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MAP Model Order Selection Rule
for 2-D Sinusoids in White Noise
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Abstract—We consider the problem of jointly estimating the
number as well as the parameters of two-dimensional (2-D) si-
nusoidal signals, observed in the presence of an additive white
Gaussian noise field. Existing solutions to this problem are based
on model order selection rules and are derived for the parallel
one-dimensional (1-D) problem. These criteria are then adapted to
the 2-D problem using heuristic arguments. Employing asymptotic
considerations, we derive a maximum a posteriori (MAP) model
order selection criterion for jointly estimating the parameters of
the 2-D sinusoids and their number. The proposed model order
selection rule is strongly consistent. As an example, the model
order selection criterion is applied as a component in an algorithm
for parametric estimation and synthesis of textured images.

Index Terms—Model order selection, maximum a posterior:
estimation, random fields, 2-D parameter estimation, 2-D sinu-
soids, texture parametric model.

1. INTRODUCTION

E consider the problem of jointly estimating the number
Was well as the parameters of two-dimensional (2-D) si-
nusoidal signals observed in the presence of an additive white
Gaussian noise field. This problem is, in fact, a special case of
a much more general problem: From the 2-D Wold-like decom-
position [6], we have that any 2-D regular and homogeneous
discrete random field can be represented as a sum of two mutu-
ally orthogonal components: a purely-indeterministic field and
a deterministic one. The deterministic component is further or-
thogonally decomposed into a harmonic field and a countable
number of mutually orthogonal evanescent fields. In this paper,
we consider the special case where the deterministic component
consists of a finite (unknown) number of harmonic components,
while the purely-indeterministic component is assumed to be a
white noise field.

A solution to this problem is an essential component in many
image processing and multimedia data processing applications.
For example, in indexing and retrieval systems of multimedia
data that employ the textural information in the imagery compo-
nents of the data, e.g., [23], the identification of similar textured
surfaces, is highly sensitive to errors in estimating the orders
of the models of the deterministic components of the textures.
More specifically, this indexing approach employs the 2-D Wold
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decomposition based parametric model of each textured seg-
ment in the image as the index to this segment. Therefore, an
accurate and robust procedure for estimating the orders as well
as the parameters of the models of the deterministic components
of the textures is an essential component in any such indexing
and retrieval system. Similar requirements are posed by para-
metric content-based image coding and representation methods.

The same type of problem, i.e., joint estimation of the model
order and the parameters for a sum of 2-D sinusoidal signals ob-
served in additive noise, naturally arises in processing 2-D SAR
data, and in space time adaptive processing (STAP) of airborne
radar data. In these problems, however, the observed random
field is complex valued, where for each scatterer one frequency
parameter corresponds to the range information, whereas the
second frequency parameter is the Doppler.

Many algorithms have been derived to estimate the param-
eters of sinusoids observed in additive white Gaussian noise.
Most of these assume the number of sinusoids is a priori known.
However this assumption does not always hold in practice. In
the past three decades the problem of model order selection for
1-D signals has received considerable attention. Existing model
order selection rules can be classified to two classes: algebraic
criteria and information-theoretic criteria. The algebraic criteria
(see, e.g., [8], [24], [25], [27], and the references therein) em-
ploy the eigenvalue or the singular value decomposition to the
sample covariance matrix of the data to determine the number of
dominant sinusoidal components. Information theoretic model
order selection rules are based (directly or indirectly) on three
popular criteria: The Akaike information criterion (AIC) [1], the
minimum description length (MDL) [19], [20], and the max-
imum a posteriori (MAP) probability criterion [21]. All these
criteria have a common form composed of two terms: a data
term and a penalty term, where the data term is the log-likeli-
hood function evaluated for the assumed model.

However, most of the papers dedicated to the problem of
model order selection are concerned with various models of one-
dimensional (1-D) signals, while the problem of modeling mul-
tidimensional fields has received considerably less attention. To
the best of our knowledge no such criterion has been rigorously
developed, and adaptation of existing solutions that were de-
rived for 1-D data models may be misleading. Stoica et al., [22]
proposed a cross-validation selection rule and demonstrated its
asymptotic equivalence to the Generalized Akaike Information
Criterion (GAIC). The suggested criterion is not derived for any
specific model. The penalty term is given by kK (N ), where k
is the number of model parameters, /V is the length of the ob-
served data vector, and K (NN) is some penalty term, which is a
function of N. In [16], this criterion is employed to detect the

1053-587X/$20.00 © 2005 IEEE



2564

number of sinusoids in 1-D and 2-D signals. The penalty term
for 2-D signals is the same as in the 1-D case. The penalty pa-
rameter is chosen as K (V) = cloglog N, where ¢ > 2. Stoica
et al. in [22] and Li et al. in [16] arrived at this choice of K (N)
by using consistency arguments based on [10], [11]. However, in
[10] and [11], consistency of an order-selection criterion for au-
toregressive moving average (ARMA) models is proved, while
the model considered in [16] is that of sinusoids in noise. More-
over, for the data model of 1-D sinusoids observed in white
noise, Quinn [17] derives conditions for strong consistency of
any model order selection criterion. The penalty term of the cri-
terion in [16] does not satisfy Quinn’s consistency conditions,
even for the 1-D problem.

Dijuric [5] proposed a MAP order selection rule for 1-D sinu-
soids observed in additive white noise. Kavalieris and Hannan
[13] prove strong consistency of a criterion that indirectly em-
ploys the MDL principle. In this framework the observation
noise is modeled as an autoregression of an unknown order. In
the special case where the noise process in [13] is assumed to
be a white noise process, the resulting criterion is identical to
the MAP criterion derived in [5]. In this paper, following the
information theoretic approach and the Bayesian methodology,
we derive a MAP model order selection criterion for jointly es-
timating the number and the parameters of 2-D sinusoids ob-
served in the presence of an additive white Gaussian noise field.
Moreover, in [15], the strong consistency of the derived crite-
rion is established.

