e ot ol 9ol e e St el el el o e e oo e e e oo e e e el el 7

%[l

)

(e lofeife o ool e el e e el et el e el e el e e e e e

AN INTERVAL KALMAN FILTER, INTERVAL EM
ALGORITHM WITH APPLICATION TO WEATHER

PREDICTION

' BY
OBAID JEFAIN ALGAHTANI

A Dissertation Presented to the
DEANSHIP OF GRADUATE STUDIES

KING FAHD UNIVERSITY OF PETROLEUM & MINERALS

DHAHRAN, SAUDI ARABIA

In Partial Fulfillment of the
Requirements for the Degree of

DOCTOR OF PHILOSOPHY

In

MATHEMATICS

MAY 2011

A R P P P P P P P P P A P P P e e R A




KING FAHD UNIVERSITY OF PETROLEUM & MINIRALS
DHAHRAN, SAUDI ARABIA

DEANSHIP OF GRADUATE STUDIES

This dissertation, written by OBAID JEFAIN ALGAHTANI under the direction of his
thesis advisors and approved by his thesis committee, has been presented to and
accepted by the Dean of Graduate Studies, in partial fulfillment of the requirements
for the degree of DOCTOR OF PHILOSOPHY IN MATHEMATICS.

Dissertation Committee

Prof. Mohamed A. El-Gebeily

Dissertation Committee Chairman

[
Dr. Jaafar Al-Mutawa

Co-Chairman

RTPA 7@1u\/[
Prof. Ravi P. Agarwal
Member
) ,
Dr. Hattan Tawfiq Prof. Ashfaque H. Bokhari
Department Chairman Member

Fbder

4
Dr. Kassem Mustapha

Member

Dr. Salam Zummo

Dean of Graduate Studies

t(é[u

Date



To my parents, my wife, , my children, my brothers,

and my teachers.



ACKNOWLEDGEMENTS

Praise be to Allah, Lord of the worlds, the Almighty, with whose gracious help it
was possible to accomplish this work.

I am grateful to Professor Mohamed A. El-Gebeily for all his help that has made my
Ph.D. study a fulfilling experience. I am grateful for his dedication, the direction, and
patience in helping me, learn and guiding this research to a completion. Working with
him in a motivating environment was really a learning experience.

I extend my deepest gratitude to my thesis co-advisor Dr. Jaafar Al-Mutawa, thesis
committee members Prof. R. P. Agarwal, Prof. A. H. Bokhari and Dr. K. Mustapha
for their support, encouragement and suggestions.

It is my sense of duty to thank all faculty members of the Department of Mathematics
and Statistics at the King Fahd University of Petroleum and Minerals for providing a
genial research environment and a wonderful research working place.

I would also like to thank my parents and my wife for their kindness, pray and being
the source for my strength. To my brothers, specially Arnan, as well as family and

friends whose names were not mentioned for their love, friendship, and encouragement.

il



TABLE OF CONTENTS

DEDICATION
ACKNOWLEDGEMENTS
TABLE OF CONTENTS
LIST OF FIGURES
ABSTRACT(ENGLISH)
ABSTRACT(ARABIC)

1. INTRODUCTION

1.0 MOBIVABION et
1.2 ODJECEIVES ettt

1.3 OUtlINe Of TheSIS onvneeeei e

2. PRELIMINARIES

2.1 INErOAUCEION vttt
2.2 MALETICES ettt
2.2.1 Operations and Functions ...........ccccceeeeiiiiiiiiiiiiiinnienene.n.
2.2.2 DerivatiVeS ....c.ouuuuiiiiiiiiiiiiiiie e
2.3 Probability ......oooiiiiiii

2.3.1 The Probability Distribution Function ...........................

v

i

11

v

viil

X



2.3.2 The Expectation and Variance of Random Variables .........................

2.3.3 Joint Probability Distribution Function ...

2.3.4 Conditional Probability ..o

2.4 Interval Analysis .......

2.4.1 Concepts and P

roperties of Intervals ................

2.4.2 Basics of Interval ATithimetic ..o

2.4.3 Interval FUNCEIONS .oovniei e,

2.4.4 TNEETVAL MAbTICOS oo e,

2.5 Least-Squares Estimation .............ccocooiiiiiiiiiiiiiiiiii s

2.6 The EM-Algorithm ..
3. THE KALMAN FILTER

3.1 Introduction .............

3.2 Gaussian State Space Models ...........uuuiiiiiiiiiiiiii

3.3 Deriving the Kalman Filter from Least Squares Estimation .........................

3.4 Summary of the Kalman Filter and the Kalman Smoother ...........................

3.5 Ensemble Kalman FIlEer ..o,

3.6 Identification of Linear State Space Models ..........ccccciiiiiiiiiiiiiis

4. CONVEXITY INTERVAL ANALYSIS ..ot

4.1 Introduction .............

4.2 Convexity Interval Arithmetic ..........cccoiiiiiiiiii e,



4.3 Interval Matrices, Interval Linear Systems ...........cccccoiviiiiiiiiiiiiiiiinie, 65

4.3.1 Interval MatriCes ......ooooiiiiiiiiiiiiiii e 65

4.3.2 Interval Linear SYSTeIM .........oooiiiiiiiiiiiiiiiiiiiiiiiii e 68

4.4 Interval Random Variables ............cooooiiiiiiiiiii 72
4.4.1 Measurable Set Valued Maps ... 72

4.4.2 Normally Distributed Interval Random Variables ......................ooo. 73

5. THE CONVEXITY INTERVAL KALMAN FILTER .....ccoooiiiiiiieee 87
0.1 INETOAUCTION ovvviieee e 87
5.2 DISCUSSION 1ttt ettt 88
5.3 An Interval State Space Model ...........ccccoiiiiiiiiiiiiiie e 89
5.4 Deriving the Convexity Interval Kalman Filter ....................occocco. 90
5.5 Derivation of Convexity Interval Kalman Smoother ..............ccccccviiiiiiiiiiii, 94
5.6 Summary of the Convexity Interval Kalman Filter and Smoother ................ 97
5.7 SIMULATION ..oooiiii s 99
5.8 Identification of Interval State Space Models ...........ccccovviiiiiiiiiiiiiiiiiiiiiiins 102
D.8. 1 MOtIVALION ..ieeiiiiiiiii e 102

5.8.2 Interval Parameters Identification ............ccccccviiiiiiiiiiiiiiiiiiiiiiiiiiiens 104

5.8.3 STMULALION ettt 110

5.9 Application to Weather Prediction ....................oooo 114
BIBLIOGRAPHY 125

vi



VITAE 134

vil



LIST OF FIGURES

3.1 Kalman Filter (=50)........cooiiiiiiiiiiiiiieii e 50
3.2 Kalman Filter (n=100)........ccccceiiiiiiiiiiiiiiiiiiii e 50
4.1 Exact Solution Region for Interval Linear System..............ccccccoeiiiiiiiiiiiiiinnnnnnn. 70
5.1 Interval Kalman Filter (n=50) .......cccccceoriiiiiiiiiiiiiiiiii e 101
5.2 Interval Kalman Filter (n=100).........ccccceviiiiiiiiiiiiiiiiiiiic e, 101
5.3 Identification of Interval Parameters (n=20)..........cccccceoreviiiniiiniiiniiennn 113
5.4 Identification of Interval Parameters (n=50).........cccccceeiiiiiiiiiniiiiiiiiins 113
5.5 Case 1 of Interval Prediction..........cccociiiiiiiiiiiii 117
5.6 Case 2 of Interval Prediction. ..ot 118
5.7 Case 3 of Interval Prediction...........ccccccoiiiiiiiiiiii e 120
5.8 Case 4 of Interval Prediction............cccooiiiii 122
5.9 Case 5 of Interval Prediction...........oooooiiiiiiiiii 123
5.10 Comparison between dimenSiOnS. .............uuuuiiereriiiiiiiiieieieee e e e eaeaeaennns 124

viii



ABSTRACT
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The Kalman filter (KF) gives the optimal estimates of the unknown state vector
in time series linear stochastic state space model (SSM). If we have observed data of
the state space model, we can identify the unknown parameters using system identi-
fication techniques. One way to do this is called Expectation Maximization (EM).
In the system certain elements such as the coefficient matrices are not precisely known
or gradually change with time. One way to take these uncertainties into account is
to allow interval state space models and extend the statistical concepts to interval
setting.

The traditional Kalman filter technique can not be used directly when the system
parameters are not precisely known or change with time. So, it is important to intro-
duce an interval Kalman filter(IKF) to handle the current situation. Also, the interval

parameters could be identified from a given record of interval measurements.
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Chapter 1

INTRODUCTION

1.1 Motivation

A physical model is said to be in state space form if it is completely specified by two
basic equations. These two equations are known as the measurement and transition
equations [11,12,31,58]. The state space model is a linear when the observations in the
measurement equation are a linear function of the state vector and, in the transition
equation, the state vector is itself a linear function of the state vector in the previous
time period.

Kalman filter was first proposed by Rudolf Kalman in the year 1960 as optimal esti-



mation filter for the linear state space model [32]. To estimate the state, the Kalman
filter (KF) has access to measurements. Those measurements are linearly related to
the state and are corrupted by noise. The KF processes all available measurements to
estimate the state. It uses knowledge of the system and sensor dynamics, probabistic
description of the system and measurement noise, and any available data about the
initial values of the state. Some authors have called the discovery of the KF one of
the greatest discoveries in the twentieth century [3,4,31,58].

The KF equations could be derived from many approachs. In [33], the conventional
KF was derived by minimizing a quadratic cost function. This is intimately related
to the least square estimation which is widely studied in control and optimization
theories [31,65]. Kalman described his filter using state space technique which enables
the filter to be used as either a smoother, a filter or a predictor [23,31,32,58,65].

The KF is applied to a wide range of tracking, manufacturing processes, aircraft, ships
and navigation problems [4,8,58].

The Kalman smoother is an efficient algorithm for E-step in the Expectation-Maximization
(EM) algorithm for linear Gaussian state space models. The EM algorithm is an it-
erative technique for obtaining the maximum likelihood estimation and consists of
two steps: the E-step and the M-step [10,26,58,59]. In the E-step, we compute the
conditional expectation of the log maximum likelihood function and in the M-step,

we maximize the expected likelihood function with respect to unknown parameters in



the state space model (see Sec. 2.6).

