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An Efficient Approach for Two-Dimensional
Parameter Estimation of a Single-Tone

H. C. So, Frankie K. W. Chan, W. H. Lau, and Cheung-Fat Chan

Abstract—In this paper, parameter estimation of a two-dimen-
sional (2-D) single damped real/complex tone in the presence
of additive white Gaussian noise is addressed. By utilizing the
rank-one property of the 2-D noise-free data matrix, the damping
factor and frequency for each dimension are estimated in a sep-
arable manner from the principal left and right singular vectors
according to an iterative weighted least squares procedure. The
remaining parameters are then obtained straightforwardly using
standard least squares. The biases as well as variances of the
damping factor and frequency estimates are also derived, which
show that they are approximately unbiased and their performance
achieves Cramér—Rao lower bound (CRLB) at sufficiently large
signal-to-noise ratio (SNR) and/or data size conditions. We refer
the proposed approach to as principal-singular-vector utilization
for modal analysis (PUMA) which performs estimation in a fast
and accurate manner. The development and analysis can easily be
adapted for a tone which is undamped in at least one dimension.
Furthermore, comparative simulation results with several con-
ventional 2-D estimators and CRLB are included to corroborate
the theoretical development of the PUMA approach as well as to
demonstrate its superiority.

Index Terms—Linear prediction, modal analysis, principal
singular vectors, two-dimensional frequency estimation, weighted
least squares.

I. INTRODUCTION

ARAMETER estimation of two-dimensional (2-D)

damped/undamped sinusoidal signals in noise has been
an important research topic because of its numerous appli-
cations such as angle-of-arrival estimation with a 2-D sensor
array [1], synthetic aperture radar imaging [2], frequency and
wave-number estimation in array processing [3], nuclear mag-
netic resonance (NMR) spectroscopy [4], joint incidence angle
and path delay estimation in wireless communications [5], and
health assessment of living trees [6].

In the presence of white Gaussian noise, the maximum-like-
lihood (ML) estimator [7] can attain optimum performance
but its computational load is extremely heavy due to the
requirement of a multidimensional search. To avoid the de-
manding search, relaxation strategies for the ML approach
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such as iterative quadratic maximum-likelihood (IQML) [7]
and method of direction estimation (MODE) [1] schemes have
been proposed where proper parameter initialization is needed
for achieving near-optimum accuracy. Alternatively, sub-
space-based methodology is another popular choice for the 2-D
sinusoidal parameter estimation problem, which includes mul-
tiple signal classification (MUSIC) [2], [4], estimation of signal
parameters via rotational invariance techniques (ESPRIT) [5],
[6], [8], and matrix pencil (MP) [9], [10] algorithms. Com-
paring with the ML estimator and its approximations, these
methods are more computationally attractive at the expense
of suboptimality. In the MUSIC methods, the main compu-
tation is to perform a 2-D peak search while in the ESPRIT
and MP schemes, singular value decomposition (SVD) for a
Hankel block-Hankel matrix whose size is larger than that of
the original data matrix, corresponds to their most demanding
procedure. In this paper, we contribute to the 2-D parameter
estimation of a single damped/undamped real/complex tone.
In short, the proposed approach, which is referred to as prin-
cipal-singular-vector utilization for modal analysis (PUMA),
is more computationally attractive than the subspace methods
and its estimation performance achieves Cramér—Rao lower
bound (CRLB) at sufficiently high signal-to-noise ratio (SNR)
and/or large data size conditions. It is worthy to point out
that 2-D single-tone parameter estimation has also received
considerable attention but most of the related works [11], [12]
consider the undamped cisoid only.

