(t,\)H

2
d(A)} < 400 (1.36)
k=0

where
AP = E{4%2(t)},i=0,1
and
Ai®@Aj=E{A;(t)® A;(t)},0<i#j<1
So

Tu(0) = (A0 + AP 4 Ag8 Az + T8 Aoz ) Tha (0),2 = 2.
2

Hence, the above recursive equation admits a non-trivial solution if and only if
det (I(nz) -~ A1 ® Az - AL @ AgZy — (Aé2) + A?)) leg)
#0forall Z;eC:|Z;|<1,i=1,2 (1.37)
m

Using Condition (|1.37)), we can obtain the following theorem.

— Theorem 1.1: [14]

Consider Model ([1.31)) with state-space representation ((1.32)). Then Model
(1.32) has a second-order strictly stationary and J;-measurable solution if one
of the following conditions holds:

1. p(|A62) +A§2)|) <1 and
sup p (I(nz) - (A(()2) + AgQ)) Zg)_l (Am1Z1+widetildeA1 ® Ap))Z2 <1

p(|A0®A1|) <1 and

sup p ((I(nz) - Ao ® Alzl)_l ((A(()2) + AgQ)) Zg+ Al ®A0Z2)) <1
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3. p(|41®@4|) <1 and

sup p((In2y = A1 ® A9 Z2) (AP + AP) Z3 + Ag® A1 21)) < 1
4. p([ASD + AP |+ | AT @Ay | + [AT® Ag]) < 1
5. (|48 + 4P|+ | AT S Ao + | AT @ Ao | < 1.

Here Z3 = Z1Z5 such that |Z;| < 1,|Z5| < 1,|M| means the non negative matrix
with elements (|m;j|) and |.| denotes any induced matrix norm.

Proof: From the theory of non-negative matrices, for any squared matrices
A, B, p(A) <p(|A]) andp(|A]) < p(|A]+|B])
Since |Z1| < 1 and |Z2| < 1, the first condition of Theorem [1| implies that
-1
(I(n2) - (A(()2) + AgQ)) lez)
exists and that

0 # det(I,2) - (I(nQ) - (A32> + A§2>) 2122)_1 (Ao @ A1 21 + A1 @ Ay Zs))
= det ((I(nz) - (Aéz) + Agz)) Z1ZQ)_1)
det (12 = A0 ® 4121 - A1 ® AgZy - (A + AP) 21 25)

so Condition follows. By similar arguments, we can show that conditions 2
and 3 are sufficient for . Moreover, it can be shown that the conditions 1 -4
are equivalent and condition 5 implies that condition 4 which is due to any induced
norm matrix is an upper bound for its spectral radius. O

—| Remark 1.1: [14]

The above discussion may be extended to find sufficient conditions ensuring the
existence of strictly stationary and J;— measurable solution having moments up
to m-order (m > 3). More precisely, a sufficient condition for the convergence

of the Series ((1.33) in L,, (m > 3) is that for any k > 1
P (E {Ao(t)Mk_l (t - e[)) + A1 (t)Mk_l (t - el)}®m) <1

Whenever the process ((Bz-(t),e(t)) Jte ZQ) ,t = 0,1 admits a moments up to
m-order.

1.4 Conclusion

This Chapter gave an overview of some basic results of spatial models: definitions
and Structural Properties of 2D-ARMA and 2D-RCAR Models. This chapter con-
tains all the necessary tools for understanding and developing the contributions and
the rest of the manuscript and allows situating the contributions of this work in
relation to existing work in the literature.
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2.1 Introduction

In section [2.2] we recall some estimation methods of spatial ARMA models: Yule-
Walker Estimator for the First-Order Spatial Bilateral AR, Model and Exact likeli-
hood function and maximum likelihood estimation methods for the first-order spatial
ARMA model.

In section [2.3] we present new original theoretical results on estimation in nonlinear
random field models. We focus on two-dimensionally indexed random coefficients

autoregressive models with order (py,p2) € N2,2D—RCAR(py, p2) for short. We first

21
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develop a maximum likelihood estimation procedure for estimating the unknown pa-
rameters of 2D — RC AR(p1,p2). Moreover, we prove that the estimates are strongly
consistent.

Finally, in Section we focus on developing two parameter estimation procedures
for first-order two-dimensionally indexed random coefficients autoregressive models
(2D-RCAR) of the first order particularly. First, the model is explained in detail,
and the definition and the condition of stationarity are given. Then, we provide a
simulation study to show the accuracy of the maximum likelihood estimates and we
provide a comparison with the least squares estimates

2.2 Estimation of Spatial ARMA Models

2.2.1 Exact likelihood function and maximum likelihood estimation

A good feature of the first-order spatial ARMA model (1.20) is that the exact
likelihood function can be obtained in a convenient computational form. For values
of Y;; observed on a m x n rectangular grid for i =1,---,m and j =1,--,n, let

Y = (}/117}/217 "',le, "'7Ymn)/

and
Yo = (Yoo, Y10, Ymo, Yo1,** Yon)’

with ¢ and &y defined similarly, and set a = (g}, Yy)’, so that Y is the vector of
observations and a is the vector of unobserved initial values of the process and the
errors. Let the covariance matrix of a be denoted as {2, whose components are
Cov (g9) = 0?1, Cov(Yy) = I'g which is easily determined through the results in
(1.29), and Cov (g9, YY) = o2C which is determined directly using the expansion for

Yi; as in (L1.21]). Also define
a = (a1, as,a3),0 = (01,62,03)", and & = (0/79/702)’

The model for Y can be written as AY = Be + Fa, where A, B, and F are
appropriately defined matrices, with A and B lower triangular having ones on the
diagonal. Note that from , ¢ and a are uncorrelated and hence the covariance
matrix of Y is

I'=Cov(Y) =A"" [¢°BB + FQF'| A" .
Assuming normality, the p.d.f. of Y is
F(Y5€) =T exp {~(1/2)Y T 'Y}
By use of a standard matrix inversion formula ( [40], p. 33) for I'"!, the quadratic
form in the likelihood function can be expressed as
YTy = (1/0%) [Y' A (BB') " AY -d/ (o°T3" | Y)a, (2.1)

where .
Ly =0’ [F'B7'B'F+o*Q7']
and
a=pgy = (1/0*) Ty F'B"'BAY . (2.2)
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Note that the expressions for y,y and I'yy are the conditional mean and covariance
matrix of a, given Y. Also, it can be shown that

Il = (%)™ |(1/0?) 2 |o* Ty |
and in addition, the form of  implies that
|(1/o*) 0 =[(1/o*) Do - C'C]
It also follows that in (2.1]), the ’exact sum of squares’ function can be written as
S(,0) =Y'A' (BB') ' AY - &/ (o°T;' |y)a=€e+a (o207 )a,  (23)

where & = B! (AY - Fa). So from the relation Bé = AY - Fa, the &;; are computed
recursively directly from the model equation (1.20)) as

€ij =Yij—anYij - oY1 —asYioy i1 — 01815 — 0285 -1 — 03€i-1,51

fori=1,---,m,j=1,---,n, with 1n1t1a1 values Eij = 5 i for i=0or j =0 and Y YO
fori=0or j=0 as obtamed from . In addition, the initial values & in are
obtained as

a=(1/0%) Fa|yF’B"1 0= (1/0*) Ty F'U,

where € = B AY has elements a?j which are first calculated from the same recur-

sion Be® = AY as for &, but with zero initial values (a = 0), and then the elements
of U = B""1¢" are easily computed through the backward recursion

7
B'U=¢"as Uj; = 6 ~01Uip1,5 — 02U; jo1 — 03U;41 11

fori=1,-,mand j=1,---,n, withUj; =0fori=m+1or j=n+1
Thus the explicit form of the likelihood function is

_1
F ?|(1/0?) 1o - C'C[ 2

X exp {—%‘2 [é'é +a' (029_1) d]} , (2.4)

L(e.0.0°|Y) =(o%) """ |o? 0+ ' (BB

which is relatively easy to evaluate. In particular, for the first-order spatial AR
model (all §; =0 ), it can be shown that the likelihood simplifies to

I (a,02 | Y) _ (02)—mn/2 A (m+n-1)/2 (1 _ )\2)—(m—1)/2 (1 B qu)—(n—l)/2

xexp{—%ﬂS(a)}, (2.5)

where
A= 1—a1/\—a2u—a3(a1u+a2)\+a3)

is such that v = Var (Y;;) = 0?/A, X and p are obtained from ) with |\, |u] < 1,
and

mon

S CIEDIPICT

=2 j=2
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2

- Azz ~\Yi11) Z (Vi - Vi) + Y2, (2.6)

If in addition, we have ag = —ajae, then A = a1, = as, A = (1 041) (1 az) and
the determinant factor in the likelihood (2.5]) is reduced to

(@) " (1) (1)

as in Martin [41]. Maximum likelihood estimates of the spatial unilateral first-
order ARMA model can be obtained by gradient algorithms, such as Newton-
Raphson or scoring methods. Some explicit details on the score vector and infor-
mation matrix for the spatial AR model are given by Basu and Reinsel |42]. The
asymptotic properties of consistency and asymptotic normality of the maximum
likelihood estimator can also be established. In particular, for the spatial unilateral
first-order AR model, it can be shown for the ML estimator & that (mn)%(d -a)
converges in distribution to N (0, I(a)_l) as m,n — oo (with m/n — constant >0 ),
where

1 Aok
uwooA 1

In the special case of the multiplicative AR model (a3 = —aj3), a similar asymptotic
distribution result holds for é& = (a1, dz)" with

I(ex) = Diag [ (1 - o) (1~ ag)—l]

2.2.2 Yule-Walker Estimator

A special case that is of interest is the first-order spatial bilateral AR model (1.19).
This model has been studied by [28], [41], and [37] studied the special case of a;; =
—apao1- In this case we have p; =1 and p2 = 1, and the model is given by

Yij =ao1Yij-1+a10Yi-1; +a11Yio1,j-1 + €5 (2.7)
fori=1,...,mand j=1,...,n. Recall that

i =max(l,k-s+1),
m* =min(m,m - s +k),
JjF =max(1,l-t+1),

n* =min(n,n -t +1)

and (s,t) and (k,l) take on only the values (0,1),(1,0) and (1,1) for the spatial
YW estimation in this model. We will obtain explicit expressions for all the relevant
terms B(s,t, k1), R*(s,t,k,1), and I*(s,t,k,l) for the special case of first-order spa-
tial bilateral AR model. The expressions for B(s,t,k,l) are as follows:

m 9 m n 9 m 9
mnB(0,1,0,1) =3 > Vii=> > Y- > Y,

n—1

m
mnB(O7 ]—’ 170) Z YL]}/Z 1,5+1 = Z Z Y;jY;, 1,7+1 + Z Yl]YE),]+1,
i=1 j=1 =2 j=1 j=1
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m n—1 m n m n
mnB(0,1,1,1) = > > Y;;Yi1 ;=) Y YYo= | D YinYicin = D, Y1, Y0,
i=1 j=1 i=2j=1 i=1 j=1
-1 n m-1 n m-1
mn B(1,0,0,1) = YiiYit1,-1 = Y YiYi 1+ Y, YaYiao
i=1 j=1 i=1 j=2 i=1
m-1 n m n n
mnB(1,0,1,0)= 37 ¥ Vi=3 Y Vi- Yy Yy,
=1 j=1 i=17=1 7=1
m-=1n m n m n
mn B(1,0,1,1) = 3> Y Vi;Yijo1 =2 ) YijYij + [ Y YaYio - Y ViV j
i=1 j=1 i=1j=2 i=1 j=1
m-1n-1 m-1 n m~—1
mnB(1,1,0,1) = YiiYierj= 2, 2. YiiYie1; - Y. YinYirin
i=1 j=1 i=1 j=1 i=1
m—-1n-1 m n—1 n—1
mn B(1,1,1,0) = Y Y VY => Y YV — Y YV
i=1 j=1 i=1 j=1 j=1
m—-1n-1 5 m n 9 m 5 n 5 9
mnB(1,1,1,1) = EEDIDN R DR CEDIDEIED -
i=1 j=1 i=1j=1 i=1 j=1

where for each of the expressions above, the first term on the right-hand side corre-
sponds to mnR(s — k,t —1), while the remaining terms equal mnR*(s,t,k,1). Tt is
shown in Basu and Reinsel [43] that for model

