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Abstract. Estimating the parameters of a pencil of lines is addressed.
A statistical model for the measurements is developed, from which the
Cramer Rao lower bound is determined. An estimator is derived, and its
performance is simulated and compared to the bound. The estimator is
shown to be asymptotically efficient, and superior to the classical least
squares algorithm.

1 Introduction

Identifying straight lines and estimating their common point of intersection is a
frequent task in image processing applications. The particular problem of esti-
mating the parameters of a single line from two dimensional measurements has
been studied in [1], [4], [8]. When multiple lines are known to intersect at a com-
mon point, however, parameter estimates for a given line can be improved owing
to the common information available from the other lines. Moreover, the struc-
ture of the estimator changes from that presented in [1] and [8]. It is the purpose
of this paper to present the line parameter estimation problem by providing a
parameterized statistical model of the measurements, analyzing the limitations
imposed by this model on the line parameter estimates, and finally by proposing
an estimator for the line parameters.

The analysis begins in Section 2, where the measurements of points on a
line are statistically modelled by the parameters of interest. In Section 3, pa-
rameter estimation is addressed by using the parameterized statistical model of
Section 2 to determine the Fisher information matrix for the line parameters.
From the Fisher information matrix, the Cramer-Rao lower bounds for line pa-
rameter estimates are determined explicitly in terms of the line parameters and
the statistical parameters influencing the measurements. Section 4 addresses the
problem of estimating line parameters from a pencil of lines when each of these
lines is modelled according to Section 2. The methods of Section 3 are used to
find the Fisher information matrix for the totality of line parameters and their
point of intersection. The performance benefit attained by using a mutual point
of intersection is reflected in the Cramer Rao lower bound, which is compared
with the results of Section 3. An estimator for the point of intersection and the
respective line parameters is then developed in Section 5. In Section 6 the perfor-
mance of this estimator is simulated and compared with the Cramer Rao lower
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bounds from Sections 3 and 4. In addition, the proposed estimator is compared
with the least squares estimator for the point of intersection when the lines are
parameterized independently of each other.

2 The Line Data Model

One method for fitting two dimensional point measurements to a line is proposed
by Ponce and Forsyth in [1]. The N line measurements (z,,yn), n =1,..., N in
the coordinate system (z,y) are modelled as a rotation by ¢ of points (xn,Vn),
n = 1,...,N in an initial coordinate system (x,7). In (x,7y) coordinates, a
line is assumed to be described by v = A, although the measurements -y, are
perturbed from A by zero mean noise v,,. Thus, line modelling begins with the
transformation by coordinate rotation

[on] = [ o6, 5] o]
B
sl

where the rotation matrix S is given by

s=| 1) @

and
a sin ¢
b| = |cos¢ (3)
c —A

In this notation, a line is described in (x,y) coordinates by ax + by + ¢ = 0.

In order to model the points (x,,y,) statistically, it is sufficient to charac-
terize x, and vy, as (x,,y,) are related to these by the linear transformation
(1). For simplicity of analysis, assume the noise samples v, to be zero mean,
independent, and identically distributed Gaussian random variables with vari-
ance o2, and denote this distribution by v,, ~ N(0,02), n = 1,..., N. Similarly,
the coordinates x, are assumed to be independent and identically distributed
samples from a Gaussian distribution having mean p, and variance oi, such
that x» ~ N(py,0%), n=1,...,N. As 07 is the measurement noise and o7 the
spread of the points on the line, it must be that 0'>2< >> 02,

As the two random variables v,, and x,, are Gaussian and independent, they

are jointly Gaussian [3]. Thus, the vector z, = [wn yn]T has Gaussian distri-
bution z, ~ N(pz, C,) with mean vector p, = F {z,} found from (1) as

pe=-s| "] )
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The correlation matrix C, is found from equations (1) and (4), and by noting
that by the independence of x,, and vy, E{(Xn — tix) Vn} = E{xn — tix } E{vn} =

0.
o - T
—Un —VUn

0'20 T
— X
8{003}5

= SAST (5)

Since the matrix S is unitary and diagonalizes C., it holds the eigenvectors of
C.. From (2) and (5), the eigenvector [a b]T of S is associated with the eigenvalue
o2, the variance of the measurement noise.