Interval arithmetic is an arithmetic defined on sets of intervals rather than sets of
real numbers. Modern development of interval arithmetic began with R. E. Moore’s
book [45]. Hansen and Smith [21] started the use of interval arithmetic in matrix
computations. After this motivation and inspiration, several authors such as Alefeld
and Herzberger [1], Hansen et al ([20]), Jaulin et al [24], Neumaier [48] and Rohn [54],
have studied interval matrices.

In general interval analysis, some algebra properties do not hold. For example, the
distributive law is not true. So, the inverse of an interval matrix is not well defined.
J. Rohn defined the inverse of an interval matrix as the narrowest interval matrix
containing the set of all inverse matrices included in the original interval matrix [54].
In the existing literature, no method is available to find the exact solution for the
linear system of interval equations but there are methods available for computing the
smallest box containing the exact solution of the system of interval linear equations
[50].

In the state space model, certain elements, such as the coefficient matrices, are not
precisely known or gradually change with time. One way to take these uncertainties
into account, is to allow interval state space model presentation. The interval state
space model requires an extension of some statistical concepts in interval setting. The

traditional Kalman filter technique could not be used directly to handle the interval



state space model. G. Chen, J. Wang and L. Shieh wrote a paper about the interval
Kalman filter (IKF') in 1997 in which most of the concepts from the ordinary case were
extended in a strait forward manner to the interval case [18]. As well, this definition
for IKF was introduced in the 4th edition of a published book titled " Kalman Filtering

with Real Time Applications” (2009)[8].

1.2 Objectives

We extend the state space model concept to the interval state space model. In order
to do this, we need to extend the statistical concepts to interval settings, e.g., interval
random variables, interval expectation, interval variance, interval covariance, interval
conditional expectation, interval conditional variance and investigate the algebraic
properties of interval random variables.

Moreover, we introduce a definition of the determinant and inverse of interval ma-
trices using a new convexity approach. This definition will enable us to obtain the
computation of an interval inverse matrix.

In addition, we rigorously derive the interval Kalman filter using the definitions and
statistical properties. Also, we identify interval parameters of interval state space

model from a given record of interval measurements using a generalization of the EM



algorithm. Finally, we present a simulation for the identification of interval state space

model and the weather prediction experiment.

1.3 Outline of Thesis

The organization of the thesis is as follows: in the second chapter a brief description
of matrix algebra, probability theory, interval analysis, least square estimation and
Expectation-Maximization(EM) algorithm are given. In chapter three, we introduce
Gaussian state space model, deriving the Kalman filter and the identification of pa-
rameters of linear state space model. In chapter four, we present convexity interval
analysis, definitions, interval linear systems and interval random variables. In chapter
five, we introduce interval state space model, the convexity interval Kalman filter, con-
vexity interval Kalman smoother, identification of the interval parameters of interval
state space model and a simulation of interval parameter estimation for interval linear

state space model. We also come up with an interval prediction model for weather.



Chapter 2

PRELIMINARIES

2.1 Inroduction

In this chapter, we will introduce some fundamental concepts that are necessary for
proper understanding of interval Kalman filter and identification of parameters of
interval state space model discussed in this thesis. We begin with an introduction to
matrix algebra which is necessary to explain how to derive the Kalman filter equations.
Then, we discuss brief background of certain basic concepts in probability theory. We
will extend these concepts to interval setting in chapter 4. In addition, we review some

preliminary results on interval analysis are needed throughout our research. Most



interval analysis preliminary results could be found in [1]. Since the Kalman filter
could be derived from linear least square estimation (LSE), we introduce a summary
of ordinary least square estimation. For more details of LSE, see [31,33,65]. Finally,
we present the maximum likelihood parameter estimation and the EM algorithm. We
will use the EM algorithm to identify the parameters of linear state space model in

section 3.6.

2.2 Matrices

In this section we introduce some operations, formulas, inequalities and derivatives
in matrix algebra which will be helpful in our research. More details about matrices,

could be found in books on linear algebra and matrix theory [16].

2.2.1 Operations and Functions

Definition 1 (Positive Definite and Semi-definite Matrices): Ann X n real

matriz A is positive definite if

2T Azr > 0,Vr #0 € R". (2.1)



A is positive semi-definite if

2T Az > 0,Vo # 0 € R™. (2.2)

Remark If A, B € R"*" we will use the notation
A>B

when the matrix A — B is positive definite and
A>B

when the matrix A — B is positive semi-definite.

Definition 2 (The trace of a matrix): The trace of A = [a;j]nxn, denoted by trA,

is defined as the sum of its diagonal elements, namely:
tI'A = Z (0778
i=1

Lemma 3 The trace of matrices have these properties

trA = ) N, € eig(A) (2.3)
trATA = iia?j (2.4)
EltrA] = t;E[g] (2.5)

where eig(A) is the eigenvalues of A and E(A) is the expectation of A.

8



It follows from (2.3) that if A is positive definite trA > 0.

Definition 4 (Inverses of Matrix): The inverse of a matriv A € R™™ s q

matriz A=t € RO sych that

AATT=ATA=1,.

The inverse matrix can be constructed, using the adjoint matrix Adj(A), by

1 detl( T Ad(A), det(4) # 0.

where det(A) is the determinate of A and
Adj(A) = (cof(A)T
and the matrix of cofactors is defined by
(cof(A,1, 7)) = (—=1)""det([A];;),

where the submatrix [A];; is the (n — 1) x (n — 1) matrix obtained by deleting the ith

row and the jth column of A.

Lemma 5 (Matrixz Schwarz Inequality) Let P and Q be (m x n) and (m X k)

matrices, respectively, such that PT P is nonsingular, then

QTQ = (PTQ)"(PTP)7H(PTQ). (2.6)



Proof. Let (Q — PS)T(Q — PS) > 0 and choose S = (PTP)"(PTQ). So, we get

(Q—-PS)(Q—-PS) = 0
= QTQ>S"P'Q+ (PTQ)"S — S"(P"P)S
= S'PTQ+(PTQ)(PTP)TH(PTQ) — [(PTP)TH(PTQ)]
(PTP)(PTP)HPTQ
= STPTQ+ (PTQ)"(P"P)(PTQ)
~[(P"P)"H(PTQ)"PTQ
= (PTQ)"(P'P)H(P'Q)+ (PTQ)"(P"P)I(PTQ)
—(PTQ)"(PTP)IPTQ

= (PrQ)"(P'P)I(P'Q)

Lemma 6 (Completing the Square) Let X, A, B,C € R™" with A invertable

then

XAXT - BXT - (BX")Y'+C = (X -BA HAX - BA ™Y +C—-BA'B”. (2.7)

Definition 7 Characteristic Values: For any variable \, the polynomial
PA(A) = det[A — M| = B a; \'

10



is called the characteristic polynomial of A. The roots of Pa(\) are called the charac-

teristic values (or eigenvalues) of A and denoted by eig(A).

Characteristic Vectors: For each real characteristic value \; of a real symmetric A,

there is a corresponds a characteristic vector e; # 0 and Ae; = \e;.

2.2.2 Derivatives

Derivatives: Let F': X — Y, where X,Y are finite dimensional spaces with norm

Il The derivative of F' is a linear operator F” such that
F(x+h) — F(z) = F'(x)h+ o(]|h])

in other words F'(z) € L(X,Y).
Computational procedure : To compute F’(x) we extract the linear part of F(z+

h), or equivalently, compute 2£¢ mHh)| -

Chain Rule: Let G : X - Y F : Y — Z, we define F(G(z)) = FoG: X — Z.

F(G(x)) € L(X,Z) and
F(G(z))h = F'(G(x))G'(x)h,Vh € X

where F'(Y) € L(Y, Z), G'(x) € L(X, Z).

11



Lemma 8 Let A and B, be square matrices, then

tI‘(AB) = i i CLijij‘.

i=1 j=1

Proof. : Let C = AB, then C}; = Z?zl a;;b;i. Therefore

tI'(AB) = icii = i iaijbﬁ.
i=1

i=1 j=1

Lemma 9 Let © € R” and A € R then

T Ax = tr(za” AT)

Proof.
el Ax =30 Y wiag;
= ZZj:1($$T)ijaij
by Lemma 8
o Az = tr(za® AT).
]

12



Formulas for derivatives

Lemma 10 Let A be a linear operator, then

d n
—(Aa)h = Ah,Vh € R

Lemma 11

d

(MA‘l)M = —-A"'MA N YM € R

Proof.

(A+tM) ' =[AI +tAT'M)] = (T +tA' M) TA™!

Using Neumann formula gives

(A+tM) P =A" —tATMA + O(#) = %(A + M) Mimg = —ATTMAT

Theorem 12 Let |A| denotes the determinate of A € RU™: || : RC>™ — R, then
d : T nxn
d_A|A|M = tr(adjAM" ), M € R (2.8)

Proof. We will use the fact that |A| is an n-linear form when regarded as a function

on the columns of A. For A, M € R™", denote by a;, M;,1 < ¢ < n the columns of

13



A, M, respectively.

|A+tM| = |ay +tMy,as + tMs, ..., an + tM,] (2.9)
= lay, ag, ..y apn| + D0 ar, ooy, My, aig, ooy an| + O(8?)
= Al + 3705, 200 My Ay + O(#?),

where A;; is the cofactor of a;; in A.

Therefore by lemma 8, we have

T
dt|A + tM |y = z; ; = tr(adjAMT) (2.10)
|
Corollary 13
d 1 . T —1agT
ELogM]M = Wtr(adJAM ) =tr(ATM"). (2.11)

Lemma 14

d
ﬂ(xTAa:)M = 2" Mz,YM € R 1 € R".

Lemma 15 Let A, M € R"X" then

d

= (br(A))M = trM. (2.12)

14



Proof. Notice that tr : R®*™ — R is a linear operator. So, use Lemma 10 directly.

Combining the above results we can show that

d

—(A™'B)M = —-A'MA'B

(A7 B)

%tr(AlB)M = tr(—A"'MA'B) = —tr(AT'MA'B)
diA(A—lBA)M = A'BM - AT'MA'BA

Computation of critical points
o Let

F(x) = A+ (z — 20) B(z — x9),

where B is invertible.