7(1,0) = Ay, v(0,1) = pry, y(1,-1) = Ay,

where A and p are solved using the relations

alo) + a01;[1 + all)\,u_l =1=ap\ "+ o1+ all)\_l,uv (2.8)

-1/2

with |A| < 1 and |u| < 1. Supposing that m/n — ¢2,0 < ¢ < o0, as m,n(mn)

(m/n)"Y?n~' = (n/m)~/?;1 we obtain from the above relation and R kR ~yI ()
where

v (1,-1) ~(1,0) Lo A
YI(a) =| 7(1,-1) v 0,1 = A 1o (2.9)
7(1,0)  ~(0,1) gl Aopo 1
—c %)\,u (%—c))\
W=yl A -2 (e-2)p
—eh L (e d)

Using the relation I(a) 'r*a = b, we obtain

—c 21 2)
c(1-X2) c(1-X22)
2c\p 1 2cp Qo1
b= 1-p? c 1-p? a1g |- (210)
22?222 1422 + c(1+p?) 11
1-p? c(1-)22) c(1-)22) 1-p2

Now using the relations (2.8) and simplifying equation (2.10)), we obtain the elements
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of the asymptotic bias vector b = (bo1, b10,b11) in (6) explicitly as

bo1 = —ca +L( ajg+aq1) = - C+L a +2—,u

01 = 01 c(1-22) pano +on1) = c(1-22) 01 c(1-)22)
1 2ci 1 2c 2¢cA

b = - —_— )\ = — — —_—

10 Ca10+(1—,u2)( Qo1 + 1) (c+(1—,u2))a10+1—u2’

c(1+p?) 1+\2 2cAu? 202
b1 =- + - ——— " .
1 ( 1-p? c(1-X2) ! 1—,u2a01 c(l—)\z)alo

Hence we find that the asymptotic bias of the spatial YW estimator for this model
may be particularly large when the roots of the characteristic equations , A or
1, have an absolute value close to one. As a special case of model , consider the
multiplicative AR(1) model where a1 = —ajpap;. In this special case, can be
simplified and the asymptotic biases of the spatial YW estimator reduce to

1 1
bo1 = —cap1, big = —_ 10, bi1=—|c+ — ) qorao

This simple result indicates that the biases can be quite substantial when the grid
sizes m and n are small or moderate.

2.3 Estimation in 2D-RCAR(py, p») Models

We tackle the problems concerning the estimation of the unknown parameters of
the nonlinear model defined by the equation (2.11]) which is identical to the model
considered by Bibi [14], the following stochastic equation

P1 P2

Xt = Z(:)j;) (C(8,5) + Cot(6,5)) Xomij +€spy (5,1) € 22 (2.11)

(¢,7)#(0,0)

For the model (2.11) the following assumptions are made by Bibi [14]:

- On the set of pairs of subscripts (s,t);s,t € Z, we set an order assuming that
(p,q) < (s,t) if g<torg=tbut p<s. Let us denote by Fy the o-algebra

generated by {(1p.q,€p.q); (0.q) < (5,1)};

- Stationarity is indispensable for the rest of the work. A necessary and sufficient
condition on the parameters ¢ and A such that model to have a unique
measurable stationary solution with respect to Fs has been presented and
proved in detail in Proposition 2.1, [14].

In what follows we use linear algebra, matrix theory and the vectorization operator.
Indeed, for any matrix X, vec(X) stacks the columns of X one on top of the other.
Moreover, for any square matrix X the half vector, vech(X) is formed by vectorizing
only the lower triangular part of X. Let

.
Wt = Km2—1U€C(Ke,t—1Y;,t—1)a

where
Ys,t—l = (Xk,l; (17 1) < (kal) < (m7m))T'
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In order to be able to use nonlinear random field models in practice, it is necessary
to be able to fit the models to the data and to estimate the unknown parameters.

The computational procedure used to determine the unknown parameters of the
process is based on the optimization of the likelihood function which, un-
der certain conditions, is shown to give strongly consistent estimates of the true
parameters. Model may be rewritten in the form of autoregressive process as:

Xs,t = QTYs,t—l + Us g, (2-12)
where ug; is the residual function defined as
Ust = gs tYs,t—l +Est

with E(us|Fsyt) = Ys-1E(C t) + E(est) =0. Since gst and e, are independent of

=S

the o—field F,; and X, is Fg-measurable. From the structure of the model (2.11)),

we have

E(Xst|Fop) = Voy1 and E(ul | For) =0*+T"Wsy, T =vech(A). (2.13)

2.3.1 Construction of the Maximum Likelihood Estimates

Given a sample (XkJ; k=1,..m;l=1, ,m) of size m? from the random field { X ;}
generated by the model which is strictly stationary Fs;-measurable satisfying
conditions (i) and (iv). To avoid cumbersome notations we put A = m?. The purpose
is to obtain the likelihood function conditional on the values

{Xs;1-p1<s<0,1-py<t<0}
as if we were assuming the joint normality of €5; and (s ;.

So that the derivation of the maximum likelihood estimates to be clear, we use the
following step-by-step estimation procedure.
Step 1: given As_g; t-g, € Fsy, let

f(Xs,tv s Xs—qht—qzlAs—th—qﬁl)
denotes the density of X, ..., Xs_q, t-go+1. Hence, it follows from (2.13]) that

fmm{Xlla ceey Xm,leO,la oo ?Xl—pl,l—pg}

mom

= H Hf(XS7t|X0717 s 7X1—p1,1—p2)
s=1t=1
PRI 1 1 (AXst—CTYst—l)2
=(27)"2 25 TW,,) 2 X 2
(2m) sl:llg(d s,t) Xexp{ 9 02+I‘TW5¢
= 'Z/mm (§7F702) )

the resulting Lym (§> T, 02) is the likelihood function conditional on {Xqo, ... X1-p; 1-ps }-
However, instead of the maximization of this latter, it will be more practical and
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approprlate to think to the minimization of the monotone function of the likelihood
Lonm (C I',o ) namely

Linm (¢.T,0%) = =227 In (Linm (¢, T, 0%)) = In(2n)

m m m m Xs _ TY:@— 2
S O NI LUMERE) 39l sy
s=1t=1 1421

+ FTWSJ

It will be seen that the likelihood function to be optimized is nonlinear in the pa-
rameters (to be estimated) so it is necessary to use the following procedure to find
the estimates.

Step 2: the function L, (g ,F,o2) is nonlinear in 0% and T" and there is no fully
defined expression for the estimates & i L'pom and 62, of ¢, I"and o2, respectively,

which minimize £, (g o ) Hence, by letting o = we may equivalently min-

0-2 9
imize a function of ¢ alone by concentrating out the parameters ¢ and 2.

L m(g,Q,UQ) =ln(02)+)\_1§:7zn: In(1+ 0" Wsy)

s=1t=1
2
+0__2)\_1§: i( S,t_g )/S,t—l) )
s=1t=

t=1 1+0™Wy,

(2.14)

For fixed p, the function Ly, (g , 9,02) reaches its minimum at ¢ = gmm(g) and

o?=a2,.(0), where

and

(Xs,t _ngm(Q)Y:G,t—l)2
s=1t=1 I+ QTWSJ .

Finally, the maximum likelihood estimates émm, Lyum and 62 are obtained by

mm
calculating 0., where 9,,,,, minimizes the function
m m
Ly (0) = (07, (2)) + X713 201 + G W ).

The estimates C > L'mm and o2 are given by 62, =o2, (0), gmm

= gmm(@) and

A

Tyum = Jmmgmm. Note that for A large enough, the matrix

(K,t—ﬂé}_l)

is invertible almost everywhere since it is always positive definite. In the opposite
case, if it was not positive definite, it would exist a non zero (p; x ps — 1)-component
vector k such that /QTY;,t_l = 0 almost everywhere.
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— Remark 2.1

The procedure above is useful if we use an optimal algorithm which doesn’t
require the first and second derivatives of the function L, (¢). For this reason,
it is better to minimize Lyum (¢, 0), indeed we have

me(Cv Q)

in2fl~',m(§, 0,0%) -1

)\_12 Zln(l +0 Wsy)

s=1t=1

A 'In (in: i (Kot = (o)

sits1 1+ oWy

) . (2.15)

Finally, the maximum likelihood estimates @nm, Omm and 672,1 are obtained from

the following equations:

m

me (émm’ Omm) = _inf Emm (Q, 0);
(¢"eM)eo

where the set © is the set of all ’@J’Tg’)‘ dimensional vectors (¢', "), with ¢ and g con-
taining A and >‘22+ A clements, respectively. It is the set over which Lym (gmm, Omm)

is to be minimized.

Note that the same estimates will be obtained by minimizing either function
or . Using function is suitable only for optimization algorithms that
don’t require the first and second derivatives. The calculation of the derivatives of
the function seems to complicated and may lead to some loss of accuracy of
the estimation procedure. Therefore it is better to minimize the function of
¢ and p.

2.3.2 Strong Consistency of the Maximum Likelihood Estimates

In this section we prove the strong consistency of the maximum likelihood estimates
s Lmm and 62,,- Suppose that the real value 6o = (€T0,0,0"0,0)" and that
{Xs+} strictly stationary, and Fs;—measurable process X, satisfying (2.11)) with
¢= Q0,0’ o? = 0370 and I' = T'p . Assumption (iv) is necessary as the vector of pa-
rameters of the 2D-RCA model may lie on the natural boundary of the parameter
space, which causes difficulties when obtaining consistency of estimates.

An Additional assumption is needed for the analytical development of the main
results in this paper. We need the set © to be compact so that several results from
real analysis can be used. In fact, we show that © is compact by showing that it
is bounded and closed, which follows from the construction of the model us-
ing Borel’s theorem. Moreover, the assumptions on the parameters of model
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are made in such a way to guarantee that set © contains the vector of true values
o0 = (£T0,07 070,0)" within its interior.

We introduce the following lemma which is necessary to address the problem of
concern in this section.

Lemma 2.1

Under assumptions (i), (iii) and (iv), there is no vector x and constant K with
HtY&t_l = K almost surely.

Proof: The proof is technical and very long. It is based on the rewriting of the
Model (2.11) in the form X, = STYs,t_l + ug ¢, under assumption (i), where wug; is
the residual function defined as us¢ = ¢ . tYS,t_l +Est- |

Now, we have gathered all the necessary tools to prove the strong consistency of the
estimates. The follovvlng theorem prov1des the main result required in the proof of
the strong consistency of Qmm, ['yom and 6 52

— Theorem 2.1

For a strictly stationary, and F,;—measurable process X, satisfying (2.11)
with ¢ = ¢, 0, o? = Jgo and T' = Fog under assumptions (i), (iv), and let

60,0 = (QTO,O, 0700)7, where ppp = =—. Then hm me(C, 0) exists almost surely

for all (¢",0")" € © and the hmlt L(C g) is uniquely minimized over © at
(QT, 0")T =06y provided that 6 € int(O).

