Proceedings of Workshop on Signal Processing, Communications,
Chaos and Systems, Newport, RI, June 2002, pp. 59-92

Model-Set Design, Choice, and Comparison
for Multiple-Model Approach to Hybrid Estimation *

X. Rong Li

Zhanlue Zhao Peng Zhang Chen He

Department of Electrical Engineering
University of New Orleans
New Orleans, LA 70148, USA
Phone: 504-280-7416, Fax: 504-280-3950, xli@uno.edu

Abstract — The most important problemin the application
of the multiple-model approach is the design of the model
set used. This paper deals with this challenging topic in
a general setting, along with model-set choice and com-
parison. General and representative problems of model-set
design, choice, and comparison are considered. Modeling
of models as well astrue mode as randomvariablesis pro-
posed. Several general methodsfor design of model setsare
presented by minimizng distribution mismatch, minimizing
modal distance, and moment matching. The concept of rel-
ative efficacy of each model in a set and its two quantitative
descriptionsareintroduced. Optimality criteria and perfor-
mance measures for model-set design, choice, and compar-
ison based on base-state estimation, mode estimation, mode
identification, hybrid-state estimation, information metrics,
and hypothesis testing are presented. Several computa-
tionally efficient and easily implementable solutions of the
model-set choice problems based on sequential hypothesis
testing are presented, some of which are optimal. Examples
that demonstrate how some of these theoretical results can
be used as well as their effectiveness are given. Many of
the general results presented in this paper are also useful
for performance evaluation of MM algorithms.

Keywords: Multiple models, model-set design, variable
structure, adaptive estimation, target tracking.

1 Introduction

Hybrid estimation is the estimation of a hybrid process,
such as the state of a hybrid system, which involves two
types of components: those varying continuously, known as
base statesand those that may jump only, known as modes
or modal state[12, 29]. In systems terminology, a base
state is the state of a conventional system, while each mode
represents a possible system behavior pattern or structure.
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Hybrid estimation has two major goals. base-state estima-
tion, which is the conventiona state estimation, and mode
estimation or identification, which actually amounts to de-
cision.

Multiple-model (MM) method is a major adaptive ap-
proach to hybrid estimation. It is cost-effective, robust,
and has a parale structure. In the MM method, a set of
models is designed to cover modes and the overall esti-
mate is obtained by a certain combination of the estimates
from the filters based on these models, respectively. The
MM method has received a great deal of attention in recent
years due to its unique power and great successin handling
problems with both structural and parametric uncertainties
and/or changes, and in decomposing a complex problem
into simpler subproblems, particularly in target tracking
and fault detection and isolation (see, e.g., [12] for along
list of references).

The MM method was initiated in [24]. Many applica
tions (or reinventions) of this MM estimator can be found
in the literature under various names (see, e.g., [12]). The
first generation of MM agorithms does not consider pos-
sible jumps in mode and can be referred to as autonomous
MM agorithms in that model-based filters do not interact
with each other. In the second generation, such as the GPB
[1, 10] and IMM [8] agorithms, the mode is assumed to
be able to jump among members of a set, usually modeled
as Markovian transition. These first two generations have
a fixed structure in that they use a fixed set of models at
all times, although each model in the set could be time-
variant or adaptive. They have certain fundamental limi-
tations, which stem from the fundamental assumption that
the mode at any time can be represented sufficiently accu-
rately by one of the models in a fixed set that can be de-
termined before measurements are received and its inabil-
ity to incorporate certain types of prior information. The
third generation, known as variable-structure MM (VSMM)
[18, 14], overcomesthese fundamental limitations by using
avariable set of models determined in real time adaptively.



For a survey of the MM approach, the reader is referred to
[12]. An easily accessible account of the VSMM approach
is given in [14], while the IMM algorithm and its variants
for target tracking are surveyed in [25].

Therearetwo major directionsto improvethe MM solu-
tion of a given hybrid estimation problem: develop a better
MM agorithm in general and design a better model set in
particular.

Model-set design is the most important issue in the ap-
plication of MM estimation. The performance of an MM
agorithm for a given problem depends largely on the set of
models used and the primary difficulty in the application of
the MM method is the design of the model set. Numerous
publications have appeared in which ad hoc designs were
presented. Unfortunately, very limited theoretical results
on thisimportant issue are available. It was shown theoret-
ically in [18] that the use of too many modelsis as bad as
the use of too few models. A circular criterion for model-
set choice was presented in [18]. When the mode spaceisa
continuous region, a necessary and sufficient condition was
presented in [19] for a convex combination of estimators
to be superior to each individual estimators, based on re-
spective model sets. In order to apply the MM method to
problems with uncertain parameters, two important ques-
tions are: (a) which quantity is best selected as the esti-
matee (i.e., the quantity to be estimated) and (b) how to
quantize the parameter space optimally. [13] provides the-
oretical results on the optimal selection of the estimatee.
A procedure to determine the choice of the quantization
points was presented in [27] given the number of quanti-
zation points. A necessary condition for the effective per-
formance of MM estimation was presentedin [9] for ajump
linear time-invariant system in terms of its dc gain.

This paper presents theoretical results on model-set de-
sign, choice, and comparison. Modeling of models as well
as true mode as random variablesis proposed. Several gen-
eral methodsfor design of model sets, along with theinitial
model probabilities, are presented. They include distribu-
tion approximation, minimizing mismatch between mode
and models, and moment matching. As atheoretical basis,
criteria and performance measures for model-set choice,
comparison, and design are proposed, including those for
base-state estimation, mode identification/estimation, and
hybrid estimation, aswell as by hypothesistesting. A num-
ber of solutionsto model-set choice problems are presented
based on sequential hypothesistesting.

An important question in the model-set design is: How
effective amodel iswhen it is used in amodel set? Albeit
important, we are not aware of any (theoretical) attempt at
answering this question. Another contribution of this paper
is the introduction of the concept of the relative efficacy of
amodel in a set and the development of several methods of
computing it.

Examplesare given that demonstrate how the abovethe-

oretical results can be used for model-set design and choice.
These results provide insights that are helpful for model-
set design, choice, and comparison, such as a better under-
standing of the function of each model in a set and how to
select the parameter values of amodel.

Since this paper is quite long, we provide the following
table of contents

e [ntroduction

e Problems of model-set design, choice, comparison,
and adaptationin MM estimation

e Probabilistic modeling of modes and models
e Problem formulation for model-set design

e Model-set design by minimizing distribution mis-
match

e Model-set design by minimizing modal distance
e Model-set design by moment matching
e Model Efficacy

e Criteria and measures for model-set design, choice,
and comparison

e Model-set choice by sequential hypothesistesting
o lllustrative examples of model-set design

o lllustrative examples of model efficacy

e An lllustrative example of model-set choice

e Selection of estimatee for MM estimation

e Concluding remarks

e Appendix

2 The Problems of Model-Set Design,
Choice, Comparison, and Adapta-
tion

M odel-set comparison and choice deal with the follow-
ing problem: given afamily of candidate model sets, com-
pare these sets and determine which set is the best. Model-
set choiceis more decision oriented in the sense that it sim-
ply determines which set is the best without emphasizing
how much better it is than the other sets. Model-set com-
parison pays more attention on how much better one model
set is than another.

Model-set designdiffers from the comparison and
choice in that it does not necessarily have a given family
of candidate model sets. It determines the model set to
be used for a given problem. Typica issues in model-set



design include: How many models should be used in the
set and how to determine this number? Given the number
of models, how to design each model in the set? What is
the structure of each model set and each model ? What pa-
rameter values to use given the structures of models and
model sets? Clearly, model-set comparison and choice can
be viewed as integral parts of the model-set design.

There are two types of model-set design: offline and
online. Offline design is for the total model set or the ini-
tial model set in a variable-structure approach, as well as
for the fixed-structure approach. In a fixed-structure algo-
rithm, the model set used cannot vary and is determined
a priori by model-set design. In a variable-structure al-
gorithm, the model set in effect at any time is determined
by an adaptation process, known as model-set adaptation,
which may be viewed as an online (real-time) design pro-
cess and will depend on the total model set determined a
priori if such a set exists. A natural and promising VSMM
approach to estimation is the recursive adaptive model -set
(RAMYS) approach [15, 14]. It consists of two functional
components. model-set adaptation and model-set sequence
conditioned estimation. Model-set adaptation is the more
difficult component. It decides what model set to use at
each time. It can usually be decomposed into two tasks:
propose proper candidate model sets and select the best set
from these candidates. The whole problem thus amounts
to model-set design in real time while the second task is
model-set choice. There could have many ways of propos-
ing candidates, which is the primary task of a particular
VSMM agorithm. This paper focuses on offline model-set
design, along with model-set choice and comparison, while
[15, 14] deals with model-set adaptation, in particular, on-
line mode-set choice.

A fundamental assumption of the MM method is that
the possible true mode at any time is matched exactly by
one of the models used at that time. It is usualy the casein
realty, however, that none of the modelsin the set in effect
matches exactly the true mode at the time. Many questions
thus arises, such as

e “Which model should be deemed the best if the true
mode does not match any of the models?’

e “Which set is best if the true mode falls in the com-
mon part of the coverage of several model sets?’

Such questions are important for model-set design but
are not easy to answer in a general setting. The results of
this paper can be used to answer such questions theoreti-
caly.

3 Probabilistic Modeling of Models

and Modes

In this paper, a mode refers to the physical behavior
pattern or structure of asystem/process (or its precise math-

ematical model), and a model refers to the (possibly sim-
plified) mathematical representation or description of the
system or process on which an estimator is based (see [14]
for amore detailed explanation). Such a distinction is nec-
essary where mismatch between the model and mode is of
concern.

Denote by S the mode spacethat is, the set of possible
modes under consideration. In general, mode space S may
be either a discrete (finite or countable) set or a continuous
region. Inthe latter case it is assumed that a system mode
may only jump from apointin S to another one, rather than
vary continuously.

A contribution of this paper is the recognition of the
need for and introduction of probabilistic modeling of mod-
elsaswell asthe true mode.

The need to have a proper description of the true mode
is evident: Without such a description, model-set design
and performance evaluation of MM algorithms are essen-
tially groundless — we can always find a scenario under
which any given realizable “optimal” model set is worse
than some other model set. Deterministic descriptions of
the true maode in the form of “typical” or “representative’
scenarios are prevailing in the literature of MM estimation,
particularly for performance evaluation. Such determinis-
tic descriptions have certain drawbacks. For example, the
choice of particular scenarios is fairly arbitrary, and thus
the corresponding performance evaluation results are less
objective or convincing since the performance of MM algo-
rithmsis highly dependent on test scenarios. (The scenario
dependenceof the performance of a hybrid estimation al-
gorithm is elaborated in [17].) It isimpossible to develop
general, systematic methodsfor model -set design onthe ba-
sis of such “arbitrary” descriptions of the true mode.

We propose to model the true mode as a random vari-
ables : 2 — S, where S is the mode space and (2 is the
sample space. The random variable s may be continuous,
discrete, singular, or hybrid. Let F';(x) and fs(z) beits cu-
mulative distribution function (cdf) and probability density
function (pdf) if exists, respectively. In practice, they can
be obtained by past data using statistical techniquesor sim-
ply from experience. For example, a transposed (i.e., sym-
metrical) three-phase overhead transmission linein a power
system hasthree simple modes (i.e., normal, single-phaseto
ground fault, and phase-to-phasefault) and several compos-
ite modes (e.g., two-phase to ground fault and three-phase
to ground fault). Data of the past operation records (e.g.,
fault rate and percentage of fault type) provide the required
probability distribution of the mode. For a particular appli-
cation of MM estimation, if Fi(z) is not available at this
stage, the benefit of having such a cdf — as presented in
this and other papers— suggests that it may be worthwhile
to obtain such a cdf. Thisis a manifestation of guidance of
theory to practice. Without such guidance, most practical
probabilistic models (e.g., Gaussian models, Poisson mod-



els) would not have been developed and probability theory
would have very limited practical value.

Similarly, we also propose that the problem of design-
ing a model set M (and the corresponding initial model
probabilities) be formulated as that of designing a random
model m with range M; that is, design a random vari-
ablem : Q — M, where Q is the sample space. As
such, the following needs to be determined: (a) cardinal-
ity |M| (i.e., number of models); (b) all elements m; of
M = {my,my,...,m} (i.e, model locations/values);
(c) prior (or initial) model probabilities P{m = x}. Note
that cdf F,,(x) of m, or equivalently, probability mass
function (pmf) p,, (z) = P{m = z} summarizesall infor-
mation needed. While this concept of random model may
appear alien to a practitioner, we need only to recall that
a random variable is (corresponds to) in fact nothing but
a properly defined set of deterministic numbers. It is ex-
actly in this way that a set of deterministic models used in
the MM method, along with the above constraints (a)—(c),
defines a random model.

More generally, the second and third generations of
MM algorithmsrequire design of (Markovian) laws govern-
ing model transitions based on transitions of the true mode.
Even more generally, the true mode is better modeled as a
random process s(t) : (2, F, P) x T — S; thatis, s(t) isa
family of random variables, indexed by ¢t € T' and defined
on a common probability space (2, F, P). Similarly, the
problem of model-set design is better formulated as the de-
termination of arandom processm(t) : (0, F,P) x T —
M, where M is the total model set. These more general
formulations are useful for model-set adaptation and design
of model transitions. For offline model -set design (the topic
of this paper), however, it usually suffices to consider s and
m as random variables, which are completely described by
their cumulative distribution functions.

For simplicity, we assume that the true modeis continu-
ousin this paper. The same approach works for other cases,
athough modification is sometimes needed. We always as-
sume that the model is discrete (in fact, finite).

For many applications, the true mode s has areal phys-
ical meaning directly and the above probabilistic modeling
is clearly reasonable. For many other applications, how-
ever, s is an index of underlying structures (or behavior
patterns) and it is difficult, if not impossible, to define a
proper distance metric directly for S convincingly with a
clear interpretation. In such cases, cdf of s may possibly
be defined over an abstract space where the elements of s
are arranged such that the neighboring elements correspond
to the neighboring structures in the physical world. Then a
guestion is how to define the neighbor concept for struc-
turesin the physical world? This question can be answered
by using, e.g., Kullback-L eibler distance between the distri-
bution or likelihood functions of any two structures s ; and
Sj.

4 Formulation of Model-Set Design

Following the previous section, the true mode (at any
time) can be reasonably modeled as a continuous random
variable in many cases, while it is better modeled as a dis-
crete (or hybrid) random variable in many other cases. In
any case, its sample space S is usually much larger than the
model set M affordablein practice.

From the probabilistic modeling of the true mode and
models, it is clear that the model-set design is essentially a
problem of finding a discrete random variable m to approx-
imate a given random variable s, which can be continuous,
discrete, singular, or hybrid, depending on the application.
Unfortunately, to our knowledge, there is no generaly ac-
ceptable solution to this problem in the literature.

We propose three classes of systematic solutionsin Sec-
tions 5, 6, and 7 below.