The rest of the paper is organized as follows. In Section II,
we present the PUMA algorithm development for a damped
complex tone. The key ideas are to make use of the rank-one
property of the 2-D noise-free data matrix and find the damping
factor as well as frequency parameters for each dimension
from the principal left and right singular vectors in a sepa-
rable manner. Based on linear prediction (LP) and weighted
least squares (WLS), an iterative procedure that operates
on the principal singular vectors is devised for the damping
factor and frequency estimation, and this is analogous to the
one-dimensional IQML method [13]-[15]. After the nonlinear
parameters are determined, the remaining parameter, namely,
complex amplitude, is then estimated straightforwardly using
least squares (LS). Section III contributes to the estimation of a
damped real tone. Interestingly, the rank of the corresponding
noise-free data matrix is also equal to one, and we follow
Section II to develop a similar estimation procedure. Mean
and variance analysis of the proposed algorithms is provided
in Section IV. Modifications for tackling a real/complex tone
which is undamped in at least one dimension are discussed in
Section V. Simulation results are included in Section VI to
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TABLE 1
LIST OF SYMBOLS
Symbol Meaning
T transpose
7 conjugate transpose
* complex conjugate
-1 inverse
T pseudoinverse
vec vectorization
® Kronecker product
E expectation
9] order
I; 1 X ¢ identity matrix
0ix; i X j zero matrix
a noise-free value of a
a variable for a
Aa perturbation of a
[a], ith element of a
[A],; (i,7) entry of A
A estimate of A
tr(A) trace of A
rank(A) rank of A
diag(+) diagonal matrix
. T Toeplitz matrix with first
Toeplitz(a, b™) column a and first row b”
var(-) variance
cov(+) covariance

corroborate the analytical development and to evaluate the per-
formance of the PUMA approach by comparing with the IQML
[7] and ESPRIT algorithms [6], [8] as well as CRLB. Finally,
conclusions are drawn in Section VI. A list of mathematical
symbols that are used in the paper is given in Table 1.

II. ESTIMATION FOR DAMPED COMPLEX TONE

In this section, parameter estimation of a single damped
cisoid is addressed. The observed 2-D data model is

Tm,n:Sm,n—i—Qm,na m:1727"'7M7 TL:1727"'7N
(L

where
Sm,n =y " exp {j(um + vn)} 2)

is the noise-free signal. The ~ is the complex amplitude, p €
(—m,m) and v € (—m,m) are the frequencies while & > 0
and 8 > 0 are their associated damping factors, and they are
all unknown constants. The gy, ,, is a zero-mean complex white
Gaussian process, that is, its real and imaginary components are
real white processes with identical but unknown variances of
02 /2 and uncorrelated with each other. Without loss of gener-
ality, it is assumed that M > N. Given the M N samples of
{rmyn}, our task is to find the cisoidal parameters, namely, u,
v, a, B, and 7.

To facilitate the algorithm development, we express (1) in
matrix form as

R=S+Q 3)
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where R € ¢V S € ¢™*N and Q € €™V with
[R]’m,n = Tm,n>» [S]m,n = Sm,n>» and [Q]m,n = dmn-

From the regular structure of S, it is straightforward to see
that the noise-free data matrix can be represented as

S =~gh” 4)

where

g= [0‘ exp(jp) (aexp(jn))® (@ eXp(j’“‘))M]T )

and

T
. . . \WN
h= [/3 exp(jv)  (Bexp(jv))* (B exp(jv)) ] (©)
are complex vectors which are characterized by a and 4, and
[ and v, respectively. It is also observed that the elements in g
and h satisfy the LP property:

[g]m = alglm-1, m=23,--- M )
and
], =bh],_1, n=23---,N (8)
where
a = aexp(jp) ©)
and
b= Bexp(jv). (10)

On the other hand, S can be decomposed using SVD as

S = UAVH (a1
where A = diag(;\l7 5\23 . 5: ~) is the diagonal matrix of sin-
gular values of S with A; > )\2~: -+- = Ay = 0while U =
[y @y - ay] € €N and V = [vy ¥y -+ vy] € €YV

are orthonormal matrices whose columns are the corresponding
left and right singular vectors, respectively. From the decompo-
sition in (4)—(6), it is obvious that rank(S) = 1 and thus (11)
can be simplified to