Proof: we have 0 <In(1+ o"Ws;) < o'Wy, and E(W;) exists. The ergodic the-

m

m
orem ensures that A\~ Z Z 1+ 0" W) converges almost surely to E(1+ o"Ws,),

furthermore, we have that

m m Xs _ TYS_ 2 m
0<A—1ZZ( ¢ 6 Your1) <A1y

s=1t=1 1+ QTWS,t 8=

MS

2
8 t - QT}/SJ—l) )

—_
~
Il

—

We thus have that

1 i i (Xop=("Yep)? . ( (Xop - gTYS,H)?) |

1+ QTWSJ

As the right-hand side of the above is strictly greater than zero, for otherwise
we would have X, = QTYS,t_l almost surely. So the function Ly,m (¢, ) converges
almost surely to

e 2
f’(g’g):E(ln(1+QTWs,t)+lnE((Xs’t § War) ))

1+ QTW&t
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On the other hand we have

2
E ( (X —QTWW)?) 5 (Xs,t —QTO,OYs,t—l + (£0,0 —Q)TYs,t—l)

1+ QTWS,t 1+ QTWS7t
g0+ T To0Wsys 9 1+0700Ws
Z E = 00 OE e —
1+ QTws,t ’ 1+ QTWs,t
since
E (Xs,t - QTO,(])/s,t—llfs,t) =0
and

2 _ 2 T
E((, Yot +20e) Vur) = 080+ oW

and I'g o = 0870 00,0- Moreover, the previous equality hold only when (Q 0 O—Q ) Y1 =

0 almost surely that is when ¢ = ¢ , and, as a result, we have that

0,0’
infL(¢0) = L(¢, 0 0)

E(1+0"0,0Wsy)
1+ QTW&t

= ln(o’gvo) +ln( ) +E (In(1+ 0" W),

and f)(g, 0) = irclff/(g, o) only at ¢ = ¢, . We have that

1+ 0! W, 1+ 07
pn L 0o Wo)) (0 2To0WWer)
1+ QTWs,t 1+ QTWs,t

with equality only if we have

1+ Q(-)r7() Ws,t

140700 Wey) = B[ —22 22
( 0 0,0 s,t) ( 1 +QTWs,t

) (1 + QTWs,t)

almost surely, that is when

1+ QE)— 0W57t I+ Qg OWs,t
000- 0| ——— || Wy =E| —F—] -1
1+ QTWS’t 1+ QTWS,t

almost surely. By Lemma (1], the last claim occurs only when

1+ QS’OWs,t )

=oF
00,0 = 0 ( 1+QTW5¢

and

> 1+ QS,OWS’t
1+ QTWS,t
that is, when ¢ = ppo. Hence, Emm(g ,0) is uniquely minimized at ¢ = ¢ 0.0 and

0 = 00,0- O
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Corollary 2.1

lim Lym (¢, T, 02) exists almost surely and is minimized uniquely at ¢ = ¢ 0.0’
m—00 — = =0,

2
F = :[‘(]707 g = 0-0,0.

Proof: From Theorem|l|and expression of Ly (C, 0) we have that lim Ly, (¢, T, 0%)
- m— oo =

is seen to exist almost everywhere and to be uniquely minimized at ¢ = ¢ 0.0° Fur-

thermore, we have that 7

(Xs,t - §T0,0Ys,t—1)2

I'=g00F ;
’ 1+0700Wsy
and we also have
2 2
(Xep=CooYer1) | . E((Xst =¢T0,0Ys6-1) | Fst)
1+070,0Ws, 1+0T00Wsy
- 0870 + FT070W3¢ 2
= T =000
1+070,0Ws

and so lim Ly (¢, T, 0?) is uniquely minimized at ¢ = Coor F'=Top and o?= o,
m—>00 = - -4 ’
O

We are now in a position to prove the strong consistency of the procedure. The
following theorem states that the estimation procedure by minimizing the function

(2.15)) over (CT,oT) € int(O) is strongly consistent when oo = (CT ), 0Too) € int(©).

Theorem 2.2

Let f}mm(g, 0) be minimized over © at ¢ = émm, 0= bmmand 8, = (oms 6 mm) -

Then, Oy, converge almost surely to 6o = (¢ 00’ 000) provided that Oy € int(O).

Proof: First, we show that Ly,m, (¢, 0) converges uniformly almost surely to L((, 0)

on ©. As © is compact, it suffices to show that Ly, (¢, 0) is equicontinuous almost
surely, or letting 6 = (¢7,0")", that given € > 0, there exists an integer m and
a positive number §, both depending on ¢, such that |Lym(61) = Lym(62)| < €
almost surely for (m,m) > (m*,m*) whenever ||6; — 62| < 8. Now, since Ly, (6) is
differentiable on © and by the mean value theorem, for each 61,605 € © we have that

0

|I~Jmm(91) - Emm(92)| = (61 - 02)T%I~Jmm(9;2):
where 675 = A\101 + (1 — A1)f2 for some A\ € [0,1]. Then, let ©* = f(0,0,[0,1]),

where [ : ROZH3N/2  ROZH3N/2 R o ROP#3N/2 §g 5 continuous function defined
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by f(01,02,\) = A1 + (1 — A\)#3. Then the set ©* is compact since © x © x [0, 1] is
compact and as we also have

8 7 * 8 F *
(01 —92)T%me(912)|2 <161 - 62 | %me(eu) I,

it follows that Ly,m,(6) is equicontinous if lim sup | == Lym(@)| is finite almost

m—>00 geg+ 00

surely. The vector —I}mm(Q) is obtained from the fact that

LU Xst—CTKst—l)Yst—l
_me 9 — _2 2 0 —1)\—1 ( ) S ) s
e L () = =25, ()X 33 A

— = Y- st (42 C1y-1 N R (Xs,t_ﬁTYS,t—l)Ys,tq
5 mm () —;;HQTWSJ (02, () A Y e

given that

0 =~
On the other hand we have lim sup || %me(ﬁ) | is finite almost surely can now
m—>00 669*

be proved as follows

m m (X
inf 02,,(0) >\ inf )

0eO* 0e0* 11

1
where k = sup (0" 0) 2, this last term exists because ©* is bounded. Hence,

0eO*
m m s _C*T YS 1 2
inf O'?nm(g) > )\_1 z Z ! ! 1) )
geO0* s=1t=1 1+ k(WS th t)Q
where
mom sz,t—lygt_l - & & st IXst
¢ o= (xl ’ ) :
—mm s;; K(WsTtht) z:: Z: 1+ k:(WsTtht)%

By using the ergodic theorem we can see that gnm converges almost surely to ¢ 00

and so T 9 T )2
m om (X~ * Y1 Xs _g Ys -1
At Z Z ! - ) as FE (Ko t n
s=1i=1 1+k(W Wst) 1+k(W57th,t)§

and therefore

li f .
Jim_inf o7,,,(6) > 0

Since {Lym(0)} converges uniformly for any e > 0: there exists an integer \* de-
pending on € such that

A - < - €
| Lo (i) — L(Orm )|<§ and |me(900)—L(900)|<§
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almost surely whenever A > A\*. Thus, since imm(émm) < I:mm(ﬁoo) and L(émm) >
L(6000) it follows that

A~ ~

0< L(émm) - L(QOO) = {L(émm) - Emm(emm)} + {Emm(émm) - me(QOO)}

+ {Emm(éOO) - L(GOO)}

£§+0+E
2 2

almost surely when A > \* hence {L(fm)} converges almost surely to L(6go).

Now suppose that émm does not converge almost surely to Emm(gOO)- Then it is
possible to find a positive ¢ and an infinite subsequence {0y, } of {0mm} for which
|émimj —0po| < ¢ for all 7,5. Since © is compact, there exists an infinite subsequence
{ém;m;} of {émlmj} which converges to 6*, where |6* — 6| > §. Thus, since L(6) is
continuous, it follows that
llim L(ém’.m;.) = L(H*) * L(Qoo),
m;—>00 K

.—>00
m]

since fpp is the unique minimizer of L(6) by Theorem (I} However,

) = lim L(Amm) = L(000)

since L(émm) converges almost surely to L(6fgg), this contradiction implies that Ormm
converge almost surely to . O

Theorem 2.3

The estimates fmm and &31
tively.

m converge almost surely to I'p o and 0(2)70, respec-

Proof: Theorem [2| specifies that §,,,, and §mm converge almost surely to gp0 and
€y Tespectively. By Theorem [2, we have,

2
2 SR RL (Xs,t_gTY:e,t—l)
o (0) = A SZ::U; 1+0"Ws,t

converges uniformly and almost surely on © to

It is also clear that 62,,, a.s 02(fp o) which was seen in the proof of Theoremto be

equal to of ,. Moreover, as we have I'yym = 0mmG2, then Ty a5 Too = 00,0 03 -
O
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2.4 Application of the Estimation procedure on a 2D-RCAR(0,1)
Model

2.4.1 Model and Stationarity Condition

Herein, we are interested specifically in the two dimensional indexed random co-
efficient autoregressive model of order (0,1) (i.e, 2D — RCAR(0,1)) generating a
random field {X,} which obeys the difference equation

_ (CL + ns,t)Xs,t—l + sty if (S’t) 2 (07 1)
Kot = { 0, otherwise, (2.16)

where a is the parameter of the autoregression model (the nonrandom component
of the autoregression coefficient a +ns:). We consider throughout the paper the
assumption:

Assumption 2.1

The pairs of random variables (gs’t), (s,t) 2(0,1) are independent and identi-

S,

cally normal distributed on some probability space (€2, F, P) with

2
Nst) _ (0 Nse) _ (17 0} 2 2
E(6s,t) = (O) and var (Es,t) = ( 0 02) ,m, 0 >0.
Model (2.11)) is solved by backward substitution yielding,

s t k
Xs,t = Z ZH H ((I + ns—i,t—j) €s—kit-1 T Esity

where § = {(0, 0), (s,t)}. On the set of pairs of subscripts (s,t);s,t € Z, we set an
order assuming that (p,q) < (s,t) if ¢ <t or g =1t but p < s. Let us denote by F the
o—algebra generated by {(7p.q.€p,q) * (P,q) < (s,t)}. The condition which guarantees
that there exists a Fg-measurable strictly stationary ergodic solution of is
that the parameters a and n satisfy the following inequality

a?+ 772 <1. (2.17)
This solution is expressed as
+00 +00
Xst = k;) l;] Dy ies—p -1+ sty (2.18)

(k,1)%(0,0)
where
ko1
Dy, = g)]l:!) (@ +Ms—it—j)-
(4,7)#(k,1)

The main task in the analysis of the model (2.11)) lies in estimating the vector of
parameters (a, 772, 02).
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In the previous section, conditions were found for the existence of stationary solution
of the model defined by . In practice, however, given that a stationary random
field (X,) satisfies such an equation, one must fit the models to data and estimate
the unknown parameters in order to provide predictors based on the past values of
the random field. This section will be concerned with the estimation, both least
squares and maximum likelihood estimates of the vector of parameters (a, n?, 02),
as well as a derivation of the asymptotic properties of the estimates.

