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Abstract

A fairly general class of Bayesian large-error” lower bounds of the Weiss-Weinstein family, essentially free
from regularity conditions on the probability density functions support, and for which a limiting form yields a
generalized Bayesian Cramér-Rao bound (BCRB), is introduced. In a large number of cases, the generalized BCRB
appears to be the Bobrovsky-Mayer-Wolf-Zakai bound (BMZB). Interestingly enough, a regularized form of the
Bobrovsky-Zakai bound (BZB), applicable when the support of the prior is a constrained parameter set, is obtained.
Modified Weiss-Weinstein bound and BZB which limiting form is the BMZB are proposed, in expectation of an
increased tightness in the threshold region. Some of the proposed results are exemplified with a reference problem
in signal processing: the Gaussian observation model with parameterized mean and uniform prior.
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I. INTRODUCTION

Under the mean square error (MSE) criterion, the mean of the a posteriori probability density function (pdf) of a
random parameter, conditioned on the observed data, is the optimal solution to the parameter estimation problem.
However, except for a few special cases, determining the posterior mean is computationally prohibitive, and various
approaches have been developed as alternatives. It is therefore of interest to determine the degradation in accuracy
resulting from the use of suboptimal methods [1][2]. Unfortunately again, the computation of the MSE of the
conditional mean estimator generally requires multiple integration, a computationally intensive task [1][2]. This has
led to a large body of work [3][4][5] seeking to find both computationally tractable and tight Bayesian lower bounds
(BLBs) on the attainable MSE to which the performance of the optimal estimator or any suboptimal estimation
scheme can be compared.

Historically, computational tractability and ease of use seem to have been the prominent qualities requested for
a lower bound, as exemplified by the Bayesian Cramér-Rao bound (BCRB), the first Bayesian lower bound to
be derived [6][7], and still the most commonly used BLB. Nevertheless, it is now well known that the BCRB
is an optimistic bound in a non-linear estimation problem where the outliers effect generally appears, leading to
a characteristic behavior of estimators MSE which exhibits three distinct regions of operation depending on the
number of (independent) observations and/or on the signal to noise ratio (SNR) [3]. More precisely, at high SNR
and/or for a high number of observations, i.e., in the asymptotic region, the outliers effect can be neglected and
the ultimate performance are generally described by the BCRB. However, when the SNR and/or the number of
observations decrease, the outliers effect leads to a quick increase of the MSE: this is the so-called threshold effect
which is not predicted by the BCRB. Finally, at low SNR and/or at low number of observations, the observations
provide little information, and the MSE is close to that obtained from the prior knowledge about the problem
yielding the no-information region.

Eric Chaumette is with ISAE-SUPAERO, Université de Toulouse, 31055 Toulouse Cedex 4, France. Email: eric.chaumette @isae.fr
Alexandre Renaux is with Universite Paris-Sud/LSS 3, Rue Joliot-Curie, 91192 Gif-sur-Yvette, France. Email: renaux @Iss.supelec.fr
Mohammed Nabil El Korso is with Laboratoire Energétique Mécanique Electromagnétisme (LEME EA 4416), Université Paris Ouest
Nanterre La Défense, IUT de Ville d’Avray, France. Email : m.elkorso@u-paris10.fr
Copyright (c) 2017 IEEE. Personal use of this material is permitted. However, permission to use this material for any other purposes must
be obtained from the IEEE by sending a request to pubs-permissions @ieee.org.
DOI: 10.1109/T1T.2017.2671883



Therefore after computational tractability, tightness and/or relaxation of some regularity assumptions on the prob-
lem setting [8][9][10][11] have become the prominent qualities looked for a lower bound in non-linear estimation
problems. Indeed, from a practical point of view, the knowledge of the particular value for which the threshold
effect appears is a key feature allowing to define estimators optimal operating area. This has led to a large body
of research based, so far, on two main families, i) the Ziv-Zakai family (ZZF) resulting from the conversion of an
estimation bounding problem into one bounding binary hypothesis testing [8][9][12] and, ii) the Weiss-Weinstein
family (WWF), derived from a covariance inequality principle [5][6][7][10][11][13][14][15][17][16]. In each family,
some bounds, generally called “large-error” bounds (in contrast with ”small-error” bounds such as the BCRB), can
predict the threshold effect [3].

In the present paper we focus on the Weiss-Weinstein family. The main contribution of the paper is to introduce
a fairly general class of "large-error” bounds of the WWF essentially free from regularity conditions and for which
a limiting form yields a generalized BCRB. Indeed, within this class of lower bounds, the supports of the joint and
conditional pdfs must only be a countable union of disjoint non empty intervals of R (which naturally includes
connected or disconnected subsets of R, bounded or unbounded intervals) and the bound-generating functions must
only have a finite second order moment. Additionally, we provide (Propositions 1 and 2) some mild regularity
conditions in order to obtain a non trivial limiting form (non zero generalized BCRB) of the ’large-error” bound
considered. In a large number of cases, this limiting form appears to be the Bobrovsky-Mayer-Wolf-Zakai bound
(BMZB) [14]. Therefore, the proposed class of Bayesian lower bounds defines a wide range of Bayesian estimation
problems for which a non trivial generalized BCRB exists, which is a key result from a practical viewpoint. Indeed,
the computational cost of large-error bounds is prohibitive in most applications when the number of unknown
parameters increases.

Interestingly enough, the proposed class of lower bounds provides the expression of all existing bounds of the
WWF mentioned in [4] and [5] when the pdfs support is a constrained parameter set, including a regularized form
of the Bobrovsky-Zakai bound (BZB) [10]. From a practical viewpoint, it is another noticeable result, since the
BZB is the easiest to use “large-error” bound, but was believed to be inapplicable in that case [10, Section II][11,
p682][13, p340][3, p39].

Last, as a by-product, since the BMZB may provide a tighter bound than the historical BCRB in the asymptotic
region [14][3, p36], it would seem sensible to introduce modified Weiss-Weinstein bound (WWB) and BZB which
limiting form is the BMZB, in expectation of an increased tightness in the threshold region as well.

Some of the proposed results are exemplified with a reference problem in signal processing: the Gaussian
observation model with parameterized mean depending on a random parameter with uniform prior. For numerical
evaluations, we focus on the estimation of a single tone.

For sake of legibility, we only discuss in details the case of a single random parameter. Extension of the proposed
results to a vector of parameters can be done by resorting to the covariance matrix inequality as shown in [13,
p341][14, p1429].

II. A NEW CLASS OF BAYESIAN LOWER BOUNDS OF THE WEISS-WEINSTEIN FAMILY

Throughout the present paper scalars, vectors and matrices are represented, respectively, by italic (as in a or A),
bold lowercase (as in a) and bold uppercase (as in A) characters. The n-th row and m-th column element of the
matrix A is denoted by {A}n’m, whereas, {a}, represents the n-th coordinate of the column vector a. The real
and imaginary part of A, are denoted, respectively, by Re {A} and Im {A}. The transpose, transpose conjugate
operator are indicated, respectively, by .7 and .Z. The identity matrix of size M is denoted by I,;. For any given
two matrices A and B, A > B means that A — B is positive semi-definite matrix. E [.] denotes the expectation
operator and 14 (x) is the indicator function of subset A of RY.