Then the critical points of F'(x) are computed as

L(F(z))v=20"B(z — z)
20T B(z — x9) = 0,Vv € R"

= B(x —x0) =0 =2 — 1 € kerB,
S —x9 =052 = xg.

o Let

F(A) = log|A| + tr(AP) + 27 Az,

15
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(2.14)

(2.15)

(2.16)



where A is invertible. Then,
LF(AM = tr(A'M7T) + tr(MP) + 2" Mz
= tr(ATMT + PTMT 4 22" M7T)
=tr([A~! + PT + 22T |M7T)
=0,YM € ROMiffA- + PT 4 227 =0

S A=—(PT + z2T)!

2.3 Probability

2.3.1 The probability Distribution Function

(2.17)

Definition 16 let S be a sample space and X : S — R be a random variable. For

each measurable set A C R, define P : events — |0, 1], where each event is a set

{s € S:X(s) € ACR} or, briefly, {X € A}, subject to the following conditions:

(1)P(X € A) >0 for any measurable set A C R,

(2)P(X € R) =1, and

(8) for any countable sequence of pairwise disjoint measurable sets A; in R,

P(X € UA;) = ip(x € A,).

P s called the probability distribution function of the random variable X .

16



If there exists an integrable function f such that
P(X € A)= [, f(x)dx (2.18)

for all measurable sets A, we say that P is a continuous (as opposed to discrete)
probability distribution and f is called the probability density function of the random

variable X.

Definition 17 The probability density function f given by

f(z) = —exp{=54},0, > 0,p, €R (2.19)

1s called the Gaussian probability density function, and P is called Gaussian distribu-

tion of the random variable X .

It is completely determined by 1, and o,. Hence, we use the notation: X ~ N (p,,o2).

2.3.2 The Expectation and Variance of Random Variables

Definition 18 Let X be an m-dimensional random variable. The expectation of X

indicates the mean of the values of X, and is defined by
B{X} = [" xf(z)dz. (2.20)

17



Note that E(X) is an m-vector for any m-dimensional random variable X with
probability density function f. For the normal distribution, using the substitution

y = (z — 1)/ (v/20,), we have

B{X}=[7 af(x)ds (2.21)

o] —(z—pg)?
= /2 l’\/Qiram exp{ (2a§ ) }dx
= = [oo e yPdy

Definition 19 The variance of X is defined by

Var{X} = B{X — B{X}}? = [~ (z — B{X})*f(x)dx. (2.22)

For the Gaussian distribution, using the substitution y = (v — p1,)/v/20,), we have

Var{X} = [ (¢ — uo)2f (a)da (2.23)

o) e pa)?
Javar oo (@ = ) eap{ =k o

= 2002 [T yPeVdy

where we have used the equality [°°_ y2e v dy = \/TE

18



2.3.3 Joint Probability Distribution Function

Let X = [X1, Xs, ..., X;,] be a random vector whose components are random variables

where X;(s) e R,s € S.

Definition 20 Let P be a continuous probability distribution function of X. That is,
P(X; €A, ... X, €A, = fAl "'fAn f(z1, .y xy)dey .. dxy, (2.24)

where Ay, ..., A, are measurable sets in R and f an integrable function. f is called a
joint probability density function of X and P is called a joint probability distribution

function of Xy, Xa, ..., X,,.

Definition 21 Let X and Y be random n—and m—wvectors, respectively.

The covariance of X and Y 1is defined by the n X m matriz

Cov(X,Y) = E[(X — E{X})(Y — E{Y})T]. (2.25)

When Y = X, we have the variance matrix, which is sometimes called a covariance

matrix of X, Var(X) =Cov(X, X).

19



Lemma 22 The expectation, variance, and covariance have the following properties:

E(AX + BY) = AE(X) + BE(Y) (2.26)
E((AX)(BY)") = A(BE(XY™))BT (2.27)
Cov(X,Y) = (Cov(Y, X))* (2.28)
Cov(X,Y) = BE(XYT) — E(X)(E(Y))" (2.29)
Cov(X,Y + Z) = Cov(X,Y) + Cov(X, Z), (2.30)

where A and B are constant matrices of appropriate dimensions.

If

J(@) = e~ 3@ — ) TR & — 1)) (2.31)
where p, is a constant n—vector and R is a covariance symmetric positive definite
matrix, we say that f(z) is a Gaussian probability density function of X.

We can show by using a substitution as that used for the scalar case of equations

(2.21) and (2,23), that
E{X} = ffooo ffooo r1Z9... 2, f(X)dx1dxs...dx, = piy, (2.32)

and

Var{X} = B{X — ji,)(X — u)" = R. (2.33)

20



2.3.4 Conditional Probability

Definition 23 The conditional probability of X1 € Ay given Xy € Ay is defined by

P(X; € Al X, € Ay) = Heontacial, (2.34)

Let f(x1|z2) denote the probability density function corresponding to P(X; € A;| X5 €
Ay). f(z1]z2) is called the conditional probability density function corresponding to
the conditional probability distribution function P(X; € A;| X, € As).

Bayes’ formula states that

f(z1,22) = f(x1|22) fole) = fl22]|21) f(21). (2.35)

This formula also holds for random vectors X; and Xs.

X and Y are said to be independent if f(x|y) = fi(x) and f(y|x) = fa(y), and X
and Y are said to be uncorrelated if Cov(X,Y) = 0. It is easy to see that if X and
Y are independent then they are uncorrelated. Indeed, if X and Y are independent

then f(x, y) = fi(x)f2(y). Indeed, by property (2.29) we find that Cov(X,Y) =0

Similar to the definitions of expectation and variance, the conditional expectation of

X under the condition that Y = y is defined to be
E(X)Y =y) = [T x[(x]y)dx (2.36)
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and the conditional variance of X, under the condition that Y =y to be

Var(X[Y =y) = [T [x — BE(X]Y =y)][x — E(X|Y = y)]" f(x]y)dx.

Suppose that

X Lz
E =
Fy
and
X R.» Ry
Var =
Rys Ry,
From (2.31), we have
X
fxy)=7f
y
_ 1
- 1/2
Rmx ny
(2m)n/2 | det
Rys Ry,
T -1
expi —1/2 — —
Y Fy Rys Ry, Y Fy
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We find that[8]

_ fxy)
fxly) =55 (2.38)

= Grrmrex { 30— AR (x — i)} where
o= e+ Ry Ry (v — py),

R = Ry, — RyyRy )} Ry,

So, by rewriting /i, and R, we get
E(X|Y =y) = E(X) + Cov(X,Y)Var *(Y)(y — E(Y)) (2.39)

and

Var(X|Y =y) = Var(X) + Cov(X,Y)Var ' (Y)Cov(Y, X). (2.40)

2.4 Interval Analysis:

In this section, we provide some preliminary results on interval arithmetic and interval
analysis that are needed throughout this thesis.

The birth of modern interval arithmetic was marked by the appearance of the book
?Interval Analysis” by Ramon E. Moore in 1966 [45]. Hansen and Smith [21] started
the use of interval arithmetic in matrix computations. We will follow the notations

and definitions from [1](Alferld).
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2.4.1 Concepts and Properties of Intervals

Definition 24 An interval [x] is a closed and connected subset of R; it is characterized

by its lower and upper bounds x and T as [z, T].

Firstly, we introduce some useful concepts and properties of intervals:
Equality: Two intervals, [z1,77] and [z, T3], are said to be equal if and only if 21 = 5
and 77 = 73.

Intersection: The intersection of two intervals, [x1,71] and [z, @3] is defined by

(21, 71] N[22, T2] = [max{zy, 25}, min{77, T }].

Union: The union of two non-disjoint intervals, [z1] and [xs]

21, 71] U [22, 72] = [min{zy, 22}, max{z1, 72}].

Inequality: The interval [z1] is said to be less than (similarly, greater than) the
interval [z,], iff 1 < @5; otherwise, they cannot be compared. The relations < and
>: are not defined for intervals.

Inclusion: The interval [z4] is said to be included in [x,] iff 25 < 2, and 7y < 7.
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2.4.2 Basics of Interval Arithmetic

Let [x] = [z,7] and [y] = [y,7] be real compact intervals and o one of the basic
operations ‘addition’, ‘subtraction’, ‘multiplication’ and ‘division’, respectively, for

real numbers, that is 0 € {4, —, %, /}. Then we define the corresponding operations

for intervals [z] and [y] by

[z]oly] = {woylz € [z],y € [y]},

where we assume 0 ¢ [y] in case of division. [z]o[y] can be represented by using only

the bounds of [z] and [y] as the following :

a.lr] + [y =z +y,T+7 (2.41)

c.[z] x [y] = [min(zy, 27, Ty, 7), max(zy, 27, Ty, T7)]
)10 ¢ [yl.

Equations (2.41) show that the set IR of real compact intervals is closed with respect

d.% = [min(i, %, %, %,max(

<|8]

z z
¥y Y

to the operations {+, —, *, /}.

Definition 25 We define the the center and the width of interval [z] as the following

c([z]) = &2 (2.42)



If [z] consists only of the element x, then we identify the real number x with the
degenerate interval [z, x] keeping the real notation, i.e., z = [z, x]. In this way one
recovers at once the real numbers R and the corresponding real arithmetic when
restricting IR to the set of degenerate real intervals equipped with the arithmetic
defined in (2.41). Unfortunately, (IR, +, %) is neither a field nor a ring. The structures
(IR, +) and (IR/{0}, %) are commutative semigroups with the neutral elements 0 and
1, respectively, but they are not groups. A nondegenerate interval [z] has no inverse
with respect to addition or multiplication. Even the distributive law has to be replaced

by the so-called subdistributivity

(2] = ([y] + [2]) € [a] = [y] + [2] = [2]. (2.43)
For example, let [z] = [~2,2], [y] = 1 and [2] = [~1],then
(][] +[=]) = [=2,2](1-1) = 0 C [=4,4] = [-2, 21 +[-2, 2]x(—1) = [w][y]+[x]#[z].
Also,
(=2,2]+ (=[-2,2]) = [-2,2] + [-2,2] = [-4,4] #0,
which means that —[—2,2] not the inverse of [~2, 2] with respect to addition.

Equality holds in equation (2.43) in some important particular cases, for instance if
[z] is degenerate or if [y] and [z] lie on the same side with respect to 0.