5 Minimum-Mismatch Design

Thefirst solution is based on the idea of finding the cdf
F,, (x) of adiscrete random variable (model) m to approxi-
mate the cdf F;(x) of any given random variable (mode) s.
We describe this solution in the scalar case (i.e., for scalar
s and m) first and extend it to the vector case later.

5.1 Scalar Case

Assume that the cdf F;(z) of true mode s is known.
Given atolerancee, wewant to construct thecdf £, (x) of a
discreterandomvariable(i.e., model set) suchthat | F's(z) —
F,.(z)| < efordl z.

It can be shown that for any given cdf F';(x) we can
find the cdf F»(x) of some discrete random variable that is
arbitrarily closeto F (z) interms of the following distance
metric

d(F1, Fy) = max |y (2) = Fi(a)| (2)
where R = [—o00,00]. In other words, the problem un-

der consideration always has a solution. Further, a genera
procedure of finding such a cdf F;(z) is presented in Ap-
pendix A.1. What we present below amounts to applying
the results therein to model -set design.

What is the minimum number of models needed? The
following lemma answers this question.

Lemma 5.1 Given atolerance e in the above distance
metric, the minimum number of models needed is given by

|M| = [1/2€] = smallest integer not smaller than 1/2¢

A proper tolerance e is not always easy to come by. In
some cases, the number of models | M| is predetermined
directly from, say, resource for processing or computation.

1This probabilistic view also makes it quite intuitive the fundamental
finding of [18] that the optimal model set M for the MM approach is
M = S — the performance of MM estimators deteriorates if either extra
models are used (M D S) or some models are missing (M C S) — and
the deterioration worsens as M and S become more mismatched.
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Fig. 1: Approximating a cdf by a stair-case type cdf with given
tolerance.

Theorem 5.1 Minimum-set design). Given ||, the
model set M*, aong with the pmf p*, (i.e., the random
model) that minimizes the distance metric defined by (1),
that is, form € M,

M* p*} = inf Fy —F,,
{M*,p*} = arg {Mm}wlﬁﬁgivemmi‘g' (z) ()]
is given by
i—l/Q}
m; = arg |Fy(x)= 2
g [ = i @
i=1,...,|M|
M* = {ml,mg,...,m|M‘}

aong with the following evenly distributed pmf (i.e., initial
model probabilities):

P (@) |o=m; = P{m =m;lm e M*}
1
|J\/[|7Z ? ’| | ()

Proof. It followsfrom Appendix A.1 and isin fact self-
evident.

Thisdesignisdepictedin Fig. 1. Notethat m ; ischosen
to satisfy (2) only fromthe elementsof S, andthus M C S.

This approach to model-set design isintuitively appeal-
ing. It partitions the mode space into equally probable re-
gions and placesamodel at the“center” (in fact, median) of
each region. As such, all models are equally loaded in that
they are equally likely to take effect and cover an region of
equal probability. 1t uses the minimum number of models.
It is also perfectly consistent with the common practice of
assigning equal initial probability to every model.

Nevertheless, this approach has several weaknesses.
First, it is applicable only to cases where cdf of s is avail-
able. Second, some or all models m; may happen to be
located in an area of alow probability density. In thiscase,

the models and the mode in effect are likely to have alarge
mismatch, which implies inferior performance of the cor-
responding MM agorithm. Third, a few models may have
to cover alarge region of true mode with alow probability
density and thus lead to poor resultsif the true model turns
out to bein thisregion. Finally, to have asmall tolerancein
cdf error, the separation between consecutive models may
beinevitably small in the areaswhere s has ahigh probabil-
ity density, which is often to be avoided in MM estimation
mainly to save computation. In such a case, we may ei-
ther uphold the tolerance (and thus the separation) or relax
it to increase the separation and thus reduce model-set size.
The latter may be justified by the fact that a larger error in
|Fs(z) — Fy, ()| does not necessarily result in poorer per-
formance of the MM algorithm.

In view of the above and that it is intuitively appealing
to have a model at each peak of the pdf f(z), we recom-
mend the following. First, place amodel at each peak; then
use the above approach to obtain the other models; if de-
sirable, adjust the locations of these other models so that
models are distributed slightly more uniformly over S.

5.2 \Vector Case

When s is not scalar, in general, (2) does not yield
a unique solution M = {my,ms,...,my} because

F(s) = % has infinitely many solutions. In this case,
the mode space in general can be partitioned into equally
probable regions S;, represented by models m ;. Severa
ways of determining the location m ; and theregions .S; are
currently under investigation. For example, they may be
determined such that m; satisfies (2) and has the smallest
expected distance to points in S;; that is, m; is the cen-
ter of probability massin .S; (see Sec. 6). Applications of
set-partitioning results (see, e.g., [2]) are currently being
explored.

We now describe a design procedure for the 2D case,
which uses a“minima” number of models given any toler-
ance on mismatch between the cdfs of the mode and (ran-
dom) model. It can be easily extended to higher dimen-
sions.

Consider the cdf of a2D mode s: F(z,y) = F(z,y).
As explained before, design of a model set along with the
initial model probabilities (i.e., model weights) amountsto
constructing a random variable m (i.e., a random model)
with a certain cdf F,,(z,y). Our god is to determine loca-
tions of a “minimal” number of models along with proba-
bility weights such that the resultant cdf F,,,(x,y) satisfies
the requirement max,, ,, |Fs(z,y) — Fn(z,y)] <.

Let D(z,y) = Fs(z,y) — F,(x,y) be the differ-
ence in cdf. Assume for simplicity that F(z,y) is con-
tinuous. In Fig. 2, the origin and the upper right corner
stand for (—oo, —oo) and (oo, 00), respectively, at which
F(—00,—00) = 0 and F(co,00) = 1. Notethat F'(z,y) is
monotonically increasing.



The procedure consists of three steps, as illustrated in
Fig. 2.

Y
+00 Flz,y) =1
\lN l2\ ll ( )
Y1 \ A1 F _
(Z',y) =1-ce¢
Y2 )
2 T F(z,y) =1— 3¢
v (@, yf)
m p— F(z,y) =€
(=00, —00) T2 I +o0 T

Fig. 2: lllustration of 2D model-set design by minimizing cdf mis-
match.

First, determine the equal-height lines 1, ., I1_3, ...,
li—(2N-1)e, le, where N is an integer such that e < 1 —
(2N — 1)e < 3e. Thismeansthat F'(z;,y;) = 1 — ie for
any point (z;,y;) onthelinel; .

Second, determine the points A,, As,...,Ay. The
location of Ay is (z1,y1). It minimizes |F(zy,00) —
F(o00,y1)| among dl pointson l;_.. The point A; deter-
mines two reference lines for the next point A». Its loca
tion is (z2,y2), which minimizes |F(z2,y1) — F(x1,ys)]
among al pointsonl; _s.. A; isdetermined likewise.

Third, determinethe model locationsm 1, mo, . . ., mp,.
We place models on the horizontal and vertica lines de-
termined by points A, As, ..., Ay. For theline x5-A it
uses the next line z:1-A; asareference. Notethat F'(x1,y)
is monotonically increasing on the line z,-A4,. If a point
(z1,y") isthe lowest point such that D(z,y*) > €, then
choose (72, y*) asamodel location. This process is done
from left toright (i.e., for z v, ..., 1) and from bottom up
(i.e., fory',y2,...).

The weight of each model is determined at the same
time the model location is determined. The weight is “how
high” ajump is needed at each model location. The upper
bound on the height of a jump of a model at (z;,y*) is
determined by the difference D(x,y) dong theline z;_,-
A;_, at or abovey*.

The model locations and weights on the horizontal line
y;-A; are determined in exactly the same way.

Fig. 5.2 shows an example of the true pdf and the model
locations designed, depicted by the sharp peaks. In the de-
sign, thetolerancee = 0.1 was chosen. The resultant model
locations concentrate around the major peaks of the true
density. Fig. 4 shows the error D(z,y). It is bounded by
e = 0.1, asrequired.

6 Minimum-Distance Design

In the previous section, we design amodel m to approx-
imate the true mode s by constructing a cdf F',,,(x) that is

Fig. 3: The true pdf and designed model locations.

Fig. 4: D(z,y) — the difference in cdf.

close to the cdf F(xz) — the design is actually donein the
space of the distribution functions. Alternatively, thedesign
can aso be done in the vector space of random variables;
that is, find an m that is close to s in their vector space di-
rectly. In order to do this, ametric of the closeness between
model and mode is needed.

Closeness metric between model and mod&he dis-
tance metric in the vector space of random variables is
most often defined as the square root of the mean-square
value d(s,m) = (E[d(s,m)])"/?, where d(s,m) = (s —
m)’(s — m). Of course, other metrics can also be defined,
such as d(s,m) = (E[d(s,m)])"/?, where d(s,m) =
[(s —m)'(s —m)]P/2. When s and m are vectors, d(s,m)
is actually a scalar metric of the families of vectors, since
arandom vector actually correspondsto afamily of vectors
in alinear space. We will consider the more general metric
with an arbitrary p but we are more interested in the case
p=1,2.



Fors € Sandm € M, we have

Eld(s,m)] = E[E[d(s, m)|m]|

P{m =m;} | d(s,m;)f(s|m = m;)ds
mE:M /S

E[E[d(s,m)|s]]
/S Z d(s,m;)P{m = m;|s} f(s)ds (%)

m;EM

It is thus seen that the closeness of m and s depends on
w;(s) = P{m = my|s}, the model probability conditioned
on the true mode s. A study of the conditional probability
P{m = m;|s} will be reported later.

In this paper, for simplicity, we assume

P{m = mz|s} = I(S;Si) = { é :Z ; gz (5)

Thisis equivalent to assuming that

Sij = {s:d(s,m;) = d(s,m;) < d(s,my),Ymy € M}

Remarks. (a) This theorem basically states that under
the stated assumption, if exists, the optimal model set is
within the classin which models are located at the (general -
ized) centroids of members of a nearest-neighbor partition
of the mode space. (b) The generalized centroid reduces
to the conditional mean (i.e., the centroid (mean) of S;)
sf = E[s|s € S;]if d(s,m) = (s—m)'(s—m) or the con-
ditional median (i.e., themedianof S;) if d(s,m) = |s—m].
(c) Both conditions are quite intuitive. (d) This theorem
does not address the issue whether an optima model set
that minimizes the above metric is existent or unique, or
whether asolution that meets conditions A and B is existent
or unique. (e) The optimality conditions of thistheorem ac-
tually hold for closeness metrics more general than defined
above.

Most importantly, this theorem provides a theoretical

{{m=mi},....{im =mn}} = {{s € S1},...,{s € Sn}}asis for iteration procedures to find an optimal model set

isapartition of themode space S; that is, each model covers
a subset (region) of the mode space exclusively, which is
often so perceived in practice. With this assumption, (4)
becomes

Pls.m) =3 [ dsmofis @

We now present several general results under this as-
sumption.

Theorem 6.1(Optimality conditions of model set). As-
sume that S = {S1,...,Sn} is a partition of the mode
space S, where S; is covered by model m; exclusively in
thesense {s € S;} = {m = m,}. Then, thefollowing con-
ditions hold for the optimality in the sense of minimizing

distance metric d(s, m) defined above.

A. Given any partition S = {S,..., Sy} of mode space
S, amodel set M = {my,...,mn} is optimal if
each model m; is a(generalized) centroid of the cor-
responding partition member S;:

m; = s} 4 argmin E[d(s,m)|s € S;] (7)

B. Given any model set M, a partition is optimal if and
only if pointsin any partition member S; are closer
to m,; than to any other m ; € M amost surely:

S; = {s:d(s,m;) <d(s,m;),

ij # mi, My, Mj € M}
that is, apoint s must be assigned to its nearest neigh-

bor m; among al m € M; further, the set of equal-
distance points may be assigned to either S; or S;:

under the stated assumption. For example, we may start
with an initial partition of mode space; find a candidate of
the model set as the (generalized) centroid of each parti-
tion member; use the nearest-neighbor rule to obtain the
corresponding (updated) partition; and repeat this process
until convergence. Alternatively, we may start with an ini-
tial model set; use the nearest-neighbor rule to obtain the
corresponding partition; obtain an update of the model set
as the (generalized) centroid of each partition member; and
repeat this process until convergence.

The above centroid model set has several nice and intu-
itive properties, as presented in the next theorem.

Theorem 6.2 (Properties of optimal model set). Any
model set that coverseach S; by its centroidm; = E|[s|s €
S;] exclusively (i.e, {s € S;} = {m = m;}) hasthefol-
lowing properties:

(&) The (random) model and mode have the same mean:

E[m] = E[s].

(b) The modeling error is orthogona to model: E[m(s —
m)'] = 0.

(c) E[ms'] = E[sm'] = E[mm/] and thus E[m's] =

E[s'm] = E[m'/m], meaning that cross power of the
mode and model is equal to the power of the model.

(d) E[(s — m)(s — m)'] = E[ss'] — E[mm/] and thus
E[(s —m)'(s — m)] = E[s's] — E[m'm], meaning
that minimum M SE is the power of the mode minus
the power of the (optimal) model.

() E[s(s—m)'] = E[(s—m)(s —m)'] andthus E[s' (s —
m)] = E[(s —m)'(s —m)] .



Remarks. (a) It follows from Theorem 6.1 that given
a partition of the mode space, a model set that covers S;
by m; = E[s|s € S;] exclusively is optimal in the sense of
minimizing M SE matrix E[(s—m)(s—m)'] and thusmini-
mizing MSE scalar E[(s —m)'(s —m)]. (b) Property (b) is
actually orthogonality principle for optimal linear estima-
tion. The model m as an estimator of mode s appearsto be
not necessarily linear, but it turns out to be linear under the
stated assumption [see proof of (b)].

7 Moment-Matching Design

In some practical situations, some moments, but not the
complete distribution, of the true mode s are known. In
some other situations, we do not have a good knowledge of
a proper tolerance |Fs(z) — Fy,(z)| < €, but only want to
match the moments of m to the known moments of s.

Given up to the gth moments of s, we want to find a
discrete random variable m (i.e., the number and locations
of points m; with the associate probability mass p;) such
that

Em"|=E[s"], n=1,...,q

Several questionsarise immediately. For example, what
is the minimum number of models such that up to the gth
moments of s and m are matched? How to design the cor-
responding pmf (locationsm ; and probability masses p;) of
m? Given the number of models| M |, how to design pmf of
m that matches as many as possible the lowest moments of
s? For simplicity, wewill consider only matching mean and
covariancein this section since it is the common practice.

Let the pmf of m be

pi = {m=mymeM} >0,

Vi € J:{].,,|M|}, M:{ml,,m‘m}

Then, the mean and covariance of m are

m = Zmipi; Cm = Z(mz —m)(m; —m)'p;

ieJ i€J

7.1 Minimum Model-Set Design

The following theorem answers the first question above
forqg = 2.

Theorem 7.1(Minimum models). The minimum num-
ber of models needed for m to match the mean s and co-
variance C; of thetruemode s isrank of C'; plusone: min-
imum number of models = rank(C's) + 1.