This paper is organized as follows: In Section II, we define
our notations, whereas in Section III, we formally define the
MAP model order selection problem. The MAP model order
selection criterion is derived in Section I'V. In Section V, we pro-
vide some numerical examples and Monte Carlo simulations to
better illustrate the performance of the proposed criterion. In
Section VI, we present and analyze texture estimation and syn-
thesis results obtained by applying the proposed model selection
rule to a number of natural textures. In Section VII, we provide
our conclusions.

II. NOTATIONS AND DEFINITIONS

Let {y(n,m)},(n,m) € Y(S,T), where (S, T) =
{(4,7)]0 < i < S —1,0 < j < T — 1} is the observed 2-D
real valued random field such that

y(n,m) = h(n,m) + u(n,m). (1)

The field {u(n, m)} is a 2-D zero mean, white Gaussian field
with finite variance o2. The field {h(n,m)} is the harmonic
random field

k
h(n,m) = Z C; cos(nw; + my;) + G sin(nw; + my;) (2)

i=1

where (w;,v;) are the spatial frequencies of the sth harmonic.
The C;’s and G;’s are the unknown amplitudes of the sinu-
soidal components in the observed realization. Obviously, it is
assumed that £ < min(S, 7).
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Let us define the following matrix notations:

y = [y(070), e 7y(07T - 1),y(170)7 ..
y(L,T=1),...,y(S=1,T-1)]*. 3

The vectors u and h are similarly defined. Rewriting (1), we
have y = h + u. Let T" denote the covariance matrix of the
observed field. Thus, I' = 02Igpy g7, Where Isry g is an
ST x ST identity matrix, and |T'| = 0257, In addition, define

a=[C1,G1,04,Gy,...,Ck, Gi]T. )

Let
e = |:ej[owi+0Vi]7 ej[0w1'+1w]7 L

. . T
0w HT=Dw] e][(S—l)wi+(T—1)ui]:| (5)

and let us define the following ST x 2k matrix:

D = [Re(e1), Im(ey), Re(ez), Im(es), .. ., Re(ex), Im(e)]
(6)

Using the foregoing notations. we have that
y = Da+ u. @)

Let {¥;} be a sequence of rectangles such that ¥, =
{(n,m)€ 22|0<n <8 —1,0<m<T;—1}.

Definition 1: The sequence of subsets {U;} is said to tend
to infinity (we adopt the notation ¥; — o0) as ¢ — oo if
lim min(S;,T;) = oo, and 0 < lim (S;/T;) < oo. To sim-
E)T;F;/ notations, we will omit in the Fgllowing the subscript .
Thus, the notation ¥(S,T) — oo implies that both S and T
tend to infinity as functions of 7 and at roughly the same rate.

Let 8, € Oy denote the parameter vector of the harmonic
field, i.e.,

0.=[Ci Gi wi vi - Cr Gp wr ]t ®)
where for all [, Cy, G} are real and bounded. Assume further that
wi, v € [0, 27), where min(|w; — w;|) > 6 or min(|y; —v;|) >
0 for I # j. Hence, the parameter space ®, is a subset of the
4k dimensional Euclidian space. By the above assumption, we
further conclude that D has rank 2% and that the corresponding
2k x 2k Gram matrix DTD is of rank 2k as well.

III. MAP MODEL SELECTION CRITERION

Let p(k) denote the a priori probability of the kth model,
where k denotes the unknown number of sinusoidal components
in the data model given by (1) and (2).

It is assumed that there are () competing models, where ¢ >
K (K being the actual number of sinusoidal components) and
where each model is equiprobable. That is

p(k) = =,

—, keZ 9
0 € 4q ©
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where

Zo=1{0,1,2,...,Q —1}.

The MAP estimate of K is the value of k that maximizes
the a posteriori probability p(k|y), where k € Zg. More
specifically

(10)

[A(MAP = argmax{p(k|y)}

kEZg
= arg max ]M
B kgeZQ { p(y) }

= argmax{p(y | k)}
keZq

= argmax{logp(y | k)} (11)

keZq
where p(y | k) denotes the marginal probability of y, given that
there are k sinusoidal components in the data.
Let

W = [W1,Wa, ..., Wi, V1, V2, V)T (12)
In addition, let R T denote the positive real line, and let ), =
[0,27)2%. Thus, we have that 0 € R*,a € R?*, and w € Q.
Using these notations, the marginal probability density p(y | k)
is expressed by

p(y k)
= / / / p(y |k, w,o,a)p(w,o,a|k)dadodw (13)
Ja, Jr+ Jr2k

where p(w, o, a| k) is the a priori probability of w, o, and a,
given that there exist k sinusoidal components in the observed
data.

IV. DERIVATION OF THE CRITERION
A. Priors Selection

Inspecting (11) and (13), we conclude that finding myap,
using the observed data only, requires that some assumptions
be made regarding the prior distribution of the model parame-
ters p(w, o, a | k). Clearly, our goal is to derive a model selec-
tion rule based on a noninformative prior about the parameters.
In other words, the selected prior should be chosen such that it
represents the lack of a priori knowledge of the values of the
problem parameters, before the data is observed. (See, e.g., [2]
for a detailed discussion of the problem of choosing noninfor-
mative priors).