A. Definitions and Assumptions

Throughout the present paper:

o x denotes a N-dimensional complex random observation vector belonging to the observation space X C CV.
e 0 denotes a real random parameter belonging to the parameter space © C R.

e Sxo C CN x R denotes the support of the the joint pdf p (x,#) of x and @ such that

Sxve = {(xT,e)T eCV¥ xR :p(x,0) > o}.



e So C R denotes the support of the prior pdf of § denoted p (6), i.e., So = {0 € R:p(0) > 0}.
o« Sy C C denotes the support of the marginal pdf of x denoted p (x), i.e., Sx = {x € CV : p(x) > 0}.
o Furthermore, Vx € Sy, let us denote Sgx = {6/ € R : p(x,0) > 0} and V0 € Se, Sxjp = {xeCV:p(x,0)>0}.

Then:
p) = [pix)1s,, @dx= [ pio)dx pe) = [p6x0)1s0, K18 = [ p(x0)a0.
CcN (SX‘Q R S@\x
Thus, for a given function f : X x © — R, deterministic, unknown and measurable function, one has:

Bolf 0] = [ [5x00p0c0)15,atx00ixad = [ [ 7 6x0)p(x.0)dxas

CN R Sx Soix

Eyolf (x,0)] = / £ (%,0) p (x]0) 15, , (x)dx = / £ (x.0)p (x[6) dx,
(CN

Sxjo

o | (,0)] = / £ (%,0) p (01x) 1s.,..(6)d0 = / £ (x.0) p (8]x) do.

S@\x

R
Belf (x,0)] = / £ (%,0) p (%) L (x)dx = / £ (x.0)p (x) dx,
CN Sx

Eylf (x,0)] = / £ (x,0)p (9) 15, (6)d0 = / £ (x.0)p (6) do),
R Se

Baolf ) = [ | [ 70c0) 258 | o0y ax = B e [ (.00

p
Sx \Selx

Balfxo) = [| [ f(xﬁ)p(’(‘éf)dx p(0)d0 = Ey [Bx [ (x.0)]]

p
So \Sxo

Additionally, we assume that:

e A1) g(0) : R = R, g(.) € L2(Se|x), Vx € Sx, is the deterministic, known, measurable function to be
estimated, where £2(Sg|x) denotes the space of square integrable functions w.r.t. p(d]x), i.e., Egx[g(0)?] < oo.

e A2) §(x): X = R, §(.) € L2(Sx), denotes any deterministic, known, measurable estimator of g(f), where
L2(Sx) denotes the space of square integrable functions w.r.t. p(x), i.e., Fx[j(x)?] < oc.

e A3) Y (x,0) : X xR = R, ¥(.) € L2(Sx,0), denotes a deterministic, known, measurable function, where
L2(Sx,0) denotes the space of square integrable functions w.r.t. p(x, ), i.e., Ex g[t)(x,6)?] < 0o, and satisfying
0 < Exg[t(x,0)%.

B. Background on covariance inequality

Under the assumptions Al), A2) and A3), the Cauchy-Schwartz inequality states that:

B [(5() = 9 (0)) % (x,0))” < B [(9x) = 9.(0))%] Bco [0 (x,0)%] . (1)
Therefore:

o [(g(x) _g®)?] > Exo[(9(x) =g (0) % (. 0)]* _ (Exp[9()9 (x.0)] = Exlg (0) ¥ (x, 9)])2_ (Ib)

Bro [ (x,0)°] Bxo [ (x,6)°]




A necessary condition on ) (x,6) in order to obtain a lower bound on the MSE of §(x), i.e., an expression
independent from the estimator §(x) in the right-hand side of (1b), is to satisfy [13]:

Ex[9(x)¢ (x,0)] = 0. (2a)
As g (x) is 6 independent, thus, (2a) can be rewritten as:
Exo[9(x) (x,0)] = Ex [Egpx [9(x) (x,0)]] = Ex [§ (%) Egx [¥ (x,0)]] - (2b)
Consequently, a sufficient condition for a judicious choice of 1) (x,6) is simply [13]:
Egpe [t (x,0)] = 0. (20)

Finally, a non trivial bound is obtained from (1b) for the family of functions v (x, ) satisfying both (2c) and
Exlg(0)v(x,0)] # 0, yielding the Weiss-Weinstein family of Bayesian lower bounds [13] given by:

Faaly 0)6 (x,0))°
Exs [w (x, 9)2}

Exo (360 — 9 (8)’] > )

C. Proposed class of Bayesian lower bounds

Let us consider a function ¢ (x,6) : X x R — R. Thus, one can notice that, since p (0|x) = p (0|x) 1s,,, (¢),
then, Vx € Sy:

/ q(x,0+h)p(0+ hlx)ls,,, (0)do = /q (x,0 +h)p(0+ hlx)1s,, (04 h)1s,,, (8)do (4a)

Sox R
= /q (x,0)p (0|x) Lsg), (0) 1s,,. (0 — D) do (4b)
R
— [ 4 0p O 15, 0 - 1) 1., (6)d0 (40)
So|x
leading to:
/ ¢ (x.0+ h)p (0 + hlx) Ls,,. () d0 - / 0(x,0)p (0x) Ls,, (6 — h) 1s,,. (6) d6 = 0. )
Seo|x Se|x

Consequently, in order to fulfill (2c), we propose to use the following class of bound-generating functions:

p(0+h|x) .
x q(x,0+h)—q(x,0)1s,, (0 —h))1s,, (0), if (X,@)GSX,@
wg (X, 9) — ( p(0]x) ! ) | s (6)

0, otherwise

for which the choice of the function ¢(.) is only subject to: 0 < Ex [wg (x, 9)2] < 00.
Now, we can derive the right-hand side of (3). As:

Ene [s0) 0 x.0)] = [ 9@ ax.0+mp0+ 1 15, 018~ [ 9(0)a(x.0) 1., (6~ ) p (O]x) d
Se|x Se|x
(7

and the first integral of the above equation can be written as:

/ 9(0)q(x,0+h)p(0+h|x) s, (0) df = /9 (0)q(x,0 4 n)p(0+ h|x) Ls,, (0 + h) 1s,,, (0) dO,

Solx R
(8a)



= /g (0 —h)q(x,0)p(0]x) s, (0) Ls,, (6 —h)db, (8b)
R

= [ 90~ max0)15.,. (6~ h)p(Olx)db (30)
So|x
therefore:
Ene[s@ v} x0)] = [ (00~ 1) = 9(6)a(x.6) Lo, (0~ W) (61 89 ©a)
Solx
= E0|x [(g (‘9 - h‘) -9 (9)) q (Xv 9) 18@\:: (9 - h) 15@\x (0)] (9b)

Finally, the proposed class of BLBs is given by:
Ex,@ [(g (9 - h) -9 (9)> q (Xa 0) 15@\:: (0 - h) 1S®|x (9>]
2
Exp [(q (x,0 + h) pf(;@)x) —q(x,0) Ls,,, (0 — h)) I (9)]

and tighter BLBs can be obtained as:

2
BLBj (¢ (4)) =

; (10)

sup {BLBZl (g (9))} . (11)
q:(.),1<I<L,heR: ¢Zl(~)€£2(3x,(—>)

Let us recall that Bayesian lower bounds are actually posterior lower bounds, i.e. lower bounding the MSE of the
posterior mean Eg|x [g (0)]. However as:

p(O+hx) _p(xd+h)
p (%) p(x,0)
we also resort to the alternative form of (10):

Ex,@ [(g (9 - h) - g (6)> q (X’ 0) 1Se\x (0 - h) 1S@|x (9)]

2
Ex’g |:(q (X, 0+ h) % —q (Xa 0) 13(—)\;( (9 - h)) 18(—)\,( (9):|

7V(X’ 0) € SX,@a (123)

2

BLB (¢ (6)) = (12b)

III. A NEW CLASS OF BCRBS AND ITS RELATIONSHIP WITH THE BMZBS

From the literature [13][15][3, p39], the historical BCRB [7] is given as the limiting form of the BZB where
Se|x = R, that is:

BORB (o () — s 0 2@ (" ‘1)2}2 B[4 T
7 B [(’11 (25 —1)) ] Ero [(%gﬂx)> }

Mutatis mutandis, we can use this definition for every function ¢ (x, 6) in order to define a generalized BCRB as
follows:

(13)

BCRB, (g (6)) = max { Tim ! l9(0) 3¢ (x,e)f’ i o [90) 95 (x, oL
0 B | (el x,0))°] Y B [(R) (x,0))]

Interestingly enough, under the assumptions Al), A2) and A3), any “large-error” bounds of the proposed class,
ie. BLBZ (g (6)) (10), admits a finite limiting form BCRB,, (¢ (#)) (14). Moreover, under some mild regularity
conditions (see Propositions 1 and 2 below), the generalized BCRB is non zero, and in a large number of cases, this
limiting form appears to be the BMZB [14]. Therefore, the proposed class of BLBs defines a wide range of Bayesian
estimation problems for which a non trivial BCRB exists, which is a key result from a practical viewpoint. Indeed,
the computational cost of large-error bounds is prohibitive in most applications when the number of unknown
parameters increases [4][5].

(14)



A. Case where S@‘x is an interval of R
Then we can state the following

Proposition 1 : If Vx € Sy:

e Sp|x is an interval of R with endpoints ax, bx € [—00, +00], ax < bx,

e ¢ (x,0) admits a finite limit at endpoints,

e g(0) is piecewise C! w.r.t. § over Selxs

o t(x,0) = q(x,0)p(0]x) is piecewise C' w.r.t. @ over Se|x and such as % admits a finite limit at endgoints,
o u(x,0) £ q(x,0)t(x,0) is C? w.rt 0 at the vicinity of endpoints and such as u (x,9), aug;,e) and 2 gg’;"’)
admit a finite limit at endpoints,

then a necessary and sufficient condition in order to obtain a non trivial BCRB, bound (14) is:

lim ¢(x,60) =0= lim t(x,0), (15a)
0—by

O0—ax

which leads to:

Exyg [d?ji%mq (x, 9)]2

BCRB, (g (0)) = (15b)
5 1. 1 1:
01,0 \ 2 ' Ex |:2 HILIELIX v (X7 9) 2 alirgx v (Xa 9):| ’
Ex p(gﬁ + min
1y _3 [
Ex [2 elggx v(x,0) -3 elggx v (x, 0)}
where v (x,0) = ¢ (x, 0)* %.
Proof: see Appendix VII-A and Appendix VII-B.
In order to obtain a tight BCRB,, (¢ (#)), it seems judicious to choose ¢ (x,6) such that:
Vx € Sy : lim ¢ (x,0) =0= lim ¢(x,6). (16a)
0—ax 0—by
Indeed, then (15b) reduces to:
2
Ex79 [d%i(:)q (Xa 0):|
BCRB, (g (9)) = — BMZB, (g (9)). (16b)

Ex0

)

at(g;,e) 2
(p(HX) )

where BMZB,, (g (0)) stands for the BMZB [14, (24)].
Note that:

e the above condition (15a) is not explicitly given in the original paper of [14, §4] nor in [3, p35]. Nevertheless,
it is applied implicitly when Sg|x = R and explicitly in some specific examples when Sg|, & R for which the
function ¢(x, ) tends to zero at the endpoints of S@‘x (see [14, Ex. 4.2], [3, Ex. 9]).

e the following alternative constraint

o 0 o Op(0]x)
VX € Sw elggxp (6x) =0 = Qli)rfllx o0

leads to the BMZB,, as well (but not mentioned in [14, §4]).

As conditions (16a) and (16¢) may hold in many cases, Proposition 1 highlights the fact that the BMZB is not
only a class of BCRBs (as initially introduced in [14]) or weighted BCRBs (so-called in [3]), but rather the general
form of tight BCRBs (16b) when defined as the limiting form of some large-error bounds.

and lim p(f]x) =0 = lim dp (0]x)
0—by 6—b

1
T 00 (16c)



B. Case where Sg|x is a countable union of disjoint intervals of R

Interestingly enough, Proposition 1 and, as a consequence, the BMZB,, can be formulated in the general case
where Sg|x is a countable union of disjoint intervals Ik‘ of R:

Vx € Sx, Sox = |J T T N Ty = 25 k1 € K, k #1, (17)
ke
where Ky denotes a subset of N.
Indeed, we can state the following:
Proposition 2 : If Vx € Sy:
® Sg|x is a countable union of disjoint intervals Z, ‘ of R (17) with endpoints a%, bt € [—o00, +00], ak < bk,
e ¢ (x,0) admits a finite limit at endpoints of I& ,
e g(0) is piecewise C' w.r.t. § over Iglx,
e t(x,0) = q(x,0)p(0]x) is piecewise C* w.r.t. § over Iglx and such as W admits a finite limit at endpoints
of I
e u(x,0) 2 q(x,0)*p(Ax) is C*> w.rt. 0 at the vicinity of endpoints of T, ‘ and such as u (x,0), 8“5;’9) and
82?)2’;’9) admit a finite limit at endpoints of Z @‘x,
then a necessary and sufficient condition in order to obtain a non trivial BCRB, is:

elx’

lim ¢(x,0) =0= lim t(x,0), Vke Kx, (18a)
9-sak 050k
leading to:
2
Ex 0 [d%i(;)q (X’ 9)i|
BCRBy (g9 (8)) = (18b)
e\ 2 kezlc Ey [g glgzlﬁv (x,0) — ILI? v (x, 9)]
Ex g <p(§9x)) + min *
By |1 1i 0)—2 1i 0
p [ im0 G, 6) — 3 Jim, v (x, >]
where v (x,60) = ¢ (x,0)? %.
Proof: see Appendix VII-C.
Choosing ¢ (x, 8) such that
Vx € Sx,Vk € K¢ : lim ¢(x,0) = lim ¢(x,0) =0, (19a)
0—ak 0—bk
then (18b) reduces to BMZB, (g (#)) (16b). Last, note that the following alternative constraints
0 0
lim p(f]x) = lim 9p (Olx) =0 and hm p(0)x) = lim 9p (blx) =0, VkeKy, (19b)

9—ak 6—ak 00 —bE 6—bk 00
leads to the BMZB, (16b) as well.