S =M vi. (12)
That is, ;\1, 13, and v, correspond to 7, g, and h, up to an un-
known multiplying constant, respectively. Mathematically, we
can write

g = ki (13)
and

h* = kpvy (14)
where k; and kj, are unknown complex constants. As
ufla; = vHv; = 1, we easily get gflg = |k,|? and

h"h* = h¥h = |k,

2 implying that k, = |g| exp(jp,) and
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kn = |h|exp(—jen) where ¢, and ¢, are unknowns. Hence,
(13) and (14) can be expressed as

g = |glexp(jpy)iy (15)

and

h = [h|exp(jen) Vi (16)

Substituting (15) and (16) into (4) and equating the resultant
expression with (12), we have

M = lgl[h] exp(ig,) exp(ign). (17

Nevertheless, 117 and v; possess the same LP property as in
(7)—(10). Based on these findings, our strategy is first to estimate
« and u, and [ and v from 1; and vy, in a separable manner,
and their estimates are then employed for finding ~y. As only
the principal singular vectors are utilized for the modal signal
parameter estimation, we refer this technique to as PUMA.

By decomposing R as R = UAV¥ | the best rank-one ap-
proximation or LS estimate of S is

S = \uyvi? (18)

where A1, up, and vy are the noisy versions of A;, iy, and vy,
respectively. Define

T
X1 = [[u1]1 (1], [ul]M—l] (19)
and
x2 = [[wm], [w]y [ul]M]T' (20)
From (7), we have
X10 & Xa. 2D
Following [15], the WLS estimate of a is computed as
H
R ) 5 " . x7 ¥(a)xs
a = argmin(x1a—x2)" ¥(a)(x1a—x2) = ——=—— (22)
gmin(x1a—xz)" ¥(a)(x10—-x2) 0 (0%,

where the optimum weighting matrix ¥(a) is constructed from
the residual error of (x1a—x2) and hence a function of a, which
is commonly known as the Markov estimate [16], [17]. With the
use of (19), (20), the inverse of ¥(a) is

¥ (a) = {(x10 — x2)(x10 — x2) "}
=AE {uw;uf } A¥ (23)
where

A =Toeplitz ([~a Oucar—n]”[~a 1 Oucara)]).

Letu; = 013 + Au; where Auj is the perturbation of u;. At
the ideal value of a, X1a = Xz or Au; = 0(p7_1)x1 and thus
(23) is equivalent to

¥ '(a) = AE {Au;Auf’} A7, (24)
To compute (24), we first utilize [18] to obtain:
Au; = Xflﬁnf}val
=\ (v 2 0,08 ) vee(Q) (25)

2001

where U,, = [G2 Q3 --- Gy] is the noise-free version of U,, =
[uz usz - -- uy], which corresponds to the noise subspace. With
the use of (25), IE{Au; Auf?} is derived as

E {AulAu{{}
=\;? (fl? ® fjnﬁf) E {vec(Q)vec(Q)H}

X (01 ® fjnﬁg)
= 5\1_2 (\7? ® ﬁnfjf) (0211\11\7) ({’T ® fjnfjf)
= %02 (v1v)) @ (0. U0, 0F)
=\ 2?0, U, (26)
Note that the values of A; and ¢ are not required as they will
be canceled out in (22), that is, we only need to know ¥(a)
up to a multiplying scalar. Employing Atu; = 0(3;_1)x1 and
U, UZ =1, — a;ufl, the weighting matrix of (24) is simpli-
fied as

. -1
W(a) = (AUnU{j AH) — (AAT)1 27
As ¥(a) is characterized by the unknown parameter a, we
follow [15] to estimate i and « in an iterative manner and the
estimation procedure is summarized as follows.
1) Set \Il(a) =TIy_1.
ii) Calculate a using (22).
iii) Compute an updated version of ¥(a) using (27) witha =
a.
iv) Repeat Steps ii)—iii) until a stopping criterion is reached.
v) The damping factor and frequency estimates are estimated
from the magnitude and phase of a according to