Clearly

p(w,o,alk) =p(o,a|w,k)p(w|k). (14)
Since the sinusoidal frequencies are assumed independent of
each other (i.e., that they are not harmonically related), the lack
of a priori knowledge of the frequencies is modeled by as-
suming the frequencies (w;, ;) to be uniformly distributed in
Qk. Thus

p(wlk) = 5)

(2’/T)2k :
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Given that w and & are known, D is also known, and the ob-
servation model (7) becomes a linear regression model, where
the observations are subject to a zero mean white Gaussian ob-
servation noise with variance o2, such that a, o are independent
but unknown. Hence

p(o,a|w, k) =pla|w,k)p(c|w, k). (16)

For this problem, it is shown in [2] that in the space defined
by a and log o, the shape of the likelihood function (given here
by p(y | k,w,o,a)) is “data translated,” i.e., it is invariant to
translations that result from the different values these parame-
ters assume in different realizations of the observed data. Hence,
the idea that little is known a priori relative to the information
contained in the observed data is expressed by choosing a prior
distribution such that p(a | w, k) and p(log o | w, k) are locally
uniform [2] or, equivalently, that

plalw, k) =~(k) (17)

and
plo|w, k) =¢o! (18)

where ¢ is some finite positive constant, and (k) is some finite
positive function of k, which is a constant for any given k. How-
ever, (17) and (18) result in improper prior distribution (16), if
assumed valid on Rt x R?*. We therefore emphasize that (17)
and (18) represent only the local behavior of the prior distribu-
tion in the region where the likelihood function is appreciable
and not over the entire admissible range. This clearly follows
from the assumptions on the boundedness of both the ampli-
tudes of the sinusoids and the noise variance. In other words,
the priors (17) and (18) represent the true priors only over the
range where the likelihood function is appreciable, whereas, in
fact, the priors decay to zero outside this range to ensure they
represent proper probability density functions. We further elab-
orate on this point in the next subsection, where the likelihood
function is employed.

B. Evaluation of the a Posteriori Distribution

In this subsection, we derive an approximate expression for
the a posteriori probability distribution p(y | k) given in (13).
Since the noise field {u(n, m)} is Gaussian, we have, using (7)

p(y|k7w7a—7a)
=p(u]o)
T 1
= (27r)’ST|1"|71/2 exp{—guTI‘lu}

= (2r0?) F exp{ !y - Da)T(y- Da)} .

202
19)
Let
a=(D'D)"'D’y
y =Da (20)
and let P+ denote the projection matrix defined by
P+ =1-D(DTD) !'DT. (1)
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Using these notations, we have that
(y - Da)’(y — Da)
=(y-9"y-y)+(a—a)"'D'D(a-a)
y"Pty 4+ (a—a)"D"D(a - a). (22)

Applying the priors and evaluating the marginal distribution, we
have

p(y,w,olk)
= / p(ylk,w,o,a)p(w,o,alk)da
Rzk

= plotw. byp(wlb) [ (2rot)~¥
X exp {—%(y —Da)l(y - Da)} p(alw, k)da
= blalw, p(wlb)2n*)~F exp{ 5y Py}

X ./RM exp{—%(a—é)TDTD(a—é)} p(alw, k)da.
(23)

It is well known that

(\/%0’)72k|DTD|1/2 /

. Rzk

X exp{—%(a —4a)’D'D(a é)} da=1.(24)

Hence, for every € > 0, there exists n(e¢) > 0 such that for all

1 > 1(e)
(\/_U)_2k|DTD|1/2
é)} da
(25)

—a)’D'D(a

e

Let A§ = [-n(e),n(e)]?*. Following the discussion in the pre-
vious subsection, it is assumed that on A, the prior on the
amplitude vector is a constant given by (17) for any given k,
whereas outside this subset, it decays to zero to ensure that it
represents a proper probability density function. Hence, we have
that

l\.’JIm

p(y, w,olk)

> plalw, k)p(wlk)(2ro )STexp{ YT }
p{ 2}7 _ TDTD(a—a)}p(a|w k)d

— ol ol >—¥exp{—2}7yTP

1
AP\ T 902
ST

(‘7|W k)p(wlk)y(k)(2ro®)™ =

1 rni | (V2mo)?
Xexp{—py P y}m(l—ﬁ)

a)"D'D(a - a)} da

(26)
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where the last inequality results from bounding the integral
using (24) and (25). On the other hand

Py, w.olk)
< plofw, Wyp(wlk)y(k)(2ro >-¥exp{—

1
X /Rzk exp{—ﬁ(a—
= plalw, k)p(wlk)y(k)(2ra?) =%

1 7o, ) (V2ro)?k
<ol pro

1
ﬁyTPLy}

a)T’DTD(a - a)} da

27

Since e is arbitrarily small p(y, w, o| k) is approximated to an
arbitrarily small error by

ST
2

p(y,w.o | k) = p(o | w,k)p(w|k)y(k)(2mo?)

1 210 )2k
X exp{—ﬁyTPJ‘y} g

|DTD|1/2 (28)

Next, we evaluate p(y,w | k). Substituting (28) and using
similar considerations, we have

p(y7w|k>=/ Dy, w, | k) do
R+

’y(k)fQ_Zk_lw_ ST;Q’“ T <ST2— 2k>

ST—2k

x IDTD|~ 3 (yTPty) "3

(29)

where I'( - ) is the standard Gamma function (see, e.g., [9] for
the integration result).

Finally, to obtain an expression for the conditional probability
p(y | k), we have to evaluate

by 1) = [ plyw| k) dw (30)
Qs

Since a direct analytic solution of this integration problem does

not exist, we derive an approximate solution, employing the

Laplace integration method (see, e.g., [4] and [26]). The Laplace

method considers an integral of the form

b
/ g(t)ezh(t) dt

where a, b, t, 7 are vectors, z is a large positive parameter, and
h(t) is real. The approximation is based on the observation that
if h(t) has a maximum at t = 7 and h(t) < h(7) when t #
T, whereas g(1) # 0; then, for large =, the modulus of the
integrand will have a sharp maximum at a point very close to
7, and most of the contribution to the integral will arise from
the immediate vicinity of this maximum point. The integral can
then be evaluated approximately by expanding both g and A in
the neighborhood of t = 7.
Rewrite (29) in the following form:

ST — 2k
— log(yTPL.V)}

€19

ply, wlk) ~ C(k)[DTD|* exp{—
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where C'(k) = ~(k)£2- 2k 1p=((STH2R)/2)T (ST — 2k)/2) is
a function of k only. Let w denote the ML estimate of w for
the observed realization, based on the data model (1) and (2)
and assuming the model order is k. In addition, let D and P+
denote the matrices D and P+, respectively, with w substituted
by its ML estimate w. It is well known that for the data model
(1) and (2), the maximum likelihood estimate of w is obtained
through minimization of the quadratic form y 7Py . Hence, the
minimum point of log(yTP~y) is obtained by substituting w
with its ML estimate.