Now consider the problem of design {m},p;,i € J}
such that

Yopi=1, > mipi=s,
= =

> (m; - 5)(m; - 3)'pi = C, ®

ieJ

In fact, we only need to design {m;, p;, i € J} such that

Zpi =1, Zmipi =0, Zmim;’pi =Inxn (9)

ieJ i€J i€J

wheren = rank(C). All designs presented below are for
this standard problem. Given a problem with known mean
5 and covariance C, the design {m;,p;,i € J} can be
convertedtodesign {m},p;,i € J} bym} = A[m}, 0]'+5,
which satisfies (8), where C's; = Adiag(I,,xn,0)A".

Theorem 7.2 (Minimal-set design). The design
{mi,pi ?:-&-01 with

0 < po<1l, py=po, pt=ws=(1-po)/2
my = 0, mi=(1—-po)~"/% my=—(1-py)~"/?
p{; = Do, pZ:pZ_l/Z, i:]-,"'aj,

p§'+1 = (1-po)/2

. . . !

my = 0, mi=|Gni ), (1 -p) M

i !
i=1,...,5, mi,, = [0,—(1 —po)fl/Z]

satisfies (9), wherem; = m?,p; = pi,i =0,1,...
and the superscript denotes dimension of a vector.

Fig. 5 illustrates this design with a minimal model set
forn = 1, 2, and n = 3, respectively. For n = 3, mg
is at the center of the cube, while all other models are on
the surface of the cube; m 4 is at the center of the bottom
square. Note that the coordinates of every model are either
0 or +(1 — po)~*/2. The mean and covariance are matched
by the probability mass: Y27, p! = p/_ ;.

Corollary . Inthisdesign, 0 < py < 1isafreeparame-
ter for usto choose. If we choose pg = 0 (i.e., delete my),
we actually have n + 1 models, which by Theorem 7.1 is
the smallest possible number of modelsto match mean and
covariance.

Remarks. (a) Although the model m is not needed to
match mean and covariance, in practice, such a model lo-
cated at the expected true mode is usualy very beneficial
for MM estimation. (b) Thevalue of p, affects higher order
moments — a greater po implies that the distribution of m
is more concentrated around the mean. (c) This minimal-
set design depends very much on not only the choice of
the coordinate system but also the artificial labeling of each
coordinate (e.g., the locations and the probability masses
of the models would vary if 2, and z3 of Fig. 5(c) were
interchanged). The latter dependence is entirely artificial
and is better eliminated, while the former dependence is
inevitable because the coordinate directions (after transfor-
mation from m* to m) are actually eigenvector directions.

Minimal-set designs are not unique. Fig. 6 illustrates
another simple minimal-set design in the 3D case. Its
extension to a higher dimension is straightforward. In

,n+1,
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Fig. 5: Illustration of a minimal-set design.

this design, a model with probability mass p is placed on
each positive semi-axis of equal distance o from the origin
(i.e., m; = «ae;, Vi, wheree; = [le(i,l), l,le(n,i)]l
is the ith coordinate vector); the last model is mp4+1 =
Bl—1,—-1,...,—1]" with probability mass q. It is clear that
the mean and covariancearem = 0 and C',,, = L,xp if
q=panda =3 =1/,/p. Asfor the design of Fig. 5, if
desirable, an additional model may be placed at the origin
with probability po without affecting mean and covariance.
Thenp=(1—po)/(n+1).InSec. 7.3, ¢ #panda #
are chosen to obtain a minimal set with an equal distance
between models.

The minimal-set design of Fig. 5 has attractive fea
tures that the model locations and probability mass are de-
termined recursively as dimension increases and that all
self skewnesses are equal to zero in the design of Fig. 5:

E{[m(j) - 5()I} = 0,¥j < n.

7.2 Symmetric Model-Set Design

All the above minimal-set designs clearly have an
asymmetrical distribution spatially and possibly probabilis-
tically. For many applications in practice, it is appealing
that the models are symmetrically distributed and invariant
to the artificia labeling of coordinates. For this reason, we
present the following theorem.

mi €1

Fig. 6: Illustration of another minimal-set design.

Theorem 7.3(Minimal symmetric-set design). The de-
sign {m;, p; } 72, with the following symmetric distribution

po<1l, pi=(1-p)/(2n), i=1,...,2n
n .
Oami:_mn—i-i:ei”l_—po, t1=1,...,n

satisfies (9), where e; = [01,(i—1),1,01x(n—sp]" istheith
coordinate vector.

As for the design of Theorem 7.1, 0 < pg < lisa
free parameter for us to choose whose value affects higher-
order moments. If we choose po = 0 (i.e., delete my), we
actually have 2n models. In practice, however, the use of
model m isusually very beneficial for MM estimation.

Fig. 7(a) illustrates this symmetric-set design for n = 3,
wheremy isat the center of the cube, while all other models
are at the center of a boundary square of the cube. Note
that if mg is not used, all models are located symmetrically
on an axis (representing an eigenvector direction) with an
equal distance from the origin; thus, the mean is matched
provided an equal probability massisassignedto all models
and the covarianceis matched by such a specia assignment
that all models on each axis have atotal contribution of 1 to
the covariance.

In this design, there are only two models along each
axis direction, excluding mq. In many applications, more
models are needed for an MM estimator to perform well.
Therefore, we present the following extension of Theorem
7.3.

Theorem 7.4 (Symmetric-set design). The design
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Fig. 7: lllustration of a symmetric-set design.

{m;, pZ}an with the following symmetric distribution

0 S po < 17
Pa(j—1)nti = Pj-tynti = (1 —po)/(Zaijn)
i:l,,_,,n, ]:1,,k
- 0. m - —e ajn
0 » M2(j—1)ni (25—1)n+i N1=py’

i=1,...,n, j=1,....k
satisfies (9), where o, > ap—1 > -+ > a3 > 0 and
B; > 0 satisfy

k k

1 1
— =1, =1
Zﬂ ]Z:;ajﬂj

j=1

.

A simple and meaningful choicefor a; and 3; is

aj:jala Bj:k, ]Zla,k
whichyidds a; = 3/4, ay = 3/2fork = 2, and a; =
11/18, ay = 22/18, a3 = 33/18 for k = 3. Fig. 7(b)
illustrates this symmetric-set designforn = 2 and k£ = 2.
A possible drawback of this symmetric design is that
the models are distributed highly unevenly in space, abeit
symmetrically. We now present a design that is much more
evenly distributed. This can be accomplished by rotating
Models my(j_1yn+i and moj_1yn4; for j > 2 such that
they are more evenly distributed. We only consider n = 2

and £ = 4 with ay = a3, asshownin Fig. 8. It can be
extended to the general case.

Let
ei = e = (e; +ez+1)/\f e = (e} +¢})/V2,
e;'l = ( z+1 —|—€ )/\/_ e2+z _eg

fori = 1,2and j = 1,2,3,4. Note first that a key to the

Fig. 8: lllustration of a more evenly distributed model-set design.

design of Theorem 7.4 is

k
1
COV Zdlag O(z 1)x(i—1 ,Zﬁ_ O(n i) X (n—1t)
j=1

i=1

1 &
=1) g =2 glen el
j=1 73 =17
k k
1 1
— Zﬁel, 7ZFen
j=1"1J j=1"17
Similarly, we may use
k 1 k
covim) = [y —el,...,> —el
j=1 Bi j=1 Bi

In our simple case withn = 2 and k = 4, it becomes

ep e el € e €& € €
+ =+ =+ + =+ =+
By By By By B By By B

We may choose

1 2 3 4 1 2 3 4:|

cov(m) = [

o] = 13/18, Qp = 20[1, gy = Q3 :Sal,ﬂj :4,

j=1,....4
0<po <1, ps—1)+i = P2r2j—1)+i = (1 —po)/(16a;)
i=1,2, j=1,....4

Note, however, that while this design has zero mean, its
covarianceis no longer equal to the identity matrix.

7.3 Equal-Distance Model-Set Design

The above symmetric-set designs do not have an even
model distributionin space. In practice, it is sometimes de-
sirable to have a set of models that are evenly distributed.



Fig. 9: Illustration of a diamond model-set design.

For instance, this may be the case when each model is con-
sidered to be able to cover aregion of the same size.

Diamond set For this purpose, consider the diamond-
set design illustrated in Fig. 9 for the 2D case. Note that
the set of models on the whole diamond consists of hexag-
onal layers of models: 1 at the center (Oth layer), 6 on the
first layer (i.e., those on the unit circle), 12 on the second
layer (6 of them are on the circle of radius 2), 18 on the
third layer (6 of them are on the circle of radius 3), and so
on. Alternatively, the model set may also be viewed as con-
sisting of even finer (circle) layers of models. Models on
each layer have equal distancefromtheorigin (i.e.,, areona
circle of radius 0,1, v/3,2,v7, 3,23, v/13,4, and so on,
respectively). In general (the sguare of) the radii of these
circles are given by

w2 [ (V3/2)2 + (33)° iodd, 1<) < 5t
Y (iv3/2)° + (j—1)* ieven, 1<j<i+1
where the double subscript 75 stands for the jth circle that

passes through the models on the ith hexagonal layer, for
example:

3 (1V3/2)% + (1/2)* =1
r2 (2v3/2)% + 0% = 3,

3 (2V3/2)* +12 =2
o= (V32 +(1/2)° =7,
ri = (3V3/2)° +(3/2)* =3
ri = (4/3/2)2 +0% =12,
2, (4v/3/2)* + 1% =13,
iy = (4V3/2)7 +2° =4

Clearly, this diamond set is symmetric and has equal
distance between any two adjacent models. Furthermore,
the following theorem states that this diamond-set design
can aso be used to match arbitrarily given mean and co-
variance of the mode by simply assigning each model on
the same (hexagonal or circle) layer equal probability.

Theorem 7.5 (Diamond-set design). Consider a
diamond-set design as illustrated in Fig. 9. Assign each

model on the ith (hexagonal or circle) layer an equal prob-
ability p, such that al probability masses sum up to unity.
Let the total contribution to the covariance from the models
on the [th layer be C;. Then this diamond-set design satis-
fies(9) if Y1, C; = I, where k isthe number of layers.

Remark. In particular, p; and C; can be chosen so that
C; = C, = I/k and every model has the same probability
or the total probability mass of models on different layers
areequal.

The simplest possible diamond-set design (with one at
the center and six on the first layer) was implemented in
[19] for an example of maneuvering target tracking using
MM agorithms.

There are many equal-distance sets. In 3D for example,
the well-known regular tetrahedron, cube, regular octahe-
dron, regular dodecahedron, and regular icosahedron each
leads to an equal-distance set design by placing a model at
every vertex. However, the above diamond-set designiis, on
top of its regularity, attractive for several other nice proper-
ties, such as the ease for design (as stated in Theorem 7.5)
and its economy in the sense of using a small number of
models to cover alarge region.

In reality, each model is effective only over afinite re-
gion. Call this region the effective coverage region of the
model. Two natural questions are: Given the mode space
S and the effective coverage region R,, of each model,
what is the minimum number of models needed and where
should the models be placed? Clearly, a lower bound on
the number of models needed is | M| > Vs/V,,, where Vg
and V,,, are the volumes of S and R,,, respectively. As
sumethat S and R,,, are (n-dimensional) balls of radii rg
and r,,,, respectively. Consider a diamond set in which for
every diamond cell, each cell vertex to the cell centerisr,,.
Then every point in the inscribed ball B of the union of all
models' R, is covered by at least one R,,,. It appears that
this diamond set covers B using model coverage regions
with the smallest number of modelsin general.

More generally, the diamond set has a small Hausdorff
distance to the mode space rel ative to other (equal-distance)
sets of the same number of models (vertices). For two (fi-
nite) sets A and B with a distance metric d(z,y), v € A
and y € B, the Hausdorff distance between A and B
is defined as d(A, B) = max{p(4,B),p(B,A)}, where
p(A,B) = sup,c,inf,cpd(z,y). Note that the use of
Hausdorff distance here — which corresponds to the worst
case in distance between model and mode — is more rea-
sonable than the more popular distance between two sets:
d(A,B) = inf,ca,yepd(z,y) (Which corresponds to the
best case and is often zero for model-set design).

Equal-distance minimal-set design The diamond set
has many nice features, but it is not aminimal set. A min-
imal set with equal distance between models can be ob-
tained by the minimal-set design of Fig. 6 with a special
choice of {p, q, a, 8} such that al models are separated by



an equal distance. Clearly, mq,...,m, have an equa dis-
tance of v/2a. So, we need only to place m.,,; in aplace
such that its distance to every model in {m1,...,m,} is
v2a. Specifically, choose the set {p, ¢, o, 3} of nonnega-
tive numbersto satisfy

np+q+po = 1 (unity probability)
ap — Bq 0 (zero mean)
o’p+ % = 1 (identity covariance)

(a+B)2+p*n—-1) = 2a*> (equa distance)
(the last equation above follows from setting ||m; —

Mui1l|? = [lmi — myl|?, Vi, j < n), whichyields

¢ = 1 —po p:q+po—1
/n 17 n ’

1 8 p
VrA+p/a) q

Then, the design of Fig. 6 has a minimal set that satisfies
(9) and has equal distance between models. As such, this
design places a model at each vertex of a convex (n + 1)-
hedron with equal edge length /2« (e.g., an equilateral tri-
angle in 2D and a regular tetrahedron in 3D). Note, how-
ever, that m,41 is closer to the origin than m; (i < n)
(i.e., the polyhedron is not centered at the origin) because
M1 = O[> = nB? < a® = ||m; — 0|2,

8 Model Efficacy

Each model has a certain relative effective coverage re-
gion of the true mode within the model set in use. In this
section, we introduce the concept of relative efficacy of
the coverage of a model, along with its quantitative mea-
sures. Specifically, we introduce a window function w ;(s)
to quantify the efficacy of model m; in covering the true
mode s relative to other modelsin the set. The larger the
w;(s) is, the more effective (i.e., perform better) the model
m; is (relative to other models in the set) given s. Knowl-
edge about such relative efficacy isquite useful in model -set
design.

The prior (unconditional) model probabilities P{m =
m;|m € M} are used as the initial model probabilitiesin
an MM agorithm. We would like to determine these prob-
ability from a probabilistic description (pdf or pmf) of the
true mode s given the model set M. Thisis essentially a
problem of how to define the pmf of a discrete random vari-
able with a given sample space so that it best approximate
agiven random variable with alarger sample space. To our
knowledge, however, there is no generally acceptable solu-
tion to this problem, although the theoretical results of Secs.
5, 6, and 7 areindeed applicable. Asaby-product, the prior
model probabilities P{m = m;|m € M} can be obtained
from the relative efficacy.

8.1 Probability-Based Efficacy

Givenamodel set M = {m1,ms,...,my}, the cor-
responding pmf can be determined using the above window
function w;(s):

P{m =m;lm e M} = /Swi(s)f(s)ds (10)

where w;(s) arein general functionsof my,mo, ..
and satisfy

.,m|M‘

| M| | M|

1= ZP{m =mlm € M} = Z/Swz(s)f(s)ds

which is guaranteed by the following requirements:

(11)
i=1

Vs € S,i=1,...,|M]

Additionally, it is desirable to have w;(m;) =
sup,cg w;(s), except possibly for the models on the

boundary. Fig. 10 depicts such a family of window
functions.
1 T
-3
0.9 — 0 |
--3
0.8r
0.7r
0.6
0.5
0.4r-
0.3F
0.2
0.1
o ‘
e — 3 4 5
Fig. 10: Relative efficacy w;(s) of each model in set

M = {0,£3°/s}.