The joint statistics of z, can be expressed succinctly in terms of the con-
catenation vector Z given by

Z=[F 2L 25" (6)

The measurements z,, are jointly Gaussian, so the vector Z has Gaussian dis-
tribution Z ~ N(puz, Cz). The mean puz = E{Z} is given by the 2N x 1
vector

pz = [ul ... ul]" (7)

By virtue of the independent and identically distributed nature of the ran-
dom variables v, and X, E{vntm} = 020, _m and E {(xn — Hy) (Xm — Hy)} =
025, _m, where 6, is the Dirac function. The 2N x 2N covariance matrix Cz is
then given by

C.,0---0
0 C, 0

Cz=| . - (8)
0 0 ---C,

3 Cramer Rao Bounds for Line Parameter Estimates
Given a Single Line

Having statistically characterized the joint distribution of the samples (2, yy),
n=1,..., N, the influence of this statistical model on parameter estimates can
be determined. First, note from equations (2), (4) and (5) that the mean vector
. and covariance matrix C, are seen to be functions of the parameters ¢, c,
o ai, and o2, denoted by the vector 8 as

0=[6cpyolo?] 9)
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Since the random vectors z, have the Gaussian distribution z, ~ N(u (0),
C. (0)) for any choice of 6, the random vector Z, by (7) and (8), is also sta-
tistically parameterized as Z ~ N(uz (6), Cz (0)). The random vectors z.,,
n=1,...,N and Z are therefore called Generalized Gaussian random vectors
[2]. The significance of this characterization lies in the fact that the parameters
0 are assumed deterministic and unknown, like the line parameters in (3), for
example, which are being estimated. Estimates of fixed parameters, like the com-
ponents of @, have their minimum variance bounded by the Cramer Rao Lower
Bound (CRLB), which is determined by relating the K x K covariance matrix
C, of the K unbiased parameter estimates 6 to the inverse Fisher information
matrix I7! (0) as [2]

Cy =11 (0) (10)

So that for each estimate 6; of the true parameter 6;, the variance a ! is given by

C,(i,), and the CRLB by I"*(0) (i,7). For the case of a Generahzed Gaussian
random vector X ~ N (ux (0),Cx (0)), the elements of I(8) are given by [2],
equation (3.31)

T
[L(O));; = {a"%&((’)} Cx (0) P’%}m]
+;tr [C (6) 805;( )c;; (6) 7808’;;9)} (11)

where tr [D] denotes the trace of the matrix D, and dpux (@) /00; is the partial
derivative of every element in the mean vector pux (6) with respect to the jt*
element of the parameter vector 0, just as C x (0) /90; is the partial derivative
of every component of the covariance matrix Cx (8) with respect to the i?
element of 6.

Applying (11) to the measurements Z ~ N (uz (0),Cz (0)) with (7) and
(8), then the elements [I(0)],; are found as

,

1), = N [@Te@r Lo )[8;?9( q

Equation (12) states that the Fisher information matrix for N measurements z,,
is that for a single measurement scaled by N.
Noting from (2) that ST = S, the following identities from (5) make deter-
mining the components of (11) straightforward
0C, 0S 0S8

5o~ 9 AS+SAG (13)

T T o ].0
SS” =878 = {01} (14)
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oS 0-1
5% =11 0] 15)
0S 01
5= "1o] 1o
C.;'=SA'S (17)

By applying the identities (13) through (17) in (12) for all combinations of the
parameter elements in (9), it can be shown that the Fisher information matrix
takes the form
_ | T(depny) O ]
1(0)= 18
@= """ 10802 1)
The block diagonal structure of (18) implies that the inverse of (18) is similarly
block diagonal, so that to find the bounds on estimating the line parameters ¢,
¢, and fi,, one need only consider the Fisher information matrix I (¢, c, f1, ). This
matrix is found as

2
2,2 2.2 2 _ 2 2 _ .2
N | oxpy o+ (O'V O'X) Px Oy —COy,

L,e i) = 5 NG ol 0 (19)
voX —co

and the inverse is given by

2 2 2 2 2 2
1 030,  —Hx0y0, €030,
L(g,copuy) ' = ———— | —py0202 K —cpiy 0202 (20)
» Cy My 7N 9 22 :uX2X2y 12 iUXX v
(Uu - UX) CO30;,  —Cliy03 0, Ko

2 2
where k1 = 02 [Jiui + (0,2, — O’i) } and kg = O’i [62012, + (012, - O'i) ] From