Substituting (31) into (30), we observe that for any given real-
ization of y, the integration is carried out over w, while the ob-
servations vector is treated as a vector of known constants. Due
to its definition, it is clear that D is full rank and that [DTD|~1/2
is a continuous function of the unknown frequency parameters.
Since the approximate solution is a function of w, we employ
the almost sure convergence of w to the correct value of w (see
Lemma 2 in Appendix A) to actually evaluate (30). Since W con-
verges a.s. to the correct value of w, D is a.s. full rank. Hence,
|]5T]5|_1/ 2 +£ 0 a.s. Therefore, for each realization, the condi-
tions required to employ the Laplace asymptotic approximation
to evaluate (30) around the ML estimate of w obtained for this
realization are satisfied (as in a standard deterministic problem).
Thus, as U(S,T) — oo

x (2m)F |y | =2 < (1 +o(1))
1
= C(k)|DTD| 2(y” Y) k|HML|
x (ST —2k)~ ( + o(1)) (32)
where we have
Hy, =
?log(y"Pty) 97 log(y"Ply) 9% log(y"Pty)
Bwf Ow10wo Ow10Wo
P log(y'Ply) 8%log(y’Ply) 3 log(y'PLy)
6W28W1 8W2 6W28W2k
9’ log(y"Ply) 8 logy"P'y) 9% log(y " Py)
Owog, Ow Owo OwWo U 8w§k
(33)

which denotes the Hessian matrix of log(y”P"y). When eval-
uated at w = w, it will be denoted by Hyy,. Using the next
lemma, the computation is completed.
Lemma 1:
Hye| = C(y"Pry) ST (14 o(1)) as.  (34)
where C denotes some “generic” constant, whose exact value is
of no importance to us in the current context (and may vary from
usage to usage).
Proof: See Appendix A. O
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Substituting (34) and the explicit expression of C(k) into
(32), we have

p(y | k)
~ Cy(k)E2 a5 T (

ST—4k

X(yTlf)J_y)_ T g—2kp—2k

x (ST — 2k)7*(1 + o(1)) as.

ST — 2k

)pTDI
2

(35)

It is possible to further simplify (35) by observing that
IDTD| = CS?*T?k(1 + o(1)). [See (56) in Appendix A
for the derivation of a similar conclusion]. Since w — W
a.s., and since |DTD]| is a continuous function of w, we
have that [D”D| = CS?*T?(1 + o(1)) a.s. Furthermore,
employing the asymptotic properties of the Gamma function
the contribution of the I'((ST — 2k)/2) is approximated by
((ST)/2)"*T((ST)/2) (see e.g. [3)).

Substituting these approximations into (35), the final form
of the model selection criterion can be readily established for
U(S,T) — o0

Kviap = argmin{—log p(y | k)}
keZg

/% arg min
kGZQ

ST
+ klog ST — logI’ (7> + 2klog ST

{ST—4k

. 1
5 log(y"Pty) + 52k log ST

+ klog(ST — 2k) — log(v(k)) — klogZ}

ST — 4k -
= arg min {7 log(y"Pty) + 4klog ST
kEZQ 2

+ klog(ST — 2k)}

T A
= arg min {S— log(y"P1y) + 5k log ST} (36)
kE€Zg 2

where in the third equality, the term log I'((ST")/2) is omitted
because it is not a function of &, while — log(y(k)) — klog 2 is
asymptotically negligible compared with the other terms, since
they are increasing functions of ST'. Finally, k log(ST — 2k) is
approximated by klog ST as ¥(S,T) — oo.

Furthermore, recall that K denotes the correct number of si-
nusoids in the field. Then, it is proved in [15] thatas ¥(S,T) —
00

Kyap — K as. (37)

V. NUMERICAL EXAMPLES

To illustrate the performance of the proposed model order se-
lection rule, we present some numerical examples. In the exam-
ples below, the data field was generated with five equiamplitude
sinusoidal components, and we define

C? +G?

202

SNR; = 101log (38)
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TABLE 1
PERFORMANCE OF MAP CRITERION FOR VARIOUS VALUES OF SNR;: NUMBER
OF TIMES MODEL ORDER & WAS DECIDED, OUT OF 100 EXPERIMENTS

SNR; (| k=0 | k=1 | k=2 | k=3 | k=4 | k=5 | k=6
-20dB | 95 5 0 0 0 0 0
-19dB | 86 | 12 2 0 0 0 0
-18dB || 33 | 33 | 23 | 11 0 0 0
-17dB | 8 17 | 29 | 28 | 18 0 0
-16dB || 0 0 15| 18 | 33 | 34 0
-15dB || 0 0 0 3 19 | 78 0
-14dB || O 0 0 0 2 98 0
-13dB || 0 0 0 0 0 |100]| O
-12dB | 0 0 0 0 0 100} O

The noise is a white Gaussian noise field with variance
o2, which is chosen to yield the desired signal-to-noise
ratio (SNR). In these experiments, the signal-to-noise ratio
of each component SNR; varies in the range of —20 dB
to —10 dB, in steps of 1 dB. For each SNR, 100 Monte
Carlo experiments are performed. The data field dimen-
sions are 64 x 64. The frequencies of the sinusoidal com-
ponents are {—270.155,270.253}, {—270.155,27(0.253 +
1/64)}, {270.112,270.274}, {27(0.112 4+ 1/64),270.274},
{27(0.112 + 1/128),27(0.274 + 1/64)}. The amplitudes are
givenby C; = G; = 1,i = 1,...,5. The performance results
of the proposed MAP selection criterion are summarized in
Table I for various values of SNR;. The simulation results,
which are tested for model orders ranging from O to 100,
demonstrate that even for modest dimensions of the observed
field, and relatively low SNRs, i.e., as low as — 14 dB, the error
rates of the MAP model order selection criterion are very low.
In all the experiments, the MAP criterion never estimated the
model order to be higher than 5. (Hence, Table I lists the results
only for k = 0,...,6.)