From (2.41) it follows that the operations for intervals are inclusion monotone in the
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following sense:

(2] € [2], [y] € [w] = [a] o [y] € [2] o [w]. (2.44)

2.4.3 Interval Functions

Definition 26 If f is a continuous real valued function, then we define the standard

interval function W(f) as

WS, [2]) = {f(2),z € [a]} = [minge f(2), maxeep f(2)] (2.45)

which are extensions of the corresponding real functions.

The standard interval functions are inclusion monotone, i.e., they satisfy

[z] € ly] = W ([, [z]) € W([,[y]). (2.46)

Definition 27 Let f : D C R — R be given by a mathematical expression f(x)
which is composed of finitely many elementary operations 4+, —,*, /. If one replaces
the variable x by an interval [x] C D and if one can evaluate the resulting interval
expression following the rules in (2.41) and (2.44) then one gets again an interval. It

is denoted by f([x]) and is called an interval arithmetic evaluation of f over |x].
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From (2.43) and (2.45) the interval arithmetic evaluation turns out to be inclusion

monotone, i.e.,
[2] € [y] = f([=]) € f([))-
From (2.46) we obtain
x € [z] = f(z) € f([2]),
hence,

W (f, [z]) € f([z]).

This formula is called the Fundamental Theorem of Interval Arithmetic.

Example: Suppose

T

flz) = z ¢ {0,1},

1—2x’

and the interval [x] = [2,3]. We could also write f(z) as

f@) = 2 ¢ {0,1}.

1z =1’
In either case
3

W, L) = (£, [2,3]) = [-2,-5).

Denoting the first expression for f by f() and the second by f® we get

(2.47)

(2.48)

(2.49)



This example confirms (2.49) and shows that the quality of the inclusion of f([z]) in

W (f,|x]) is strongly dependent on how the expression for f(z) is written.

Definition 28 The distance between two intervals is defined by

q([z], ly]) = max{|z — yl, |7 =7} (2.50)

Definition 29 The absolute value of an interval [x] is defined by

|[z]| = max{|z| : = € [z]} = max{|z|, |Z|}. (2.51)
The map ¢ defines a metric in IR .

Theorem 30 Suppose an expression f(x(l), e ,x(”)) 1s formed from the real function
f of the real variable x by replacing every occurrence of x with a new variable x;,

1 <1 < n. Suppose the expression fv satisfies the Lipschitz condition
P,y a®) = F a0, 20, a®) <4y - 20 (252)
for each v with 1 < i <n. Then

¢(f(X), f(YV) < (L ) a(X,Y). (2.53)
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2.4.4 Interval Matrices

We introduce m x n interval matrices [A] = ([a;;]) with interval entries [a;;],7 =
1,2,..,m,5 = 1,2,...,n, and interval vectors [x] = ([z;]) with n components [z].
We denote the corresponding sets by IR™*™ and IR", respectively. Trivially, [A]
coincides with the interval matrix [A, 4] = {B € R(™™ . A < B < A}, where
A= (%),Z = (a;) € R™™_ Since interval vectors can be identified with n x 1
matrices, a similar property holds for them. The null matrix 0 and the identity
matrix I have the usual meaning, e denotes the vector e = (1,1,...,1)T € R™.

Operations between interval matrices and between interval vectors are defined in the

usual manner. They satisfy an analogue of (2.46)-(2.48). For example,

{Az: AelA]x e [al} C [Allz] = (5 [a][z;]) € TIR™ (2.54)

=1

if [A] € IR"™™ and [x] € IR".

An interval matrix [A] € IR™™ is called nonsingular if it contains no singular real n x
n matrix. The distance, the center, the width and the absolute value in (2.42), (2.50)
and (2.51) can be generalized to interval matrices and interval vectors, respectively.
Note that the results are real matrices and vectors, respectively, as can be seen, e.g.,

for

q([A], [B)) = [¢([ai;], [by])] € RO
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if [A], [B] € TR"™™).

Theorem 31 (Triangular Inequality): Let X = [xy,zu],Y = [yu, Y] be two

intervals, then

X +Y| < |X|+]|Y]. (2.55)
Proof.
(X +Y| = max{|zqy+ val, [T + Yiul }
< max{|zy| + [yal, |Tiu| + Vil }
= maX{|sz'l|a |5Uzu|} + max{|yil|a |yzu|}
= |X|+[Y].
]

2.5 Least-Squares Estimation:

In our thesis, we use the least square estimation approach to derive the Kalman filter
equations. In this section we mainly follow [8] to present the ordinary least square

estimation (LSE).
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Consider the observation equation
Y = HZL't + vy (256)

where x; is the state vector, 1, the data vector, v; is a random vector of zero mean Gau-
sian white noise, namely: E(v;) = 0 and E(vtva) = R0;j, where R,0;; = Cov(uv,v;)
and ¢;; = 1if t = j and 0 if ¢ # j with R; being symmetric and positive definite.

Let H be given. Our goal is to obtain an optimal estimate ; of the state vector z;
from the information y;. When the data is contaminated with noise, we will minimize
the quantity:

F(ug, Wy) = E((ys — Hug) "Wy (y; — Huy)) (2.57)

over all n— vectors u; where W; is a positive definite and symmetric weight matrix.

That is, we wish to find a i, = 4;(W;) such that
F(dg, Wy) = miny, F'(ug, W). (2.58)

Also, we wish to determine the optimal weight W, in a sense to be explained later.
To find 1; = 1y (W;), assuming that (H} W, H;) is nonsingular, using equation (2.7) we

rewrite

F(Ut, I/Vt) = E((yt - Hut)TWt(yt - HUt)) (2-59>
= E[(HTWtH)ut — HTWtyt]T(HTWtH)_l[(HTWtH)Ut — HTWtyt]
+E(y/[I — W, HH"W,H) "H"|Wyy,),
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where the first term on the right hand side is non-negative definite. To minimize

F(ug, Wy), the first term on the right must vanish, so that
iy = (HTW,H) "\ H Wy, (2.60)
To find the optimal weight W, let us consider
F (g, Wy) = E((ye — Hiiy)" W, (y: — Huiy)) (2.61)

as a function of W;.

It is clear that this quantity does not attain a minimum value at a positive definite
weight W, since such a minimum would result from W; = 0. Hence, we need another
measurement to determine an optimal W Noting that the original problem is to
estimate the state vector x; by u;(W,), it is natural to consider a measurement of
the error (z; — 1;(W;)). But since not much about z; is known and only the noisy
data can be measured, this measurement should be determined by the variance of the
error. That is, we will minimize Var(x; — 4;(W;)) over all positive definite symmetric

matrices W;. So, we have

Var(x; — ;) = Var[(HTW,H) Y (HTW,H)x; — (HTW,H) "' HT Wy,
= Var[(HTW,H) 'H*"W,(Hz; — y;)]

= Var[—(HTWtH)_lﬂTtht] .
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By the linearity of the expectation, we have

Var(z; — ;) = (HTW,H) " *HTW, E (vl YW, H(HTW,;H)~* (2.62)
= (H'W,H)'"H"W,R,W,H(H"W,H)™".
This is the quantity to be minimized. To write this as a perfect square, we need the
positive square root of the positive definite symmetric matrix R;. That is (R; / 2)(R2 / 2) =
R,. Tt follows that Var(z, — 1;) = QTQ where Q = (R}'*)W,H(HTW,H)"'. By the
matrix Schwarz inequality (2.6) and the assumption that P is a matrix with nonsin-

gular PTP, we have

QTQ = (PTQ)"(PTP)TH(PTQ). (2.63)

We may choose P = (Ry/*)"'H, so that PTP = HT((R}/*)")"Y(R}*)H

= HTR;'H is nonsingular, where (H” R,H) is nonsingular, and

(PTQ)T(PTP)H(PTQ) (2.64)
= [H () )T (R W H (HTWH) ) (HT Ry )™
HT((RY) )T (R T W H (HT W H)
= (H'R,'H)™
= Var(x; — u(R;)).

Hence, Var(z; —i;(W;)) >Var(z; —u:(R; ")) for all positive definite symmetric weight

matrices W,;. Therefore, the optimal weight matrix is W, = R;', and the optimal
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estimate of x; using this optimal weight is
Ty =0 (R;Y) = (H' R, H) ' HT R 1y, (2.65)

We call z; the least-squares optimal estimate of z;.

2.6 The EM-Algorithm

In this section we describe the maximum-likelihood parameter estimation problem
and how the Expectation- Maximization (EM) algorithm can be used for its solution.
This method will be used for the identification of linear state space model as in Sec.
3.5.

Let P(x,0) be a density function governed by the set of parameters ©. We also
have a data set of size N, X = {x3,Xa,...,xy}. That is, we assume that these data
vectors are independent and identically distributed with distribution P. Therefore,

the resulting density for the samples is

N
P(X|0) =[] P(x:,©) = L(©]X).
i=1
This function L(O, X) is called the likelihood function. In the maximum likelihood
problem, our goal is to find the © that maximizes L. We maximize LogL(©, X)

instead because it is analytically easier [26].
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The EM-algorithm (Expectation-Maximization algorithm) is an iterative procedure
for computing the maximum likelihood estimator from a given data set when the data
is incomplete or has missing values. The first proper theoretical study of the algorithm
was done by Dempster, Laird, and Rubin (1977) [10]. The EM algorithm is extensively
used throughout the statistics literature and has already become a multipurpose tool
for building a method of statistical analysis based on likelihood and other substitution
methods [26]. We will give an overview on how it works.

We assume that data X is observed and is generated by some distribution. We call
X the incomplete data. We assume that a complete data set exists Z = (X;Y) and

also assume a joint density function:
P(z|0) = P(x,y|0) = P(y|x,0)P(x|©).

With this new density function, we can define a new likelihood function, L(0|Z) =
L(O|X,Y) = P(X,Y|0), called the complete-data likelihood.