We rewrite the model as Xt = aXs—1+Us, Where ug ¢ is the residual function
defined as ug s = 15 X5 1-1 + €5t

E(Us,tlfs,t) = XS,t—lE(nS,t) + E(e&t) =0

since 1y and €, are independent of the o—field Fy and X is Fg-measurable. It
results that X, ; is normal with

E(X4|Fsr) = aXsg1 and E(ul|Foy) =" X2, +0°. (2.19)

2.4.2 Least Squares Estimates of the Parameters

Given a sample
(X k=0,...,m; 1=0,...,n; (k,1) # (0,0))

of size (m+1)(n+1)—-1, from the random field (X ;) generated by the model (2.11)).
To avoid cumbersome notations we put A = (m+1)(n+1)-1. It is well-suited firstly

to calculate the least squares estimate &,Lnfl of the parameter a which is obtained by

m n
minimizing kz_;} ZZ(:) uit with respect to a, namely
(k,1)#(0,0)

LLS(a) = Z Z (Xs,t _E(Xs,tlfs,t))Q‘

It follows that

m n -1 m n
&LS = ZZ X?,t—l kz:%;) Xs,th,t—l) (220)
0,0) (k,1)#(0,0)

[en]
1]
—~O

this step is required as the residuals s = X - &ﬁﬁle,t_l, s=0,....m,t=0,...,n,

(s,t) # (0,0) are used to derive the estimates 62, and i2,,, of 0% and u? respectively.

The second step in the estimation procedure begins by using to form the

residuals ;. Let 65 = ait 0% - u2X827t_1, then the estimates 42, and 62, of u?
m n

and o? respectively are obtained by minimizing SZEH;] HEJ with respect to p? and
(5,)%(0,0)

o?. We have

5 m n m n

2 2 ~2 2 2 v 2

3_M2 SZ:;);) Hs,t = _252:(:);) Xs,t—l(us,t -0 —H Xs,t—l)?
(s,£)=(0,0) (s,1)#(0,0)
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which implies that

m n m n
A2 PN 2 22 4
Mo, = s;]f;) us,th,t—l -0 Xs,t—l Z ; X

(s,t)=(0,0) s,t)#

and we have

m mn m n
0 . N
L -2k @0t xR,

0'2 s=01t=0 s=0t=0 ) 5
(s,t)%(0,0) (s,t)#(0,0)
Thus
m n m n
~2 -1 22 a2 -1 2
Omn = SZ:E);) us,t - ﬂmn)‘ Szz(:)g(:) Xs,t—l
(s,t)%(0,0) (s,t)#(0,0)

Consistency Of The Least Squares Estimates

This part is concerned with the relative consitency of the least squares estimator.
The fourth moment condition on X, is required in order to derive the strong con-
sistency, we obtain in the following lemma a condition on the parameters a and 7
which ensures the existence of the fourth moment of the stochastic process generated

by 11,

Lemma 2.2

The F, ;—measurable stationary solution ([2.18]) under Assumption has a finite
fourth moment if and only if a* + 6a%n? + 3n* < 1.

Proof: In fact, if E(X;l’t) < oo, then from ([2.18)

+00 +o00
B(x}) = B(L)+6B(E2) 252 E(DL) By,
(k,1)#(0,0)
+00 +o00 4
+ K kzzg)l;) Dy &s—k-1
(k,1)#(0,0)

The first two terms are finite since e5; is normal and X,; has a finite second
moment. However

oo oo +o00 +o00
kxl-1
E k;”;) Dyjeshpitese| 2 E(sit)];); (E(a+ns:)")
(k,D)#(0,0) (k,1)%(0,0)
+o00 +o00
= F (Eit) ZE) ZE) (a* + 6a%n? + 3nt) L,
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We show that the condition a* + 6a?n? + 3n* < 1 is necessary. Furthermore, for

(k,1) < (p,q)

B(02,03) = B+ B| LD (@ iy

(', 5")#(p,a)

Hence
o0 +00 +o0 +oo
2 4 2.2 4\ kxl-1
(ZZ Dlepqes ktlss —p,t— q) = E(Es,t)kz()lzo (a +6a77 +377)
(k Dy<(p.a) (k.)#(0,0)
+00 +00
x ];)lzo (a2+n2)q><p kxl+1
(k,1)#(0,0)
+00 +00 9 2
Z Z 2, 2vgxp—kxl+1 _ A" *1N
k=0 =0 (a”+n7) T 1-a?2-12
(k,1)#(0,0)

will converge also if a* + 6a%n? + 3n* < 1. Thus, noting that
(% +1?)? <a* +6a*n* + 3n*,
the condition is seen to be both necessary and sufficient. |

The main result of this section is the following theorem, we shall see, using the

ergodic theorem, that aL? is a strongly consistent estimate of a and asymptotically
normal.

— Theorem 2.4

For a strictly stationary, ergodic and Fst—measurable process X, ; satisfying

and the estimator aZ? given by (2.20) -, mn converges almost surely
to a. Furthermore, if E(X;{t) < oo then the random variable /mn(ak> - a) is
asymptotically Gaussian with zero expectation and variance given by

(1-a-n°)*(o 2E(Xst 1)+772E(X;1,t—1)).

ol

Proof: From (2.20)

ALS szg)tz(:) (stt_l)Q SZ(:);;) Xst 1Us t- (221)
(s,t)#(0,0) (s,t)#(0,0)

Since { X} is strictely stationary and ergodic so are {X2,} and {X;¢-1us;}. Fur-
thermore, v = F (XS t) is finite and

E (Xs,t—lus,t) = F (E (Xs,t—lus,tl]:s,t)) =K (Xs,t—lE (us,tl}—s,t)) =
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Since E (us|Fst) =0, and X,y is Fg—measurable. Thus by the ergodic theorem

n

AL Z Z
s=0t=0
(s,1)#(0,0)

X52,t—1 a5, E(ng,t 1)

and

showing that (dﬁi —a) converges almost surely to 0. Remembering that X ;—1us
is strictly stationary and ergodic, furthermore E(X,;_1us+|Fs+) =0 and in lemma
we have shown that E(X;{t) < o0, so we affirm that

E(Xsi-1uss)? = UQE(Xj,t—l) + JQE(XSQ,t—l) < oo.

m n

Then )Cls;) t; X t-1us ¢ converges in distribution to the normal distribution with
(s,t)#(0,0)

mean zero and variance 772E(X;1,t—1) + UQE(Xf,t_1 ). Hence A1 (a£% —a) is asymptot-

ically Gaussian with zero expectation and variance v2(n*E (X;t_l) +0?E(X 32,15—1 ),
2

_ ag
where v = a2

O

2.4.3 Maximum likelihood estimates of the parameters

Given a sample
(Xpp3k=0,...,m, 1=0,...,n, (k,1) # (0,0))

of size A, from the random field (X, ;) generated by the model , we obtain the
likelihood function conditional on the values {X; ¢ -p1 <s<0,—pa <t <0}. Given
As—q1 t-g2 € Fsy, let

f(XS,ta ey XS—q1 t=q2 |A8—Q1,t—fI2)

denote the density of X4, ..., Xs_q, t—q,. Furthermore, it follows from equation ({2.19))
that

s=0t=0
(5,1)%(0,0)
T 1(Xos—aX
= em 2 I o222, 1)-§xexp{—§( Zt_O;XZt_l) }
(5,1)(0,0) 7T A5
= Ly (a,?,0%)

which is the Likelihood function conditional on Xyg. Instead of the maximization of
this latter, it will be more practical and appropriate to think to the minimization of
the monotone function of the likelihood L, (a,nQ, 02)

Lonn (a,n2, 02) =227t (Lmn (a, 7]2,02)) —In(27)



40 Chapter 2. FEstimation of Spatial Models

_ -1 Sy 2, 242 -1 (Xst—aXss-1)?
=\ S;)t;) In(o”+n" X5 4) + A S;)t;) 2 12X :
s,1)%(0,0) (s,t)#(0,0) s,t-1

The function L (a, n?, 02) is nonlinear in ¢ and n? and there is no fully defined
expression for the estimates Gy, ﬁ%m and 6,2m of a, n? and o2, respectively, which
minimize L, (a,nQ, 02) . However,

Lon (a, T, 02) )+ 1322)1,2(:] In(1+ TXf,t_l)
(s,£)%(0,0)

+ 0—2)\ 1 Z Z (Xs,t - aXs,t—l)z.

0t=0 2
ne00) L HTXm

For fixed 7, the function L, (a, T, 02) reaches its minimum when a = a,,,(7) and
0?2 =02, (7), where

m n
(1) = )\—12 Z XSQJ/—I AL Z Z X1 Xs -1
mniT) = 5=0t=0 1 4+ 7X? 5=0t=0 1 47X2, ’
(s,t)%(0,0) si-1 (s,t)#(0,0) sit-1

and

An interesting fact is that the estimates of a and o2 are found in terms of 7.

Therefore, Ly, will depend only on 7. Thus, minimizing Ly, (a,nz, 02) using this
concentrated maximum likelihood approach amounts to minimizing a function of 7.
If Ly, (a, n?, 02) is minimized at 7 = T, the maximum likelihood estimates of a,

o2 and n? are given by @mn = Gmn(Fmn), G2 (Fmn) and 92, = FmnFmn, respectively.

This procedure can only be used in the case where the optimization algorithm does
not require the second derivative of the function. Otherwise, if the second derivative
is necessary and in the case of £,,, they are rather complicated. For this reason, it
is better to minimize Ly, (a,T).

IN/mn(a,T) in2f[~/mn(a,7', 02) -1

m n m n ~ )
)\_12 Z In(1+ TXit_l) +27'n Z Z (X5t~ aXs1)

=01=0 =0t=0 2
?&t)#(ovo) ?8,t)¢(0,0) 1 + TX'svt_l

The partial derivates of Lyy,(a,7) with respect to a and 7 are easily obtained, the
maximum likelihood estimates Gy, and 62, is obtained from the following
equations.

A2
Thmn

Lypn(Gmn, Tmn) = inf Lyn(a,7) (2.22)
(a,7)e®
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m n R 9
Z Z (Xs,t - amnXs,t—l)

Gy =271

mn 5=0¢=0 1+ 70 X2
(5,)#(0,0) s, t-1
~2 ~2

~
mn = OmnTmn:

Consistency Of The Maximum Likelihood Estimates

To show the strong consistency of the maximum likelihood estimators, it will be
required that © be compact. Accordingly, any continuous function in © reaches its
limits in ©. Also, equicontinuity and uniform convergence are equivalent in ©.
The following lemma provides one of the main results used to prove strong consis-
tency of Gy, 12, and 62,,,.

Lemma 2.3

For a strictly stationary, ergodic and JF,;—measurable process X satisfy-

ing (2.11) with a = agp, 0 = 03, and p® = pg, under assumption (), and
2

7 Koo

9070 = (a0,0,7070) s where 70,0 = m.

Then ml_iaaoof/mn(a,r) exists almost surely for all (a,7)’ € © and the limit

n—+oo

Lyn(a,7) is uniquely minimized over 6 at (a,7)" = 6o,0 provided that 6y €
int(O).