& = |al (28)
and
o= /(a). (29)
Applying the same idea in vy, we have
yib* =y (30)
where y1, = [[vi]; [vil, [Vily_4]" and y; =

([vi]y [vils [vi]y]T. Following the development in
(22)—(27), the conceptual solution for b is

- y{{‘f(b)yz)*
h= (2L 2= 31
(ﬁr(b)yl GV
where
T(b) = (BBH)™! (32)
with

B ="Toeplitz ([0 O1v—2)] " [-0" 1 Onxivoa])

In practice, © and [? are obtained using the iterative procedure
which is analogous to estimating 4 and a.
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Employing the damping factor and frequency estimates, we
N . R .. A . T
construct g = [aexp(jf) (dexp(ji)* -+ (@exp(jf)]
and h = [Bexp(ji) (Bexp(ji))? -+ (Bexp(jP))N]  to esti-
mate «y as follows. From (4), we have

R~ ygh”. (33)
Vectorizing both sides of (33) yields
vec(R) ~ 7h ® &. (34)
The LS estimate of ~ is straightforwardly obtained as
4 = (h®g)fvec(R). (35)

III. ESTIMATION FOR DAMPED REAL TONE

For parameter estimation of a damped real tone, the signal

model is
m=12---M, n=12,--- N
(36)

Tmn = Sm,n + Im,n;s
where

Sm.n =y B" cos(um + @) cos(vn + 6) 37
is the noise-free sinusoid. Now v > 0 is the real-valued am-
plitude, o € (0,7), @ > 0 and ¢ € [0,27) are the frequency,
damping factor and phase for one dimension while v € (0,7),
B > 0and § € [0,27) are the corresponding parameters for
another dimension. The ¢y, ,, is assumed to be a real zero-mean
white Gaussian process with unknown variance o2. Expressing
(37) in matrix form, we find that it can be decomposed as in (4)
but g and h are modified to
g=[acos(ut+¢) o’cos(2u+ ¢) o M cos(Mpu+¢) 1 (3%)
and

=[Bcos(v+80) B% cos(2v + ) - BN cos(Nv+6)T] . (39)

The LP property in g and h can easily be observed as

8l = a1[glm—1+ a2[glm—2, m=3,4,--- .M (40)
and
[h], = bi[h], 1+ bo[h], 2, n=3,4,---,N (4]
where
a1 =2acos(p) (42)
ag = — a? 43)
by =28 cos(v) (44)
and
by = — 3% (45)
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Similar to (12)—(17), we can also express S according to SVD
as
S =My v? (46)

where g = |g|t;, and A; = ~|g||h|. By decomposing R as
R = UAVY and utilizing the LP property of (40) in matrix
form, we have

Xa=rx (¢

where

X =Toeplitz ([[wr]> fwils -+ [wilar—s]” [z [wa)y])

(48)

x = [[wls [ugly - [w]a]” (49)
and

a= [a1 az]T. (50)

Following the development in (22)—(27), the WLS estimate of
ais

a= (X"¥(a)X) " (XT¥(a)x) (51)

where
(52)
with
) T
A = Toeplitz ([—az 01><(M—3)]
[a2 —a1 1 Oiar-3)])-

As WU(a) is a function of a, we first set ¥(a) = Ip;_» and
iterate between (51) and (52) as in Section II to calculate a. Once
a is available, the damping factor and frequency are estimated

using (42) and (43):

& =+/—0 (53)
and
i = cos! <ﬂ> . (54)
20
To estimate ¢, we consider
R ~ ygh” ~ 7Gph” (55)
where
G— acos(fi)  &%cos(2f) &M cos(M ji)
—asin(f)  —a?sin(24) —aM sin(M i)
(56)
and
e = [cos(¢) sin(¢)]" (57)
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The former is constructed from 4 and & while the latter is a
function of ¢. Pre-multiplying both sides of (55) by G yields