1V. EXAMPLES OF BAYESIAN LOWER BOUNDS OF THE PROPOSED CLASS
A. Reformulation of existing Bayesian bounds

We show in this section that expression (10), with a judicious choice of the function ¢, allows for a general
formulation of existing BLBs whatever Sg|x C R, including naturally the cases of a bounded connected subset of
R (see Section V) or a disjoint subset of R [18].



1) Case of the Weiss-Weinstein lower bound:
In order to obtain the WWB, we specify, for s €]0, 1], the function:
1—
s (2r) s, (0= h)1s,, (0), if (x,0) € Sve
Aww (x,0) = .
0, otherwise

(20a)

Consequently, using q&;‘{,v (x,0) into (6), one obtains the function:

-+hlx) ) 9—hx)\ 1 ~* .
h,s 9) — ((p(pw}(') )> 18(—)\,( (‘9 + h) - (p(p(9|x|) )) 13(—)\,( (0 - h)) 15(—)\,( (0) ) if (Xa ‘9) € SX,@
www (X7 )

0, otherwise

Y

(20b)
and an explicit form of WWB introduced in [11] is:
WWB (g (6)) = sup WWB"* (¢ (6))} Cla)
5€]0,1[,h€R: Phs ()ELL(Sx.0)

Exp [(9 (6 —h)—g(0)) (p(;(;@)x))lis Lse, (0 — h) 1s,,, (9)} 2

0+hlx)\* 9—hjx)\ ' ~* 2
((p(p(mx'))> ISe\x (9 + h) - <%> 15@\»: (9 - h) 1Se\x (9)

It is worth noting that the use of the compact form [13, (20-21)] can be a source of error in the formulation of the
integration domains involved in the computations of the various expectations when Sg| is a bounded connected
subset of R or a disjoint subset of R, as exemplified in [18].

WWB"* (¢ () = (21b)

Ex&

)

2) Case of the Bobrovsky-Zakai bound:
In order to obtain the BZB, we set g3, (x,60) = + leading to:

1 (pOthlx)q 0+h)—1 0—h))1 0 if (x,0)eS
wl}éz (X, 0) = h ( p(0x) 89"‘( ) S(—)\x( )) So|x ( )7 ( , ) X.,0 .

0, otherwise

(22)

Consequently, a regularized explicit form of BZB is given by:

BZB(g(6) = sup BZB" (3(0)) } . (23)
heR: Yi, ()eL(Sx,0)

By [ (20710 15, (0~ )15, 0)]

p(0-+h|x)Lsy  (0+h)—p(8]x)1sy ., (6—h)\ 2
Exe [( TR | ) Lorx (9)]

BZB" (¢ (0)) = : (23b)

which is a generalization of the bound introduced in [10] whatever Sg|x. From a practical viewpoint, it is a
noticeable result, since the BZB is the easiest to use “large-error” bound, but was believed to be inapplicable
where S@|x is a bounded connected subset of R [10, Section II][11, p682][13, p340][3, p39]. Moreover, since,
Yy > 0, Sl_i)lr?iyl*‘S = 1, therefore, Vh € R and V (x,60) € Sx.o:

Sl_i)l{lﬁqe\’,sw (x,0) = 1s,, (8 — h) 1s,,, (9), (24a)
leading to:
. h,s o b (6 + h‘X) _ o _ h
821{17¢WW (x,0) = <p o) IS (0 +h) —1s,, (0 —h) | 1s,, (0) = hibgy (x,0), (24b)
and:
lim WWB"* (g (9)) = BZB" (4 (9)), (24c¢)
s—1-

which is an extension of the result introduced in [13] whatever S@|X.



3) Generalization:
It is straightforward to extend the derivation of all the other existing BLBs mentioned in [4] and [5] whatever
Se|x» namely the historical BCRB, the BMZB, the Bayesian Bhattacharayya bound [13], the Reuven-Messer bound
[15], the combined Cramér-Rao/Weiss-Weinstein bound [16], the Bayesian Abel bound [17], and the Bayesian
Todros-Tabrikian bound [5], by updating the definitions of v (x,60,7) [5, (32)] and viyw (x,6,7) [5, (33)] as
follows:
veMm (X%,0,7) =Yg, (x,0), vww (x,0,7) = \TA’,BVV) (x,0). (25)

B. Modified Weiss-Weinstein and Bobrovsky-Zakai lower bounds

It is now known and exemplified [14][3, p36] that the BMZB not only allows to derive a non trivial BCRB in
cases where the historical BCRB is trivial but may also provides a tighter bound than the historical BCRB in the
asymptotic region. Since the limiting form of the WWB (21a-21b) and BZB (23a-23b) is the historical BCRB, it
would seem sensible to define modified WWB and BZB which limiting form is the BMZB, in expectation of an
increased tightness in the threshold region as well. In that perspective, a modified WWB, denoted WWB,, in the
following, which limiting form is BMZB, (16b), can be obtained by modifying the definition of qevi/v (x,6) (20a)
as follows:

p(0—hlx) ' 7* ,
. 2 q(x,0)1s,. (0 —h) s, (0), if (x,0) € Sv.o
G (%,0) = ( 2(0lx) ) ‘ | : (26)

0, otherwise

provided that one of the conditions (16a), (16¢), (19a), (19b) holds, since, according to (24a):

Sl_i}r{lﬁq{\l/if}vw (x,0) = q(x,0) Ls,, (0 —h) s, (). (27)
Thus:
WWB, (g (9)) = sup WWBL* (9(6)) } (282)

S€J0,1[RER: Piivw ()EL(Sx 0)

Exo [(g (6 —h)—g(6)) (p(}f(;(;‘f))l_s ¢(x.0) s, (0 — h) s, (9)]
2

2

WWB/* (g () =

q s
<p7(6(zrilf)> q(x,0+h)ls,, (0+h)—
Ex@ ’

’ 0—hlx)\17*
<p(p(0|x‘) )> q(x,0) Lsg,. (6 — h)

Note that the usual WWB is obtained for ¢ (x,6) = 1s,, (x,0) and the modified BZB, denoted BZB, in the
following, is obtained for ¢}yp, (X, 0) = lir? q{\l/i%vw (x,0), leading to:
s—1-

(28b)

1Se\x (0)

BZB, (9 (0)) = sup BB} (9(0))}, (29)
RER: Yiips()EL(Sx0)

2
0—h)—g(0
Ex,@ [(W) 15@\,( (0 - h) 15@\x (0)}
(p(9+h|x>q<x,e+h)1s@,x(9+h)—p(0|x>q(xﬁ>1s@‘x<e—h>

BZB (g (9)) = (29b)

2
Ex hp(0]%) ) 1S@|x (9)

)

V. APPLICATION TO THE GAUSSIAN OBSERVATION MODEL WITH PARAMETERIZED MEAN AND UNIFORM PRIOR

This section is dedicated to exemplify some of the results introduced above with a reference problem in signal
processing: the Gaussian observation model with a parameterized mean depending on a random parameter with
uniform prior. For numerical evaluations, we focus on the estimation of a single tone. Thus the parametric model
under consideration is:

_lx=m())?