By Bayes' rule, we have the following conditional pdf

_ oy f(s)wi(s)
f(slm =m;) = T F)wi()ds’ Vs €S
Thisleads to, dropping conditioningonm € M,
1
P{m = m;|s} 1) (s|m = m;)P{m = m;}
= w(s) (12)

This result also follows from (10) and the fact

P{m=m;lm e M} = / P{m =m;|s,m € M}f(s)ds
S



It is thus seen that the relative efficacy of the coverage by
model m; given the true mode s [i.e., the window function
w;(s)] can be defined to be equal to the probability of model
m; (inthemodel set) given s. Also, it followsfrom (10) that
the initial probability P{m = m;|m € M} isthenin fact
the average (expected) efficacy of the coverage by model
m; relative to other modelsin the set.

This equation also makes it explicit that the initial
model probabilities depend on the distribution of the true
mode.

8.2 Test-Based Efficacy

Alternatively, relative efficacy of model coverage can be
defined based on hypothesis testing as follows. Consider
testing (optimally)

Hi:m=my Vs VS. H|M‘ 1mo=my (13)
using all available data z(s), which is afunction of the true
mode s. For agiven s, the probability that H ; isnot rejected
by an (optimal) test istaken to be therelative efficacy of m ;.

More precisely,
w;(s) = P{H; not rejected|s}/L

where L is the number of hypotheses that are not rejected
at the end of thetest, and

hypothesis in al cases (e.g., when two models are lo-
cated symmetrical about the true mode). Second, w;(s)
is quite small for most values of s € S. This means that
P{reject H;|s} > P{accept H;|s} for most s € S and
thus the former definition is superior in terms of efficiency
and accuracy if a sequentia test is used since P{H; not
rejected|s} = 1 — P{H, rejected|s} # P{accept H;|s}.

Therationaefor division of L in (14) is that we do not
rank the hypotheses that are not rejected at the end of the
test using finite samples and thus we may think they are
equally likely to be true. Alternatively, we may perform
atest among the hypotheses not rejected. The drawback is
that the results of such atest tendsto be not reliable.

Note that the model efficacy so defined also has the
properties of (11).

8.3 Determination of Model Efficacy

We will use wf (s) and w! (s) to denote probability-
based and test-based model efficacies, respectively. Clearly,
the above definitions of model efficacy are valid for vector-
valued s. They arein fact also applicableto the cases where
s is not defined over a metric space. In these cases, the
model efficacies w;(s) for different s are simply a set of
unordered (isolated) probabilities.

The test-based model efficacy w7 (s) can be computed
as follows. For each given value of s, generate N sam-
ples of the corresponding data z by randomly generating

P{H; not rejected|s} 2 E[P{H; not rejected|z(s) }|s]process and measurement noise; for each sample of data z,

— /P{Hi not rejected|z(s) } f(z]s)dz

where P{H; not rejected|z(s)} is the probability that H;
is not rejected given data z(s). In practice, the probabil-
ity P{H; not rejected|s} is approximated by relative fre-
guency. Even more precisely, we define

wi(s) = / ﬁp{ﬂi not rejected|z(s)} £ (z|s)dz (14)
because the number L of hypotheses not rejected at the end
of the test actually depends on the observation z.
Note that although theoretically equivalent, we do not
define
w;(s) = P{accept H;|s}

mainly for implementation considerations. First, compared
with a test of a fixed sample size, a sequentia test, such
as those proposed in [15], appears more appropriate for
severa reasons, for example: (a) superiority in efficiency,
(b) symmetry in the roles the decision errors played?, and
(c) ease at determining (approximate) decision thresholds.
However, a sequential test will not necessarily accept a

2E g., for abinary test, type | and type |1 errors are symmetric in some
sequential tests and Bayes tests, but not in Neyman-Pearson type tests.
However, it is often too subjective in assigning cost associated with a de-
cision error in a Bayes test.

run a sequential procedure (e.g., those of [15]) to test hy-
potheses (13); finally, w? (s) is computed by (14) using, for
i=1,...,|M]|,

N
1

wi () ® ; 1i;/L; (15)
where L; is the number of hypotheses not rejected at the
end of thetest inthe jthrun,and 1, ; = 0 if H; isrejected
in the jth run and 1 otherwise. Note that s is fixed for all
times when generating z. The error probability (commonto
al hypotheses) used in the test can be viewed as the error
probability (or 1— confidence) of the model efficacy.

We now consider the determination of the probability-
based model efficacy. Note first that

wP(s) = P{m=m;|s,m e M}
E[P{m =m;|z,s,m € M}|s]
E[P{m = m;|z(s),m € M}|s]

= [ Plm=milas),m € M}fClo)iz

This provides a theoretical basis for the following gen-
eral method of obtaining the relative efficacy (i.e., win-
dow function) w;(s) via Monte-Carlo simulation: For ev-
ery fixed true mode s, generate a random sample of mea-
surement zq,...,zy to compute the model probabilities



P{m = m;|zjm € M},j = 1,...,N using model set
M = {my,ma,...,my} withtheinitial model probabil-
ities given by (10). Then, we have

N
1
wr (s) ~ N ZP{m =m;|zj,m € M}
j=1

I flm=m)
= NZWP{m—mAmEM}(lG)

where f(z;lm = m;) is the mode m; likelihood. Note,
however, that w;(s) so determined depends on the initia
mode! probabilities P{m = m;|m € M}, whose computa-
tion by (10) presumes knowledge of w;(s). In view of this,
to be more accurate, an iteration can be used: Oncew;(s) is
obtained as above, theinitial model probabilitiesis updated
by the use of (10) via numerical integration; then w;(s) is
updated again and the processis repeated. This process can
be started with some set of initial model probabilities, such
as the one given below using a rectangular window. For-
tunately, it is our experience that the model efficacy is not
sensitive to the initial model probabilities because the like-
lihoods dominate.

We emphasize that all z in the above determination of
w} (s) and w! (s) are observations at a fixed time (i.e., not
time sequences) at which s is the true mode of the system
in effect. If time sequences of observations z* are used, the
procedure would lead to w! (s*) and wf (s*), which are
not addressed in this paper even if s* is only a sequence of
constant s.

For process (state or signal) estimation, the above re-
sultsstill hold for the case where s, and m, are not allowed
to vary because

w;i(sk—1) P{mg_1 =m;|sg_1,mp_1 € My_1}
= P{mk = mi|sk,mk S Mk}

= wi(sk)

Note, however, that w; (s = a) # wi(s*)|ssZ(a,a,....a)- IN
the case where s or m;, may vary, the (marginal) model
efficacy isactualy afunction of time k:

1) —

P{my, = my|s",

1 N
N 2 Pme
i=1

wi(sk|sk7 my € Mk}

X

= mi|z]]-“,mk € My}

where P{m = mi|z]’-“,m € M} are the model m; proba-
bilities at time £ obtained in an AMM estimator given the
jth measurement sequence z ]’“ s; and m, stand for thetrue
mode and model in effect at time k and s* and z* denote
the true mode and measurement sequences through time
k. Note that w;(sg|s*~!) depends on the past true mode

"1 in that 2} is generated by a fixed s*~! but varying

sk. Thistime-varying efficacy has the following backward
recursion:

wj (sk_1]s* )

= P{myj_1 =m;|s" 1 my_1 € My_1}

= Z P{mg_1 = mj|my
m; €My
sP=E mp_1 € My_1}P{my, = my|s"™' my € My}

= my,

= Z P{mk 1= mJ|mk m;, s k 7mk71 € Mkfl}
m; € My,
/f sk|s sk|s YYdsy,

where the last equation above follows from a time-varying
version of (10); f(sx|s*~!) is the pdf of s, conditioned
on s*~1, which governs the transition of the true mode;
and P{my—1 = mjlmy = m;,s* " mp_1 € Mj_1}is
the (backward) transition probability of model m ; to model
m; given true mode sequence s* 1. Given these transition
probabilities and pdf, the time-varying relative efficacy of
each model w;(sx|s*~1) can be computed at least in prin-
ciple backward in time.

8.4 Simple Windows

One of the simplest classes of windows in the scalar
case consists of rectangular windows, assuming m; are ar-
ranged in an increasing order,

1[s; (=00, (m1 +m2)/2]] i=1
wi(s) = q 1s; ((myar—1 +myar))/2,00)] i = [M]
1[s; Misitmi mitmic] otherwise
(17)
where 1[z; R] is the indicator function, defined by
1 r€ER
1(z; R) = { 0 T ¢ R

These rectangular windows amount to assuming the follow-
ing coverageregions .S; of models m;:

Si1 = {s:—o0<s< (M +me)/2}
S‘M| = {s:(m‘M|_1 +m|M‘)/2§s<oo}
Si = A{st(mi—1 +my)/2 <s < (my +mip1)/2},

—

LM -1

With these rectangular windows, we clearly have

P{m =m;lm € M} (18)
f(mlerz /2 f( )dS i=1
= S k) 12 f(s)ds i = |M]| (19)

(mi+m; 2 .
f(nr"z 174’:7;1 )/2 f(s)ds otherwise

In particular, if m; are determined by (2), these rectan-
gular windows give the discrete uniform pmf given by (3).



Thisprovidesajustification of the model-set design (2): Its
prior model probabilitiesis (discrete) uniformly distributed
such that the mode space is partitioned into equally proba-
ble regions, each represented by a model.

The above results clearly can be extended to multi-
dimensional cases straightforwardly.

The discrete uniform pmf (3) is widely used in prac-
tice. It isclear from the discussion so far in this paper that
this practiceisjustified only when the modelsm ; are deter-
mined by (2), given a distribution of the true mode.

We may want to use some other simple window func-
tions in practice. Often, w;(s) could be chosen to have a
bell or trapezoidal shape centered at m ;, except for the end
window functions (see results later for an empirical sup-
port). The use of such window functionsincreases the prob-
abilities of themodelslocated at high probability density ar-
eas, as compared with the rectangular windows. Although
this windowing technique does resemble those or the de-
sign of digital FIR filters or spectral estimators, it should be
noted that awindow is chosen here to quantify the efficacy
of amodel. This differsvastly from the underlying criteria
there.

If the model set M = {my,ma,...,mp} IS quite
dense (i.e,, model separation is small), the model proba-
bilities can be computed approximately by

P{m:ml|m € M} :fs(mi)/Dv D= Zfs(mz)

(3

that is, the model probabilities are proportional to the pdf
values. This follows from (19) as the model separation
approaches zero.

9 Criteria and Measures for Model-

fact that MM estimation is usualy used for (i) base-state
estimation, (ii) mode identification, (iii) mode estimation,
which amounts to soft identification of the mode, and/or
(iv) hybrid estimation (i.e., simultaneous base-state/mode
estimation and identification).

In practice, the size of a model set, that is, the number
of modelsin the set, is of amajor concern. Also, the more
cluster-likethe model set is, the better usually. Thisis, how-
ever, considered at most indirectly in most of the following
measures and criteria.

The criteriaand measures are presented below inaform
that is not conditioned on data, which is applicable directly
to an offlinedesign. For an online model-set design or adap-
tation, their data-conditioned versions may be used.

9.1 For Base-State Estimation

A model m; is said to match a mode better (or be a bet-
ter representation of a mode) than model m ; if its model-
based optimal estimator is a better estimator of the base
state of the hybrid system given the system mode. A model
set A is said to be better for base-state estimation than set
B at agiventimeif

(20)

llo = &all* < llz — &5

where z is the base state; 4 and g are the (optimal) es-
timators based on sets A and B, respectively. For a given
modes, ||z —2al|?> = E[(x—24) (x—%4)|A, s], where E
is over both 2 and measurement z at thetime. Inthe case of
anunknownmodes, ||[z—2 4l|? = E[(x—%4) (z—2 4)|A],
where E isover z, z,and s. A model set A may be deemed
uniformly better than set B if (20) holds uniformly with re-
spect to time. Note that, in genera, there is no uniformly
optimal model set if the exact set of al possible system

Set Comparison, Choice, and De-modes (more rigorously, the exact digraph with the exact

sign

Inthissection, it isassumed that the mode spaceis actu-
ally aregion (not necessarily a subspace) in a metric space
in which the distance measure / E[()'(+)], denoted by || - ||,
is defined, where the expectation may be conditional; each
model is apoint in this metric space; and amodel set M is
a discrete set of models (modal points). Note that in gen-
eral M need not be a subset of S since a model may be a
simplified representation of a mode?®.

Since model sets differ from the mode space, the su-
periority of one model set to another one should be prop-
erly defined. The appropriateness of a definition should be
judged by the ultimate goal of the MM estimation for the
particular application. In other words, a variety of criteria
and measures is reasonable; which one is more appropriate
depends on what the ultimate goal is. The following mea-
sures and optimality criteria are introduced in view of the

3In some cases a model may correspond to a point in the metric space
outside S.

transitions) is not known perfectly. That is part of the rea
son why a variable-structure algorithm may be superior to
afixed-structure a gorithm.

It is sometimes more tractable to replace = in (20) with
some optimal estimator of x, such as the following:

lis — &all” < |l2s — &5l (21)
where i g isthe optimal base-state estimatobased on the
mode space S = S, (more precisely, D = D, the digraph
used isthe exact total digraph with the exact transitions that
correspondsto S [18]), that is

&g = arginf ||z — & p]?
T nM

and||zs — 2m||? = El(2s —2m) (25 — Zar)| M, S]. Such
a definition was used in [18] to obtain a circular criterion
for comparison of two model-sets: Set B is better than set
Aifandonly if z g fallsinto acircle determined by & s and
T4, A, and B. An example of model-set choice using this
criterion is given later.



Definitions based on other estimation criteria (e.g.,
maximum likelihood, maximum a posteriori or some other
Bayesian costs) are also possible, but the above definition
of || - ||* should be replaced by an appropriate one.

The above definitions are reasonable if the main pur-
pose of the application is to obtain a base-state estimator
that is as accurate as possible, which is often the case. It is,
however, not convenient for some other purposes, such as
mode identification, modal-state estimation and for model-
set choice by hypothesistesting. For thisreason, the follow-
ing definitions are introduced, which are not entirely equiv-
alent to the above.

9.2 For Mode Estimation

A model m. is said to be closest to a mode s if their
distance squared ||s — m.||? isthe shortest among the set of
models under consideration.

Given a collection of model sets not necessarily dis-
joint, the one with a model that is closest to a given mode
could be deemed the best model set for that mode. With
this definition, however,

e |t isquitelikely that two (or more) model sets have
the best model for the mode and thus are both deemed
the best. If this is indeed the case, the set with a
higher correct-model probability (defined later) may
be deemed better. Thisis still not good enough for
many applications since the individual effects of the
other models in the set are not accounted for, which
may beimportant, especially when the correct-model
probabilities for both sets are low.

e It isimpossible that M is better than M, if M, is
a subset of M,. Thisis not good since it does not
encourage the use of a smaller but good model set,
which isimportant in practice.