Proof: Since 0 <In(1+ TX(??t_l) <7Xg4-1, and E(st,t—l) exists,

converges almost surely to F(In(1 + TXSQ’t_l)) by the ergodic theorem. Also, since

m mn m n
Xot—aXs1)?
oaxim| Xy Ko ot ) PECTH DY (Xos—aXgs1)?
s=0t=0 1+7X2, s=01=0 4 ’
(s,t)#(0,0) 8 (s,£)#(0,0)

and this later term has a finite expectation and converges by the ergodic theorem,
we have

m n

Xor—aXsi1)? Xor—aXss1)?
0<A'ln ZE};} ( st =4 ;’t ) a.s FE ( st =0 ;’t ) .
f;,t);(0,0) 1+ TXs,t—l I 1+ TXs,t—l

Hence, L, (a,7) converges almost surely to

L Xor—aXs1)?
L(C%T)=E(ln(1+7-X82,t_1)+ln(( t—aXsi 1) ))

2
1+ TXs,t—l
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> (Xot—aXs4-1)? _ B (Xst—a00Xst-1+ (aoo— a)Xs,t—1)2
1 +TX52t—1

- B (E ((ns,th,t—l + 5s,t)2 |]:S,t_1))

2
1+ TX&t_1

B ( (a0 —a)*X2, )

2
1+ TXS,t_l

2 2 2
B 0.0+ 10,05 -1
2
1+ Tijt_l

2
9 1+ 7-070Xs,t—1
= 0y OE - vz |
' 1+7X2,,

v

since
E (Xs,t - aU,OXs,t—llfs,t) =0,

and
E ((778,th¢—1 + Es,t)z |-7:s,t) = ‘7(2),0 + 77(2),0Xs2,t—1~

and 778’0 = 08’07&0. Moreover, equality will hold in the above only when (agg -
a) X -1 almost surely, that is, when a = ago. Thus,

i%fimn(a,’r) = f/Tnn(afO,OaT)

E(l + TU,OXg,t—l)

2
1+ TXs,t—l

ln(agjo) +1n ( ) +FE (ln(l + TXSQ,t_l)),

and Ly, (a,7) = inf L(a,7) only at a = ago. Now, if X is any positive random
a

variable with an expectation 1, then
E(ln(X)) <In(E(X)) =0,

by Jensen’s inequality, with equality only when X =1 almost surely.
Letting
L 1+T00XE

X=c
1+ TXs,t—l
1+TQ,0X2 _ ..
, where c¢=F (#2”1 , it is seen that
+7 s,t—1

1+7X2,_ 1+7X2,_
Elm ( sé 1) >-InE ( s,; 1)
1 +T070Xs,t—1 1+T070Xs,t—1

with equality only when
(1+ 70,0X52,t—1) =c(1+ TXz,t—l)'
almost surely, that is when (790 — c7')X$2’t_1 = ¢—-1 almost surely. This occurs

only when 79 = ¢7 and ¢ = 1, that is, when 7 = 79 9. Hence, Ly, (a,T) is uniquely
minimized at a = ag,0 and 7 =79 0. O
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Lemma 2.4

nl_i}rglo Lmn(a,uz,o*Q) exists almost surely and minimized uniquely at a = ag,
m— 00

2 _ 2 2
K== fo,00 T = 90,0

Proof: From Lemma |3 and the convergence of Ly, (a,T), Jim Lo (a, %, 6%) is

m— 00
seen to exist almost everywhere and to be uniquely minimized at a = ag,

2
2 2 (Xt —a00Xs-1)
c°=0"=F 3 ,
1+ TO,OXs,t—l

and ,u2 = 7'0,002*. But

Xt —a00Xst-1)°
2 - ple (Xs,t —aop 2s,t 1)
1+ T070X37t_1
2 2 2
_ 00,0+ Hp,0X51-1 9
2 =00,0)
1+ TO,OXs,t—l

. 2 2 . . o . . _ 2 _ 2 _ 2
and so nllglo Limn(a, p°,07) is uniquely minimized at a = a0, 1* = g o, 0 = 0. We
m—00

are now in position to prove the strong consistency of the procedure. O

— Theorem 2.5

Let f/mn(a, 7) be minimized over © at a = Gy, T = Timn, and émn = (Amns Tran) -
Then 60,,, converge almost surely to 6y = (ago, 700) provided that Ogg € int(O).

—| Corollary 2.2

2., and 62, converge almost surely to 72 , and 03 ,, respectively.

Proof: Theorem [5| specifies that 7,,, and a,, converge almost surely to 7 and
aop,0, respectively. Now,

3

3
Ed
Il
o

A 2 M
1+ 7'mnX5’t_1
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converges uniformly and almost surely on © to

o*(0) = {—(Xs’t ~ ). }

1+ Tmnijt_l

It is also evident that 62, a.s 0(9370) which was seen in the proof of lemma |3| to
2

equal 0370, since 12, = Tn02,,, it follows that 72, a.s 778’0 = 70700370. O

In this section, we show the effectiveness and accuracy of the estimation method
developed in the previous sections. Moreover, we establish a comparative study
between the maximum likelihood estimates and the least square estimates.

2.4.4 Comparative study

In order to compare maximum likelihood and the least square estimates, the sample
square of the estimates is retained as the criterion of comparison. The calculation
steps that allow comparison are summarized in Algorithm

Algorithm 1 Prediction Algorithm
1: for (n,m) € {(100,150)(150,200)(250,250)} and for several values of (a,n?, %)
do
2: for je{l:rep=1000} do

o Generate data as a (n,m) rectangular grid from spatial models of the form
where €(s,t) is Gaussian white noise process with mean 0 and vari-
ance o2 = 1 and 7(s,t) is supposed Uniform on the [0,b], with b is chosen
so that the condition a® + 7% < 1 holds.

« Estimate the vector of the parameters (a,n?,02)’ by the two methods cited
in the subsections and .

o Calculate the sample square error of each estimate.

3: end for
Calculate the sample mean square error of each estimate.
4: end for

In Table row (a) gives the true parameter values, row (b) gives the mean square
errors of the estimates obtained by the least square method, and row (c) is dedicated
to the mean square error of the estimates using the maximum likelihood procedure.
Thus our MSE is defined as the expected value or the mean of values over the set of
1000 repetitions. This definition of MSE is convenient for computing. One reason
for choosing as many as 1000 replications is to reduce this standard error and hence
obtain a relatively reliable ranking of different values.

The results in Table indicate that, with the increase in the values of n and m, the
values of the estimated MSE of the two estimators decrease. Also, for fixed values
of n and m and for the various values of the parameters considered, it can be seen
that the MSE increases when approaching the zone of non-stationarity. Particularly
as the sample size increases, the mean square errors of the maximum likelihood are
less than those of estimates obtained by the least squares method. This is what one
would expect of course since the maximum likelihood estimates are asymptotically
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unbiased and efficient. Also, the results recorded in Table indicate that almost
all of the true values of the parameters are within two sample standard deviations
of their respective sample mean.

(n,m) a n? o?
(150,150) | (a) | 0.40 | 0.25 0.25
(b) | 0.113 | 1.002 0.105
(c¢) | 0.112 | 0.099 0.098
(250,250) | (a) | 0.40 | 0.25 0.25
(b) | 0.112 | 0.098 0.089
(c) | 0.09 | 0.091 0.810
(500,500) | (a) | 0.40 | 0.25 0.25
(b) | 0.031 | 0.023 0.012
(c) | 0.002 | 0.009 0.006
(150,150) | (a) | 0.60 | 0.36 0.25
(b) | 0.116 | 0.108 0.115
(c) | 0.112 | 0.099 0.108
(250,250) | (a) | 0.60 | 0.36 0.49
(b) | 0.007 | 0.079 0.097
(c) | 0.005 | 0.069 0.053
(500,500) | (a) | 0.60 | 0.36 0.49
(b) | 0.05 | 0.062 0.010
(c) | 0.01 | 0.004 0.006
(150,150) | (a) | 0.70 | 0.36 1.00
(b) | 0.180 | 0.121 0.121
(¢) | 0.117 | 0.160 0.103
(250,250) | (a) | 0.70 | 0.36 1.00
(b) | 0.097 | 0.097 0.116
(c) | 0.008 | 0.009 0.108
(500,500) | (a) | 0.70 | 0.36 1.00
(b) | 0.006 | 0.09 0.006
(c) [ 0.001 | 0.003 0.002
(150,150) | (a) | 0.70 | 0.49 1.00
(b) | 0.114 | 0.210 0.166
(c) [0.091 | 0.115 0.098
(250,250) | (a) | 0.70 | 0.49 1.00
(b) | 0.111 | 0.102 0.0105
(c) | 0.12 | 0.008 0.006
(500,500) | (a) | 0.70 | 0.49 1.00
(b) | 0.023 | 0.059 0.007
(c) | 0.001 | 0.005 0.002
Table 2.1: Values of the mean square errors of the estimates.
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2.5 Conclusion

In this chapter, we presented new results on the estimation problem, more precisely,
we have developed an estimation procedure for estimating unknown parameters of
two-dimensional random coefficient autoregressive models.
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3.1 Introduction

In this chapter, we consider a measure of predictability of a random field following a
stationary two-dimensionally indexed autoregressive moving average (2D-ARMA).
The purpose of this chapter is two-fold. First, we give a characterization of equal
predictability processes by providing necessary and sufficient conditions, which high-
light the role of the coefficients of the moving average (MA) and the equivalent au-
toregressive (EAR) representations. Second, we implement a procedure allowing us
to carry out a test of equal predictability. A simulation study is presented and an
application to real data of wheat yield is reported.

We deal with the equal predictability of a quarter-plane (QP) two-dimensional au-
toregressive moving-average (2D ARMA) model excited by an unknown zero-mean
white noise. Our predictability measure is closely related to used in time series;

47
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they proposed a natural measure of one-step-ahead predictability for covariance
stationary time series. Following this same order of ideas, we propose a measure
of predictability of a quarter-plane (QP) two-dimensional autoregressive moving-
average (2D ARMA) model excited by an unknown zero-mean white noise. The
relations between the parameters of a 2D ARMA model and their 2D equivalent
autoregressive and moving average representations are used in order to obtain nec-
essary and sufficient conditions of equal predictability and parallelism. Based on
certain intermediate results in the form of propositions and lemmas, we have set up
a statistical test allowing us to affirm or not the equal predictability between two
series of data generated by 2D ARMA models.

3.2 Model and Assumptions

In this section, we describe the problem to be treated in this chapter and introduce
the necessary notations. In time series, there is a natural neighbor structure in-
duced by the existing total order of Z (the set of all past values of ¢ € Z is the set
of all integers that are less than t ). However, for points on the plane, for instance,
(m,n) € Z2%, there are several different notions of the neighborhood. In general,
definitions of the neighborhood of a point (m,n) on the plane are motivated by
the physical acquisition system of the data. This is the case with images that have
been captured by satellites. In what follows we use the most frequent neighborhood
found in the literature; [45], the third quadrant @ = {(,7);7< 0,5 <0,(4,5) # (0,0)},
which is called strongly causal region.