(20), the CRLB for any estimate ¢ of the rotation angle ¢ is given by the first
diagonal entry

2
. vx (21)
N (o3 - o2)’
To find the CRLB for the parameter estimates of a = sin ¢, b = cos ¢, and
¢ = c from (3), we use [2] p45 (3.30)
08 (6) ;1 () 08(0)"

I (g(0) = WI () 90 (22)

which determines the inverse of the Fisher information matrix for estimating
the functions g (8) = [g1(0) g2(0) - -- g,(0) ] of the parameter vector 6 from the
inverse of the Fisher information matrix for 6 itself. The matrix 0g (€) /00 in
(22) is the r x p Jacobian matrix
091(0) 091(6) .. 991(6)
00, 002 00
99:(8) 99:(8) .. 992(0)
Og(0) | o6, o0, o0, (23)
00 ; ST

CRLB (¢>) -

09,-(0) 99-(6) . . 99-(6)
90, 90 o0,
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Letting g (0) = [a b ¢] as in (3), then substitution into (23) yields

alab cos¢p 00
Olabe] _ | “ins00 (24)
06 0 10

Applying (22) with (20) and (24) and noting (21) yields

cos’¢p —singcosd —[4 COS ¢
1! (a,b,¢) = CRLB (é) —singcosd  sin’¢ oy sinq25 (25)
7.UJX COS¢ ,LLX singi) ,[Li + WﬁB@

The terms along the main diagonal in (25) are the Cramer Rao lower bounds on
the variance of the line parameter estimates a, b, and ¢, respectively.

2 b2CRLB é)
ag > | a2CRLB QZ) (26)
o ;

J2CRLB (¢) + %

4 Cramer Rao Bounds for Line Parameter Estimates
Given a Pencil of Lines

The results of the previous section can be extended to find the influence of a
common point of intersection (zg, o) on line parameter estimates for a pencil
of L lines. In this case, each line ¢, { = 1,..., L has associated with it a distinct
group of data Z, of the form (6), each having N, two dimensional data points
Zp,- The fact that the data families Z,, £ = 1,..., L are all distinct means that
the noise models that generate them, as in (1), are all independent. The vectors
Zy, 0 =1,..., L are jointly Gaussian with

E {(Zz —pz,)(Zr - Nzk)T} =0-1Cxz, (27)
where Cgz,, £ =1,..., L are of the form (8). A vector Q defined as the concate-
nation of the measurements Z,, £ =1,..., L such that

Q=[z7---z7]"

(28)
is therefore distributed as Q ~ N (g, Cg) with mean vector pg = E{Q}

T
no =[ng, 1z, (29)
and, using (27), the covariance matrix Cq is
Cz, 0 -~ 0
0 Cz, O
Co=| . o (30)

0 0 ---Cg,
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By substitution of @ in (11), and using (29) and (30), its not hard to show that
the elements of the Fisher Information matrix are given by

L), = Z:LON@ [%ﬁfci (9) {%ﬂfﬂ)]
M]

aczz (19) C—l (,'9) 819

8191 zZy (31)

+%tr [C;j (9)
where p,, and C,, are from (4) and (5). The parameter vector ¥ holds the
parameter vectors 8 defined in (9) for each family of line data £ = 1,..., L. This
parameter space is reduced for the pencil of lines by noting that the common
point of intersection (g, yo) lies on each of the L lines, and thus satisfies ayxg +
beyo+ce=0,0=1,... L. Thus, ¢, = —ayxo — byyo and the parameter vector ¥
is given by

9= [¢1 Hxa 051 0)2(1 S OL Hxg 012/L 0)2<L To yO] (32)

It should be clear from (31) and the definitions (4) and (5) that Op,/00; = 0
and 0C,,/99; = 0 for i # j where ¥, are the line parameters of the j* line,
excluding zg and yo. By applying the identities (13) through (17) in (31), it’s
straightforward to show that parameter estimates of ¢, py,, o and yo are
independent of those for 0'12,[ and 02 , ¢ = 1,...,L, exactly as for (18). The

0 Xe?
Fisher information matrix for the reduced parameter vector 9’

9 = [d)l Poxi *** L Hyy, To yO] (33)
is then given by
i I¢17¢1 I¢1,/LX1 o - 0 0 I¢1710 14517?/0 i
Iﬂxla¢1 qulyﬂxl T 0 0 I[J,Xl,:l/’o IHX17y0
0 0 :