The following definition does not suffer from these two
drawbacks: In afamily of model sets M, the set M * with
the smallest average modal distance squared between its
models and the true mode is deemed the best, that is,

lIs — mllhen ses = i ls — e ses (22
The mean modal distance squared of a model set M to a
(random) mode s is defined by (4) as (dropping condition-
ingons € Sandm € M)

Is = ml[* = E[(s —m)'(s — m)]
E[E[(s —m)'(s —m)|s]]

(23)

E Z (s —my) (s — mi) P{m = m;|s}|24)
m;EM

Sec. 6 presents a method for model-set design that is partic-
ularly suitable for this measure. An example of model-set

design by minimizing this average modal distance squared
isgiven later.

For performanceevaluation, it is more convenient to use
the following equivaent formula

Is = ml[* = E[E[(s — m)'(s — m)|z,m]]

/ Z (s —my) (s — mi) P{m = m;|z} f(z|s)dz

m; EM

=F

where z is measurement and the expectation is over s,
and thus depends on the probability distribution of s. Its
finite-sample approximation, called average modal dis-
tance squared, can be computed via Monte Carlo simula-
tion over L samples of truemode s,, € S, n =1,...,L,
each with V samples of measurement z,,;, j = 1,..., N:

Is —m||*

1 L N
N 2D D (s = mi) (s = mo) Pim = milz)

n=1j=1 m;eEM
(29)

where P{m = m;|z,;,m € M} is the posterior model
probability, as obtained in an MM algorithm.

Alternatively, amodel set M * is said to induce the op-
timal mode estimator in a family of model sets M if its
optimal estimator providesthe most accurate mode estima-
tion in the sense of having the smallest mean-square error:

— a2 = mi a2
Is = ar-|” = min s = dar| (26)
The mode estimate using model-set M is defined by
Sm = E[s|s € M,z]
= Z m;P{s =m;|ls € M,z}  (27)
m; EM

where z depends on the true mode s to be estimated and
the posterior model probability P{s = m;|s € M,z} is
available from an MM estimator using model set M. Here
lIs = 8mlI> = E[(s — 5m)'(s — 5m)|s € S], where the
expectation is over both s and z. A finite-sample approx-
imation, called average mode estimation error squared
is the following based on Monte Carlo simulation over L

samples of truemode s; € S,i = 1,..., L, each with NV
samples of measurement z;5,j =1,..., N:
1 N
lls = 8]* = NI DD (si—8i) (s — 8i)  (28)
i=1 j=1

where 3;; is the mode estimate (27) of s; from the MM
estimator using measurement z;;.

Note that the replacement of the distance squared in
(22) with the distance may lead to a different conclusion,



but the conclusion based on (26) is invariant with respect to
such areplacement.

It may be inconvenient, difficult, or impossible to de-
fine ||s — m;||>, modal distance, or mode estimation error
reasonably for some practical problemsif different models
are characterized by different quantities, rather than differ-
ent values of the same quantity. Mapping of s and m onto
the same space will work only if the mappings are distance
preservative.

Notethat the best possible modeestimate §g = E|s|s €
S,z] = [gsdF(s|s € S, z) isusually infeasible because S
is usually either too large or unknown; otherwise we may
choose M = S.

(25) and (28) have been used in a number of publica-
tions [22, 21, 20] for performance evaluation with deter-
ministic scenarios (with N = 1) and random scenarios
(with L = 1).

Definitions based on other estimation criteria (e.g., ML
or MAP) are also possible, which are, however, usually less
convenient.

9.3 For Mode ldentification

In the sequel, whenever a set M is given, it isimplic-
itly assumed that its model probabilities P{m = m;|m €
M},VYm; € M, are aso given by the optimal estimator
based on set M.

A model m,, is said to be a most probable one in the
set M if its probability isthe largest in the set:

P{m=myme M} = nrlr_l;g%/[P{m: m;|lm € M}

(29)
Note that it is possible that more than one model may be
most probable or closest to the mode since m € M isas
sumed for afinite M. Given amodel set M, the probability
P{m = m.m € M} may be caled the correct-model
probability of the set, where m. is the model (in the set)
closest to the mode s (defined in Sec. 9.2 or Sec. 9.6). Sim-
ilarly, 1 — P{m = m.|m € M} may bereferred to as the
incorrect-model probability.

A comparison of two MM estimators using the same
model set can also be made based on the probabilities of
correct, incorrect, and no mode identification. These mode
identification events are defined as follows:

e Correct mode identification (CID): The model
closest to the true mode has the highest probability
and the ratios of its probability to the other model
probabilitiesall exceed athreshold for mode identifi-
cation.

e Incorrect mode identification (1ID) : A model not
closest to the true mode has the highest probability
and the ratios of its probability to the other model
probabilities al exceed the threshold.

e No mode identification (NID): Theratio of the high-
est model probability to the second highest model
probability does not exceed the threshold.

A simplified version is the following.

e Correct mode identification (CID): The model clos-
est to the true mode has the highest probability that
exceeds athreshold (say 0.5).

e Incorrect mode identification (11D): The model with
the highest probability that exceeds the threshold is
not the one closest to the true mode.

e No mode identification (NID): No model has a prob-
ability abovethe threshold.

For MM estimators, the one with the highest ratio of
CID/IID, under the (approximately) same level of NID,
may be deemed the best, where the same NID may be
achieved by adjusting the identification threshold of each
estimator. It should be emphasized that such a comparison
is meaningful only for MM estimators using the same (to-
tal) model set because the relation of the model set to the
mode space is not accounted for. For example, it is almost
always the case that a 2-model MM estimator has better
CID, IID, and NID than a 100-model MM estimator for the
same problem because these percentages do not consider
how fine the mode space is quantized by the model set.

All the criteria and measures defined in Secs. 9.2 and
9.3, including their extensions and variants for problems
in a particular application area, have been adopted in the
evaluation of variable-structure MM agorithmsin [22, 21,
32] for a comparison with the fixed-structure algorithms.

9.4 For Hybrid State Estimation

A model set A issaid to be better than set B for agiven
mode if

1€ = Eall® < [I€ — EI° (30)
or (not equivalently)
1€s — Eall” < ll€s — €l (31)

where ¢ = (z, s) is the hybrid state of the hybrid system;
£s, €4, and £ are the (optimal) estimators based on the
optimal set S = S, set A, and set B, respectively. This
definition appearsto be good theoreticaly. It has, however,
amajor difficulty: It is not easy to define the measure || - ||
reasonably for the hybrid state in many situations.

It is also possible to define a Bayesian risk (cost) func-
tion and then the model (or model set) based on which the
optimal estimator minimizes the function may be deemed
the optimal.



9.5 Probabilistic Measures for Model-Set
Comparison and Choice

A definition based on a pure probabilistic metric is the
following: Set M7 ismore probablethan set M, if

P{m € My|m € M} > P{m € Mslm € M}

where M; and M, are subsets of M. It, however, aso
suffers from the second drawback mentioned in Sec. 9.2.
Most probability-based definitions have a common short-
coming: The probability depends significantly on the event
{m € M}, namely, the choice (assumption) of the to-
tal model set M if M # S. One may consider replac-
ing M with the mode space S. However, it may be dif-
ficult or infeasible to calculate the associated probability
P{s € Ms|s € S} for most practical problems, while the
probabilities P{m € M;|m € M} are available from an
MM agorithm using model set M.

It has been shown [18] that the optimal model set M for
the MM approach is M = S and the deterioration worsens
as M and S become more mismatched. Given the same
degree of mismatch, however, the case of missing models
is (somewhat) worse than the case of extra models. With
these effects, given a collection of not necessarily digoint
model sets M+, ..., My, the best model set may be defined
as the one with the smallest number of models among the
model sets with the largest probability of including the true
mode s; that is, the best of A4, ..., My isthe set M; with
the cardinality | M ;| = mingcq |M,|, where

max

P
{s {1,.N}

€ MylseS}= P{s € M;|s € S},
S

Vg € Qc{l,...,N}

9.6

We now present several information measures for
modes, models, and model sets. They are probably most
thorough, fundamental, and general of all measures pro-
posed in this paper.

Kullback-Leibler information number between
mode and model. Compared with measures proposed
above, a more thorough but more abstract measure of the
closeness (or discrepancy) between a model and amodeis
based on some information metrics. The Kullback-Leibler
information number, also known as relative entropy, is
probably the most suitable, which has been applied to such
closely related areas as system identification, model valida-
tion, and performance evaluation [6, 5, 31, 11]. It measures
how close a model is to a mode in terms of information
contained. We provide the following definitions.

Let fs(z) and f,,(z) be the pdfs of a random mode
s and random model m, respectively. Then the Kullback-

Information Measures

Leibler information number is defined by

I(fs; fm) E[logfs(x)_logfm(x)]
Ellog[fs(z)/ fm(x)]]
(

[ros (F55 ) s

Given avalue of a pair of mode s and model m, the corre-
sponding Kullback-Leibler information number can be de-
fined by

I[f(2); fm(2)]

Bllogl+(2)/ fn(2)]
[ o8 (£255) ot

through the likelihood functions of the given, deterministic
mode s and model m, that is, fs(z) and f,,(z), respectively.
More generaly, the Kullback-Leibler information num-
ber between a random mode s and a random model m in
terms of data z can be defined by

I(f.s5 f2m) Ellog[f,s(z, %)/ f2.m(z,7)]]
fz,s(za .’L’)

/log (fzm(z,$)> fz,s(2,x)dzdx
where f. s(z, z) isthejoint pdf of the dataand mode s, and
fzm(z, ) isthejoint pdf of the data z and model m.

While these Kullback-Leibler information numbers are
positive definite, none of them are true metrics (distance
functions) as defined by positive definiteness, symmetry,
and triangle inequality.

With these definitions, we say mode m., is the best
modelin the set M if

I(s;m,) = nrgleijr\bf(s;m)

where I(s;m) = I(f.s; fem)s I[fs(2); fm(2)], or
I(fs; fm), defined above, depending on the case.

For discrete s and m, the above definitions are valid
after replacing the pdfs with the corresponding probability
mass functions.

Information number between models. Similarly, we
define (Jeffreys) information number between two mod-
els m; and m; to measure how close they are in terms of
information contained as

I(m;,mj) = I(mi;my) + I(mj;m;)

where I(m;;m;) = I(s;mj)|s=m; and I(mj;m;) =
I(s;m;)|s=m,;. Thisinformation number is positive defi-
nite and symmetric, but still not atrue metric.

Information distances between models (model sets)
relative to mode distribution. Similarly, we can define
information distances for two models (or model sets)
to measure how close they are, given mode distribution.



Specifically, we define the information distance between
two deterministic models m; and m; given mode distribu-

tion as
<[ (25)]

_ ‘/ (fmJ >f(z,s)dzds

where f,,,(z) is the likelihood function of model m; and
the expectation is over both observation z and mode s. It is
the expected value (over all s) of their information distance
for agiven vaue of s, given by

s(mi,mj) ‘/10 <fm] >f(z|s)dz

We define the information distance between two random
models m; and m; (or essentially equivalently, between
two model sets M; and M, see Sec. 3) as

d(Mi,Mj) = D(mi,mj)

s (7225
/ log (}2 - EZ m;) Fors(2, @) dzda

For models as discrete random variables, replace the den-
sity parts with the corresponding probability mass func-
tions.

It can be easily shown that the information distances so
defined between two models (model sets) are indeed dis-
tance metrics.

d(mi, m]’) =

Mutual information between mode and model.

Closely related with relative entropy is mutual information.
The mutual information between arandom mode and aran-
dom model isthe relative entropy between their joint distri-
bution and their distribution product:

I(s:m) = I(fs,m;fsfm)
e s (7t
= /log (%) f(s,m)dsdm

It measures the dependence between s and m; in other
words, it quantifies information contained in m for predict-
ing s (or the other way round). Similarly, we define the
mutual information between two random models through
their probability mass functions p(m;, m;), p(m;), p(m;)

as
= e (oo )|

= ) log ( m”mj))> p(mg, my)

)p(m;

It measures the dependence between m; and m;;.

I(mi,mj)

10 Model-Set Choice by Hypothesis
Testing

10.1 Formulation of Model-Set Choice as
Hypothesis Testing Problems

Model-set choice particularly suitable for model-set
adaptation has been studied extensively in a general set-
ting based on hypothesistesting in [15] and thus will not be
repeated here.

In this section, we consider only offline model-set
choice problems that are general in nature. A major dif-
ference between the (online) model-set adaptation and the
(offline) model-set design is that a special model set (i.e.,
the current set) is present in the former, but usually not in
the latter.

The following general and representative problems are
considered:

Problem 1. “Which model is the best in a given set?” or
“Select thebest model intheset M = {m1,ma,...,m,}”
Problem 2. “Which of the two model sets M; and M5 is
better?’ or “ Choose one of the two model sets M, and M5."

Problem 3. “Which of the model sets M, ..., My isthe
best?’ or “Choose one of the model sets M, ..., My
Problem 4: “Is any of the model sets M, ..., My better

than the set M7 or “Determine if any of the model sets
M, ..., My isbetter than agiven set M

Clearly, Problems 1 and 2 are special cases of Problem
3.

Solutions of these problems presented below are
adapted from those presented in [15]. Denoting by s the
true mode, Problem 1 can clearly be formulated as the fol-
lowing hypothesis testing problem

Hi :s=miVvs.Hy:s=my ---VS. H,:s=m,

Thisis in genera a multihypothesis testing problem. For
n = 2, it reduces to a binary hypothesis problem, which
can be solved by, e.g., the sequential probability ratio test
(SPRT), the (non-sequential) Neyman-Pearson test, or a
Bayes test. For multihypothesis problems, however, there
isin general no optimal Neyman-Pearson or SPRT-type test
without additional constraints. Several tests proposed in
[15] can be applied to solve this problem, of which the se-
guential ranking test appears most attractive.

Problem 2 can be formulated as the following hypothe-
sistesting problem

Hy:se M, vs. Hy,:s€ M,

Both hypotheses are in general composite, for which there
isin general no optimal test without additional constraints.
What is even worse is that the model sets are quite often
non-digoint. What if the true mode lies in the common part
of the two model sets? Such problems are ailmost never
dealt with in statistics. Nevertheless, the sequential model-
set likelihood (or probability) ratio test proposed in [15]



can be modified to solve this problem fairly satisfactorily,
which is optimal in some meaningful sense.

Problem 3 can be formulated as the following hypothe-
sistesting problem

Hy :seMyvs Hy:s€My ---vS. Hy :s € My

It is a generalization of both Problems 1 and 2. It differs
from Problem 1 in that each hypothesisisin general com-
posite rather than ssimple. Naturally, all difficulties asso-
ciated with either multiple, composite, or non-disioint hy-
pothesis testing problems are present here. Nevertheless,
severa tests proposed in [15] can be modified to solve this
problem, of which the most attractiveis the sequential rank-
ing test.