—m@)+n, ple)=" . p(e) =22 (30)

(ro})

T

x = (21,...,ZN)
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where Syjg = Sx = C" and Sejx = Se = [a, b].

In the case of single tone estimation, m (0) = a (1,e/2™, ..., ej(N_l)zﬂe)T, a €C, [a,b] £1[0,1], and g (9) = 6.
A motivation for choosing the parametric model (30) is the belief in the open literature that both the BCRB and
the BZB are inapplicable in that case [10, Section II][11, p682][13, p340][3, p39].

A. The WWB and its limiting form
For the parametric model (30), the WWB (21a-21b) is given by [19, Section 4]:
WWB(g(0) = s {WWB" (g(0)}, Gla)
s€]0,1[,|h|<b—a

0—h

1—5s)s 2 2
Ey [ O=h)—g (@) e & ImOR=—mOIy o _ h)]

WWB"* (g (0)) =

(31b)

2s (1 2s) 2
E [e Im(@+h)-mOI*y g h)] n
2(1—s)(2s—1) )(2 —1) 2
E, [e lm(6—h)—m(6)]| ls, (6 — h)} _
75(1 s) m _ 2
2F, {6 Im(@+h)=m@=hI*) (0 _ By 1g, (604 h)]

As stated by Proposition 1, since t (x,0) £ q(x,0)p (0]x) = ls, . (x,0) 1o (0) = 1g (), thus ¢ (x, ) does not
verify (15a) and the associated generalized BCRB; Sa (14) is trivial.
Indeed, since Vh : |h| < 1, Ey [180 (9 + h)] 1 - |h| Eyp[ls, (0 +h)1ls, (0 —h)] = sup{l —2|h|,0}, and

lim Hm (9 + hl) (0 + h h1 hQ) then:
hl,hz%o
99(0) 99(0)]?
y h?Ee[%e} Eo %5
]gm%)WWB (g(0) = TR E (32a)
— 2’h‘—}-2h2E9|:‘ 1292 H ] |}2L|+2E9[H H ]
and (14)(24c¢):
BCRBi.. _(g(0)) = limBZB" (¢4 (9)) = lim (hm WWB"S (g (9))> = lim (limWWBh’s (g (9))) =
x.© h—0 h—0 \s—1- s—1= \h—0
(32b)
B. Some BMZBs and their associated modified WWBs
We consider the family of BMZB,, (g (¢)) (16b) obtained where ¢ (x,0) = q () satisfying (16a):
2
Eo [ *ia(0) .
BMZB, (g (0)) = limg () =0= ém%)q 0). (33)
—

n <) 2 " b—a

Then, on one hand:

dq (6) Onp (01x)\*| _ 9g(0)\* 2 (Olnp (6x)\*  9g(0) . dlnp(8]x)
Eo | (257 +a0) 228 B | (2804 g o2 (P2 500100, () Ol0rt
(34a)
and, on the other hand, Vf € Sg|x :
g [0p(01x)] _ olp(0) _ dlnp (0]x)\> __p [@lp(0)] _ 2 [[om(9) 2
x19 0 T a9 e Bl Toe 96° 02| o6

(34b)



Consequently,

Ex\@

dm ()

2

and a tighter BCRB () related to the parametric model (30) can be defined as:

BCRB (0) = sup {BMZB,, ()},
q(.) s.t. (162),1<I<L

Ee[ dot0) ¢, (9)}2

)

BMZB,, (9 (9)) = )= 2

£o | (252)"] + 2 [c@) 0 077

Furthermore, the associated modified WWB (28a-28b) becomes:

WWB, (0) =  sup {WWB’(}’S (9)} ,
s€]0,1[,|h|<b—a

h,s _
WWB* (6) =

dq (0) dlnp (0]x)\? oq(0)\? 2¢(6)>
(%e +a(0) ge )]:< %9 ) * qag

n

00

om (0)
09

)

2

Ey [(g (0 —h) —g(8)) e—“%g)s\\m(e—h)—m(e)llzq (0)1s, (0 — h)] ?

_2(1—s)(25—1) m(6—h)—m 2
E, [e =m0 -mO)I [ y2q (G—h)} _

_2s(=2s) —m 2
By [ SRIONTOF g1, (041 +

_ 509, —m(O—R) 12
2E, [e oz IOt =mO=mIE 0 (9 4 h) g (0) 1s, (0 — h) 1s, (6 + h)}
As an example, two possible choices of the function ¢ () are
S (1+sin(r (% - %)) if 6 € [0,4]
& (60) = 1, if 0 €]0,1—9]
%(1—sin(w(#—%))), ifoecl—6,1]
0, otherwise
and [3, p36][14, p1433]:
2 (6) 0t (1—0)*"", ifhel0,1] 3
q = o> .
? 0, otherwise 2
In the case of single tone estimation, (35b) reduces to (after a few lines of calculus):
1-9)°
BMZBy (1) = oyt —.
T +3mpN (N — 1) (2N — 1) (1 - 29)
1“(04)42
BMZBgs (0) = L(2)

2 (a — 1)2 I'(2a—3)I'(2a—1)-T(2(a—1))* n 47r’-’pN(N;1)(2N71) r'(2a—1)% ’

I(4(a=1))

where I' (o) = go 2% te~*dz is the gamma function, and WWB, (36a-36b) becomes:

WWB, () =  sup {WWB’;S (0)} :
s€]0,1[,|h|<1

T(2(2a—1))

11

(34c)

(35a)

(35b)

(36a)

(36b)

(37a)

(37b)

(38a)

(38b)

(39a)
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h? (f Q(G)d9> et(s—1)spv(h)
h I = ) if h € [07 1[
(643(2571)””(’”+e4(5*1)(2s—1)pv(h))f‘1(9)2d6—232s(571)pv<2h) f q(8)q(0+h)do
WWB‘}IL’S (9) = 1+h 2 ) (39b)
h? ( f q(0)d9> ed(s—1)spu(h)
0 1+h 1+h lfhE]—l’O[
(eta=Dpu(h) yetto-D s [ g(0)2do—2e25==1ev M [ (0)q(0-+h)do
where p = g—j denotes the (input) SNR and:
N(l—cos T(N—-1)h Sin-(ﬂNh)>a if h#0
v(h) = ( ( )h) N sin(rh) o

0, ifh=0

C. Comparisons and analysis for the single tone estimation

First, we can derive from (35b) an upper bound for BCRB () (35a) in the asymptotic region. Indeed, in the
case of single tone estimation:

Ey [7(1?1599) ¢ (9>}2 1 Eg[q (0) 1
BMZB, (9(0)) = —F ——— i (40)
Ey [( %7 ] + By |c@)a(0)’] o | 0]
where ¢ = WN@ Thus:
3 1

BCRB () N BMZBy3 (0) = RN DEN )Ny (41)

Moreover, an upper bound on the minimum MSE, and therefore on any lower bound on the MSE, is:

1

o8 = By [6%) - By [0 = (42)

which is also the MSE of the maximum a posteriori (MAP) estimator (which coincides with the maximum likelihood
estimate for uniform prior) in the no-information region [3].