VI. EXPERIMENTAL RESULTS

In this section, we present some experimental results to illus-
trate the performance of the suggested order selection algorithm
on images of natural textures. In [7], a parametric texture model
that is based on the 2-D Wold decomposition was presented. It
was shown that the Wold decomposition based texture model
is successful in estimating the texture parameters and in repro-
ducing the original texture using only the estimated parameters.
However, for estimating the number of harmonic components
in the given texture field an ad-hoc procedure was adopted. It is
based on a search for the isolated peaks of the magnitude of the
transfer function of the observed texture field linear predictor. In
this section, we demonstrate the performance of the texture anal-
ysis/synthesis procedure when the ad-hoc model order selection
rule is replaced by the MAP order selection rule proposed in the
previous sections.

In general, the assumption that the purely indeterministic
component is a white noise field does not hold for natural
textures. However, for structured textures where the harmonic
component is much stronger than the purely indeterministic
component, we can assume only for the purpose of estimating
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magnitude

omega -0.5 -05 nu

magnitude

Fig. 1. Natural texture with 15 estimated sinusoids. (a) Original texture.
(b) Residual component. (c¢) Synthesized texture. (d) Synthesized purely
indeterministic component. (e) Magnitude of DFT of original texture.
(f) Magnitude of DFT of synthesized texture.

the order of the model that the purely indeterministic compo-
nent is a white noise field and apply the MAP model order
selection rule derived in the previous sections to estimate the
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Fig. 2. Natural texture with 22 estimated sinusoids. (a) Original texture.
(b) Residual component. (c) Synthesized texture. (d) Synthesized purely
indeterministic component. (e) Magnitude of DFT of original texture.
(f) Magnitude of DFT of synthesized texture.

number of harmonic components. Nevertheless, achieving
high-quality synthesis from the estimated parameters requires
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modeling and estimation of the colored nature of the purely
indeterministic component. Thus, in the following, we assume
that the purely indeterministic component is a real-valued
Gaussian AR field

>

(k,0)eSn, m\{(0,0)}

w(n,m) = — b(k,O)w(n — k,m — ¢)

+u(n,m) (39)
where Sy ar = {(2,7) |1 =0,0 <5 < M}PU{(G, 7)1 <i <
N,—M < j < M}. The driving noise of the AR model is a
zero-mean white Gaussian field. In all the examples, we assume
an S 6y NSHP AR model for the purely indeterministic com-
ponent since it is large enough to provide high-quality synthesis
results for the tested textures.

All the textures presented here are natural textures, and hence,
the true parameters are unknown. The synthesis algorithm re-
constructs the original textures using only the estimated param-
eters. In all the examples presented, the original image is such
that it can be bounded by a 84 x 112 pixel box.

The MAP order selection rule involves the evaluation of a
ML estimate of the model parameters. In [7], a conditional max-
imum-likelihood algorithm for jointly estimating the parameters
of the harmonic, evanescent, and purely indeterministic compo-
nents of the texture was developed. However, this algorithm re-
quires the solution of a nonlinear least-squares (NLLS) problem
for the spectral support parameters of the harmonic components.
Due to the required multidimensional search, this estimator is
computationally demanding. We therefore use, in this paper, a
suboptimal (relative to the maximum likelihood estimator) but
computationally efficient algorithm (since no multidimensional
search in the parameter space is required), for estimating the tex-
ture model parameters. The algorithm that we use is an iterative,
periodogram-based estimation algorithm. In the first stage, the
parameters of the harmonic component are estimated, and their
contribution to the observed realization is removed. Ideally, the
obtained residual is the purely indeterministic component of the
texture. In a second stage, a 2-D AR model of the residual is es-
timated. Note that in this case, where all the deterministic com-
ponents have already been removed, the procedure of obtaining
a maximum-likelihood estimate of the AR model parameters is
reduced to a solution of a linear least squares problem.

Figs. 1 and 2 depict examples of natural textures and the re-
sults of the synthesis algorithm that employs the estimated pa-
rameters. The proposed MAP order selection algorithm is em-
ployed to estimate the number of sinusoids in each texture. The
number of estimated sinusoids in the textures of Figs. 1 and 2
are 15 and 22, respectively.

VII. CONCLUSION

In this paper, we have presented a solution to the problem
of jointly estimating the number as well as the parameters of
2-D sinusoidal signals observed in the presence of an additive
white Gaussian noise field. Following the Bayesian method-
ology and employing asymptotic considerations, a strongly con-
sistent MAP model order selection criterion has been developed.
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Similar to criteria derived for 1-D problems, the proposed crite-
rion has a log-likelihood term and a penalty term.

The performance of the proposed algorithm for finite-dimen-
sional data is illustrated using Monte Carlo simulations. The
simulation results demonstrate that even for modest dimensions
of the observed field and relatively low SNRs, the error rates of
the MAP model order selection criterion are very low. The MAP
order selection rule is applicable to a wide variety of problems in
which 2-D harmonic components are observed in the presence
of an additive Gaussian noise field. Using the derived model
order selection rule, we present an improved solution for the
problem of parameter estimation and synthesis of natural tex-
tures. The synthesis results obtained by the suggested algorithm
are both visually and statistically very similar to the originals
and, in some cases, indistinguishable.

APPENDIX A

Lemma 1:

[Hy| = C(yTPLy) 2k 5% 7% (1 4+ o(1)) as.  (40)
where C denotes some “generic” constant whose exact value is
of no importance to us in the current context.

In the Proof of I_A,emma 1, we will use the following results.

Lemma 2: Let @ and 62 denote the ML estimates of the pa-
rameter vector 6 of the harmonic component and the variance
o2 of the noise field in the data model given by (1), (2). Then,
as U(S,T) — oo

0 —0as.

52 — o2 as.