The EM algorithm first finds the expected value of the complete-data log-likelihood
LogP(X,Y|©) with respect to the unknown data Y given the observed data X and

the current parameter estimates. That is, we define:
G(0,01 V) = E[LogP(X,Y|0)|X,00 Y], (2.66)

where ©0~1 are the current parameters estimates that we used to evaluate the ex-
pectation and © are the new parameters that optimize G. The evaluation of this
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expectation is called the E-step of the algorithm.
The second step (the M-step) of the EM algorithm is to maximize the expectation
we computed in the first step with respect to ©.
These two steps are repeated as necessary. Each iteration is guaranteed to increase
the log likelihood and the algorithm is guaranteed to converge to a local maximum of

the likelihood function.
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Chapter 3

THE KALMAN FILTER

3.1 Introduction

Kalman filter was first proposed by Rodolf Kalman in the year 1960 as optimal esti-
mation filter for linear state space model [32]. In this chapter, we derive the Kalman
filter algorithm based on least square estimation [65]. One can see other derivations of
Kalman filter in [58,65]. In addition, we give an application of the Kalman filter to lin-
ear state space model. Kalman described his filter using state space techniques which
enable the filter to be used as either a smoother, a filter or a predictor. So, we can

find Kalman smoother equations which is required for the E-step in the Expectation-
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Maximization (EM) algorithm for linear Gaussian state space models. We use the
(EM) algorithm to identify the unknown parameters in state space model (SSM) (3.1)
and (3.2) [59]. The maximum likelihood estimation procedure is to maximize an in-
novation form of the likelihood function where all values used are obtained in filtering
and smoothing equations which are explained in this chapter. For more details about

the Maximum Likelihood Method, see [10,26,58].

3.2 Gaussian State Space Models

A linear Gaussian state space model is characterized by an unobserved series of vec-
tors x1, s, ..., z, (called states), that are associated with a series of observations
Y1, Y2, ---, Yn. The relation between the states and the observations is specified through

the observation and the state equations as folloes

Tty1 = ALEt + Wy, (31)

Y = Hry + vy (3.2)
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w; ~ N(0,Q), (3.3)

vy~ N(,R),t=1,2,....n (3.4)
E(wjw)) = 0;,Qx, (3.5)
E(vjvl) = 6,4 R:, (3.6)
E(wv]) = 0,Vi, j. (3.7)

where y; is a px1 vector of observations, z; is a kx1 vector of states. The equation
(3.2) is called the observation equation, which has the structure of a linear regression
relating the state vector to the observed time series. Eq. (3.1) is called the state
equation, which describes the dynamics of the states. The relation between the state
vector and the observed values is characterized by the matrix H of size pxk. The
dependence of the current state on the past is determined by the transition matrix,
A.

Egs. (3.3) and (3.4) imply that the dynamical noise w; and the observation noise vy
are uncorrelated, white, and Gaussian with zero means. In particular, Egs. (3.5) and
(3.6) indicate that w; and v; are white Gaussian processes with the covariances at time
t being @, and Ry, respectively. The symbol ~ in Eqgs.(3.3) and (3.4) means ”follow-
ing the distribution”. The notation N(u,¥) represents a Gaussian distribution with
x being the random variable, whose mean and covariance are p and X, respectively.

Finally, 0;, denotes the Kronecker delta function, i.e.,
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1 if 1=
(51'73‘:

0 if i

3.3 Deriving the Kalman filter from least squares

estimation

In this section we will derive the Kalman filter equations from point of view of least
squares estimation. We mainly follow [65] in our derivation.

If © ={A, H, R,Q} is known in our linear Gaussian state space model (3.1) and (3.2),
we can estimate the unknown state vector by the Kalman filter procedure.

We will define some notations for later use. xj = E{x;|Ys}, where Ys = {y1, 92, ..., Us}
denotes the vectors up to time s. For s =t — 1 the expectation is a forecast whereas
for s = t, the expectation is the Kalman filtered value. For s = n, the expectation
is conditional on the entire data and is the Kalman smoother. The conditional co-
variances P} = E{(x; — f) (2 — 27)"|Y.}, and PP, = E{(xy — af)(x, — 25)7|Y,}, are
interpreted in the same way.

Without loss of generality, we suppose that we know the initial state vector 2 and
the corresponding initial error covariance PY . We will divide the procedures of the
Kalman filter into two steps: propagation (or prediction) and filtering [65].
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Propagation step

The expectation of the state z; is given from Eq. (3.1) by
E(.Tt) = AE(l't,l), (38)

which is normally used as the estimation of the background at instant ¢. The back-

ground ¢! is estimated as

= E(2]Yia) (3.9)
= E(Azi + wi|Yi1)

= AE(z;1|Yi1)

= Azl71.

The corresponding background error covariance P;~! is given by

Pt = E((w — a7 (@ — a7 ) [Yiea) (3.10)
= E((A(wi-1 — 2321) + we) (A(wee1 — 2171) +we) T [Yioa)
= AB((z1 — 221) (w1 — 2:20) Vi) AT + E(wpw! [Yi-1)
= APAT + Q.
Note that to derive Eq. (3.10), we have assumed that the analysis error e/ {=z!"1 —
2,1 is independent of the dynamical noise w;.
Filtering step
After a new observation g, is available, one incorporates the new information so as

to update the background z! ™' to the analysis 2! . To this end, one needs to find an
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optimal weight matrix K; (Kalman gain), so that the analysis 2!, is updated according

to the following rule

ot =2+ K(y, — Hal ™). (3.11)

Minimize the expectation of the energy (the cost function)

Jo = E(|el*) = E(l|l=; — z]*) (3.12)

of the analysis error ei=zf—x,. The reason to use Eq. (3.11) to update the background
271 is because one would normally expect the background, the analysis, and the

observation to be unbiased estimations, i.e.,

E{d Y =Bl —x) =0, (3.13)
E{ei} = E(x; —x) =0,
E{v} = E(y. — Hx,) = 0,

where €/~ € denote the background and analysis errors, respectively. To see the

rationale behind Eq. (3.11), one may first write the analysis as a linear combination

of the background #!~' and the observation 7,. That is

zh = Cal ™t + Wy, (3.14)
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where C' and W are k x k and k X p constant matrices, respectively. Because of the

unbiasedness Eq. (3.13) one has

E(zt — ) = E(Cal™ + Wy, — ) (3.15)
= EB(Cxi ™ + W(Hzy +v;) — 74)

= (C+WH — I,)E(z;)

=0,

So that C' = I, — W H. Substituting this identity for C' into Eq. (3.14), we find

ot =Cxl™ + Wy, (3.16)
= -WH)z!™' + Wy,
=y Wy, — WHa! !
=2+ Wy — Hay™").
By replacing W by K, we obtain Eq. (3.11).

On the other hand, the analysis error covariance

P} = E((¢; — Bej)(e; — Ee))"), (3.17)
= E(e(€)")-
Thus it is clear that the cost function in Eq.(3.12) is equivalent to the trace of the

error covariance P}, i.e.,
Jo = Ellefl* = E((e)"et) = tr(F}). (3.18)
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Consequently, the optimal state estimation problem in Eq.(3.1) now becomes an opti-
mization problem whose objective is to minimize tr(P}) over all possible weights K;.

Subtracting the truth z; from Eq. (3.11), we have
vt — 2= (o7 —2) + K ((ye — Hay) — (Ho! ™! — Hay)). (3.19)
Thus Eq.(3.19) can be re-written as

e =+ Ki(vy— Hel ™) (3.20)

= (I - K:H)e, ! + Ky (3.21)

Therefore, one can obtain the analysis error covariance in terms of the background

error covariance by noting that

P} = E(ey(e)") (3.22)

= (I - KHE(E (DN - KH)" + KR K]

— (I — K,H)P" (I — K,H)" + K,R,KT.
Note that to obtain the above result, we have assumed that the background error €/ !
and observation noise v; are independent, so that E(e"(v;)7) = E(vi(ei™ 1)) = 0.
Also note that P/™' = E(el ' (¢/7")T)) is the background error covariance, and R; =

E(vi(v;)T) is the covariance of the observation noise. Thus one can re-write Eq.(3.22)

as

P! =P ' - P'HTK! + KRy K] — K,HP ' + Kk HPF P HT K. (3.23)
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Therefore the trace of P} is given by
tr(P!) = tr(PFY) + tr( KR KE) — 2tr( K HPY) + tr(KGHP T HT KT, (3.24)

Note that to derive Eq.(3.24), we have utilized the fact that P/ "' HT K[ is the trans-

pose of K;HP}™  hence their traces are the same. To minimize tr(P}), a necessary

dtr(P})

K- = 0. The differentiation is carried

condition for an optimal weight K, is that

out using the rules given in subsection 2.2.2.
So, from Eq. (3.24), we get

d
Rtr(Pf}M = tr(Ky(R+RN—2(HP W+ K,(HP *HT +(HP Y HT)TYM, VM € R™".
t

Since the covariance matrices are symmetric, we have
Tete(PHM = tr([2K, R, — 2P 'H” + 2K, HP/""HT|M) (3.25)
= 2tr([K;R; — PI"'HT + KHP/ ' HTIM).

Equaling the above expression to zero and observing that equality must hold for all

M e R™™,

2[K;R, — P/ "*HT + KHP!""H"] = 0.

This gives

K, =P/ *HY(HP/"'HT + R,)7!, (3.26)
where HP!"*H" + R, is invertible because it is positive definite.
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Substituting Eq.(3.26) into Eq.(3.23), it can be shown that

P! =P — K,HP! (3.27)

3.4 Summary of the Kalman filter and the Kalman

smoother:

We summarize for later reference the equations for the Kalman filter and the Kalman
smoother as follows

a.The Kalman Filter

For the state space model specified in (3.1) and (3.2) with initial conditions z§ = g

and P} =Y, for t =1,2,...,n

7l = Agttl (3.28)
PI7t = AP AT 4 Q, (3.29)
ol =2+ Ky (y, — Hal ™) (3.30)
Pl =(I - K,H)P™ (3.31)
where the Kalman gain is
K, =P 'HT(HP/ ' HT + R,)™L. (3.32)
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b.The Kalman Smoother
For the state space model specified in (3.1) and (3.2) with initial conditions z = p,

and P’ =%, and fort =n,n—1,...,1,

o) =2+ o (af — AxlT)) (3.33)
Py = Pttjll + thl(Ptn - Pttil)JtTfp (3-34)
Jioy = P AT (P (3.35)

where " and P/™! are given by (3.28)-(3.31).
c. The Lag-One Covariance Smoother
For the state space model specified in (3.1) and (3.2), with K}, J;, and P} and with

initial condition

1 = (I = KnHy)An By, (3.36)
fort=n,n-1,...,2,
Py o =PI+ T (Pl — AP I, (3.37)

For more details about mathematical theory of Kalman filtering and Kalman smooth-
ing, see [3,23,31,32,58,65].
Example (Applying Kalman Filter to State Space Model)

In this example, we introduce an application of Kalman filter equations (3.28)-(3.31)
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to the linear state space model (3.1) and (3.2). Let

A=10 1 -1 ,H=[01 1]

We take the noises w; and v; as random noises. The covariance matrices () and R are
constant depending on w; and vy, respectively. We start by the initial state vector
rg9 = 03x1 with error covariance Py = 03. From the initial state zy, we find true
states x1, xa, ..., T, by the dynamical equation (3.1) and from these states we find the
observations yi, ¥s, ..., Y, by the measurement equation.