We recall that a random 2 — D field process is a quarter plane 2 — D causal ARMA
(resp. AR, MA) of finite order if and only if the innovation of a horizontal path
coincides with the innovation of a vertical path, characterization of such process
is quoted in [46]. A random field {X(s,t), (s,t) € ZQ}, which is stationary to the
second order, will have a representation called a quarter plane 2 — D causal ARMA
process of finite order (p1,p2,q1,qe) if it obeys a differential equation :

X(s,t) + i i}ai,j){(s—i,t—j) =e(s,t) + % qf:bme(s—k:,t—l) (3.1)

i=0 j= k=0 =0
(4,5)%(0,0) (k,1)#(0,0)

and {e(s,t)} is an unknown random excitation which is assumed to be the white
noise with zero mean and variance 2. Let the transfer function H (21, z2) associated
with the differential equation of system , expressed in the form of a rational
fraction of 2 — D polynomials in z; and zo,

21, 2
H(zl,zQ)=M, (3.2)
0 (21, 22)
with
p1 P2 o
¢(21,22) =1+ D Y ai;212),
i=0  j=0
(4,7)%(0,0)
and

g1

a2
0(21,22) =1+ > Zbkvlzfzé.

k=0 1=0
(k,1)=(0,0)
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€(s,1) Quarter-Plane (Q-P) X(s,t) - €(s,1) EAR(o0, o) X(s,t)
ARMA((py, p2,q1.q2) = model

Figure 3.1: Relationship between ARMA and EAR models

Stationarity condition of system (3.1 (see [47])

P1 P2
> ZGUZIZQ #0 if |z1| <1, |20 =1
05=0
o (3.3)
Y agjzh #0 if |z <1
=0

with apo = 1.
The conditions for the transfer function H (z1,22) to be invertible are formulated

in [47] as
a g

P Y briztzh #0if |z| <1 |zol =1

@ (3.4)
> boy2h # 0 if |29] <1

=0

with boo =1
In Figure the Relationship between ARMA and EAR models. Under condi-
tion (3.4)), there exist a sequence {m;;,7 > 0,7 >0} such that

P1 p2

ZZazmzz
1 =0 j=0

’ ZZbk,szzQ ¢

k=01=0

Z mjzizé, ™0 = 1 (3.5)
7=0

M8

Il
[e=]

In this case, the Equivalent AutoRegressive (EAR (o0, 00)) process to the model ([3.1))
is
X(s,t)=€(s,t)+ Y Yom;X(s—i,t-j) (3.6)
i=0  j=0
(1,5)#(0,0)
In Figure|3.1] E the relationship between ARMA (p1, p2, q1,g2) and EAR(oo 00) mod-
els can also be constructed by 2D-EAR model. Indeed, by using and . we

can write

q1 g2

Z Z bijz1 22 1
1=035=0
P1 P2 N (3'7)

o0 o0
ZZ a; i,=J ZZWJZlZQ

iz0j=0 %571 %2 i=0 j=0
(4,5)#(0,0)

Assuming that the stationarity condition (3.3)) is satisfied, the model ({3.3]) admits a
finite order Moving Average (MA (o0, 00)) process

n-3

k=0

M8

Yre(s =kt =1),

~
Il
o
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where the sequence {UJk,l; (k,l) € ZQ} is called its MA parameters, with 190 = 1,9, =

0 when £ <0 or [ <0 and Z Z |¢k,l|2 < oo. The sequence {¢k,l} is determined by
k=01=0

(L
1+ Y LF =
Z ZO ki @)
(k)=(0.0)

and it is well known (see [12]), that the MA (oo, 0o) coefficients 11, ; and EAR (oo, 00)my,
are related via the following recursions:

the relation

>
~

&

Yo,0 =m0 =1 (3.8)
i J
Vi = Z Z?Tk,m—k,j-l- (3.9)
k=0 =0
(k,1)#(0,0)

3.3 Measure of Predictability

We now consider the problem of prediction. For convenience, we keep the notations
used in [13]. More precisely, we use the third quadrant @ = {(4,7);4< 0,5 <0;(i,7) #
(0,0)} as the past. On this past support, it is possible to define the lexicographic
order, so the first future value is X(0,0). Note e (0,0) the best linear predictor
of X(0,0) which is obtained by the orthogonal projection onto the closed space
H={X(i,7);(i,7) € Q}. Also, the innovation process is white noise.

The standard tool used in the time series domain as a measure of predictability of
{X¢;t € Z}, based on the past, is the index

Cvar(X(t+1) - X(t+1))

R%=
var (X;) ’

see for instance [44]. In the same vein, we define as a measure of predictability
of {X(s,t); (s,t) € ZQ}, with finite variance, using the third quadrant as its past
history, the index

R2-1- var(e(0,0)) ’
var(X (s,t))
where ¢(0,0) = X (0,0) - X(0,0).
Rg( will bind between zero and unity. For a series that cannot be forecast, such
as white noise, this ratio is 0. If the series can be predicted without error, R?
will be equal to 1. Let {X(s,t); (s,t) € Zz} be a stationary ARMA (p1,p2,q1,q2)
defined by . Suppose that the stationarity and invertibility conditions given
by and are satisfied. As mentioned previously, by applying the 2D-EAR

transformation, the model can be written as

X(s,t) = Z vajX(s—i,t—j)+e(s,t),
0 120
(1,)#(0,0)”

where the sequence ;; is determined by the relation

- 5 S0

(%J)#(O 0)
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where L X (s,t) = X (s —1,t - j).
Thus, it shows that the optimal forecast of X (0,0) given its past history is

E(X(0,0\X(,4); (i,5) € Q) = > > mi;X(=i,—j)
(ii)20.0) "
and the innovation €(0,0) is the corresponding one-step forecast error. Thus we have

2

O¢

Ry=1- var(X (s, 1))’

Also, since {X (s,t);(s,t) € ZQ} is stationary, it can be written as a finite order
moving average process

X(s,t) =¢€(s,t) + Z
(k l) ?0,0)

M8

Vrae(s -k, t - 1),

~
I}
o

where the sequence {W:,l} is determined by the relation

14 z zw (L)

" o(L)
(k, l)¢(0 0)
and hence
PRI
1 (k z’)tgo 0) =0
R:=1- UG (3.10)
1+ Z Z 1+ Z Z
kyz0.0) k)2 0.0y

We call the sequence {@ZJM} 1-weights; it represents the dependence structure on the
series. A series with small ¢-weights (with a "few structures") will be predictable
than one with large i-weights (a series with "a more structure"). Thus, this pre-
dictability measure provides a synthetic evaluation of the dependence structure of
stationary random fields.

Given two stationary and invertible 2D ARMA processes, {X (s,t);(s,t) € ZQ} and
{Y(s,t); (s,t) € Z2}, the condition of equal predictability for the two processes can
be formulated as follows:

R% -R% =0

It seems clear that this condition of equal predictability is limited to one-step predic-
tion in the lexicographic order. However, it is possible to extend and define a measure
of predictability relative to a h = (hy, ho)-steps, with (hi,he) € F = {(i,7);i> 0,5 2
0;(4,7) # (0,0)}, by

hi-1  hp-1

T YIRS

k=0
var(e(h (k,01)#(0,0
R2 (h) =1- Var(g(((sg) =1- )¢( ;
1+ Z Z¢kk

k=0
(k,1)%(0, 0)
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_ k=h1 l=ho : (h17 hg) e F

where e (hy,h2) = X (h1,he) = E[X (h1,h2)\X(7,7); (i,7) € Q]. Given two station-
ary and invertible 2D ARMA processes, {X(s, t); (s,t) € Z2} and {Y(s, t); (s,t) € Z2},
the condition of equal predictability at all horizon for the two processes can be for-
mulated as follow:

R% (hi,hs) = R (hi,ho) =0, (h1,he) € F.

Now, by giving a horizon of any forecast, we introduce specification predictability
equal to all horizons between two stationary ARMA processes.
Let {X(s,t); (s,t) € Z2} and {Y(s,t); (s,t) € ZQ} be two stationary 2D ARMA pro-

cesses
0x(B)X (5,t) = 0 (B)ex(s,1)  ex(s,t) ~ WN(0,02)
oy (B)Y (s,t) = 0y(B)ey(s,t) €y(s,t) ~WN (0305)
where
P1 P2 q1 )
¢z (21,22) = Z Za”zlzé, 0z (21, 22) = Z Zb z122.
() =t0.0)"™ (3200
Pl 4
by (21,22) = Z Za”zlzz, Oy (21,22) = Z Zb 2122. (3.11)
(w)?ﬁ(O 0)’ (17])#(0 0)’

Since {X(s,t); (s,t) € Z?} and {Y(s,t);(s,t) € Z*} are stationary they can be rep-
resented in the following form:

X(s,t) = Z Z Vi je(s—i,t—7) +e(s,t) (3.12)
(%])#(0 0)’
Y (s,t) = Z Y 6in(s—i,t—j)+n(s,t), (3.13)

=0 ;=0
(i.)2(0.0)”

where the sequences {t; ;} and {J; ;} are determined by the relations

1- Wi LM = 228
& vl =0 )
(4,5)#(0,0)

1_ Z ZéZ]LzJ_gb

(1)2(0.0)° "
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Let {X(s,t); (s,t) € ZQ} and {Y(s,t); (s,t) € ZQ} be two stationary 2D ARMA
processes. The processes {X (s,t); (s,t) € Z?} and {Y (s,); (s,t) € Z*} are equally
predictable at all horizon if and only if

Vi by =0t gy (h1,ho) €F

Proof: (=) If {X(s,t); (s,t) € Z*} and {Y (s,t); (s,t) € Z?} are equally predictable
at all horizons, then

R% (h1,h2) = RY (h1,ha) =0, VY (hi,ha) € F

In particular for kA = (1,0), we have

R%(1,0) - R%(1,0) = wl - - ool =0
Le X Xuiy 1+ Z Z 6
()00~ (1.)20.0)
It follows that - -
Z > Ui, = Z Z 07
(200" (1.5)2(0.0)”

By combining this condition with equal predictability at any horizon (hq,hs)

PR > 26

i=h1 j=hg i=hy j=hg (h1 hg) ¢ F
1+ Z Zwm 1+ Z 26
(i, J)#(O 0) (w)¢(0 0)
implies that
Z Z Z 251‘7’ (hlahQ)e‘F'
1=hy j=hg i=hy j=ha
and so
¢f211,h2 = Z Z wi] - Z Z wi]
i=hy j=hao i=h J=h2
(ivj)#(hlth)
DD IE D VD W
i=hy j=ha i=h1 i=ho
(4,5)#(h1,h2)
=6 nyr  (h1,ho) € F.
If

R% (h1,h2) = Ry (h1,h2), (hi,ho) € F
it follows that
R% (h1,he) = Ry (h1,h2) =0, (hi,ho) € F,
that is {X(s,t); (s,t) € ZQ} and {Y(s,t); (s,t) € ZQ} are equally predictable at all
horizons, which completes the proof. O
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3.3.1 Equal predictability and parallelism

Let {X(s,t); (s,t) € Z?} and {Y (s,t); (s,t) € Z*} be two stationary 2D ARMA pro-
e 0. (B)X(s,t) =0,(B)e(s,t), e(s,t)~WN (O,U?)
oy(B)Y (s,1) = 0y(B)n(s, 1), n(s,t) ~WN (0,07)

where ¢ (21, 22) , 05 (21, 22) ¢y (21, 22) and 6y (21, z2) are finite polynomials in (z1, 22)
given by. We say that {X(s,t); (s,t) € ZQ} and {Y(s,t); (s,t) € ZQ} are parallel if

¢$ (21,22) :d)y (Zla'ZQ) and 6513 (21722) :Hy (Zl)ZQ)‘

In the domain of time series, this notion has been introduced in [44]. Such is the case
in the field of time series, two 2D-ARMA are in parallel if they have the same struc-
ture. The following lemma highlights the link between the concept of parallelism
and equal predictability at all horizons.

—| Lemma 3.1: [48]

Let {X(s,t); (s,t) € 22} and {Y(s, t); (s,t) € Z2} be two stationary ARMA pro-
cesses. If {X(s,t); (s,t) € ZQ} and {Y(s,t); (s,t) € Z2} are parallel, then they
are equally predictable at all horizons.

Proof: If {X(s,t); (s,t) € ZQ} and {Y(s,t); (s,t) € Z2} are parallel, then
Oz (21,22) = Oy (21,22) and 0, (21, 22) =0y (21, 22) .