I1(9) = 34
( ) : : I¢L7¢L I¢L7MXL I¢L,$o I¢L7yo ( )

O 0 0 U INXL7¢'L INXL sHxp, IML@O IMXL7y0

Iﬂﬂo,dn Iﬁ?o’ﬂxl Ixo’d)z"' IEOg¢L IIU,MXL ITO,IU Iwo,yo

-Iyo,dh Iyoyﬂxl Iyo,¢2 Iy07¢L Iym#xL Iyo@o Iyoyyo J

2
where the elements of (34) are given by I, 4, = No( (stxe ~bezo+acso)  {aezotbeyo)® |

Tl X
2 2 )2 _ _
%% Id’b#«xz = IMXZ"i)E = NZ%’ I¢2a$0 = L‘UO’(W = NZ “‘(blzo Uagiyo #Xl)
Ioryo = Iyop, = Nf%’ Iﬂxwﬂxe = é? Iﬂxeﬂﬂo = Ifﬂoyuxe =
2
Il»tx[,yo = Iyowx,z =0, Iwo,wo = Z;:l %7 Il‘myo = Iyo,wo = Z;:l ?,237 and
I L b

Yo,yo — Zut=1 g2 -
(2
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The Fisher information matrix for line parameter estimates of ag, by, £ =
1,...,L and (x0,y0) is found from (22) using the transformation g (9¥’) of the
parameter vector 19’ given by

g (¥') = [sin ¢y cos ¢y sindy cos ¢y -+ sindp, cos Pr, o Yo | (35)
Then
—1 ’ _ ag (19,) —1 ’ ag (191)T
I (g ) = B0 ) 810 (30

where I7! (19) is from (34), and the matrix dg (9) /09 is determined by apply-
ing (23) to (35) in the same manner as was done for (24). The bounds afforded
by (36) can be compared to the bounds of (26) for unassisted line parameter
estimation. Figure 1 illustrates the improved performance of joint estimation by
plotting the minimum variance 021 as a function of the number of lines L using
(36) and (26). The simulation parameters are o = 1000.0, yo = 0, N = 64,
py =0, 02 =1, ai =16, and A, = 7/6.

10°

T T

— u§ + CRLB for Joint P and Ir

o 02’, CRLB for Single Line Parameter Estimates
1

T b

10"

I I I I I I
0 5 10 15 20 25 30 35
Number of Intersecting Lines

Fig. 1. Comparison of CRLBs from (36) and (26) for estimating parameter a; from a
pencil of L lines.

5 A Point of Intersection Estimator

To motivate an estimator for the point of intersection (Zg, go) of L lines, consider
a particular line ¢, whose measurements are of the form (1), such that

[mn,z} _ [ cos ¢ sin<be] [Xn,e] (37)

Yn, e —sin ¢ cos P¢ | | Yn,e
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Multiplying both sides of (37) by a test vector [sin be cos (jgg] yields

SiN Gy ¢ + COS Py ¢ = Sin (ﬁfge - ¢e) Xn,¢ + cos <¢3£ - éf)z) Vn,e (38)

The variance of the left hand side of (38) is the same as the variance of the right
hand side of (38), which is given by

sin? (QZ)Z _ le) 03(74 + cos? (QZA)K - (;51;) 0'372 (39)

As ‘73,2 < Ui,z by assumption, (39) is minimized when ¢ = ¢¢. Thus, defining

[Ge Bg] = [sin g%g cos (]gd and a constant é, for £ = 1,..., L, then these are line
parameters as in (3), with the constraint

o 3 .2 10a
&2+ 52 = [ac be) H - (40)
In addition, these lines are constrained to intersect at (£o, o)

apito + betio + & =0 (41)

Now, the likelihood function pg (@), where Q is from (28), can be expressed

2 2
ZL ZNZ (aemneerzyanrcL;) +(7bgzné+agynz—uw)
£=1 n=1

pe (Q) = Coe ' (42)

with @ =[ay by ¢1 ... ap by ¢ xo yo|. Given the variance (39), the constraint
(40), and the assumption 0’3@ < Uf( ,» choosing @ to minimize the double sum
over the first squared term in the exponent of (42) will maximize pe (Q). Thus,

a suitable cost for an estimator of @ is

" 2
¢ (déxn,é + b@yn,é + é@)

c@=>> 207

{=1n=1
L ) L A
+ Z A (5114560 + bego + 5@) + ZP@ (fl/% + b7 — 1) (43)
=1 =1

To decouple the parameter estimates for the separate lines in the minimization
of (43), the point of intersection (Zo, 5o) is viewed as a known parameter. The
minimization of (43) with respect to the parameters ds, by, and ¢é of line £ is

then ) )
Qg QUepg Qg )\@O’e |:({ﬁ0 —:E_g)]
Ay | =~ e e o D 44
‘ [be] Ny [be] N | (%o — W) (44)

As in [1], A/ is the modal matrix of the data associated with the ¢! line.