As shown in figure (1)!, the WWB (31a-31b) and the BZB (WWB where s — 17) coincide with the BMZBy 5 (9)
(41) in the asymptotic region (where the WWB and the BZB coincide with the MSE of the MAP [3, pp 41-43]),
although its limiting form BCRB,, (0) (32b) is zero. Actually, this paradox can be explained by the fact that
(32a):

1
BCRB 0) = limBZB" () = li 1i B"s (0) ) = 1i 4
ORB1s,. o (6) = JiyBZBT (6) hlfa(sg?_ww <>> Wz TN v eN 1) Y

18 similar to:
(1-10)? i 1
5 = lim —
SN (N - (N 1) (1-30) 0% + SxpN (N~ 1) (2N 1)

limBMZB_s (0) = 43b
65% q (9) (43b)
provided that, for any § < 1 one chooses h < 1 satisfying |h| = 85/72. Therefore the limiting behavior of
BZB" (§) and WWB"* (), where h — 0, is the limiting behavior of BMZB; (0), where § — 0, which is
exemplified in figure (1) as well, for § € {10_3, 1074,1072, 10_6}. As mentioned above, BMZB (0) always
yields asymptotically BMZBy g (0) but is also upper bounded by:

46
BMZBy; (6) < — (44)
In all figures, WWB () (31a) and WWB, (8) (39a) are the supremum computed over h = —1 + k107* 1 < k < 1999, and

s=110"21<1<99.



13

104 , :
_zok
=30 0=1e-3
)
o —40r 5=1e-4
L
(Vp)
=
—50r 5=1e-5
—60r 0=1e-6
_70k
-50 -40 -30 -20 -10 0 10 20

Output SNR (dB)

Fig. 1. Single tone estimation: illustration of the relationship between BZB (), WWB (6) (31a) and BMZB,; (0) (38a), N = 32, SNR
step is 0.5 dB.

which tends to 0 when § — 0. However, this adverse numerical behaviour can be easily circumvented by resorting

to BMZB; (0) and a tight BCRB in the asymptotic region can be obtained as sup {BMZqu (0)} (35a), as
0<§<0.5
shown in figure (2). It is also worth noting that some families of BMZB,, (¢) does not allow to obtain a tight BCRB

in the asymptotic region, as already mentioned in [3, pp 36-37], and again exemplified in the studied case in figure

(2), if we consider sup {BMZqu (9)} which is however tight in the no-information region. Of course, one can
aZ%

combine the two families of BMZB as in (35a), in order to obtain a BCRB tight both in the asymptotic and the

no-information region:

BCRB (6) = sup { sup {BMZBs (0)}, sup {BMZBys (9)}} , (45)

0<6<0.5 a>2

as also shown in figure (2).

Last, in figure (3) we display two different modified WWB,, (¢) (39a), namely the WWB 0.5 (¢) and the WWB: (0),
and the associated modified BZBy.s (f) and BZB: (¢), for a comparison with the WWB () (31a) and the
associated BZB (). Figure (3) highlights the following result: if the non zero limiting form of a large-error bound
is tighter in the asymptotic region than the non zero limiting form of another large-error bound, this tightness
relationship is still valid in the threshold region for the two large-error bounds. Although not displayed, we have
checked this result in all the numerous comparisons we have done between representatives of BMZBs (¢) and
BMZB¢ (#), within the same family or not. More precisely, we have noticed that for both the WWB and the BZB,
the threshold value does not change (with a precision of 0.1 dB), but the relative bound tightness in the threshold
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-10g— L :
_20 —
_30 —
% -40 —BZB _
(,_}J) —WWB
= o BMZBUB
-0 2
%g
_sup{BMZBqa}
_607 1
___sup{BMZB .}
q2
_70. | —BCRB
| | | | | | | |
-50 -40 -30 -20 -10 0 10 20

Output SNR (dB)

Fig. 2. Single tone estimation: comparison of some BCRB (35a) obtained from two families of BMZB, () (38a-38b), N = 32, SNR step
is 0.5 dB.

region depends on the relative bound tightness in the asymptotic region. This observation allows to understand why
the WWB (0) and the BZB (#) remain the tightest bounds in the threshold region. Indeed as:

WWB (6) = lim {WWB,; (6)} and BZB (6) = lim {BZB,; (0)} . (46)

therefore, asymptotically, the limiting form of both the WWB () and the BZB (0) is BMZB,; (0), which asymp-
totically coincides with BMZBy 5 (6), the tightest value of BMZB,, ().

VI. CONCLUSION

In the present paper, a fairly general class of “large-error” BLBs of the WWEF, essentially free from regularity
conditions on the pdfs support and for which a limiting form yields a generalized BCRB, has been introduced. The
proposed class of BLBs defines a wide range of Bayesian estimation problems for which a non trivial generalized
BCRB exists, which is a key result from a practical viewpoint. In a large number of cases, this limiting form
appears to be the BMZB. This theoretical result open new perspectives in the search of tight lower-bounds in the
threshold region, new ones or some modified existing ones. Indeed, since the BMZB may provide a tighter bound
than the historical BCRB in the asymptotic region, modified WWB and BZB which limiting form is the BMZB has
been proposed. The analysis of the behavior of the proposed modified bounds in an application case has led us to
postulate the following conjecture: if the non zero limiting form of a large-error bound is tighter in the asymptotic
region than the non zero limiting form of another large-error bound, this tightness relationship is still valid in the
threshold region for the two large-error bounds. Further study cases need to be addressed in order to quantify how
general or specific is this conjecture.
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-10

BMZB,
2
Og
—20F —WWB |
__ WWB os
ql
__WWB
-30+ 9 7
= ——BZB
<) _. BZB os
& -40 b
U‘) — L
2 _,_52qu
_50? _|
-60} ]
| | | | | |
-10 -5 0 5 10 15

Output SNR (dB)

Fig. 3. Single tone estimation: comparision of various modified BZBs and WWBs (39a), N = 32, SNR step is 0.1 dB.

VII. APPENDIX

In this Appendix, Propositions 1 and its extension, Proposition 2, are derived.

A. Case of bounded intervals

First, let us address the case of closed intervals:

Vx € Sy, Seix = [ax, bx] 1 —00 < ax < bx < +00. 47
Step 1
First, one needs to asses:
Pl (x,0) g(0—h)—g(0)
i " —— | =1 " ,0)1s,,. (0—h 48
lim Exp |9 (0) —— lim Ex g ; q(x,0) 1s,, ( ) (48)

According to (47), Vx € Sy,Vh > 0:
by

Egp | 2720 (x,0) 15, (0 — )| = - / (=) 4 (x,6) p (6]x) do

ax+h
boh (49a)

Eope |10 (x,0) 15, (0 1)) == [ (#5570 g x,0)p (01 a9

Ax



Assuming that g (6) is of class C! over Se|x» by invoking the mean value theorem [20], one obtains

EWJF (h) c [O7 h] . g(0+h)—g(8) __ dg(6+~*(h))

h - dé
Iy~ (h) c [07 h] . 9(9)—i(9—h) — d!](e—d“é_(h))
Thus, we deduce that, Vx € Sy :
bx
9(0—h)—a(0) N dg(6)
Jim By [ 20000 (x,0) 15, (0 = )] = — lim [ %0q(x,0)p(0lx) db
ax+h
by
- dg(6) _ dg(6—~ ()
Jim [ (47— 200 ) g (x.0)p (610
ax+h
bx—h
9(6+h)=g(0) _ dg(0)
Jim Fye [25200 x 0) 1, (0+1)] = = tim [ 242 (x,0)p (1) do
bx—h .
- dg(0) _ dg(6+~*(h)
+ lim. (de = )q(x,e)p(e|x)de

According to Heine theorem [20]:

dg(0) dg(¢)

Ve >0,3h >0 |V (0,0)) € Sop, [0 = 0| <h = | == = == <&,

one can state that

Yyt (h) <h = ‘d‘ji(f) - dg(etlf(h))‘ <e

Ve >0,3h >0 | w0 dolin ) .