(41)
(42)

Proof: The data model given by (1), (2) is the special case
of the more general model given in [18]. Therefore, this lemma
is a straightforward result of Theorems 1 and 2 in [18]. |

Lemma 3: Let u(n, m) be areal-valued 2-D Gaussian white
noise field with zero mean and variance 2. Then, for any T > 0
and any integer [ > 0

S-1T-1
S+ =3 qup Z Z ntu(n, m)el eyl

@V =0 m=0

—0as. as¥(S,T) — oco. (43)
Proof: This lemma is the result of a straightforward ma-
nipulation of Lemma 3 [18]. |
In addition, in the sequel, we will use the following asymp-
totic results that hold for p # 27n for any integer n:

m—1
D et =0(1)
s=0
m—1 )
Z se?*t = O(m)
s=0

m—1
Z s2ed*t = O(m?). (44)
s=0

We are now in a position to prove Lemma 1.
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Proof: Taking the first and second partial derivatives of
log(y"P~y) with respect to w; and w; and evaluating their
values at the ML estimate of w, we have

0log(y"Py) i1 -1 Iy Ply)
= (yI'P 27 - F 4
0 . (y' PTy) ol (45)
and
& log(y"Py) o2 Oy Ply)
Z B/ - J) — —(vIpity)2( 2 - JJ
awlawi W=wW (y y) ( awl w=\7v>

<8(yTPLy)
X _—
Oow;

)

_1 2(yTPLy)

+(yTPty) DB

‘w:\fv.

(46)

Since W is the ML estimate of w, it is also an extremal point of
yTPLy. Hence
1
r OP
awi

y =0. (C9))

W=wW

Substituting (47) into (46), we can rewrite I:IML in the fol-
lowing form:

Huw = (y'Phy) ™ Han (48)
where
82yTPLy 82yTPLy aQyTPLy
Bwf Oow 10wy Ow10wWoy
82yTPLy 82yTPLy aQyTPLy
a2yT.PLy a2yT.PLy aZyT.PLy
Owaj, 0w Owg ), Owo 8w§k
denotes the Hessian matrix of yZ P1y evaluated at w = W.
Next, let
L1
2 2
B= {l _i} (50)
2 25
and define U as the block diagonal 2k x 2k matrix
B o ... 0
0O B ... 0
=1. . . . SD
0 0 ... B
In addition, let
E = [e1,e],ez,€5, ... e, €f] (52)

where e; is defined in (5), and e denotes the element by element
conjugate of e;. We therefore have that

D =EU. (53)

Since D is real valued, DT = D¥ = U¥EH  where E¥ is the
conjugate transpose of E. As the column spaces of D and E are
identical, the projection matrix P+ is also given by

Pt =1-E(E"E) 'Ef (54)
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where EFE is given by (55), shown at the bottom of the
page. Evaluating the elements of EE, we have that for
i =1lefle; = elel = ST, whereas fori # [,efle; = O(1)
and el'e} = O(1), where we have used (44) and the separa-
bility of the 2-D exponentials.

Hence, from (55), (44), and Lemma 2, we have

EPE = STy, + O(1) = E¥E ass.
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where

8 = — [07_,_707ej[w1+0u117_,_7ej[w1+(T—1>u1],_”7
4eiPrtonl (5 — 1)2eﬂ<5*1>w1+<T*1>"1]}T. (60)

Hence, using (55), we have (61) and (62), shown at the bottom
of the page. Using (54), we have

|EFE| = S?*T?%(1 4+ o(1)) ass. (56) g gy PyTPly
. Ow? .
where E is the matrix E with w substituted by its ML estimate ! “’aj"]‘z’)
w. — _S—ST—lyT <_2 (EHE)—lEH
To simplify notations, we will, in the following (without g -
limiting the generality of the derivation) evaluate all required +BBIE)! I’EH i I*(EFE)! LH
derivatives with respect to w;. Thus owi | oew Ow? _—
H
OE N IE ey —1 OB
= —1é&1,é5,0,0,...,0,0 57 +2— (E"E)™ —
o [é1,€7,0, ,0,0] 57 Ow1 |y 2L —
Hp\-1
where +2 9B O(E"E)™ Ef
. . 80.11 W=wW awl W=wW
él = [07"'707j6J[WI+0V1]7"'7jej[WI+(T_1)V1]7"'7 el a(EHE)_l aEH
- + 2E 3 5 y
2jej[2w1+0u1] (5= 1)jej[(571)w1+(T71)V1]:| (58) w1 w=w ¥l lw=w
=— (Hy+ H{! + Hy + Hs + Hy + H{Y) . (63)
and N ext, we evaluate each of these terms. From (56), we have that
P’E [61,6%,0,0 0,0] (59) (EFE)"! = (1/(ST))(I2x + o(1)) a.s. Since the limit as
owi LEL Ty B U(S,T) — oo of the product of any two sequences, where each
refle; eflel elfle; efles .- elle, efle}
ele; ele; eley efe; - elTe, ele;
elle; elle; elle; elley ... elle, ege};
EHE = e2Te1 ege’{ egeg egeg egek egez (55)
ekHel ekHe*{ ekHeQ efeg ekHek egeZJ
Lefe;r ele; eley ele} ele, ele;
r 0 2efler elle, élles elle, efler
ZeI;.él }9 efe, éles e efe, efe;
ey e eye]
OE"E T, T o
o = eer  eye] (61)
: : 02k—2)x (2k—2)
elle, eller
L efer  efeé; _
r 0 qelfler elle, élles élfle, éfle;
4135'1:3'1 b([) élTe2 élTe§ - élTek ér{ez
ey;ye; eje]
O’EHE T Ty
e = | e2é1 e3€] (62)
: : 0(2—2)x (2k—2)
ekHél ekHé‘l‘
L ezél e{é’{ J
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tends to a finite limit, is the product of the limits of the individual
sequences

Hl S~ 3T 1 T a_E
ow? | _s

s PE|
= §7ir—2 <yT a—wf EHy> (14 0(1))

— S—4T—2 TDT azE
ow?