(SE_% - m—f) (UeTe — Toye)

Ag = g— 9
(YeTe — Toyr) (y? —Ye )

(45)
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where the notation Z means

K

2 k=1 %k
K

Clearly, A, tends asymptotically to C,, from (8). In addition, note the identity

Z =

(46)

N,
which is the result of minimizing (43) with respect to ¢,, and helps to realize the
form (44).

To complete the solution for ay, i)g, denote the (column) eigenvectors of A,
by 1o, and 11,, and the matrix ¥, = [¢)y, ¥1,] such that

Ay =T ,A0T 48
J4

&g = —ayT7 — by — (47)

where A, is the associated diagonal matrix whose entries are the eigenvalues 3,
and 3y, of Ay. The relevant parameters can all be defined then as

[0 —72) (G0 —T0)] " = Weds (49)

[ag be]" = o fy (50)
Using (50) and (49), equation (44) may be written
)\gO’?

WA fo=ou¥efr— N, ¥,d, (51)

where oy = —202py/N,. By multiplying both sides of (51) by ¥7, noting that
lIIZT\IIg = I54o and then rearranging, its not hard to show that the solution for
(ég, by) is given by

~ 1
Qy /\gO’? Boe—ayr 0
- - _ ) 0,6 — e d 52
[be] N, fl 0 | (52)

The Lagrangian multipliers «y and A, in (52) must now be determined. «y is
found from backwards substitution of (52) into (41). Using (47) and after some
manipulation, it can be shown that

B &
(Boe —ae)  (Bre— )
Equation (53) yields the Lagrangian multiplier cy

=1 (53)

1
=g (Bo,e + B + d%,f + diz)

1 2
ii\/(ﬁo,e + Bre+dg, + die) —4 (da[ﬂl,é +di Boe+ ﬂo,zﬂu) (54)

2
(50,12 + Bre+dg, + di@) \/(50’5 — B+ di, — die) + 4dg,edi{e
1

1
= 5o+ 55@ (56)
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where (55) shows that the discriminant is always positive, so that ay is always
real and positive.

The second Lagrangian multiplier Ay is found from the constraint (40) which
can be rewritten using (52) as

ﬁl(mj”aa)3*me”a@f]=($? o)

This yields Ay as

(Bo,e —ae) (Br,e — ap)
02 \/d (Br,e — +d1e(ﬁoe )’

(58)

The denominator of (58) can be put in a more useful form substituting (53) into
(57) for each of the ratios in dy and d;. After some algebra, and substituting
(58) for Ay, it can be shown that

g (Bre — )’ + 3. (Bo,e — ag)? =+ Bos—ar) (Bie—)&  (59)

with & from (56). The parameters (éig, bg) in (52) can then be rewritten with
(58) and (59) as

[ e e9)]

ag |
{bf}  V(Boe — o) (Bre — ) &

(60)

Returning to the cost (43) and observing that (a, be) implicitly satisfy the
constraints, its not hard to show that

[ (e i ] ) o]

2
204,

(61)

Substituting (60) into (61), noting (48) and (49) and making prudent use of
equation (53), it can be shown that this cost reduces to

L
c@ =3 Mo, (62)

The «y which minimize (62) are found from (54) by subtracting the radical.
To find the point of intersection (&g, %), (62) can be minimized using Newton
Raphson, but an initial guess for (&g, ¢o) is required. Noting from (55) that for
any d; given by (49), min (8o ¢, 51.¢) < a¢ < max (8o, 1,¢), the choice of dy
such that ay = min (5y ¢, £1,¢) occurs when the vector [(Z0 — Z¢) (Yo — Fe)] from
(49) projects entirely onto the eigenvector ¢max corresponding to the maximum
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eigenvalue Bpax. To minimize C (Q), this condition should be satisfied for as
many lines as possible, so that if [a, Bg] are the components of the eigenvector
Ymin corresponding to the minimum eigenvalue Buin, then ag(Zo — ZTp) + be(Go —
ge) = 0. A point (2, Jo) that seeks to minimize every «y is thus found from

ax 1:31 c1
d.Q b.2 {xo} =- 6.2 (63)
an by CN

where ¢y = —apTs — Bg@z. Since ay, I;z7 and ¢ minimize oy and (62) for L = 1,

the parameter estimators of a single line from [1] are in fact a special case of the
current approach.
With the initial guess (g, §o), the Newton-Raphson method computes [2]