Problem 4 can be formulated as the following hypothe-
sistesting problem

H:seMvs H :seM; ---VvS. Hy:s€ My

It differs from Problem 3 in that model set M is special.
It also differs from model-set adaptation problems in the
implication of an indecision as well as each hypothesis. A
modified version of the multiple model-set SPRT proposed
in [15] is particularly suitable for this problem.

10.2 Model-Set Probability and Likelihood

Since hypothesistesting is driven by data, offline mode-
set choice by hypothesis testing also requires the use of
data. This can be done using past data or via simulation.
Let z;, betheobservationat timek and z* = (z,.) . <\, bethe
observation sequencethroughtimek. Let 2, = 2z — Zj 51
be the observation residua at time &; that is, the part of z,,
that is unpredictable from the past. It is available from an
MM estimator. Let 2¥ = (2,),<) be the sequence of the
observation residual s through time k.

Since the task is to decide on amodel set, the probabil-
ities and likelihoods of a model set are naturally of major
interest.

The marginal likelihood of amodel-set M ; at time & is
the sum of the predicted probabilities P{m = m;|m €
M;,z¥"1} times the margina likelihoods p[zx|lm =
m;, z¢~1], both for all the modelsin M :

Lijé[Zﬂm € Mj, 2k

= Z plZkim = my, 2" |P{m = m;|m € M;, 2"}
miEM]-

The joint likelihood of the model-set A ; is defined as
Ly, = p[z¥Im € M;]. Notethat asubscript k and asuper-
script k£ are used for quantities at £ and through &, respec-
tively. Thejoint likelihoodratio A* = L%, /L%, of model-
set M, to M, can often* be (approximately) computed as

“4For example, this is exact if log(A*) sequence is arandom walk.

the product of model-set marginal likelihood ratios:

Ak — H Lllyl

Mo
ko<w<k LK

(32)

which simplifies computation greatly, where & is the test
starting time. This is important: The observation sequence
itself is usually not independent; however, the sequence of
marginal likelihood ratios is usualy approximately inde-
pendent since the observation residual sequence is at most
weakly correlated and the likelihood ratio is approximately
Gaussian distributed under some mild conditions [26].

The (posterior) probability that the true mode is in a
model-set M at time k is defined as

u,iwj = P{m € M;|m € My, 2"}

= Y P{m=mimeM, ¥} ()
miEM]-

which is the sum of the probabilities of al modelsin MM,
where M, is the total model-set in effect at time &, which
includes M as a subset and is problem dependent. The
model probability P{m = m;/m € My,z*} for each
model m; is available from an MM estimator.

10.3 Solutions of Hypothesis Testing Prob-
lems for Model-Set Choice

There are two types of hypothesis test: sequential and
non-sequential. Sequential tests are more attractive for
model-set choice than nonsequential tests primarily for the
following reasons; For any given decision error rates, se-
guential tests make decisions only if the evidence is suf-
ficient; they are more efficient — need a smaller sample
size, which does not need to be determined in advance; and
(approximate) thresholds of sequentia tests are easy to de-
termine.

Our proposed hypothesis tests for model-set choice are
based on the following tests, developed in [15] for model-
set adaptation (where My C M, M> C M) and modified
here for offline model-set choice (wherethereis no M).

Theorem 10.1 (MS-SLRT) Mode-set sequential like-
lihood ratio test. For Problem 2 with the following speci-
fications for the expected (weighted sum of) decision error
probabilities

P{H2|m S Ml}
= Z P{H;m = m;}P{m =m;m € M1} <«

m; €My

(34)
P{H1|m € MZ}
m; EMa2

(35)

the following SPRT-based test is uniformly most efficient:



e Choose M; if A* > B
e Choose M, if AF < A

e Use M; U M, and continue to test with more obser-
vationsif A < A¥ < B

where A* isthejoint likelihood ratio, and A and B are
two constants to be determined.

Proof. It follows similarly asthat of Theorem 1in[15].

Remarks.

e Since p[z¥|m € M;] and p[z.|m € M;,z""1] are
nothing but the joint and marginal likelihoods of the
model set M;, the test is actually the SPRT using the
model-set joint likelihood ratio. P{m = m;m €
M, 251} is the predicted probability of mode m ;
in model set M;. The model probabilities and likeli-
hoods are given by an MM estimator.

e |n practice, the following constants A and B can be

used .
A= B B:i
(0%

T 1-a’

(36)

which are exact if L* can only be either in (A, B) or
on the boundary A or B (i.e., there is no overshoot
— excess over the boundaries) and are accurateif the
amount of overshoot is small. In the case there is
overshoot, the test based on the above values of A
and B is (dlightly) more conservative than the opti-
mal one: Itis (dlightly) less efficient than the optimal
one but the error probability specifications are still
satisfied.

e The composite hypothesis testing problem is effec-
tively converted into a simple one with a clear phys-
ica judtification [i.e., the error probabilities (34)—
(35)] by thetechnique of theweight function P{m =
m,|m S Ml}

e SPRT isusualy very efficient in the case where the
type error probability « is not very small eveniif the
truth is in between the two hypotheses.

e A regularity condition for the optimality of this test
isthat the sequence of model-set |og-likelihood ratios
log(A*) isarandom walk.

Theorem 10.2 (MS-SPRT)Mode-set sequential prob-
ability ratio test. With the following specifications for the
expected decision error probabilities

Z P{H>m =m;}P{m=m;} < o  (37)
m; EM1
> P{Hijm=m;}P{m=m;} < B (39

m; E M2

the above model-set sequential likelihood ratio test (The-
orem 1) is uniformly most efficient for Problem 2 if the
joint likelihood ratio A * is replaced by the probability ratio
pk — P{meM|:*}

= P{meM|zF}"

Proof. It follows similarly asthat of Theorem 2in[15].

Remarks.

e Thetest statisticin Theorem 10.1 isthe product of ra-
tios of model-set marginal likelihoods (for the current
and past times), while in Theorem 10.2 it istheratio
of posterior mode-set probabilitiesat the current time
only. This makes sense since a margina likelihood
does not carry historical information, while the pos-
terior probability depends on past as well as current
information.

e Theweight functions P{m = m;|m € M;} usedin
Theorem 10.1 satisfy the normalization requirements
(i.e, sum up to one), but those in Theorem 10.2 do
not. (34)—35) and (37)—(38) are different. The latter
uses the same weight for the two error probabilities
under the same true mode, which seems more rea-
sonable than using different weights asin the former.
This is achieved at the price of losing the normal-
ization property. Their error probabilities are distinct
and thus the corresponding optimal tests are differ-
ent.

e The model-set probability ratio and likelihood ratio
arerelated viathe ratio of prior probabilities:

P{m € M;|z*}
P{m € M,|z*}
plZelm € My, zF 1] P{m € M;|z*"'}
p[2k|m € ]V[Q,Zk_l] P{m € M2|Zk_1}
L P{m € M;}
P{m S Mz}
This relationship can be used to simplify the calcula
tion of P* from A*.

Pt =

In summary, the use of the weight functions P{m =
m;|lm € M;} or P{m = m;} converts the composite hy-
pothesis testing problem into a simple one, and thus the
model-set likelihood or probability acts exactly the same
as the likelihood for a simple hypothesis testing problem.
Probably moreimportantly, overlap between model sets M ¢
and M poses no problem after this conversion. Thisisthe
key to Theorems 10.1 and 10.2.

Problem 3 may be solved by the following sequen-
tial ranking test: At each time k, rank al N, of the
model sets My, ..., My that have not yet been rejected
as M), ..., My, such that their model-set probabilities
uiw(") = P{m € M;|z*,m € M} arein a decreasing
order:

M, M, Mny,)
,Uk(l) > [y @ > >k



where M, isthe union of all models not yet rejected. Then,

. M(l
o Accept My if Mlﬁff(z) > B
H
_ @)
e Regect M(j): ) M(Nk) if ’X”(l) <4
H

Continue to test until one model set has been ac-
cepted or not rejected, and thus are chosen. Here A
and B are design parameters, which control the error
probabilities.

The model-set probabilities can be replaced by the
model-set joint likelihoodsin the above test.

Problem 4 may be solved by the following multiple
model-set sequential likelihood ratio tes{MMS-SLRT ):

S1. Perform N one-sided MS-SLRTs simultaneously for
N pairs of hypotheses (H : m € M vs. H; : m €
My),...,(H:me€ Mvs.Hy : m € My). These
tests are one-sided in the sense that H is never re-
jected, which isimplemented by using thresholds B;
and A = —oo. This step ends when only one of the
hypotheses H1, ..., Hy isnot rejected yet:

— Rejectall M; forwhichA¥ = LY, /Ly, > B;;
— Continue to test for the remaining pairs until

only one of the hypotheses H4, ..., Hy isnot
rejected.

Specifically, let K be the smallest sample size (time)
by which some (N —1) of the V alternative hypothe-
ses are rejected by the one-sided MS-SLRTs

ki =
K =

min{k:A¥ > B;,i=1,...,N,i #j}
min{k:k>k,i=1,...,N,i #j}

Then, the test accepts H; if AKX < Bj, where
By,...,Bn > 1 arechosen such that the type | and
type Il error probabilities for all binary problems are
« and 3, respectively. If more than one hypothesis
is rgjected at last simultaneously, the one with the
largest model-set likelihood is accepted.

S2. Perform a (two-sided) MS-SLRT totest H : m € M
vs. H; : m € Mj, where H; is the winning hypothe-
sisin Step 1.

Remarks.

e The union of al remaining model sets is used until
thefinal decision in Step 2 is made.

e If MS-SLRTswith B; of (36) are used for all binary
testsin Step 1, thenthethresholdsareall equal: B; =
B; = ﬁ. Alternatively, the threshold suggested in

[23] may be used.

e Since the expected sample size is asymptotically
minimized in al the one-sided MS-SPRTs of Step 1
[23] and the MS-SPRT of Step2when H : m € M
is true, it seems reasonable to expect that the above
MMS-SLRT has a minimum expected sample size
asymptotically.

e The model-set joint likelihood ratio may be re-
placed by the model-set probability ratio Pf =

%A]\%, leading to multiple model-set sequen-

tial probability ratio test (MM S-SPRT).

Another solution of Problem 4 is the following
multiple-level test (MLT ):

S1 Test al pairs of hypotheses separately:

H:meM vs. H;:mé€ M,;

using, eg., MS-SLRT or MS-SPRT. Complete all
these tests. Let H be the set of accepted hypothe-
ses from all these tests. Delete H from . unless H
contains no other hypothesis or H is deemed much
more important than the other model sets.

S2 Let H be the best hypothesisin #°. Go to Step 1 to
test H against al the other hypothesesin H pairwise.

Repeat this process until only one hypothesis remains
and the corresponding model set is then chosen. Before the
final decisionis made, the union of all remaining model sets
is used.

Remarks. (8) Theerror probability pair a;; and 3, used
in the binary tests of Step 1 is better chosen in such a way
that these tests have about the same expected sample size
since the sample size of Step 1 is equal to the largest sam-
ple size of the component problems. (b) Clearly, Step 1
here is more efficient than the corresponding MM S-SLRT
or MMS-SPRT given the same error probabilities. The
weakness of thistest isthe possibility of multipleiterations,
which depends on how good the set M is. In model-set
choice, there is no need to consider a mode jump. If the
model sets do not have large overlap, a good model set M
may beinferior to at most afew other model sets. Thus, sta-
tistically speaking, quite often only one, occasionally two,
and unlikely more iterations are needed in the MLT.

We emphasize that all these tests are computationally
extremely efficient and easy to implement — little extra
computationis required other than what is already available
inan MM estimator.

5The best hypothesisis onethat isnot rejected in any other binary tests,
and the first hypothesis accepted (if the same error probabilities are used
for all binary tests) or the one accepted with the smallest error probabil-
ity (if the same expected sample size is used). Model-set likelihoods or
probabilities are used to break tiesif any.



As a degenerated casg, it is clear that the above tests
using model sets are applicable to Problem 1 for test-
ing among models in a single set by simply replacing the
model-set likelihood and probability with model likelihood
and probability.

Examples of the sequential tests presented here can be
foundin [15, 14].

11 Examples for Model-Set Design

11.1 The Design Problem

Most examples presented in this paper deal with thefol-
lowing simple system with position-only measurements

10 0 O

00 1 O}xk-i—vk (39

Tpt1 = Fep+wy, 2z = [
where z = [z, &1, 22, Z2]', ahd process and measurement
noises have constant means w = 0, v = 0 and covariances
Q = 0.12I, R = rI, respectively, with » = 1002 unless
stated otherwise. Assume that the linear-Gaussian assump-
tion of the Kalman filter is valid. Two generic types of
model are considered: nearly constant-velocity (CV) model
and coordinated-turn (CT) (with a known turn rate) model,
given by [16]

the runway directly without a turn, or with aturn of an ex-
tremely slow rate or arate close to the standard one (+w ).
Notethat f (s) may or may not have three peaks, depending
on the parameterswy, ¢y, ¢, 09, and o.

Consider a specific example with

cp=c=1/3,

op=0=1°/s, ws,=3°/s (43)

Its pdf is plotted in Fig. 11.

0.45

oaf

= 3 B
w, (degrees/sec.)

Fig. 11: The probability density function of the true turn rate w.

. 1 T F)
Fov = dlag[F2 Fz] Fy, = |: :| (40) 1 frersensnsnnnsinnnnnnninienn,
’ ’ 0 1 f
sinwT 1—-coswT vy |
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0 . T 0 int T ’
coSw —sinwT | .. b---oo- i
For(w) = 1 —coswT sinwT (41) L
0O ——— 1 3 :
w w :
0 sinwT' 0 coswT
0=~ =3 0 3 6 w

whereT' = 5sissampling period. Denoteby CT(3°/s) aCT
model with turn rate w = 3°/s. Notethat CV = CT(0°/s).

All numerical examples presented in this paper are
based on the use of the above CT and CV modelsin one or
more sets. These models come primarily from the consider-
ation in maneuvering target tracking for Air Traffic Control
(ATC) surveillance[4, 3].

Consider a problem of surveillance for an ATC system.
Suppose we decideto use an MM algorithmwith aset M of
three CT models: my = w1, ms = wa, m3 = ws. Clearly,
to design this set M optimally in some sense, a probability
density function (pdf) f(s) of thetrueturnrate s is needed.
We propose the following Gaussian-mixture model:

f(s) =coNo(s)+cNy (s)+eN_1(s), co+2c=1 (42)

where
e 1 (swg)?
Ny (s) = e 20, Nij(s)= e 2%
0 V2rmoy £1(5) 2mo

and w; is a known standard turn rate. This model can be
well justified if most flights will either approach/departure

Fig. 12: Model-set design via cdf of turn rate w.