(EYE)"'Efy

EZDa

. O°E
Efu+u” )
0wy | i

0’E
+ aTDT a9
0w? | wew

OB A E%) (1+0(1))

+ u” =l
= (M1 + Moy + M3, + Mz1)(1+0(1)) as. (64)

EZDa

owy

Let
. Ci1+Gy C1 =Gy Co+ Gy Cy—Gy
a=Ua= —, —, — — ...
2j 2j 25 25
Cr+ Gy Cp— Gk:|T
25 725
= [a1,b1, a2, b2, ..., a4k, by] " (65)
Rewriting the terms of (64), we have
O’E .
My, = S4T72aTDT = EfDa
8“}1 wW=wW
0’E .
=S4T 2TURER = EfEUa
awl wW=wW
0’E B
= ST 23 — — EfEa (66)
(4)1 =w
and
2
E N
My, = STAT23HEH —— 0 Efu. (67)
a“‘)1 =w

From (56)—(60), (43), (44), and Lemma 2, we have

k
My, = S™472 Z (a;‘e{fél + b;“elTél)
=1
k

xZ(aelet—i-bAH )

i=1
k

+ 87472 Z (a}“efqé;k + b}"elTiAé:)
=1

XZ a;e1 e; + b;éf e})

S—-1T-1

= - Z S=3r—1 <Z Z a;‘nzej["(@h—wz)+m(f11—u,)]
=1

n=0m=0

S—-1T7T-1
+ Z Z nQb?‘e]'[n(ﬁJl+wt)+m(f/1+Vl)])

n=0 m=0
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S—-1T7T-1

X zk:SJTil (Z Z aie*j[n(wrwi)er(alfui)]
i=1

n=0 m=0

S—1T-1
+ Z Z bie—j["(ﬁ)l-i-wa)+m(91+1/1)]>

n=0 m=0
S—1T7T-1

_ Xk:s_gT_l <Z Z a*n2e—l[n(w1+w3)+m(V1+V1)]
=1

n=0m=0

S—-1T-1
+ Z Z n2b?<e—j[n(®1—wl)-l—m(f/l—m)])

n=0 m=0
S—1T7T-1

X zk:S_lT_l (Z 3 agedln @it tmtvol
i=1

n=0 m=0

S—-1T-1
+ Z Z biej[n(d’lwi)+m(91Vi)])
n=0 m=0
S—-1T-1
3T71 Z Z n26j[n(u31w1)+m(f/11/1)]>

= —|a1|2 (S
n=0 m=0

S—1T-1
> <51T1 Z Z ej[n(dlw1)+m(f/11/1)]>

n=0 m=0
S—1T-1
_ |b1|2 <S3T1 Z Z n26j[n(@1w1)+m(f/11/1)]>
n=0 m=0
S—1T-1
> <51T1 Z Z ej[n(®1w1)+m(f/11/1)]>
n=0 m=0

a1 | + |b1]?

+o(l)=— 3

(14 0(1)) as. (68)

k
2 H
—ir- E (alel el—l—blel el)elu
1=1
k
ok a% ~
+ S 2 E (a}“ef[e1 + b}"elTel) éTu
=1
5-1T-1

= - zk: S=37—1 (Z Z a;‘nQGj[n(‘bl_Wl)+m(91—ul)]
=1

n=0 m=0

S—1T-1
+ Z Z nszej[n(U:)l+Wl)+m(f’1+1’l)]>

n=0 m=0
S—1T-1

x S~ir—1 Z Z u(n,m)e‘j["ﬁ’l"’mf’l]

n=0 m=0
S—1T-1

- zk:s_g'T_l <Z Z ayn 2 —iln(@r4wi)+m(o1+v1)]
=1

n=0 m=0
S—-17T-1

+ZZn

e —jn(@1—w)+m(p— l/[)])
n=0 m=0

S—-1T-1

x S~ir—1 Z Z u(n,m)eﬂ”wﬁm'}l]

n=0 m=0
= l—af <S

S—1T-1
3T71 Z Z nZej[n(w1w1)+m(z71V1)])

n=0m=0
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S—1T-1 k S—-1T-1
> <S_1T_1 Z Z u(n7m)e—j[nw1+m191]) -9 1T 12 Z Z ( e][n @ —w; ) +m(v—v;)]

n=0 m=0 1=1 n=0 m=0

5-1T-1 * _jn(@+w;)+m(o+v;)]
—bi‘< s=3r! Z Z nZe il <®1—w1>+m(91—u1>1) + bl l )