) R 0°c@ 9*c@ ] " raci
[%[H 1]} B [W} 1| 2cta) #e) [agiQ;] o
5 o 220(Q) 92c(Q

Joln +1] Jo[n] T50ds0 D32 Do

Eo==Zo[n],Jo="7o[n]

An algorithm for the point of intersection estimator is given by

1. Estimate the initial point of intersection (Z[0], Jo[0]) from (63)

2. Compute the modal matrices A, from (45) and the resulting eigen-
vectors W, and eigenvalues [y, 81 ¢ for each family of line data
£=1,...,L.

3. Determine d; from (49) using (&¢[n], Jo[n])

4. Compute C (Q) from (62) and its partial derivatives in terms of ay
from (54) to construct (64).

5. Repeat from 3. until (62) is minimum

6 Simulation and Discussion

In keeping with the figures of Section 4, simulations are performed with the same
parameters: 02 = 1, 0)2( =16, uy = 0, Zo = 1000, fo = 0, and 10, 000 iterations.
When multiple lines intersect at (Zo,9o), they do so by equally dividing an
angle of /6. Figure 2 illustrates the error variance of the proposed intersection
estimator (64) for the estimate of coordinate &y when only two lines intersect,
one coincident with the z axis and the second with angle of intersection 7/6.
As seen from the figure, for NV as low as 16, the simulated variance is within
an order of magnitude of the CRLB from (36). Moreover, the estimator (64) is
seen to asymptotically attain the CRLB, consistent with the expected behavior
of maximum likelihood estimators [2].

The line parameter estimate a; from the pencil is found by substituting the
point of intersection estimate (Zg, ¢o) from (64) into (60) using (54) for . The
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10 T T
— of , Maximum Likelihood Estimator
0%, CRLB
o %
10" £ 1
10° | E
10’ £ E
o
o
10° | E
10° | E
10° b E
10° I I I I I I
0 20 40 60 80 100 120 140

Number of Points per Line

Fig. 2. Simulated o3 , as estimated from (64) and CRLB from (36) versus number of
points N.

curves of figure 3 depict simulations of the estimator variance 0&21, J%l and the
CRLB from (36) as a function of the number of intersecting lines L. As can
be seen from the figure, a; provides a clear improvement over the alternative
of estimating the line parameter a; from its line data alone, confirming the
predictions of figure 1. The number of points per line in the simulation is N = 64.

The performance of (64) using the least squares estimate of (Zo, go) from (63)

is simulated in figure 5 as a function of the subtending angle w;y

we = Mmax {ka = cos ! (agag +beby), L k=1,... ,L} (65)
The simulation parameters are L = 16, N, = 64, oﬁe =1, Uiz = 16 and w; is
equally divided by the L intersecting lines. It is apparent from the figure that
as wg becomes increasingly small, the performance of the method degrades. The
large variance O’%O of the estimator results from a small number of very large
outliers. These outliers result both from increasingly poor estimates afforded by
the initial guess (63), and the existence of local minima to which (64) converges.
It may be possible to improve performance by using several initial points (Z, go),
each obtained from the intersection of different groups of line parameters ay, Bg,
and ¢, but further investigation is required to present a definitive solution. Note
that the simulated variance o2 is within an order of magnitude of the CRLB

for wg/m = 1/32, or about 1.4 &Jegrees.
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10 T T
— Ui , Maximum Likelihood Estimator
- - ofﬂ‘ Least Squares
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©
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Fig. 3. Simulated O’%O, as estimated from (64), Least Squares, and the CRLB from
(36), versus the number of lines L.
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Fig. 4. Simulated o2, by applying (60) to estimates (2o, §o) from (64), the Single Line

apr
parameter estimator from [1], and the CRLB from (36), versus the number of lines L.
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