G'R ~ veh” = [ycos(¢)h 7sin(¢)h]".  (58)
It follows from (58) that
g: tan(¢) = g, (59)
where
9, =[[G'R]1; [G'R]y» GR m]T  (60)
and
= [[G'R]2; [GRJas [G'Ra]" . (61)
Based on (59), the LS estimate of ¢ is
é = tan~" (g}g2) . (62)
Likewise, the conceptual solution for b = [by by]T is
b= (Y"T(b)Y) 'Y Y (b)y (63)
where
Y(b) =(BB)! (64)
B = Toeplitz ([—b2 O (v
[<b2 —b1 1 Oixn-z]) (65
Y =Toeplitz([[vi]s [vi]s - [va]n—a]”
[vil2  [vili]) (66)
and
=[vils [vi]s [viln]* (67)

After finding » and [3 using the same iterative procedure, we
follow the development in (55)—(62) to obtain the LS estimate

of §:
6 = tan~ (h}}m) (68)
where
. T
b= [REDT,, [RED,, - [RED], ]
(69)
he = [[RE)],, [REDT,, - [RET)],,]
(70)
and
_ szos( p)  [2cos(20) BN cos(ND)
H= [—ﬂsm(f/) — 32 sin(20) BN sm(ND)} an

2003
Analogous to Section II, the LS estimate of ~ is
¥ = (h® g)Tvec(R) (72)
where
, T
g= [a cos(u—i—gb) & cos(Z/H—(;S) aM cos(M[H—gb)}

and

h= [[9 cos( + ) *cos(20 +8) - [N cos(Ni+ é)]T .

IV. PERFORMANCE ANALYSIS

In this section, the biases and variances of the damping factor
and frequency estimates are analyzed. The complex and real
data models are investigated one by one as follows.

A. Complex Tone

The basic idea for our analysis is to utilize (22). Upon conver-
gence of the iterative procedure, the estimate of a should satisfy

H A
. xp¥(a)x,
“ T XX 73
Based on (73), we construct a function f(a):
f(a) =xW(a)x,a — xHW(a)x,
=xTW(a)(x1d — x2) (74)

such that f(a) = 0. For sufficiently large SNR and/or data size,
a will be located at a reasonable proximity of a. Using Taylor’s
series to expand f(a) around a up to the first-order term, we get

0= (@)~ f(a) + f'(a)(@ - a) (75)

where f’(a) is the first derivative of f(a) evaluated at & = a.
Expressing x; = X; + Ax; and X2 = X + Axy as well as
using X1a = Xo, f(a) can be linearized as

fla) = (&1 + Ax1)"®(a) [(R1 + Ax1)a — (X2 + Axy)]
~xITW(a) (Ax10 - Axs)
xW(a)AAu;.

Q

(76)

On the other hand, f’(a) is approximated as

(@) =x"(ax - < ¥(0) (¥ (@) () (xr0 - x2)

~xTW(a)%;. (77)
Combining (75)—(77), we have
. [fla)
B0
xHW(a)AAu,
T Y
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As x{TW(a)x; is deterministic and IE{Au; } = 0(p7_1)x1, itis
clear that IE{G} = a and hence & is approximately unbiased for
sufficiently large SNR and data size conditions. Employing (24)
and (78), the mean-square error or variance of a is derived as

var(a) =IE{(ad — a)(a — a)*}
_xHW(a)AE {Aw Aut } AT E(a)%,
- (xFW(a)k,)”
% (a) (x;%—zw—l(a)) W(a)%,
(X7 ¥(a)x,)*

0.2

TR (a)x%,

(79

Based on (79) and [19], the variances of i and & are computed

as

var(a) o?

20 T 2X202%HW(a)%,

var(fi) = (80)
and

2 A~
avar(a) o

202 T 2X2x%HU(a)%,

2

81

var(&) =

From (80) and (81), we see that the expressions of var(/z) and
var(&) are similar except that the former is inversely propor-
tional to o®. Apart from this, both increase with the noise power
and decrease with \? and % W (a)%; which relates to the signal
power and M. .