n—"0 m—0 S—-1T-1

( 5-1T-1 )] + 8§11 Z Z u(n, m)elmertmal
X

s—ir—t Z Z u(n, m)elnertminl n=0m=0
n=0 m=0 =a;(1+0(1)) as. (73)
x (1+0(1)) as. (69) Similarly
U.sn}g (44) and Lemma 3, we conclude that Ms; — 0 a.s. g1l 1yTA* — br(1+o(1)) as.
Similarly o
PE A S=2TyTe = ?l(l +0(1)) as.
M31 S 4T 2 T EHU " *
Ow? | S2r-1yTé & = 5 (1+0(1) as.
=S4 2u’ e1e1 A4 8574720 elelTu ) e
S-1T-1 ST 1yTe = ?l(l +0(1)) as.
=— 873771 n2u(n m)ej[”wl'i'm'}l])
) «  bF
( T;)mz::o ST yTe, = —1(1 +0(1)) as. (74)
5-1T-1
X (S‘lT_1 >N uln, m)e—j["@ﬁmﬁl]) In addition, from (44) and Lemma 2
n=0 m=0 A
S—1T7T-1 S~ 2T_ l = S_2T_lef{e1;
g3 -1 n2u n,m eI [ne1+min] s-ir-1 o
< 7;)7;:0 ( ) = 572’1’71 Z Z ne][n(wifwz)er(w*w)]
5-1T-1 n=0m=0
> <S_1T_1 Z Z u(n7m)ej[n®1+mﬁ1]> (70) = 0(1), ) 7é l (75)
n=0m=0 ..
and similarly
and hence, M3, — 0 a.s. By substituting (68)—(70) into (64), . .
we have §-2r-18) e, & =877 elHe =o(1)
24 |by)? S 18] e = $72T1eTE] = o(1), i#l
H, = —M(l +0(1)) a.s. (71) € e e e =o(l), i#
3 S72T18] & = S 2T TeL = o(1). (76)
Next Using its definition in (72)
sing its definition in
spiyrg PETE Ly :
Hy, =S5"°T E—— E%y o J(ETE)
Owi w=w My, = ST 'y"E(ETE) 84‘
.0 w1 wW=wW
=-S7°T 'y"TE— d(E"
A oA ESE A oA A
3(.01 (EHE)71 ( ) ‘ (EHE)flEHy
-1 OETE) oy o H Wi |y
< |B7E) A2 (B7E) Bfy p
Ow —W _ q—6p—4_TH 8(E E)
JEIE)T] A
. - w ek
— _g-3p-1 <yTE ( . ) o(EE) A 1
Y1 lw=w X —‘ E"y(1+0(1))
I(E"E) S H f— 1 fa H oW |wew
dwr |yow —6—4 | 1 I(ETE)
+y"E(E"E)T ——~| (B"E)"'Bfy bolwsw
Owi w=w < 3—2 T axaTA
o EHE = | |287°T "y éjé; é;
awl W=W k 2
Hp\—1 R .
. OE"E) EHy> + 57372y (yTéléfI &+ yTé;*élTél)
dwy w=w 1=2
:M12—|—M22—|—Mg. (72)

+ (25737 2yTe 8 e,

From (44) and Lemmas 2 and 3, we have

k 2

+ 57772y (yTeefls; + yTereT ey )
1=2

S—ir—1lyTe,
=S 1I3ERERg, + ST uTe,
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2., T a%A

2
y €€ el‘

k

—l—Z‘S*?’T y e1e1 el—i—S 3p—
k

+Z‘S_3T y elé1 & + 8731~

x (1+o(1)).

Since by (75) and (76) all squared terms on the of (77) tend to
zero a.s. as ¥(S,T) — oo, M12 — O as.
Similarly to (76)

T 2
2 T ~x
y elelel‘>

(77)

S_3T_lé;[A =531 1elle,;

S—1T7T-1

— S—3T—1 Z Z n2el[n(@i—@l)+m(f/i—f/[)]
n=0m=0

=o(1), 1#l1

S*3T*1i:é1-HA =S 31 1e e = o(1)

5—3T—1éHé — ST = o(1), il
S=37~t e & =S57°T el é; = o(1). (78)
Hence
o 2(EME
My = —=S7*T~'y"E(E"E)™ g(E"E) . )
a(“)1 wW=wW
x (EME) 'Efy
. O*(EFE .
=-S5 3y"E g E"y(1+0(1))
8(“)1 wW=wW
= 5573 |ayTereTe, ey

k
TaaHE AH TaxaTa AH
+ E (y ee ee;y+y ee ee; y)
1=2

k
Tar ~HX*.T Ta ~AHX*AT
+4y ejej e ey + E (y €€ eey
1=2
k H
Tas AT E* AT T~ &4 0 o g
+ y € e ee; y) + E (y eje; ee;'y
1=2

T o H
TastT o o H T 8H o
+y ee ee ' y+y ee eey

(1+o(1)). (79)

AT
TaxT axnt
+ Yy ee ee€ Y)

Since, by (78), all squared terms on the right-hand side of (79)
tend to zero a.s. as U(S,T) — oo, M — 0 a.s. Hence, as
U(S,T) — oo, Hy — 0 as.

Similarly, using (73)—(76), we have

OE
Hy =2837 " 1yT ——

EfE)~!
2wr | (EVE)

=w

(EYE) By
— 953y T g_E
W1 —

. AETE)
8w1

. VETE)
8w1

IEEE TRANSACTIONS ON SIGNAL PROCESSING, VOL. 53, NO. 7, JULY 2005

— 25573 [2yTé}‘é1Té1é{f y +2yTéefé ey

k
~ +H axaT
T2 2 g AN -
+ E (y ee eey+y ee €e’y
1=2

> o H . axaT o,
+ y"eé, erely +yTéré, eiely )| (1+o(1).

(80)
As U(S,T) — oo, H3 — 0 as.
In addition
OE . OEH
Hy=25°T"'y" — E7E)" —
8w1 ( ) 8w1 w:wy
OE 2
=2874772 |yT = 1 1
dor | (1+o0(1))
= 2(|1S720 y ey 2 + S 72T Ty e P)(1 + o(1))
2 b 2
= M(l—ko(l)) as. (81)

Let C denote again some “generic” constant whose exact
value is of no importance to us in the current context. Substi-
tuting the above results into (63), we conclude that
1 P y"Ply

Ow?
Deriving similar asymptotic expressions for all the other nor-
malized elements of Hyr,, we have, as ¥(S,T) — oo

S37~ =C(1+o0(1))as. (82)

W=W

§3p—1 % = C(1+0(1)) as.
S-ip=3 (‘izyaTTl;”-y = C(1+o(1)) as.
2vTPL -
S=3r—1 M o — 0a.s.
2vTpL
S—ir=3 W o — 0a.s.
2vTPL
S—2772 ﬁ o — 0 a.s.
2vTPL
S22 ﬁ o — 0a.s.
e A % =C(l+o(1))as.  (83)
Finally, let 1y denote : _I‘:—dimensional vector, such

that all its entries are 1, and let us define the diag-
onal matrices D; =  diag{S~ 211(,5’1T*11k}

D, = diag{ ST~ 1y, 721y }. Since Ha, can be rewritten
as

Hur = Dy 'DiHv D2 D5’ (84)
we conclude by substituting (83) into (84) that
|Harw| = S*THC(1 + o(1)) (85)
Hence
Hy| = C(y"Ply) 2 S* 7% (1 + o(1)) as.  (86)
|
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