V() <h = | - WO .

Consequently,Vx € Sy, Ve > 0,3h > 0 such that:
= 96— (1)
/ dg(0—-(ny | 4 (% 0)p(O]x)db| < / ‘ o ’ lq (x,60)| p (6]x) do
ax+h dd ax+h
g (0
< /\ oyl (o) as

< €E9|x Hq (X7 9) H

leading to:
Vx € Sy : lim By |g(0) lﬁg(hxﬁ)] = —Fyx {89806)(1 (x, 9)] ,
" (.0 0
lim By |9 () g - ] —FExp [ 50 4 (% 9)] :
Step 2

Second, one needs to asses:

16

(49b)

(49¢)

(494d)

(50a)

(50b)

(50c)

(50d)

(50e)

(51a)

(51b)

(52)
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According to (47), Vx € Sy, Vh > O:

b
. vy (. 0%] 1/( q(x,0 +h)p (0 +h|x) s, (0 + 1) )2 do .
bl h2 h2 / —q(x,0) p(0]%) 1s,,, (6 — 1) p(01x)
b—h
(g(x,0+h)p(6+h|x)—q(x,0)p(0]x))* db
h? p(0]x)
h 9 ax+h
X70 x x)—q(x X
i Vg (h2 ) ] = +2 / q( 79+h)p(9+h|h) a(x,0)p (0| )q(x, 0) df (53b)
xax+h bx
+,32( [ axorperd [ q(x,e>2p<9x>d9)
ax bx—h
and
_h 2 b 2
g |V (%071 1 <q(x,9—h)p(9—h|x) ls,. (0 —h) ) do (530)
Olx (—h)? h? —q(x,0)p (0|x) 1s,, (0 + h) p(0]x)
bx
(q(x,0+h)p(6+h|x)—q(x,0)p(0]x))> do
(=h)? p(0x)
ax+h
by (x,0)? 5 b (x,0—h)p(6—h|x)—q(x,0)p(0]x)
Eyx (](_7}1)2 = -3 / LR_RPT 2P IREPRTE 4 (%, 0) db (53d)
bx—h
ax+h by
+,32( / ¢ (x,0)? p (6]) do + / q(x,e>2p<ex>d9)
Ay bx—h

2
ot(x,0)\2 . .
7(3’; )\ is continuous over

Assuming that ¢ (x,60) = ¢ (x,0)p(0|x) is of class C' w.r.t. § over Sgy. thus (
Se|x- Then, using the same rationale as in step 1 based on the mean value theorem and the Heine theorem, one
can easily prove that, Vx € Sy:

1 9t(x,0) 2 9t(x,9)
Eopx [(mex)ae) ] 200000 2G|

h 2
hm+ Eyix [(W) ] — ax+h bx (53e)
h—0 +hl2(/ u(x,0)do + / u(x,&)d@)

a bx—h
and
E0|x

(w;” (x,e ]
—h L
h

t(x,0 ot(x,0
e\x 89 ) ] —2q(x, bx) g)e )

oo

ax+h by (53f)
( u(x,0)df + / u(x,G)dé’)

bx—h
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where w (x,0) =t (x,0) ¢ (x,0) = ¢ (x,0)? p (0]x). Assuming that u (x, ) is of class C? w.r.t.  at the vicinity of
endpoints ax and by, one can prove that (see Appendix VII-D):
be>

ax+h by
2| [ eomwr [ ueoas :“<X7bx>+U<xaax>+1<8u(x,e>
(54)

lim — —

B0 h2 h 2\ " o0
Therefore, in order to obtain a non trivial BCRB, from (53e-53f), the following necessary and sufficient conditions
must hold:

_ Ou(x,0)
O0=ax 90

Qx bx—h

u (3, be) + 1 (, ax) = ¢ (3, 0x)” P (ax[x) + ¢ (%, bx)* p (bxlx) = 0, (552)
that is:
q (x,ax)p (ax|x) =0 and g (x,bx) p (bx|x) = 0. (55b)
Plugging (55b) into the following identities
ou(x,0)  _0q(x,0) 2 Op (0|x)
g = 2y e 0)p0x) +q(x,0) =5, (55¢)
ot (X7 9) _ 86] (X7 9) 2 8]7 (G‘X)
one obtains
ot (x,0) 5 Op (0]x) Ou (x,0)
q (X7 a’X) = 4q (X> ax) = " Qa5 > (55¢)
00 o_,. 00 o_,. 0 o_,.
ot (x,0) 2 Op (0]x) ou (x,0)
O = qloby? 2O QB 55
o0 |, 1) = abeb T 96 |,y (530
leading to, Vx € Sy :
7 1 9t(x,0) >
: v x,0)’ Eopx [(mex) 9 ) ]
e | . - 2 9p(0] 2 9p(0]x) (562)
i +%q (X7 ax) paex O—a %q (Xu bx) paex O=b
. at(x,0) \ 2
~“(x,0 2 Lp)x Ty a6 ]
T Fa (wq (;: AN (5 5%) (56b)
— - Op(0]x Op(0]x
~30 (e b)® PGP0+ Fa(xax)® Y|

Furthermore, the endpoints condition u (x, ax) = 0 and u (x, bx) = 0 implies that the function u (x, 6) is increasing
at the vicinity of ax and decreasing at the vicinity of by. Thus:

Op (0]x) 1 9p (0]x)
2 2
e AT _Z >
54 (%, ax)” ——, - 54 (%, bx)" = by C 0 (57a)
nd 5 9p (0]x) 1 9p (0]x)
2 Op(U]X 2 Op (VX
- a X o s Ux Z 7
et 2 amg 2| o (57b)
Consequently:
2
. vi (x,0) 1 0t(x,0)\?
a7 >
H B ( h = Eo |\ om0 o0 (582)
in which, the equality holds for ¢ (x,ax) = q(x,bx) = 0. Last, let v (x,0) = ¢(x,0)* —8”(893"); by taking the

expectation with respect to x of (56a-56b), one gets the following inequality:

2 at(x,0) \ 2 5 1
lim By | [ 222 | < B, o0 - 27\ A 58b
w0 ( h =B\ B0 ) | T B [Bo(a) — Su(xby)] [ o
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which, combined with (51b) lead to (15b).