Using the Kalman filter equations (3.28)-(3.31), we estimate the state vectors 1, 2, ..., 7.
The figure shows the error between the true states its estimations at timet = 1,2, ..., n.

The X-axis is the time and Y-axis is the error.
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3.5 Ensemble Kalman Filter

In section 3.3, we derived the Kalman filter based on two fundamental assumptions,
namely, the linearity of the state and observation equations and the Gaussianity of
the dynamical and observation noise. Indeed, the assumption of linearity is not often
valid. Thus the ensemble Kalman filter (EnKF'), initially proposed by Evensen (1994),
is designed to tackle this problem [13].

The EnKF is a sophisticated sequential data assimilation method. It applies an en-
semble of model states to represent the error statistics of the model estimate, it applies
ensemble integrations to predict the error statistics forward in time, and it uses an
analysis scheme which operates directly on the ensemble of model states when obser-
vations are assimilated.

Suppose that, at the beginning of each assimilation cycle, one has an ensemble of
the background (called background ensemble), usually obtained from the previous as-
similation cycle. Then, with an incoming observation, one applies the Kalman filter
equations (3.28)-(3.31) to update each individual member of the background ensem-
ble. To do this, the mean and error covariance of the background are approximated by
the sample mean and sample covariance of the background ensemble, so that one can
apply KF Eqs. (3.28) and (3.29) to obtain an ensemble of the analysis. The analysis

ensemble is then used to estimate the mean and covariance of the underlying system
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states. By propagating the analysis ensemble forward through the dynamical system,
one obtains a new background ensemble for the next assimilation cycle. In this way,
by using only a small ensemble to evaluate the statistics (mean and covariance) at
both the propagation and filtering steps, the computational cost of the filter can be
reduced. A recent review and overview of the EnKF is given in [13], which provides
detailed information on the formulation, interpretation and implementation of the

EnKF.

3.6 Identification of linear state space models:

In this section, we will use the EM (Expectation-Maximization) algorithm to estimate
the parameters © = {A, H,Q, R} in the state space model defined by Equations (3.1)
and (3.2).

The EM algorithm for state space model requires the computation of the Kalman
filter and the Kalman smoother for x; which was studied in the previous section.

Let X, = {z1,29,...,2,} and Y, = {y1,%2,...,yn} be the states and observations,
respectively. Under the Gaussian assumption, the probability density P(xq) is given

by
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P(x0) = (2m) /% %0| /% exp(—1/2(z0 — 110)" g (w0 — po))- (3.38)

Based on (3.1) and (3.2) we can write the conditional densities for the state and output

P(yelae) = (2m) 2[RI 2 exp(=1/2(y, — Hao)" R~ (y — Hay)) (3.39)
P(wi|rs-1) = (2m)7F2|Q 7 exp(—1/2(wy — Awe1)" Q7 (2 — Awpa)).

Since the dynamic systems are Markovian and the by the Beyes’ formula (2.35), the

joint likelihood for the complete data is given by

P(Y,, X0n) = P(Y1, Y2y s Yny T1, T2y ovy Ty) (3.40)
= p(yna xannfla Ynfl)P(anla Ynfl)
= P<yn‘xn)P(xn|Xn—l7Yn—l)P(Yn—laXn—l)

= P(:yn|xn)P(xn|$n—l)P(Yn—laXn—l)

= [[i=) Pyelwe) [ 11—y P(wsalae) P(20).
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Taking the Log of Eq. (3.40), we have

LogP(Yn, Xy; ©) = Log[[ [,y P(yelwe) [ ;= Pxer1|ze) Pao)] (3.41)
= iy Log[(2m) 2|72 exp(—1/2(y, — Hao)" R~ (y, — Huy)))]
+ 201 Log[(2m) 7*2(Q1 712 exp(—1/2(xe — Awe-1)TQ ™ (2 — Awy-1))]
+Log|(2m) 2[5 T exp(—1/2(x0 — 110)"Eg (20 — p10))]
= >t Logl|[ RI7V2] + 300 (=1/2(y — Hao) "R~ (y, — Hay))
+ 300 Logl|QI7Y2] + 320 (=1/2(2 — Az )T Q™ (2 — Awyy))
+Log[|Z0| 7% + (=1/2(20 — p10)" 5 (20 — p10))] + Const.
Therefore, the joint log likelihood can be written as
LogP (Y, X, 0) = —n/2Log|R| — S5, (4 — Ha))" Ry — Hz,) — n/2Log]Q)
— iy (@ — Az, )" Q7N (@ — Awyr) — 1/2L0g S| — 1/2(z0 — p0) "S5 (w0 — po)

+Const.
(3.42)

The EM algorithm tries to maximize LogP with respect to O.
The two steps of the EM algorithm are (see Sec. 2.6):
1. The expectation step (E-step): we compute the conditional expectation of the joint

log likelihood of the complete data at iteration 7,7 = 1,2, ...
G(0|0U=Y) = E[LogP (Yy, X,; 0)]Y,, 0V~ (3.43)

where ©°~! is the parameter vector obtained in the previous iteration.
2. The maximization step (M- step): we maximize the expected likelihood function
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with respect our unknown parameters ©.
By using Lemma 9 and linearity of the trace and the conditional expectation, we can

calculate Eq. (3.43) as.

G(6|0U™Y) = E[LogP(Y,, X,,; ©)|Y,,,0U~1)]

= —n/2Log|R| — trR™' 350, E([(yr — Hay)(ye — Hay)"]|Y2)}

—n/2Log|Q| — 1/2tr{Q@ ™" 31y E[xe — Azy1)(ze — Azir)"][Yn)} — 1/2Log 20|
—1/2tr{S5 E((z0 — po) (w0 — 10)¥|Y;,) + Const..

Using this property of Cov(X,Y)
Cov(X,Y) = B(XYT) — B(X)(E(Y)),

and recalling that
Py = El(z, — a}) (2, — a)"]

Py = Elwey — o) (e — )],

we have

G(0]0V~Y) = —n/2Log|R| — tr{R™" 320 [(ye — Hap)(ye — Haf)" (3.44)
+HPPH]} = n/2Log|Q| — 1/26r{Q7 [321 [27 (27)" + PY']

=2l @) + P AT = AR [ (27 )T + Pl

+AY i ()T + Py AT} — 1/2L0g S|

—1/26x {55 [ — po) () — j10)” + Py} + Const.
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Putting

n

B = Z[ZEZLI(I:LQT + P, (3.45)
C=> [ap(zp )"+ Py, (3.46)
D=> [ap(=)" + Py (3.47)

in Eq. (3.44), we get

G(8|eVY) = —n/2Log|R| — tr{R™" 321, [(y: — Ha})(y: — Ha})"
YHPPHT]} — n/2Log|Q| — 1/2t:{Q ' [D — CAT — ACT + ABAT]} — 1/2Log|S|

—1/2tr {25 ol — po) (z8 — o) T + PP]} + Const.
(3.48)

In the above equations, the components z7" ;, 7', P, P* and P}, ; can be calculated
by using the Kalman filter equations and the Kalman smoother equations (3.28)-
(3.37). Calculation of equation (3.48) is the expectation step (E-step).

Now, we maximization of the function G(6©|©U~Y) with respect to the unknown pa-
rameters set, O = {H(5), A(j),Q(4), R(j), 1to(j)} at iteration j can be calculated
from Eq. (3.48) as follows

e To find A, we will minimize the function G(0]|0U~Y) with respect to A. It is enough

to minimize the term
D — CAT — ACT + ABAT (3.49)

56



by the Lemma 6 of completing the squares, we have

D — CAT — ACT + ABAT = D — CAT — (CAT)T + ABAT (3.50)
=(A-CB™HC(A-CBY)+D—-CB~(C".

So, this expression is minimum with respect to A when
A=CB™". (3.51)

e To find @, we will take the partial derivative of the function G(0|©U~Y) with respect

to (Q and equate to zero. So,

6G (016U M = E[—n/2Log|Q| — 1/2tr{Q7'[D — CB'CT}M
= —n/2tr(Q7'M) — 1/2tr(Q'MQ~' (D — CAT — ACT + ABAT)
=1/2tr{nQ'M — Q7'MQ~ (D — CAT — ACT + ABAT)

equating to zero:

tr{Q'M(nl — Q' (D — CAT — AC™ + ABAT)) = 0,YM € RF** (3.52)
= (nI — QY (D — CAT — ACT + ABAT)) =0

= Q (D - CAT — ACT + ABAT) = nlI

Q=1/n(D — CAT — ACT + ABAT).

Put Eq. (3.51) in Eq. (3.52), we have

Q=1/n(D —CB~CT). (3.53)
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e To find H, We will minimize Eq. (3.48) with respect to H. So ,we will minimize

the terms which include H.

tr(R™ 300, (e — Hay)(ye — Hap)" + HPPHT)
= (R 0wy — Haty! — (o) HT + Hay(a)"H' + HPHT)
= (Rl vyl ) — HOZim 2ty ) — 0 we(ey) ) HT
+H (Y @ (af)" + P HT})
=tr(RYS, — HS, — STHT + HS;HT)).
where
Si=> Yyl
Sy =3 7ty

S =2 (af (@) + P,

Now, we will calculate the partial derivative of this expression w.r.t H and equate to

Z€ero.