Thus
O (21,22) _ 0y (21, 22)

o (21722) B by (21, 22)

and so X (s,t) and Y(s,t) have the same moving average representation, that is

wi,j :51',]‘7 for (Z,j) e F.

It follows that
R3% (hi,hs) = R% (h1,ha), for (hi,hs) e F.

This completes the proof. O

Through this lemma, it is clear that the condition of parallelism is sufficient to obtain
equal predictability at all horizons between two 2D-ARMA processes.

Considering the case of a stationary 2D-ARMA process with equal weightings com-
pared to the same delays, we give the following characterization of equal predictabil-
ity in any horizon of prediction based on the notion of parallelism.

Let {X(s,t); (s,t) € ZQ} and {Y(s,t); (s,t) € Z2} be two stationary 2D-ARM A
processes. Let us suppose that 1(i,7),d(i,7) > 0 for all (, 7). {X(s,t); (s,t) € ZZ}
and {Y(s,t); (s,t) € Z2} are equally predictable at all horizons if and only if
{X(s,t); (s,t) € ZQ} and {Y(s,t); (s,t) € ZZ} are parallel.
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Proof: (=) If {X(s,t); (s,t) € ZQ} and {Y(s,t); (s,t) € ZQ} are equally predictable
horizons, then, by Proposition [T} we have

¥? (h1,ha) = 6% (h1,ha)  (hi,ha) € F

Since, ¥ (hi,hs) and § (h1,hy) have the same sign for all (hi,hs), it follows that
IJZ) (hl,hz) =4 (hl, hg) s (hl,hz) € ]:, and hence

i=0 =0 i=0  j=0
(4,5)#(0,0) (4,5)#(0,0)
Hence,
0
O (2172’2) _% (21,2‘2) (3‘14)
b (21,22) Oy (21,22)
Thus
9 (21 22) 95,; (21 2’2)
0 =L g d 60 = B\
2z (21, 22) ry (Z1722)<75 (21,22) an y (21, 22) o (21722)% (21,22)

If ¢g(21,22) # ¢y (21,22), with p, > py, and if the polynomials ¢, (21,22) and
¢y (21,22) have 0 < k < p, common roots, it is possible to express 6 (z1,z22) in
the form of factorization

0y(2) (1= Ag12) (1= Ago2) - (1- )‘r,(m—k)z)
(1 - )\yylz) (1 - )\y,QZ) (1 - )\y7(py_k)z)

0:(z) =

where z = (21, 22)", Api = (/\Jlm, )\92“) and \y; = ()\;’i, )\731) are the non-common roots
of the AR polynomials.
Thus 6,(z) is a polynomial of infinite order, but this is absurd since, by hypothesis,

On the other hand, if ¢,(2) # ¢y(2), with p, < py, and if the polynomials ¢,(z) and
¢y(z) have 0 < k < p, common roots, factoring the AR operators we have that

) 0:(2) (1 =0y12) (1 - dy22) (1 - 5y7(py_k)z)

6
y(z) (1—51’12’) (1—(533722)"'(1—(533’(271_16)2)

9

where 9, ; = (53{31"53#’) and 0y, = (6;’]-,)\12/71-) are the non-common roots of the AR
polynomials are the non-common roots of the AR polynomials. Thus, 6,(z) is a
polynomial of infinite order, but this is absurd since, by hypothesis, ¢, < co. It

follows that
b (21, 22) = Oy (21, 22) (3.15)

Equations and imply that 6, (21,22) = 0y (21, 22). Thus, we can con-
clude that {X (s,t)} and {Y (s,t)} are parallel.

(<) If {X;} and {Y;} are parallels, then, by Lemmal[1} it follows that {X;} and {Y;}
are equal predictable at all horizons. This completes the proof. O
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3.3.2 Comparison of predictability in spatial GARCH models

The comparison of the predictability of squared 2DGARCH processes is a direct
consequence of the various previous results.

The spatial GARCH model has been introduced by [49] for clutter modeling and
anomaly detection. The 2DGARCH (p1,p2,q1,g2) process is defined as:

e(s,t) =\/h(s,t)n(s,t)

q1 q2 9 P1 P2
hi = a0 + Z Z Q4 j€sjp—j T Z Z Brhi—k, s,
0

=0 1= k=0 1=0
(1,5)#(0,0) (k,1)#(0,0)

(3.16)

where g > 0,04 20, and fi; > 0, h is the conditional variance of € (i.e., e\t ~
N (0,h¢) ) and 1) denotes all the informations

e = {(€s-hp-1) , 0 <k <p1,0 <1< pa, (homiyj), 0<i<p1, 0<I<py, 0<j < po)

n(s,t) ~N(0,1) is a stochastic 2D process independent of h(k,1),V(k,1) < (s,t).
As we need of the second order stationary of the 2D GARCH model like (3.16)), we
suppose that

q1 q2 P1 p2

> gt Y Y Bu<l

=0 7=0 k=0 =0
(,4)#(0,0) (k1) #(0,0)

It is well known that {e(s,?)} admits the following 2DARMA (g1, ¢5,p1,p2) repre-
sentation:

qi a5
e(s,t)=aoo+ > Y (i +Bij)e(s—i,t—75)?

=0 =0
(i.4)(0,0)”

- ZI: pi:ﬁk,m(s—k,t—l)+n(s,t)

k=0 =0
(k,1)#(0,0)

with n(s,t) = €(s,t)? = h(s,t),q} = max (pi,q;) ,cij =0 if  (4,5) > (q1,42) , Bij =
0 if (i,7) > (p1,p2) .n(s,t) is, by construction, a martingale-difference sequence
relative to the o-field generated by {e(k,l),(k,l) < (s,t)}. We denote that the
infinite moving average representation of (s, t)2 is

6(5>t) =0+ w(L)U(Sa t)a

where (L) = > > i ;L. The values of {1;;} are obtained in the same way by
i=0 j=0
the relations given previously.

Let {e(s,t)} and {(s,t) be two covariance stationary GARCH processes, {e(s, t)2}
and {((s,t)?} are equally predictable if and only if {¢(s,t)?} and {((s,t)?} are
parallel.
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3.3.3 Testing for equal predictability

Through the previous results, it is possible to implement an equal predictability test
of two 2D ARMA processes. This test can extend naturally to 2D ARMA process.
As future predictions depend only on their past, we assume that these models are
estimated separately, it will spread the difficulties of calculations and those related
to the identification. It is possible to use Proposition [I] to test the null hypothesis
of equal predictability of 2D ARMA processes. Indeed, the null hypothesis can be
characterized by:

Hy: ) =98 (i, j) (3.17)

In what follows, any vector with indices in Z? is arranged in the lexicographic order
that is
(i,7) < (k,l)ifi<jor (i=jand j<l).

Being 1/1,5:2) = fn (’y(h)), where 7(h) = ( 871, 872), . 91()?7)1)2, . 93?7)(12) the equation

which represents the null hypothesis of the test is a set on nonlinear restrictions on
the AR and MA coefficients. Let 4" = (gbo 15 d)(()g) ,o 0,(,}117)1,2, . 95?)(12) the maximum

2
likelihood estimator of 'y(h); the maximum likelihood estimator of (wl(’;)) will be
(w(h)) = (fh (?y(h))). The random vector

(50) = ((960)" (362)" - (92.) " (A62) (962)° - (562.0)°)

has asymptotic Normal distribution with mean

3= () (02) o (980) () (082) o (02,))

and covariance matrix GAG’, where G is the

[(nimy +ng —m2) x (n1 +n2) (p1 +p2) (¢1 + ¢2)] matrix whose the (k,l) the func-
tion in wQ with respect to g1, *, 0ny ny, and A is the maximum likelihood estimator
of the covariance matrix of 90,1, e ém,nz. Being the two 2D ARMA processes inde-
pendent, A is a block diagonal matrix. Having the asymptotic distribution of 1&2, we
can test the equation of the null hypothesis, rewriting the null hypothesis as a set
of restrictions:

Ay?=0

where A is a (n1 +ng — 1) (mq + mg) x (n1 + ng) (M1 + my) matrix of the form

Im1+m2 _Im1+m2 0m1+m2 0m1+m2 0m1+m2
A _ 0m1+m2 Im1+m2 _Im1+m2 Om1+m2 0m1+m2
0m1+m2 0m1+m2 0m1+m2 Im1+m2 _Im1+m2

with Ip,, +m, representing an (mj +mg) x (m1 + mg) identity matrix and Oy, +m, an
(m1 +m2) x (mq +m2) matrix with all the elements equal to zero. The Wald test
statistic for the null hypothesis is given by:

= (AP?) (AGAG'A") ™ (AY?)
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W is asymptotically distributed as a central chi-square random variable with

(n1+ng2-1) (my+ meo ) degrees of freedom. Proposition [2] established the equiva-
lence of the equal predictability and the parallelism between stationary 2D ARMA
processes with ¢-weights with the same sign; this result can be extended to the case
of equal predictability and parallelism among n 2D ARMA and allows us to verify
simply the equality of AR and MA coefficients of n models. The null hypothesis of
equal predictability is given by:

o) =P = =" foreach 0<i<pi0<j<p (3.18)
9$}=9§§=-~=95§ for each 0<k<p1;0<1<py

The null hypothesis of equal predictability (Eq. (3.18))) can be expressed as a set of
linear restrictions:

A6=0 (3.19)

1 1 1 1 ! "
where 0= (60— 60, 0000060 6 g and
is the same matrix of Eq. (16). Of course W is asymptotically distributed as a
central chi-square random variable with (n1 +ng — 1) (mq + mga) degrees of freedom.

Also, in this case, the matrix A has to be properly arranged if the models compared
have different 2D ARMA orders.

3.4 Numerical results

3.4.1 Simulation study

We present here a simulation study carried out using the statistical software R4.0.0
in order to highlight the validity of the results of the previous sections. The steps
involved in the computations are summarized as follows. Consider the stationary
first order multiplicative spatial autoregressive model (MSAR(1)) defined by

X (s,t) = ¢1’0X(8 -1,t)+ ¢071X(S,t -1)+ ¢171X(S -1,t-1)e(s,t) (3.20)
where {e(s, t); (s,t) € ZQ} are independent random variables with

E(e(s,t)) =0, Var(e(s,t)) = o2, $11 =010 o1

and |¢170| <1 and |¢071| <1.

Note that this model is a particular case of the ARMA (p1, p2,q1,q2) model, it has
been reported extensively in the literature (see [49] and references therein).

The comparison of predictability will be made between the simulated series (S),

and certain series obtained by transformation. These series are the square root of
simulation (SS), its log, (LS), and its reciprocal (RS).
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Algorithm 2 Equal predictability Algorithm
Step 1. Simulations of DATA

« For several values of ¢;;

e Generate a date as a n x m rectangular grid from spatial models of the
form (3.20), where {e(s,t)} is a Gaussian White Noise process with mean
0 and variance o2 = 25. Different samples

o for the simulated data do
e simulate three other types of series,

— the logarithm of the simulated data;
— the square root of the simulated data;

— the reciprocal of the simulated data
e end for
Step 2. Estimation of MODELS
e for each of the four series do do

— Fit the model MSAR,(1),k=1,...,4.
— Estimate the parameters gf)ﬁ ; of each model MSAR(1).