It is straightforward to extend the above rationale to the general case of bounded intervals Sg|x = [ax, bx|s olx
Jax, bx], Sejx = lax, bx[, —00 < ax < bx < +oc, provided that : ¢ (x,0), ‘%(x 9), u(x,6), 8”5;’9) nd & u(ea) are
bounded functions at the vicinity of endpoints ax and by.

Moreover, (58b) is uniquely integral calculus based, thus, due to the fact that the result does not change by a finite
number of discontinuities, we conclude that the above conditions can be relaxed to : g (#) and ¢ (x,0) p (0|x) are
piecewise C! function w.r.t. § over Selx-

B. Case of unbounded intervals

In the case of unbounded intervals, one has ax = —oo and/or by = +o0o. Then, let us define a sequence of
intervals given by

Sé)‘x = ]ai(, bi([, —00 < aic < bi( < oo subject to Sé‘x C Se|x and llggo Sé‘x = Sox

In the same way, we define Sﬁ(,@ = {( 0) | x e Sy and 6 € S®|x} and denote:

9) _ p (Xv 0) 7 pl (9’)() — p (9|X) , (59&)
//p(x, ) dxdf /p(0|x) de
Sk Soix
which defines:
EL o g (x, 0) / / x,0)p' (x,0) dxdd, by [q(x,0)] = / ¢ (x,0) 9 (0]x) d (59b)
Sho Sé)\x

Then, the analysis and results given in the previous Section VII-A can be applied to the restricted intervals S é( o Sé‘x
and their associated pdfs p! (x,6), p' (6|x), respectively. By definition:

/ / (B 9 (0)] — 9(0))% ' (x, 0)dfdx > / / Eopx [9 (0)] — 9 (8))° p'(x, 6)dbdx, (60a)
Sx.o Sho
that is: 5,2 ) 2
o[(Eoxlo @] -9 )] 2, [(Enels ) - 50 o
// x, 0) dxdf
Moreover, as: , )
Bl [(Bals 0] - 50)"] 2 By | (oo @) - 9 0))]. (600
therefore: )
E [ EOIX [ (9)] (0)) ] > Ef(,(, |:(Eéx [g (H)] y (6))2:| . (60d)
// (x,0) dxdf
Finally, since lllglo S(l9|x = S@x,xor)le has:
B [(Eanlo 0]~ 90)7] = i £, [ (B s 0] -5@)) ] (60¢)

which allows to state Proposition 1 as the limiting form of the bounded intervals case.



20

C. Case of a countable union of disjoint intervals of R

First we consider the case where Sg|y results from a finite union of disjoint bounded intervals Iglx ¢ R:

Vx €S8y, Sex= U Z§, such that Ky € Nand I§, N Ty, = @ if k # 1.
1<k<K,
Let us denote the endpoints of Z, | by a¥ and 0%, < ak. Then
K. b
[ h(x,0 ES —h)—q(O
By |9(0) 522 == 55 [ (451929 g (x,0) p (61x) a9
k=l ak+h
o h
P (x,0 X 0+h)—g(0
B [90) S50 = = 35 [ (2000 4 x,0)p 01x)
k=1 J
v (61)
‘wi;(x,e)?} 1™ q(x,0+h)p (0 + hix) Ls,, (6 +h)
B[] = 5 [ (Dm0 o1
ak+h
k*h 2
w (x0 Q<X79_h)p(0_h|x) 15@\x (Q_h)
Eojx EDE } = Z ) < —q(x,0)p(0]x) s, (0 +h) (9\X)d6
which means that all the rationale introduced in Appendix VII-A can be applied to each Z, | individually. Therefore
if, 1 <k < Ky:

q (x,0) admits a finite limit at endpoints of Ze| ,

g (0) is piecewise C! w.r.t. 6 over I@lx,

t(x,0) 2 q(x,0)p(0|x) is piecewise C! w.r.t. 6 over I&x and such as % admits a finite limit at endpoints
of T

o|x’
e u(x,0) 2 q(x,0)*p(Ax) is C2 w.rt. 0 at the vicinity of endpoints of Ik‘ and such as u (x,6), aug;,e) and
azg(;; %) admit a finite limit at endpoints of I(]f)‘x,
then a necessary and sufficient condition in order to obtain a non trivial BCRB, is:
¢ (xak)p (akix) = a (x.05)p (bhix) =0, 1<k <Ky (62a)
leading to:
9(0) ?
Ex@ [7 (X 9)]
BCRB, (g (60)) = - (62)
5 k 1 k
o 3% B 3o (x.0b) — do (x.14)].
Z x [3v (x,6%) = 50 (%, b%)]

It Il‘ is a left-unbounded interval and/or Zg’;{ is a right-unbounded interval, then the above results still hold

provided that (see Appendix VII-B) for £k = 1 and/or k = K.

q (x, aii) p (GQIX) 2 lgg q(x,0)p(0), q <x7 bii) p (biIX) £ ehi?g q(x,0)p(9), (63a)
0\2 0D (aklx) 2 Op (0]x) 02 0p (V51%) 4 2 Op (0]x)
q( ’ X> a0 S pm q(x,0)" 90 ( ’ X> a0 _elir?kq(x 6)* og - (O

Last, (61) holds as well for a a countable union of disjoint intervals of R, QED.
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D. Proof of (54)
Let us consider a function u : X' x [a,b] — R, a < b, in which u is of C? w.r.t. §. Then, ¥x € Sy:

b b
B 1 9 8u (x,a) 1 2 0%u (x,0)
/u(X,Q)dO = (b—a)u(x,a)—l—i(b—a) —i—2/ (b—06 Wd@, (64a)
y | a b 1] 9 (x, 0)
. _ L _ 2 UX 1 2 u (X,
/ u(x0)ds = (b—ayu(xb)— 3 (b—a P00 4 ] / O . (64b)

a

Consequently, if u is of C? w.r.t. 6 over X' X [ax,ax + h] and X x [bx — h,bx], 0 < h, ax < by, one obtains:

s h? [ Ou(x,ax) s 0 — ax — h\? 0%u (x,0)
u(x,0)dd = hu(x,ax)+ Cl + / < Y ) 507 ao |, (65a)
i w(x,0)d0 = hu(x,by) — W[ Ouleby) b/ (b"_e_h>282“(x’9)d9 (65b)
L ’ B T2 o9 2 h 062 '

Additionally, as:

(66a)

therefore:
ax+h ax+h

i i 2 02 o o 2
0—ax—h\"0 u(x,9)d9 < / 0—ax —h
h 96* h
G ax

bx 2 bx 2
/ by —0—h 32u(x,9)dt9 < / by —0—nh
h 96? - h
bx—h

ax+h
2 2
a%(;;’e)‘deg / ‘W’d@, (66b)

bx
2 2
6u(x,9)‘d9§ / ‘81:9(;2’9)‘619' (66¢)

90°
be—h
Finally, since u is of C? w.r.t. 6 over X' X [ax, ax + h] and X x [bx — h, by], then ’% and ‘% are
finite values and:
(U 7 () 0 (xs) | L (Dl ) D)
U (X,0x) + U (X, ax U (X, ax U (X, Ox
1~ . — ? 9 - Y _ 9y 7
Jm o / u(x,0)df + / u(x,0)do . —|-2< 50 20 > (67)
ax bx—h
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