11.2 Design by Minimizing Distribution Mis-
match

Clearly, the distribution-based approach of Part | can be
applied to solve this problem for the specific example with
(43). Assume that we want to use only three models. First,
plot the cdf F(z) of the true mode (its pdf is plotted
in Fig. 11) as in Fig. 12. Then, since Fs(—3°/s) =
1/6, Fs(0) = 3/6, and Fs(3°/s) =~ 5/6, the sim-
ple distribution-based design yields the model set M =
{w1,ws, w3} = {0,£3°/s}, with the corresponding initial
model probabilities {1/3,1/3,1/3}. Note that it turns out
that we have a model at each peak of the pdf fs(z). This
would not be the case if the three peaks are closer or o is
larger. Clearly, this approach is more beneficial when we
want to have more models.



11.3 Design by Minimizing Modal Distance

We now demonstrate how to design M by minimizing
an optimality criterion for mode estimation. Consider min-
imizing the average modal distance squared (24), dropping
s € S for simplicity,

lIs = mllear = El(s —w)* |m € M]

E[E[(S—w)2|s,m € M”me M]
[ Z(S—wi)2P{m:wi|meM,S}f(s)ds

In fact, it turns out that for this example mode estimation
error squared ||s — 3||? is equal to average modal distance
squared.

By symmetry of f(s), w1 = 0, w2 = w, w3z = —w and
we need only to determine the optima w. Thus, we need
only to solve the following optimization problem

minJ =
w

/[S2P{m —0ls} + (5 — w)2P{m = wls}

(s +w)* Pm = —w|s}]f(s)ds

We emphasize that conditional model probabilities
wi(s) = P{m =w;/m € M, s} given true mode in the
above is not to be confused with the unconditional model
probabilities P {m = w;|m € M }. For example, compare
(44) with (46). The significance of this probability and how
to determine it were discussed in great detail in Sec. 8. As
explained there, w;(s) can beinterpreted as awindow func-
tion. Thus, the problem becomes

mu'}nJ = /[s2w1(s)+(s—w)2w2(s)+(s+w)2w3(s)]f(s)ds

For simplicity, however, we use the rectangular window
(see Sec. 8.4), which leads to the following pmf:

wi(s) = P{m =uw;s}
1[s; (~w/2,w/2)], i=1
= 1[55 (OJ/Q,OO)], i =2 (44)
1[s; (=00, —w/2)], i=3
(44) indicates that modelsm; = 0, ms = w, 0r m3z = —w

isin effect if and only if the true turn rate fals inside the
intervals (—w/2,w/2), (w/2, ), or (—oo, —w/2), respec-
tively. In other words, these intervals are the effective cov-
erage of the three models. This use of the rectangular win-
dow iswell justified by Theorem 6.1 of Part | sinceit satis-
fies the nearest-neighbor condition (Condition B).

With (44), the cost functionis

o0

3
J = /;(s —w;)?P{m = w;lm € M, s} f(s)ds
/_L:)/; s2f(s)ds + /w/2

+ /—W/Q (s +w)?f(s)ds

s f(s)ds + 2uw? h f(s)ds — 4w /OO sf(s)ds
w/2

/—oo w/2

coop +2c(0? + w?) + 2w Py — 4wy

(s —w)? f(s)ds

(45)
where P, = fw°;°2 f(s)ds, given by

Pi:P{m:wi|m€M}

B 2!gw/2f(s)ds, i=1
- fw/2 f(s)ds,i=2,3
co erf (\‘/“5/:0) + cerf (

+cerf(“§g3),i:1
1(1

l1-P?),i=2,3

w/2-3
V20

(46)

and .J4 can be obtained by direct integration and using the
error function erf(z) = % IS e~ du as

= |
w/2

sf(s)ds

w? 2 2
w/24ws w/2—wg
Coaoe 502 co . ( /202 ) ( /202 )
V2T V2T

o (22 (2252

2 V20 V20

For the specific example with (43), the above optimiza-
tion problem can be solved by plotting the above integrals
J vs. w (Fig. 13) and identifying the minimum within the
interval of interest, which is around 3.05. Fig. 13(b) plots
the derivative d.J/dw obtained from Mathematica, which
verifies the minimum. Therefore, the corresponding best
model set is approximately M = {0, £3°/s} and the (ini-
tial) model probabilitiesare Py = 1/3,P3 = P, =1/3

A design based on modal distance is particularly suit-
able for such applications as fault detection and isolation
where the primary objective of hybrid estimation is mode
estimation.

Note that the above procedures are still applicable even
if a more sophisticated probabilistic model than (42) is
used. However, if more than one parameter is to be deter-
mined, then the resulting optimization problemisin genera
multi-dimensional.
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Fig. 13: The average modal distance squared (and its derivative)
versustheturnrate w.

11.4 Effectiveness of Designs

Monte-Carlo simulations were conducted to verify the
above model-set designs. In the simulation, 500 true
modes were generated randomly with the distribution given
by (42). They were unknown to the estimators and not
dlowed to jump. The initid state of the system was
xzo = [1000,100,200,120]" and for simplicity each es-
timator used z as the initial state estimate. For each
true mode generated, 100 samples of base state trajecto-
ries and the corresponding measurement sequences were
generated. These measurements were used by an au-
tonomous MM (AMM, aso known as static MM) esti-
mator based on a model set — assuming that the true
mode belongs to the model set with the corresponding
pmf — to estimate the base state and the true mode.
Three AMM estimators &, Zar,, and &a, were ob-
tained, over the time steps £k = 1,2,...,10, based on
the model sets M = {0,+3°/s}, M; = {0,%2°/s},
and M, = {0,+4°/s}, with the initidl model prob-
abilities {1/3,1/3,1/3}, {0.3786,0.2427,0.3786}, and
{0.288,0.424, 0.288}, respectively, calculated by (46).

Fig. 14 showsthe RM S errors, averagemodal distances,

and mode estimation errors, as defined by (25) and (28),
with L = 500 and N = 100. These results support the
above designs.

11.5 Design by Hypothesis Testing Given
Scenarios

The hypothesis-testing based approach to model-set
choice of Sec. 10 can also be used for model-set design.
We now give one such example.

An important question for model-set design is the fol-
lowing: Given a number of interested (or representative)
scenarios, how to design a model set with fewer models
than the number of scenarios?

Supposefor simplicity that the scenarios of interest are:
true turn rates are 0°/s, 1°/s, 2°/s, 3°/s and 4°/s, respec-
tively, and the model set to be designedis {0, +w}. In other
words, thetask isto determinew such that the model set can
cover the five possible true turn rates effectively. Varying
w, Fig. 15 shows (over 100 Monte-Carlo runs) the percent
of correct decision of model selection for the five true turn
rates of interest using MMS-SPRT with CV model as the
specia model. It seems reasonable from Fig. 15 to choose
w = 3°/ssothat the correct decisionisstill above 80% even
in the worst case where the true turnrateis 1°/s or 2°/s.

12 Examples of Model Efficacy

For the above ATC example, plots of the efficacies
wf (s) and w! (s) of each of the three models in M =
{0,+3°/s} are given in Fig. 16 and Fig. 17, generated by
(16) and (15), respectively. The variance of the measure-
ment noise used isr = 102 and a = # = 0.1 were used
in the test to obtain w] (s). Two separate SPRTs were
used to test two pairs of hypotheses (H; : w = 0 vs.
Hy :w=3/9and(H, :w=0vs Hy:w=—-3°9).
The final winner is clear from the winners of these two
pairs.

A comparison of Fig. 16 and Fig. 10, where the ini-
tial model probabilities are [Py, P, Ps] = [1/3,1/3,1/3]
and [0.7,0.15, 0.15], respectively, verifies that probability-
based model efficacy isinsensitiveto theinitial model prob-
abilitiesused. Also, itisclear that the probability-based and
test-based model efficacies are close.

We now demonstrate another way of using hypothesis
tests to determine model efficacy.

Consider model set M = {0, £3°/s}. Varying the turn
rate of the true mode from 0 to 5°/s, the application of the
MMS-SPRT of Sec. 10 (with CV model chosen as the spe-
cial model) to the degenerated case of models (rather than
model sets) yielded the results (over 100 Monte-Carlo runs)
shown in Fig. 18 with 0% of no decision. All plots are
averaged over the thresholds corresponding to the type |
and type Il error probabilitiesa = 3 € (0.01,0.1). Note
that when the true turn rate is smaller than 1.5°/s or so,
the correct decision is to choose the CV model, while it
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Fig. 16: Probability-based model efficacies w; (s) for set
M = {0,£3°/s}.

is a correct decision to choose the CT(3°/s) model when
the true turn rate is above 1.5°/s or so. It can be reason-
ably concluded from Fig. 18 that the effective coverage
regions of the three models in the set are approximately
(=1°/s,1°/9), (2°/s,5°/9), (—5°/s,—2°/s), respectively.
If the trueturn rate (say, 1.7°/s) isnot in any of thethreein-
tervals, it is covered by the two neighboring modelsjointly,
which can be verified by atest between the two model sets
My, ={0,3°/s} and M, = {—3°/s}.

It should be emphasized that the efficacy of a model
depends also on the other models in the set.

Fig. 19 shows (over 100 Monte-Carlo runs) that the use
of two model sets M; = {0,3°/s} and M = {0,—3°/s}
is not effective: It has alarge ambiguous (i.e., no decision)
region, which is roughly (—1.3°/s,1.3°/s). Nevertheless,
the test performed quite well — the percent of incorrect de-
cision was very small (below 2.5°/s) for a true turn rate
lower than 1.3°/s and zero for a higher rate. In the fig-
ures, the results from MM S-SPRT and MMS-SLRT are la-
beled as “ probability” and “likelihood,” respectively. Note
the similarity between Fig. 19 and the left part of Fig. 18.
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Fig. 17:  Test-based model efficacies w] (s) for set
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Fig. 18: Percent of correct model selection.

This similarity makes good sense: The ambiguous region
(—1.3°/s,1.3°/s) isroughly the effective region of the CV
model, which belongsto both A, and M.

13 Model-Set Choice for Base-State

Estimation

It was shown in [18] that for two arbitrary model sets A
and Bwith A C B, ||Zs — &gl < ||Zs — Za]| holdsif and
only if

_ Vb2cos?0+1—b% —beosh

r<re -0 (47)
where
Tg— T s —24) (Zg — 2
po s el o @s —2a) (#s — 2c)
lZs — Zall lZs — 2all |25 — 2c/|

and z ¢ isthe estimator based on model-set difference C' =
B — A, thatis, those modelsin B but not in A.

The geometric interpretation of this criterion is simple
and interesting: Refer to Fig. 20. Model set B is better than

Likelihood
Probability

o 05 1 4 45 5

15 2 25 3 35
Truth Turn Rate (degree/second)

Fig. 19: Percent of no decision.

—5=0.5
' b =10.6
, -b=0.7
. Ts
R X i’A

Fig. 20: Illustration of circular criterion for model-set choice.

set A if and only if the estimators based on those models
in B but not in A falls inside the corresponding circle (a
ball if dimension is higher than two) determined by b =
% for some m; € A; thatis, b is the ratio of
model probability in set B to the model probability in set A
for any identical model.

Note that this result requires the knowledge of the opti-
mal estimator £ s using the optimal model set. We demon-
strate below how this seemingly unrealistic theoretical re-
sult can be used for model-set choice and comparison.

Suppose that the true turn rate s at a given time
is a discrete random variable with sample (mode) space
S = {0,%£1°/s,+£2°/s,+3°/s,+£4°/s,5°/s,+6°/s} and
its pmf is the following discrete version of (42): s is gener-
ated by (42) using the rectangular window and rounded to
the nearest one of the above 13 possible turn rates. In other
words,

Pitrue = P{s=wisc8S}
Jos [(8)ds  wi=+6°/s
{ f:j(?; (s)ds w; # +6°/s (48)

Note that at the given time the system is a coordinated-turn
system governed by (39) with For(w;) given by (41).



Consider two MM estimators z 4 and % g based on two
model sets A = {0,+3°/s} and B = {0,+1°/s,+3°/s,
+7°/s}, respectively. Consider the following model-set
choice problem: decide whether model set A is better than
set B using criterion ||Zs — ]| < ||Zs — &4]| or equiver
lently (47), for the set of scenarios of interest given above
in the form of a pmf (48).

To use criterion (47), we need the estimators &  based
onmodel set C = B — A = {£1°/s,£7°/s} and the op-
timal MM estimator g, where its models have the same
probability mass as the true modes, given by (48); that is,
PS5 2 P{m = w;lm € S} = Pi"™® Vi. The model proba-
bilities for the other estimators are defined similarly:

pB2a

g P{m:wi|m€B}
2f s)ds, w; =0
f f ds w; = +1°/s
f%of ds w; = £3°/s
f(s )ds w; = £7°/s

P and PE are induced by P/ in that they are obtained
from PZ by deleting the probabilities of the modelsin B
but not in A, C, respectively, and scaling up the remain-
ing model probabilities such that they sum up to one. For
example,

PA 2 P{m=uwilme A}
. %f%O'S f(s)ds w; =0
B 1[5 f(s)ds w; = £3°/s
wherec = 2 [ 00 f(s)ds + 7 f(s)ds].

Note that each MM estimator Z 4, 5, Or Z¢ would be
optimal should its model set match exactly the mode space
in the sense that thereis no approximationin the estimation
agorithm used — suboptimality arises only from the fact
that noneof A, B, and C areequal to S.

For an estimator using model set A/, where M could be
S, A, B, or C, the average value of the estimate at time T’
isgiven by

Ty = E'[ |m€M]
= E[E(z|z,m € M)|m € M]

- >

= Z [For(wq)Zo +wZ]PM
wi€M

= E[z|m € M)
Elz|m = m;]P{m = m;|lm € M}

where z is the measurement, + = Fzy + w follows from
(39), and z is the prior state of the system, assumed be
identical for al models. Consider a specific example with
(43) and Z = [1000, 100, 200, 120]',4; = 0,T = 5. Then

we have

P ={0.1316,0.1009, 0.1009, 0.1008, 0.1008, 0.1296,
0.1296,0.0807,0.0807,0.0202, 0.0202, 0.0021,0.0021}
P ={0.1901,0.4050, 0.4050}

5 = {0.1316,0.1462,0.1462, 0.2804, 0.2804,
0.0076,0.0076}
PE ={0.4753,0.4753,0.0247,0.0247}

(3

and thus
2 = @ ZT0)(@s Z8¢) _ g raq
(Ts —Ta) (75 — g;A)
p = P{m =0|m € B}
~ P{m=0me A}
P{m =3°/9m € B}
= = 0.6925
P{m =3°/sjm € A}
cosh = FIs=TA)(Fs—Tc) _ 4999
|Zs — Zall |Zs — Zcll
It follows that

16.7880 = r > r; = 5.5041

and thus ||Zs — Zg|| > ||Zs — Z4]|. Consequently, we
conclude that model set A is better than set B for this prob-
lem. Note that it is hard to say based on our intuition or
experience which model set is better. Fig. 20 illustrates the
corresponding circular criterion, except that z ~ should be
added at approximately (16.788,180°).

Fig. 21 shows the RMS position errors of &g, Z4, ZB
averaged over 500 runsfor thetimestepsk = 1,2,..., 10,
which correspond to sampling timeT' = 5, 10, ..., 50, re-
spectively. The above numbers correspond to the points of
thecurvesat T' = 5s. The corresponding curvesfor the rel-
ative merit factor » — r; of model sets A and B are plotted
in Fig. 22 for T = 5,10,...,50. Itisclear that the two
figures agree amost perfectly.