Step 3. Test of EQUAL PREDICTABILITY
e Perform the test for parallelism and equal predictability, i.e.
. for k=1to4 do

Test the hypothesis Hy : gbf’j = gbi,j, k # [ against the hypothesis H; : gbﬁj # gbﬁw
by calculating

— the covariance matrix A®) for each model MASRg(1),

— the statistic test given by (3.17)),
— the p-values in parenthesis

o end for

In Table we report the values of the test statistic and p-values in parenthesis.
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o) S RS SS
RS 2.3280 (0.2758)
18.114 (0.0020)
S SS 0.551 (0.817) 3.698 (0.130)
5 0.687 (0.670) 8.901 (0.015)
LS 0.251 (0.859) 3.7891 (0.131)  0.0075 (0.991)
0.582 (0.635) 8.880 (0.009) 0.020 (0.989)
RS 2.2450 (0.3102)
18.215 (0.0041)
)
S SS 0.462 (0.813) 3.699 (0.119)
g-/ 0.701 (0.702) 8.912 (0.010)
LS 0.279 (0.858) 3.910 (0.129) 0.0091 (0.992)
0.609 (0.704) 8.262 (0.014) 0.0348 (0.995)
RS 2.2140 (0.2870)
18.108 (0.0030)
o
S SS 0.456 (0.802) 3.712 (0.125)
g-/ 0.692 (0.688) 8.892 (0.014)
LS 0.281 (0.860) 3.890 (0.125) 0.0089 (0.996)
0.615 (0.698) 8.260 (0.015) 0.0350 (0.997)
RS 2.2220 (0.2910)
17.892 (0.0080)
=
S SS 0.551 (0.821) 4.001 (0.178)
E-/ 0.688 (0.696) 8.622 (0.009)
LS 0.297 (0.912) 3.580 (0.125) 0.0089 (0.996)
0.586 (0.499) 8.488 (0.020) 0.0250 (0.993)
RS 2.980 (0.4410)
21.356 (0.0050)
)
S SS 0.552 (0.768) 4.102 (0.135)
g/ 0.683 (0.713) 9.202 (0.018)
LS 0.329 (0.659) 4.152 (0.205) 0.0091 (0.920)

0.705 (0.508)

7.689 (0.030)

0.040 (0.995)

Table 3.1: Values of the test statistic and p-values in parenthesis for the Simulated
data. Where S represents the simulation, SS is the square root of simulation, LS is
its log,, and RS is its reciprocal.
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It emerges from Table that the reciprocal of the simulated data is not parallel to
the originally simulated data, the square root transform, and the log,, but they all
have equal predictive ability. it should be noted that for the purpose of modeling
and inference it will be appropriate to use either the square root or log, transforms
of the data since they possess a similar structure to the actual simulated data.

3.4.2 A real data application

To illustrate the application of the proposed results in a real data set, we use the
classical Mercer & Hall wheat yield data (WY). This data set is available in the R
library (spdep) using simple command data (wheat).
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Figure 3.2: Wheat yields data: (a) spatial plot and (b) histogram. Median polish
residuals: (c) spatial plot and (d) histogram. is close to normal.

A wheat yield experiment was conducted at Rothamsted Experimental Station in
Great Britain. The experiment, a uniformity trial, consisted of giving a 20 by 25
lattice of plots the same treatment with approximately 1 acre area under each plot.
The unit of measure of grain productivity is the pound. On the 20 by 25 layout
each of the 20 rows runs in the east-west direction and each of the 25 columns runs
in the north-south direction. The exact dimensions of the plots that formed the
basis of this study are unknown, although some researchers used 3.30 meters from
east to west and 2.51 meters from north to south. Previous analysis of this series
was done by . The graphical representation of the data is given in Figure
and its histogram in Figure b) shows the familiar bell-shaped curve, indicating
the nearly normal distribution for the 500 wheat yield measurements. The mean
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(3.95), median (3.94), and mode (3.97) are nearly equal, and the skewness (.036)
and kurtosis (—.254) are close to zero, all providing evidence that the distribution
Figure [51, pp. 284-259] conducted an exploratory data analysis of this data in
which he confirmed the presence of an irregular east-west trend in the data. The
trend effect is removed by applying median polishing, an exploratory data analysis
technique proposed by [52], to the data. The residuals of the median polished data
are presented in Figure 2(c) along with its histogram in (d). Here, we use the
generalized form of the corrected Akaike’s information criteria (AICC) proposed
by [5]for model selection in the context of time series models. The AICC is defined
as:

AICC = |Allog ( RSSp paanao ) . 2RI

|A] |Al-R-1"

where RSSp, p,.q1,¢. 18 the residual sum of squares, R is the number of parameters
and |A| is the cardinality of set A. Using AICC, from all possible pairs (p1,p2,q1,¢2)
the pair which minimizes this criterion is selected.

It should be emphasized that the coefficients of MA and AR representation and the
autocovariance function of weakly stationary random fields decay at an exponential
rate, see, which implies for V and M sufficiently large, only the first coefficients ay;
and by are significant. Therefore, the double infinite sums are truncated at (N, M)
for computation.

For this data set, we choose, among all possible pairs (p1,p2,q1,q2) for which 0 <
P1,P2,q1, g2 < 10, the one for which the value of AICC is minimum. We have retained
(p1,p2,q1,92) = (2,1,3,1). By following the same steps as those stated in Algorithm
of Section , we obtain the following results: Table Values of the test statistic
and p-values in parenthesis for classical Mercer & Hall wheat yield data.

WY RWY SWY
RWY 19.981(0.0001)
20.831(0.0001)
SWY  0.0042(0.991)  22.04(0.0001)
0.0137(0.997)  21.37(0.0001)
LWY 0.0130(0.9996) 22.012(0.0001)  0.0031(0.998)
0.0501(0.9982) 21.870(0.0001) 0.0141(0.9994)

Table 3.2: WY represents the classical Mercer & Hall wheat yield data, SWY is the
square root of WY, LWY is its log,, and RWY is its reciprocal.

The results of Table allow us to confirm that the reciprocal of the wheat yield
data is not parallel to the wheat yield data, the square root transform, and the
log,, but they all have equal predictability. But for the purpose of modeling and
inference, it will be appropriate to use either the square root or log, transforms of
the data since they possess a similar structure to the actual data.

3.5 Conclusion and discussion

We recommend that when data need transforming, it will be necessary to also con-
sider whether transformations are parallel to the original data this is because, in
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building models, the statisticians have devised an iterative strategy of model identi-
fication, estimation, and diagnostic checking. The identification stage of their model
building cycle relies on the recognition of typical patterns of behavior in the sample
autocorrelation function (its transform and partial autocorrelation). If the series
to be fitted is subjected to transformation, it can be the case that the autocorrela-
tion function of the transformed series exhibits markedly different behavior patterns
from that of the original series which can be easily spotted by checking if there are
parallel.

When different data sets (rather than transformations) which may be affected by
similar innovations or economic variables are of interest, it will be much easier to
investigate if the data sets are parallel, and if they are, it will lessen the task of
analyzing and forecasting for each data set. This can be done by collecting the data
into different parallel groups and since they are parallel, we select one of them and
use it to make inferences about the others.
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Conclusion and future prospects

We presented new results on the estimation and prediction problem, more precisely,
we have developed an estimation procedure for estimating unknown parameters of
2D-RCAR models. Furthermore, for 2-D ARMA models, we gave a characterization
of equal predictability processes by providing necessary and sufficient conditions,
which highlight the role of the coefficients of the moving average (MA) and the
equivalent autoregressive (EAR) representations.

Research prospects

Many questions are still open in this area. As future perspectives on the results
presented in this manuscript.

1. we aim as future work, to develop a more general approach and discuss a
general framework for the estimation of nonlinear random fields. This allows
us to examine the results obtained in the chapter with new proofs as well
as to obtain a number of new results on the asymptotic theory of maximum
likelihood. The new approach will be based on Taylor’s expansion of a general
penalty function. It should be noted that by using a general penalty function,
it will be possible to relax the moment conditions on X ;.

2. Furthermore, we have seen in this thesis that the proof of strong consistency of
the maximum likelihood estimates requires © to be compact which is a quite
restrictive condition. Generalizing to nonlinear random fields will imply the
relaxation of this condition.

65
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Abstract

This thesis aims at providing a new result on estimation an prediction of 2D- ran-
dom field. First, we are interested in the study of a class of random coefficient
autoregressive spatial models under different assumptions. We begin by study-
ing the probabilistic properties such as stationary. Then, we present new theo-
retical results on estimation in nonlinear random field models. We focus on two-
dimensionally indexed random coefficients autoregressive model with order (p1,p2) €
N2, 2D - RCAR(py,p2) for short. We develop a Maximum Likelihood Estimation
(MLE) procedure for estimating the unknown parameters of 2D - RC AR(p1,p2) and
we prove that the estimates are strongly consistent. These results are then applied
to construct efficient estimates in 2D-RCAR model of order (0,1) and throught a
simulation part, we illustrate the effectiveness and accuracy of the estimates.

Secondly, we consider a measure of predictability of a random field following a sta-
tionary two-dimensionally indexed autoregressive moving average (2D ARMA). The
purpose of this is two-fold. First, we give a characterization of equal predictability
processes by providing necessary and sufficient conditions, which highlight the role
of the coefficients of the moving average (MA) and the equivalent autoregressive
representations <EAR>. Then, we implement a procedure allowing us to carry out
a test of equal predictability. A simulation study is presented and an application to
real data of wheat yield is reported.

Keywords: 2D-RCAR models, Nonlinear random fields, Maximum likelihood, Strong
consistency, Stationary random fields; 2-D ARMA model; Moving average represen-
tation; Autoregressive representation; Predictability

Résumé

Cette these vise a fournir un nouveau résultat sur I’estimation et la prédiction des
champs aléatoires 2D. Tout d’abord, nous nous intéressons & 1’étude d’une classe de
modeles spatiaux autorégressifs a coefficient aléatoire sous différentes hypotheses.
Nous commencons par étudier les propriétés probabilistes telles que la stationnarité.
Ensuite, nous présentons de nouveaux résultats théoriques sur ’estimation dans les
modeles de champs aléatoires non linéaires. Nous nous concentrons sur le modele
autorégressif a coefficients aléatoires a indexation bidimensionnelle d’ordre (p1,p2) €
N2, 2D - RCAR(p1,p2) en abrégé. Nous développons une procédure d’estimation
par maximum de vraisemblance (MLE) afin d’estimer les parameétres inconnus de
2D -RCAR(p1,p2) et nous prouvons que les estimateurs sont fortement consistants.
Ces résultats sont ensuite appliqués pour construire des estimateurs efficaces dans
le modele 2D — RCAR d’ordre (0,1) et a travers une partie de simulation, nous
illustrons l'efficacité et la précision des estimations.

Deuxiemement, nous considérons une mesure de la prédictabilité d’un champ aléa-
toire suivant une moyenne mobile autorégressive stationnaire a indexation bidimen-



sionnelle (2D ARMA). L’objectif est double. D’abord, donner une caractérisation
des processus de prédictabilité égale en fournissant des conditions nécessaires et suff-
isantes, qui mettent en évidence le role des coeflicients de la moyenne mobile (MA)
et des représentations autorégressives équivalentes (EAR). Ensuite, mettre en ceuvre
une procédure permettant d’effectuer un test d’égale prédictibilité. Une étude de
simulation est présentée et une application sur des données réelles de rendement de
blé est rapportée.

Mots-clés: Modeles 2D-RCAR, Champs aléatoires non linéaires, Maximum de
vraisemblance, Cohérence forte, Champs aléatoires stationnaires ; Modele ARMA
2-D ; Représentation moyenne mobile ; Représentation autorégressive ; Prédictibilité
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