L (tr(R7'(S1 — HSy — STHT + HSsHT)))M = tr(R™ (=M Sy — STMT + MSsHT + HS;MT))
(3.54)
But
tr(R7'STMT) = tr(STMTR™)
= tr(R™'MS,).
So, Eq. (3.54) becomes
L (tr(R7'(S1 — HS, — STHT + HS3HT)))M = tr(R™'M(—25, 4+ 25;HT)
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Equating to zero and observing that equality must hold for all M € RF** gives
SsHT = S, (3.55)
= 07 = 53_152
= H = 8355 = (321, (v,(x) ") i, (xp (x) " + PP))
e To find R, it is enough to minimize
—n/2Log|R| — tr{RV Y [(y — Hap) (o — Ha)? + HPPHTTY. (3.56)
This expression can be written using the same steps in Eqn (3.54) as

—n/2Log|R| — tr(R™Y(S; — HSy — STHT + HS3HT)). (3.57)

Now, we use the same steps used in finding ). We differentiate with respect to R and

equate to zero

A (—n/2Log|R| — tr(R™1(Sy — HSy — STHT + HS3HT))M =0 (3.58)
= —1/2tr(nR'M — RTIMR™Y(S, — HS, — STHT + HS;HT) =0

= —1/2trtR'M(nI — R™Y(S, — HSy — STH" + HSsH™)) = 0

=nl — R (S, — HSy — STH” + HS3HT)) = 0

= R=1/n(S; — HSy — STHT + HS;HT)).

Putting the values of S, S5, S3 and H, we have

R=1/n{33 vy — iy we(a?) ) 0y 2 ()" + PP (L 2yl )} (3.59)
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Finally, we can find p, as
Ho = X (3.60)

We summarize the procedure of the EM computations as following:

1. Initialize the procedure by selecting starting values for the parameters ©©) =

{AQ HO RO Q) and estimate .

2. (E-step) Use Eqns (3.28)-(3.37) to estimate the smoothed values x, P* and P/,
for t = 1,2, ...,n, with parametersQ@U=Y (j =1,2,...).

3. (M-step) Update the estimates,A, H, R and @ using the Eqns.(3.51), (3.53), (3.55)
and (3.59), to obtain ©U).

4. Repeat 2 and 3 above until the estimates and the log likelihood function (3.42) are

stable.
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Chapter 4

CONVEXITY INTERVAL

ANALYSIS

4.1 Introduction

In the ordinary interval analysis, some algebra properties of real number are not sat-
isfied in interval setting (see Sec2.4). For example, the distribution law for intervals
does not hold in general. So, the inverse of an interval matrix is not well defined be-
cause a determinate is not well defined. Also, the multiplication of interval matrices

is not associative and hence we are not able to find the powers of interval matrices.
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In this chapter, we introduce modified arithmetic operations on intervals and interval
matrices introduced in section (2.4) by using the convexity which make some algebraic
properties hold. In addition, we introduce definitions for interval random variables,
interval expectation, interval variance, interval covariance, interval conditional ex-
pectation, interval conditional variance. We investigate some algebraic properties of
interval random variables. All of these are important when we extend the Kalman
filter equations to interval Kalman filter and interval Kalman smoother which will be

studied in the next chapter.

4.2 Convexity Interval Arithmetic

Given an interval I = [a,b] and ¢ € [0, 1], we let x(¢) denote the convex combination
z(t) = (1 — t)a + tb.

Thus we may write

I=A{z(t): t€0,1]}.
In the next subsection we define some basic interval operations that will be used
for subsequent developments. We should note that the ”special” operations given
below produce subintervals of the more general interval operations given in [1]. Our

special operations will be denoted @, ©, ®, @ as opposed to the more general operators
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+7 - X, =~
Basic Operations

Addition: For [1 = [al, bl], [2 = [ag, bg], we let

Lo L= {xt)+y(t), ) € L,y(t) € L}
= {(1 —t)ay + thy + (1 — t)as + thy}

= {ay — art + thy + ag — tay + thy}

= {a1 +ay — t(ay + az) + t(by + be)}

= [a1 + ag, by + bo] = I1 + L.

Negation: For I = [a,b], we let

@II = @[(I, b]

=—{(1—t)a+tbte0,1]}

={t(a —b) —a}
= [—b, —a]
=—1.

Subtraction: For I} = [ay,b1], Iz = [ag, ba], we let

hLol,=1o(©())
= [al, bl] D [—bg, —a2]

= [al _627b1 —CL2] =1 —I.
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Multiplication: For I} = [ay,b1], Iz = [ag, by], we let

LI, ={x(t)y(t),z(t) € I,y(t) € I} (4.4)
={((1 —t)a; +tb1)((1 —t)ag + tbe)}
C L x Is.

Division: For I} = [ay, by], I = [ag, bs], we let

Iy o Iy ={2(t)/y(t),2(t) € L1, y(t) € I5,0 & I} (4.5)

={((1 =t)ay +tb)/((1 — t)as + tby)}

ChL—+1Is.
The above operations have the same algebraic properties (i.e. closed, commutative,
associative and identity) of the more general interval operations.. In addition, dis-
tributivity holds

L@U® 1) =(L®1) e (L ® ;). (4.6)

The proof is easily shown using equations (4.1) and (4.4). Distributivity allows us to

define regously such notion as determinants of interval matrices.
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4.3 Interval Matrices, Interval Linear Systems

4.3.1 Interval Matrices

The definition of interval matrices, interval vectors and their operations are introduced
in subsection 2.4.4. Let A be an n X n interval matrix and b an n x 1 interval vector.
The determinant of an interval matrix is not well defined because the distributive law
is not true under the more general interval operators.

Example Let

~2.2 [0 [-L1]
A=|20 [ [ |
SIS RIS

then we find detA using the first row

Al = [=2, 2]([[=1] = [= L A1) = [0]([=2, 0[=1] = [=1][1]) + [=1, 1]([=2, 0][=1, 1] — [-=1][1])

=[-7,7].
(4.7)
The determinate using the second row
[A| = =[=2,0](0 = [=1, 1J[=1,1]) + [1]([=2, 2][1] = [=1[-1,1]) = [1]([=2,2][-1,1] = 0)
=[-7,9].
(4.8)

which is not equal to the determinate in Eq. (4.7).
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Definition 32 The interval matriz A is said to be reqular if every A € A has an

muerse.

Definition 33 The inverse interval matriz A= is defined by [54]

A =[{A: Ac A (4.9)

Here [S] is the smallest interval vector (matrix) containing S C R"™ (S C R™*").
Under ”special” operations, we will introduce the definition of interval matrix, deter-

minant, inverse and some properties.

Definition 34 Let A = [A, A] be an interval matriz, we define an interval matriz A

as

A={A,ac[0,1]}={(1—-a)A+ad ac|0,1]},

where A is the lower bound of A and A is the upper bound.

Definition 35 The determinant of a square interval matriz A is defined by

det(A) = |A| = {detA,,a € [0,1]}. (4.10)

which s an interval.
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Definition 36 The adjoint interval matrix of a square interval matriz A is defined
by

adjA = {adjA,, « € [0, 1]}. (4.11)

Definition 37 The inverse of a square interval matriz A is defined by

adjA,
detA,

A ={A ae0,1]} =1 ,a € [0,1]}, (4.12)

where 0 ¢ | Al.

It is clear that A~' is an interval matrix.
Since,

{A L ac0, 1]} c{Aa ! Ac A}

the inverse of an interval matrix in our sense is a subset of the inverse of an interval
matrix in the general sense.

Example Let

L_| @
11 [2]
then the inverse of A in general is
| B3R
5.3] [53]



and the inverse in our sense is

4.3.2 Interval Linear Systems

The intuitive idea of an interval linear system

AX =b (4.13)

is that it consists of all linear systems

AX =b (4.14)

with A € A and b € b.

Definition 38 The solution set S of (4.13) is defined by

S={XeR":AX =bAc Abecb}. (4.15)

Proposition 39 If A is regular, then [S] C A™'b.

Proof. Let X € S. Then there is an A € A and b € b such that AX = b. Then
X =A% e A" Cc A~'b. Hence, S CA~'b. The minimality of [S] then implies
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that [S]C A™'b. =

The next example shows that equality may not occur in the previous proposition.

2] [—1,0] [1.2]
Example: For A = , b=
[—1,0] 2] [—1.2]
( 1.2(2—a)
S = el Bel0,1]h,
1.2(5-2)
L 4—af
[.3,.6]
5] =
[—.6,—.3]
However,
ao | BB R
03 Y
[.2,.8]
A7b =
[—.8,.2]

Hence, [S] € A~ 'b.
The set S defined in (4.15) is not, in general, an interval vector. In fact it may not
even be convex and may have a complicated structure. In the above example, the

exact solution region indicate in Figure 4.1 which is not interval vector.
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0.3k n.4 n.45 n.5 n.55 n.&

Figure 4.1: Exact solution region for the interval linear system
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Proposition 40 Let A = [A, A] € IR™™_ If A and A are reqular and A_I,Z_l >0,

then A is reqular and

Now, we define the solution set of interval linear system in the convexity sense.

Definition 41 The solution of an interval linear system
AX=b (4.16)

is defined by

S={XER": A, Xy = by, € [0,1]} (4.17)

which 1s an interval vector.

Notice that,

(X ER": AuXy =ba,a €[0,1]} C{X €R": AX =b,Ac AbeEDb}.
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4.4 Interval Random Variables

4.4.1 Measurable Set Valued Maps

We begin by discussing the measurability of set valued maps and then introduce the
definition of an interval random variable. The basic definitions and more details can
be found in [25].

A measurable space (€2,.4) consists of a basic set Q together with a o-algebra A of
subsets of ) called measurable sets. Here we consider closed convex valued set valued
maps F: Q = R* ie., F(w) is a closed convex subset of R* for each w € Q. This is
the case when F' is interval valued. The latter notion means that, for each w € €2, the
components of F' (w) are closed intervals in R.

We first define what it means for a set valued map to be measurable. Recall that the

inverse image of a set S C R* under the set valued map F is defined by

F1S)={weQ:Fw)nS=+#0}

and that the graph of F' (Denoted by Gr) is defined by

Gr={(w,y):weQyeF(w}.

Definition 42 Let (2, .A) be a measurable space and F : Q — R* be a set valued
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map. F is called measurable if the inverse image of each open set is a measurable set:

if O C R is open, then F~1(0) € A.

For the rest of this thesis, we will use the special interval operations @, ©,® and ©
defined in section(4.2). However, we will not use the above special symbols. Instead,
we will use the usual symbols +, —, x, +.

We are now in a position to introduce the definition of interval random variables.

Definition 43 Let (2, S, P) be a probability space. A measurable interval valued map
X : Q — R” is called an interval random variable. A stochastic interval process is an

indexed set of interval random variables.