In the simulation, the true modes were generated ran-
domly with a distribution given by (48). They were not
known to the estimators, not alowed to jump (for simplic-
ity), and correspondingly AMM estimatorswere used based
on the model sets S, A, B, respectively, assuming that the
true mode has a distribution given by their corresponding
pmfs PM, Vi € M, where M = S, A, or B. The ini-
tial state of the system was zy = [1000, 100, 200, 120]" and
each estimator used z astheinitia state estimate.

Clearly, the above procedure still works even if the op-
timal model set S islarge. In many practical problems,
the optimal model set for a given set of scenarios of in-
terest is (approximately) known but may be too large to
be used in an MM estimator. This example demonstrates
how to choose between two model sets given this optimal
model set, without using actual measurements or simula-
tion. Clearly, the introduction of an proper probabilistic



model of the scenarios, such as the Gaussian mixture model
(42), is akey here. We point out that the circular criterion
isaso applicablefor the cases where measurements arein-
volved.
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Fig. 21: Difference in prediction of MM estimators: ||Zs — Za||
and ||Zs — Z ]|

14 Selection of Estimatee

Consider for ssimplicity a parameter estimation problem
by minimizing ||p — p||?, where p is an unknown parameter.

As an example, suppose we would like to use an MM
estimator to determine sampling interval T' [28] using the
following empirical relation [30, 7]

0.4 2.4
N Uoﬁ Vo
TNMPD{ o } 1+ 0.502

(49)

where everything except o isknown. Isit good, as proposed
in [28], to estimate

N
0?2 = Z 0?P{o = 04|z} (50)
i=1

first and then put Vv o2 into the above formula? The an-
swer isno! Aspointed out in [13] this estimator is not even
unbiased.

15
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T

Fig. 22: Relative merit factor » — r; of model sets A and B versus
sampling interval T' (A isinferior to B if and only if r — r, < 0).

In fact, if the ultimate goal is to estimate the sampling
interval, then it is best to use

2.4
Yo

~ 0.4
Rt}

where
N
ﬁ — Z 0_;0.4]3{0_—0.4 — 0_;0.4|Z}
i=1

Thisis becauseif

p=1rfm), p=Epl], 0=En?]

then

N
> piP{p = pilz}
i=1

N
f (Z nP{n= mlz}> = f(#@)

if and only if f isalinear function.

There are many other advantages of using p than using
f(@). In genera, we should design the model set in the
space of p rather than of 7. For more details, the reader is
referredto [13].

15 Conclusions

Model-set design, choice, and comparison have been
considered in a general setting. We have not only argued
for the need for and the benefit of probabilistic modeling of
the modelsto be designed as well asthe true mode, but also
proposed that they be modeled as random variables for of-
fline model-set design, choice, and comparison. Based on
such probabilistic models, we have presented the following
genera results: (a) three general, systematic approachesto



model-set design based on minimizing mismatch in distri-
bution, minimizing modal distance, and moment matching;
(b) a variety of optimality criteria and measures for base-
state estimation, mode estimation, mode identification, and
hybrid-state estimation; (c) several (optimal or data effi-
cient) computationally efficient hypothesistests for solving
representative model-set choice problems; and (d) the con-
cept and two quantification functions of relative efficacy of
each model in a set that describes how effectively it cov-
ers regions of the mode space. Several simple examples
that illustrate how these theoretical results can be used for
model-set design, choice and comparison have been given.
Many of the general results presented in this paper are
also useful for performance evaluation of MM agorithms.

A Appendix

A.1 Metric Space of Distributions

Let F be the set of cdfs. By the Lebesgue decompo-
sition, it consists of absolute continuous, piecewise con-
stant, and continuous but not absolute continuous cdfs —
which correspond to continuous, discrete, and singular ran-
dom variables, respectively — and their convex linear com-
binations. Define the distance between any two cdfs F'; (x)
and F»(z) (i.e., elements of F) by

A(Fi, Fy) = max |Fi (z) — F(a)

This distance definition is legitimate, as seen below.
Clearly, it satisfies positive definiteness and symmetry. To
seeit satisfies triangle inequality, let x. be such that

|Fi(2.) = Fa(a.)| = max|Fi (z) - Fa(a)]
Thus the triangle inequality follows: For any F'y, F5, F3 €
F, we have

d(F1, F2) = [Fi(2s) — Fa(z.)]
<|Fi(zy) — Fs(za)| + |[F3 () — Fo(a)]
< max |Fy (z) - F3(z)| + max|F3(z) — Fa(z)]

= d(Fl, F3) + d(Fg, FQ)

Asaresult, (F,d) isametric space. Furthermore, we have
the following proposition.

Proposition. Let D bethe set of cdfsof discreterandom
variables. Then, itisdensein (F,d).

For model-set design, we are interested mainly in the
following constructive proof of this proposition, rather than
the proposition per se.

Proof. Given any cdf F' € F and scalar ¢ > 0, there
existsapositiveinteger N = [1/2¢] = smallest integer not
smaller than 1/2¢, such that d(F, D) < ¢, that is,

F(x)—-D <
max |F(z) - D)) < e

where D € D isthe cdf of adiscrete random variable, de-
fined by the pmf p(z;) = &,i =1,..., N, with

i—l/Q]
x; = arg |F(x) = ,
,—1/2
if F(z) = ! N/ has a solution
x; = arg [F(m) < izl < F(zM)]|,
TER N
it F(z) = —— L/2 s 0 solution

Note that in the case where F'(z) = # has no solution,
x; may be arepeated point in the sense that

i—1-1/2 L i—1)2
N <FE)<—x <
it+j—1/2 4112
ML) Sl -\ crJr o0
<y <FlEh< N

(e.g., when F'(x;) has ajump of magnitude greater than ¢).
In this case, we use z; = --- = z;4; and thus p(z;) =
-+ = p(wiy;) = L. This completes the proof.

Fig. 1 also servesto illustrate this proof.

An important by-product of this proof is that it pro-
vides a systematic procedure of finding the cdf of adiscrete
random variable that has a minimum number N of jumps
among all such cdfs that are within a given distance ¢ to
any given cdf. This optimality is clear: Corresponding to
any other cdf D' € D with anumber N’ < N of jumps,
thereisawaysacdf F'(x) that would make the requirement
maxzer |[F(x) — D'(x)| < e violated.

AlthoughD isdensein (F, d), thelatter isnot separable
with respect to D because D is not a denumerable set. It
seemsthat (F, d) is not separable.

A.2 Mathematical Details of Minimum—
Distance Design

Proof of Theorem 6.1. (a) Given any partition S =
{S1,...,Sn} of modespace S, we have, for any model set
M with N elements,

> /S (s, mi)dF (s)

ZP{S € S;}E[d(s,m;)|s € S;]

E[d(87 m)] =

> ZP{S € Si}mnilnE[d(s,m)Is € Si

By definition, the (generalized) centroid m; = s} mini-
mizes E[d(s,m)|s € S;]. The optimality condition A thus
follows.



(b) Note that the nearest-neighbor partition
{S},...,Sx} of mode space S has the smallest ex-
pected metric given any model set M = {m,...,mn}:

}:L@@mmm@
::E:Lﬂ@mmW@

= g in d(s,m)dF(s)

E[d(87 m)] =

because

d(s,m;) = mi?/[ d(s,m), VseS;!

me

On the other hand, any partition with nonzero probability
of the set of points such that d(s,m) > min e d(s, m)
would clearly have

Eld(s,m)] = Z;L“&WM“@

d dF
> snI"LnElJI\l/I (s, m)dF(s)

where {Si,...,Sn} is an arbitrary partition of the mode
spaceS. For agivenpair {m;, m; } of distinct models, since

P{s € S} mel%E[d(s,m)Ls € S;]
+P{s € S;}rgneHA}IE[d(s,mﬂs € S7]
+P{s € S;;} 11161]1\14 Eld(s,m)|s € Sij]
= P{se€ Si}rglel}\l/[E[d(s,m)|s € S7]
+P{s € (SjU Sij)}énei}\l/[E[d(s,mﬂs € (S7 U Si;)]
= P(s € (S7USy)} min Bld(s,m)s € (7 U Sy)
+P{s € Sf}énel}\l/[E[d(s,mﬂs € S7]

grouping pointsin S;; with S¥ or with S leadsto the same
E[d(s,m)]. Thus, pointsin S;; may be assigned to either
S; or S;. Note, however, that thisresultsin different (gener-
alized) centroid pairs {s}, s}, either or both of which may
differ from the given model pair {m;, m;}. The optimality
condition B thus follows.

Proof of Theorem 6.2.(a) By thetotal expectation the-
orem, we have

= ZE[S|S € S;|P{s € S;}
= ZmiP{s €S} = Zmip{m =m;} = E[m]

where P{s € S;} = P{m = m;} because S; is covered
by m; exclusively.

(b) Note first that the random model (with .S; covered
by m; exclusively) can clearly be written as a linear com-
bination of the observables 1(s; S;) (i.e., m = §, whichis
random before s is known)

M= Mibmom, = »_mil(s;S)

As such, model set design (with S; covered by m; exclu-
sively) can be viewed a problem of estimating s using ob-
servables 1(s; S;); thisestimator is always linear whether it
isoptimal or not. On the other hand, it iswell known that a
conditional-mean (i.e., centroid) estimator is optimal in the
sense of minimizingthe MSE E[(s —m)'(s —m)]. Suchan
(optimal linear) estimator satisfies the orthogonality princi-
ple: E[1(s; S;)(s —m)'] = 0, Vi. Therefore,

(Z m;1(s; Si)> (s — m)'l
[1(s;5:)(s

= ZmlElsS
i

(c) It follows directly from (b) that

Em(s—m)] =

E[mm'] = E[m[s— (s —m)]'] = E[ms']
= Ells—(s—m)lm'] = E[sm/]
Taking traceyields E[m's] = E[s'm]| = E[m'm)].
(d) By (b), we have
El(s —m)(s —m)'] = E[s(s —m)']
= E[ss'| - E[sm'] = E[ss'] — E[mm/]

Tekingtraceyiedlds E[(s—m)'(s—m)]
(e) It follows from (b) directly.

= E[s's]—E[m'm].

A.3 Mathematical Details of Moment-

Matching Design

Proof of Theorem 7.1. Since C,, is a positively
weighted sum of dyads of m;,i € J, where m; = m; —
m, its rank is egual to the dimension of the linear space
spanned by m;, that is, the number of linearly independent
vectorsinthe set {m;,i € J}. It thus follows from the fact
> iy mip; = 0 thatrank(C'y,) < min{|M|—1,dim(m)};
that is,

min |M| > rank(C),) + 1

For m to match s and C, we set m = 5,C,, = C,s and
thus min | M| > rank(Cs) + 1. The equality holdswhenwe
chooseaminimal set {m;,i € {1,...,rank(Cs)+1}} with
as many as rank(C') linearly independent vectors, which
can be done, as the corollary of Theorem 7.2 states. This
completes the proof.



Proof of Theorem 7.2. Use induction. For n = 1, it
clearly satisfies (9). Assume that it satisfies (9) for n =
j—1;thatis,

J J
dori=1 Y omi =0,
1=0 i=1

—1, j—1 -1
Zmi (mi =)' o = I—1yx(i-1)
=1

Then, forn = j, we have
j+1

Yool = o +Zp§f + )
=0 i

= po+g Zp + (1 —po)/2
= 1
i+ J ] ’p]:_l
Somipl = Y [T a-p) ] B
=0 i=1
+[0,~(1 = po) 2] 1_2p0
, =1
= [0, —po)7?] 25
+]o,-a —po)*1/2]l 1 s
= 0
and
i
> mi(ml)p]
=0

ab
“[21]-
where
j .
a = ngfl(mifl)lpifl
i=1
j . .
b = (1 — po)_1/2 ng_lpg_l
i=1
j . .
¢c = (L—p)™'?> (mI™)ypl™!
i=1
d = (1-po)~ Zzﬂ + (1= po) Pl

That is, it satisfies (9) for n = j. This completes the proof.
Note also that all self skewnesses are clearly equal to zero:
E[m(5)%] = 0,Vj < n, where m(j) isthe jth element of
m because

Jj+1

> ml(i)*p]
i=0

J j—1
— 11— ,3/217{_ _
;( o) 5
= 0,V7<n

E[m(j)*] =

(1 - p0)73/2p]7:+1

Proof of Theorem 7.3.Clearly, the probability masses
sum up to unity and the mean is zero. The covariance is
given by

2n
Zmlm;pz
=0
n

:;diag( (i—1)x (i—1)» Zl_po 2n

=1

O(ni)x(ni))

Proof of Theorem 7.4.Clearly, the probability masses
sum up to unity and the mean is zero. The covariance is
given by

This compl etes the proof.

2n
Zmimp
k
Zd|®( (i—1)x (i— 1),2 an l_pO,O(n—i)x(n—i))

= 1—p0 aj,é’jn

=1

This compl etes the proof.

Proof of Theorem 7.5.Clearly, the probability masses
sum up to unity and the mean is zero by symmetry. Without
loss of generality, assume the distance between any two ad-
jacent modelsis 1. Assume a general diamond of k layers.
Let each model on the circle of radius r;; have probability
pij. By symmetry, C; is diagonal. Thus it suffices to show
that C; is proportional to identity matrix I (i.e., C; = al),
that is C;(1,1) = Cy(2,2) for the 2D case, where C;(q, q)
isthe gth diagonal entry of C;. Now consider modelson the
circle of radius r;;. Denote their total contribution to co-
varianceby C;;. Forodd i with1 < j < (i + 1)/2, the jth
model on the ith hexagonal layer is the gth model counting
back from the hexagonal vertex, whereq = (i + 1)/2 — j,



and thus we have

Ci;(1,1)/pij
= 4((25 = 1)/2)* + (i — a/2)* + (i/2+ q/2)?]
= (2 -1+ @i+ (i +0q)°
Cij(2,2)/ps
= 4[(iv3/2)* + (¢v/3/2)* + ((i — 9)V3/2)’]
= 3’ + ¢ + (i —q)’]
For eveni with 2 < j < i/2 + 1, the jth model on the ith

hexagonal layer is the gth model counting back from the
hexagonal vertex, whereq = i/2+ 1 — j, and thus we have

Cij(1L,1)/pij = 4[(7 — 1)* + (i — a/2)* + (i/2 + ¢/2)?]
(G =1+ (2i - q)* + (i + )

[

[

(iv/3/2)” + (aV3/2)* + ((i — 0)V3/2)?]

+¢ + (i —q)7]

Cij (2,2)/pij

4
4
4
3

For eveni with j = 1, we have

Cii(L,1)/pij = 4[(3i/4)7]
Cii(2,2)/p; = 2[(ivV3/2)? +2(iV3/4)?]

It can be easily verified that in all cases,
Cij(1,1) = C;(2,2)

The case with a higher dimension follows from symmetry.
This completes the proof.
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