Likewise, the variances of  and (3 are determined as

0.2

2)\%/323’{{‘!\([’)}’1
and
(B) i (83)
var N ——————.
22131 (0)31
B. Real Tone

Following the development in (73)—(79), it is shown that
[E{a} ~ a and the covariance of & in (51) is
- . -1
cov(a) =E{(a—a)(a—a)T} ~ Ay202 (XT\II(a)X) .
(84)

Let p = [p ). With the use of (42) and (43) and expanding &
around a with Taylor series up to the first-order term yields

axa+C(p-p) (85)

a4,  9day

| 8r  ea
C= [M aﬁ}
on o0&

| —2asin(p)  2cos(p)
- 0 —2a

(86)
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Employing (84)—(86), the covariance of p is

cov(p) =E{(p - p)(p— p)T}
=C tcov(a)(CT)!

= A[20%C (XT'II(a)X)_l (€)= (87
As a result, the variances of i and & are
var(i) = [eov(p)] (88)
and
var(@) = feov(p)l,., - (89)

Let x = [ A]7. In a similar manner, the variances of © and
(3 are determined as

var(9) ~ [cov(X)]y ©0)
and
var() & [cov(X)]2,2 (91)
where
cov(®) ~ AT 202D (YTT(b)Y) "D (@2
and

93)

D [—2[33111(1/) 20_0;(5/)} '

Though there are no closed-form expressions for (80)—(83)
and (88)—(91), Section VI shows that their numerical values are
equal to the corresponding CRLBs.

V. MODIFICATIONS FOR PARTIALLY
DAMPED/UNDAMPED TONE

For some applications, the tone is undamped in one [6] or
even two dimensions [10]-[12]. In this section, we will show
the required modifications for the PUMA approach when the
cisoid/sinusoid is undamped in one dimension. The results for a
purely undamped tone can be obtained in a similar manner.

A. Complex Tone

Assuming that s,, ,, of (2) is undamped in the second dimen-
sion, we have 3 = 1 and s,,, ,, = ya™ exp(j(pm + vn)). As a
result, h of (6) becomes

h = [exp(jv) exp(j2v) exp(iNv)]". (94)
Substituting b = exp{jr}, T(b) = (BBH)™' = T(v) has a
closed-form expression with elements [15]

Tw)],,,, = ) I o (i — ) 95)
and (31) can be simplified to
D=~/ (y{(v)y2) (96)
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as the denominator is real and positive [15]. That is, estimation B ; : j : : : " [ o esPAT@El
of v is achieved by iterating between (95) and (96) while p, o, | g
and ,7 are determined aS in (22) and (35) With /8 — 1. The COI‘_ _20 B ozt et ........... ........... ............ ............ ........... + gg{_a

responding variance expressions also follow (80)—(83), except
now 3 = 1 in (82), that is

o2

Var(ﬁ) N = -
2y (V)3

7

It is interesting to note that when s,, ,, is purely undamped,
lg| = VM ,|h| = VN and \; = |g||h||y| = VM N|y|.Recall
(16) and let h; = [exp(jv) exp(j2v) --- exp(j(N — 1)v)]7,
we have

Mean Square Error (dB)

hT = \/NeXp(_‘]wh)yl (98) | L 1 ! | L !
0 - 0 5 10 15 20 25 30
Employing (95) and (98) yields [15] SNR (dB)
~ ~ hT BBH _lh* N2 -1 Fig. 1. Mean-square error of 2 versus SNR for damped cisoid.
Ty, = SLBBT N (99)
N 12
0 T T T T T T T
As a result, var(?) has a closed-form of Vg ; IEY i
var(t?) ~ 602 E : : (CRLB
(N2 —1)MN|v|? EPY0) (OURRURNE. U NI SIS SRR NSRS S -
o
which is the CRLB for frequency of a purely undamped cisoid <
[e]
[12]. &
g
B. Real Tone c%
Here, we consider s, , = ya™ cos(um + ¢) cos(vn + 6) é
which corresponds to a real X-texture mode [6]. The vector h
in (39) is modified as
h = [cos(v) cos(2v) --- cos(Nv)]". (100) : : : : : ‘ ‘
) o o 0 o 5 10 5 20 25 EY
The LP relationship in (41) is simplified to SNR (dB)
— — .. Fig. 2. Mean-square error of & versus SNR for damped cisoid.
[h]n + [h]n72 - bl[h]n717 n = 3747 7N (101)
where

The estimates of «, i, ¢, 6 and ~ are calcu}ated using (53),
by = 2cos(v) (102)  (54), (62), (68), and (72), respectively, with = 1. Based on
Section IV, the variance of b1 in (104) is evaluated as

as by = —1. The vector equation for (101) to estimate v )
becomes var(by) & ——0 . (106)
AYTY(b1)31
yibi =y (103) . .
Employing (105) and (106) yields [20]
where y1 = [[vi], [vi]; - [Vl]N_1]TTand y2 = [[vi]; + 2
Vils [Vilo + Vil -+ [Vily_o + [vi]x]" - Hence, (63) is now var(v) R — — —. (107)
modified to 4sin® () ATy] X (b1)y1
A Y (b
by = w (104)
y1 X(b1)y VI. SIMULATION RESULTS
with b = —1 and ¥ is computed as Computer simulations have been carried out to evaluate the
. parameter estimation performance of the PUMA approach in the
D= cos~! b_l (105) Presence of white Gaussian noise. The stopping criterion of the
2 PUMA algorithm is a fixed number of iterations. We use three
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Fig. 4. Mean-square error of {3 versus SNR for damped cisoid.

iterations as no significant improvement is observed for more
iterations. The mean-square error (MSE) is employed for the
performance measure. For comparison, MSEs of the ESPRIT
[8] and IQML [7] algorithms as well as CRLB are included
for the complex model. While for the real signal case, [8] is re-
placed by [6], where partial forward—backward averaging is ex-
ploited. In the ESPRIT schemes [6], [8], a Hankel block-Hankel
matrix of size around MN/4 x (N/2+ 1)(M/2 + 1) is con-
structed from the M x N data matrix for parameter estimation.
The signal power is defined as Z%zl 1 |$mn|?/MN,and
we scale the noise sequence to produce different SNR condi-
tions. All results provided are averages of 200 independent runs
using a computer with Pentium Dual Core 2-GHz processors
and 1-GB RAM.

In the first test, we study the case of a damped complex tone,
and the signal parameters are v = exp(j), « = 0.95, 8 = 0.98,
i = 0.17, and v = 0.247 with M = N = 20. The estimation
results for u, a, v, 3, and v versus SNR are plotted in Figs. 1-5,
respectively. It is seen that the MSEs of the proposed scheme
attain the corresponding CRLBs at SNR > —2 dB in all five
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Fig. 6. Mean-square error of fi versus p for damped cisoid at SNR = 0 dB.

figures. The theoretical variance expressions of (80)—(83) are
also validated and they align with the optimum benchmark. As
a < 1and B8 < 1, the MSE of the damping factor is less than
that of the frequency, although the difference is not significant
as both « and 3 are close to unity. On the other hand, the IQML
estimator can also provide optimum accuracy but it has larger
threshold SNR than that of the PUMA approach, while the ES-
PRIT method is suboptimal in the whole SNR range. The av-
erage computation times of the ESPRIT, IQML and proposed
algorithms for a single trial are measured as 6.37 x 1072 s,
6.53 s, and 2.28 x 1073 s, respectively. Thus, the PUMA ap-
proach is more efficient than the ESPRIT and IQML estimators
in terms of computational complexity and accuracy. In fact, its
computationally attractiveness can be analytically deduced from
the involved matrix size, which is M x N. That is, the com-
plexity of the proposed method is of O(M?) due to the SVD
and WLS operations. The involved matrix sizes in the ESPRIT
and IQML algorithms are M N/4 x (N/2+ 1)(M/2 + 1) and
(N(M-1)+(N-1)M) x (N(M —1)+ (N —1)M), respec-
tively, indicating their complexities are both equal to O(M©). It
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is worth noting that the operations of the PUMA scheme can be
further reduced by utilizing the power method to compute the
principal singular vectors instead of performing the full SVD
and by employing a fast algorithm for the sparse Toeplitz matrix
inverse which may appear in the scientific computing literature.

Fig. 6 examines the estimation performance of i for u €
(—m,m) at SNR = 0 dB, while the remaining parameters are
identical to the previous experiment. The findings are similar to
those of Fig. 1 although all estimators fail to achieve optimality
when p approaches 7. As the results of «, v, 3, and ~y are sim-
ilar and indicate the uniform estimation performance, they are
not provided here. Fig. 7 studies the performance for a smaller
data size, namely, M = N = 5, while the remaining parameters
are identical to the first test. We observe that the estimation per-
formance is similar to that of Fig. 1 except the threshold SNR
is increased. The remaining parameters of interests give similar
observations and their results are not included in this paper. As

2007

:
O ESPRIT[6]
QML [7]

O PUMA
+  (89) H
CRLB

Mean Square Error (dB)

0 ; ; ; ; : ; ;

SNR (dB)

Fig. 9. Mean-square error of & versus SNR for X-texture mode.

0 T T T T T T T
L O ESPRIT[6]
" R’ A 1QML[7]
O PUMA
_“ 0 s v wnian ] S ............................................................. * (1 07)
CRLB
o 3
._20 s e i L L G e e e S S e e e S e e e e e e e e e el

Mean Square Error (dB)

-10 -5 0 5 10 15 20 25 30
SNR (dB)

Fig. 10. Mean-square error of & versus SNR for X-texture mode.

aresult, we can conclude that the PUMA algorithm can achieve
CRLB at sufficiently large SNR and/or data size conditions.

Finally, we investigate the real tone and the signal parameters
arey=1, =095 =0.1r,vr =024r, ¢ =1,and § = 2
with M = N = 20. That is, the real tone is undamped in one
dimension which gor{esponds to the X-texture mode [6]. The
MSE:s of i, &, v, ¢, 8, and 4 are shown in Figs. 8-13, respec-
tively. Again, we see that the PUMA algorithm is superior to the
ESPRIT and IQML methods as in Figs. 1-5 and its performance
is able to achieve the CRLB for sufficiently high SNRs. In ad-
dition, the average computation times of the ESPRIT, IQML
and proposed estimators for a single trial are measured as are
4.11 x 1072 5,2.85 s and 2.65 x 1073 s, respectively.

VII. CONCLUSION

We have devised an efficient parameter estimation approach
for a two-dimensional (2-D) single damped real/complex tone
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in additive white Gaussian noise and we refer it to as prin-
cipal-singular-vector utilization for modal analysis (PUMA).
The key ideas are to make use of the rank-one property of the
2-D noise-free data matrix and find the damping factor as well as
frequency parameters for each dimension from the principal left
and right singular vectors in a separable manner according to an
iterative weighted least squares procedure. Modifications for a
tone which is undamped in at least one dimension are included.
Mean and variance expressions for the damping factor and fre-
quency parameters are also produced and verified via computer
simulations, which illustrate that they are approximately unbi-
ased and their performance achieves Cramér-Rao lower bound
at sufficiently large signal-to-noise ratio and/or data size condi-
tions. Furthermore, it is shown that the PUMA approach out-
performs the iterative quadratic maximum likelihood [7] and
subspace based algorithms [6], [8] in terms of computational
complexity and accuracy. Considering 2-D single-tone param-
eter estimation as a starting point, we will extend our study to
the multidimensional [21], [22] and multiple-tone scenarios as
our future works.
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