4.4.2 Normally Distributed Interval Random Variables

In order to arrive at a definition of normally distributed interval random variables
and their expectations and variances, which are anticipated to be interval valued
themselves, we need to discuss first the integral of set valued maps and interval valued

maps. The discussion begins with the notion of measurable selections.

Definition 44 Let (2, A) be a measurable space and F : Q = R* be a measurable set
valued map. A measurable selection of F' is a measurable map f : @ — RF satisfying
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f(w) € F(w) for each w € Q.

It is well known that every measurable set valued map has at least one measurable

selection. Furthermore, we have the following equivalence [25].

Theorem 45 Let (2, A) be a measurable space and denote by B the o-algebra of Borel

sets in R*. Let F : Q = R* be a set valued map. The following are equivalent:

1. F' is measurable.
2. F7*(B) € A for every B € B.
3. The map d(y, F (-)) is measurable for each y € R*.

4. There exists a sequence of measurable selections {f,},—, of F' such that

F(w) - UnZlfn(w)

for each w € €.

A countable family of measurable selections satisfying the last property is called dense.
Let ' : Q = R* be an interval valued map. We define the two special functions (g
and rp : Q — R* by Ip (w) = a(w) and rp (w) = b(w), where F (w) = [a (w),b(w)]
for each w € . The next lemma shows that [ and rr are measurable selections of F’

when the latter is measurable.
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Lemma 46 Let F : Q = R¥ be a measurable interval valued map. Then the single

valued functions lp and rg are measurable selections of F.

Proof. Choose a sequence of measurable selections {f,} >, of F' such that
F(w) = Unz1fu(w).

Then Ip (w) = inf,>1 fu (W) and rp(w) = sup,s; fn (w) (here the inf and sup op-
erations are taken componentwise). Since the inf and the sup operators preserve
measurability, we see that the functions [r and rr are measurable selections of F'. =

Example: Let Q = [1,00) and define F' : Q@ = R by

F(t) = [t,t+1}

t

Let {r,} ~, be an enumeration of the rational numbers in the interval [0, 1] and let’s

assume that r; = 1, ro = 0. Define f, : [1,00) — R by

1
fo(t) = rat + (1= 1) <t+¥) .
Thus lp(t) =t = fi(t) and rp(t) = (t+ 1) = f2(t). For every t € [1,00), the set
{rat+ (1 —r,) (t+1) };’;1 is dense in the interval [t,t+ 1].
Now suppose that (£, A, i) is a measure space and F : = R¥ is a set valued map.
A measurable selection f of F'is an integrable selection if f is integrable with respect to

the measure p. The set of all integrable selections of F' will be denoted by F. The map
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F is called integrally bounded if there exists a u-integrable function g € L' (Q; R, p)
such that F (w) C ¢ (w)B for p-almost every w € ). Here B denotes the unit ball
in R*. In this case every measurable selection f of F' is also an integrable selection
since f (w) € F(w) C g(w)B implies that ||f (w)] < |g(w)|, where ||-|| denotes the

Euclidean norm on RF.

Definition 47 The integral of a set valued map F is defined to be the set of integrals

of integrable selections of F. That s,

/Qqu:{/Qfdu:feF}. (4.18)

We shall say that F' is integrable if every measurable selection is integrable.
The following two properties [25] will be responsible for many important results in

what follows,

/ AFdp = A / Fdy, (4.19)
Q Q
Q Q Q

Lemma 48 Let F : Q = R* be an interval valued map. If lp and v are integrable

then F' s integrable and

/Fd,u = {/ le,LL,/TFdM:|
0 0 0

= {Afadu:fa:alp+(1—@)TF7a€ [071]}
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Proof. The first equality is shown as follows. Since for every w € 2 and every

measurable selection f of F' we have lp (w) < f (w) < rp(w), f is integrable and

/QlF(w)dué/Qf(uJ)dué/QrF(w)du-

/qug {/ le,u,/eru}.
Q Q Q

On the other hand, let § € [ [, lrdp, [, rrdp] . We may write § = a [, lpdp + (1 —

Therefore,

@) [, rrdp for some a € [0,1]. Then

= / (adp+ (1 —a)rp)du

B Q
_ / fudi,
Q

where f, = alp + (1 — «) rp. Hence, 0 € fQ Fdpu.

The second equality is an immediate consequence of this. =

It will always be assumed that both [ and rz are integrable.

Example: Let €2 and F' be defined as in the previous example. Let u be the measure
defined by

dp = —dt.

Then

/Qqu: szp(t)du,/lwm(t)du] _ {1%}

In view of (4.20) we have the following corollary.
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Corollary 49 Let Fy, F» : Q = R* be integrable interval valued maps. Then

/(F1+F2)dM = /Fld,u—l—/ﬂdu
Q Q &
== |:/ lFldlu’a/,rFld:U’] + |:/ lF2dM,/TF2dM:|
Q
= [/ (lp, +p,) dﬂa/ TR+ TE,) dﬂ]-
Q Q

Let (€, S, P) be a probability space and let Z : Q = RF be an interval random

variable. We have
Z(w)=lz(w),rz(w)]={za =0alz (w)+ (1 —a)rz(w):aecl0,1]}.

An interval random variable Z will be called Gaussian if every z € Z is Gaussian.
An interval stochastic process {Z; }er will be called Gaussian if each t € T, Z; is a
Gaussian interval random variable. From this point on, all interval random variables
and interval stochastic processes will be allowed Gaussian.

An interval random variable will be called zero-mean if p = [0]. This happens if and
only if each z, is zero-mean in the usual sense. Observe that the latter statement is
true if and only if Iz, r; are zero-mean.

The interval expectation of the interval random variable Z can then be defined as
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follows

E(Z) = {E(z4):a€l0,1]}
= {E(alz+ (1 —a)rz):aec|0,1]}
= {aB(lz)+(1—a)E(rz):a€|0,1]}

= [E(lz),E(rz)],

where in the last equation we used the monotonicity of the expectation ((y < z2)
a.e. implies F (y) < E(z)). It should also be noted here that the expectation of a
vector random variable is the vector of expectations of its components. It follows from

equations (4.19) and (4.20) that

E(\Z) = ME(Z)

E(Zi+ Zy) = E(Z)+ E(Z)

Also, if I = [a,b] then

E(IZ) = {E(tZ):te€ab]}
= {tE(Z):t € [a,b]}

= IE(2).
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Also, If A (k x k) is an interval matrix then

E(AZ) = (ZAWZ>

() ()

The interval variance has the form

Var(Z) = {Var(z,) : « € [0,1]} (4.21)
= {Var((1 — a)l. + ar.),a € [0,1]}
= {(a — 1)*Var(L,) + 2a(1 — a)Cov(L,,r,) + o*Var(r,)}

which is clearly an interval. Observe that, if Z is one-dimensional, then the above

interval reduces to int(Var(l,), Var(r,)), where
int(z,y) = [min{z, y}, max{z, y}|.
To see this, we note that
2Cov(l,,r.) < 2Var(l,)"*Var(r,)"/? < Var(l,) + Var(r.)

then
(1 — a)2Var(L.) + 2a(1 — a)Cov(l., r.) + a?Var(r.)
< (1 —a)2Var(l.) + a(1 — a)(Var(l,) + Var(r.)) + a2Var(r.)
< (1 - a)2Var(l,) + aVar(r,).
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The interval covariance has the form

Cov(Y, Z) = {Cov(ya, 25), o, B € [0, 1]} (4.22)
={Cov(((1 — a)ly +ary), (1 = B)l. + frz)) : o, f € [0,1]}
={(1—-a)(1—pB)Cov(ly,l.)+ B(1 —a)Cov(ly,,) + a(l — B)Cov(ry,L.)
+af(ry,r.) o, B €0,1]}.
Since the last equality can be regarded as a continuous image of [0, 1] x [0,1], and
since the projection operator onto the 4,5 component of a matrix is also continuous,
Cov(Y, Z) is an interval matrix.
The two interval random variables Y, Z will be called uncorrelated if foreachy € Y, 2 €

Z, y, z are uncorrelated. Therefore, Y, Z are uncorrelated if and only if Cov (Y, Z) =

(0]

Theorem 50 Let Y = [l,,1,],Z = [l,,7.],W = [ly, 4] be interval random variables,

A, BcIR®H X ecR and A e R**F) then

1. Cov()Y, Z) = ACov(Y, Z)
2. Cov(Y + Z,W) = Cov(Y,W) 4 Cov(Z, W)
3. Cov(AY, Z) = ACov(Y, Z)

4. Cov(Y,BZ) = Cov(Y, Z)BT
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5. Cov(AY,Z) = ACov(Y, Z)

6. Cov(AY,BZ) = ACov(Y,Z)B".

Proof. To show 1:

Cov(AY, Z) = {(1 = @)(1 = B)Cov(Al, L.) + B(1 — @)Cov(Al, ) + a(l — B)Cov(Ar,, L)
+aB(Mry,r.) o, B € [0,1]}
— {A(1 = a)(1 = B)Cov(ly, L) + AB(1 — a)Cov(ly, 72) + Aa(1l — B)Cov(ry, L)
+AafCov(ryr.) : a, B € [0,1]}
= {M((1 = a)(1 = B)Cov(ly, 1) + B(1 — a)Cov(l,, r.) + (1 — B)Cov(r,,L.)
+afCov(ry,r.)) : o, B € [0,1])}
= ACov(Y, Z).

To show 2:

Cov(Y + Z, W) = Cov([ly + Lo,y + 72, [lw, w])
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—{(1 —a)(1 = B)Cov(ly + L, L) + B(1 — a)Cov(ly + L., 7) + (1 — B)Cov(ry + 2, L)
+aB(ry + 72 m0) . B € [0,1]}

= {(1 = a)(1 = B)[Cov(ly, L) + Cov(l., ju)] + B(1 — a)[Cov(ly, 1) + Cov(ls, )]
+a(l = B)[Cov(ry, L) + Cov(rs, Ly)] + aB[Cov(ry, 1) + Cov(r., z,)] : a, 5 € [0,1]}
={(1 = a)(1 = B)Cov(ly,lw) + (1 — ) (1 = B)Cov(l., L)

+8(1 — a)Cov(ly, 1) + B(1 — a)Cov(l., 1) + a1 — B)Cov(ry, L)

+a(l — B)Cov(rs, L) + aBCov(ry, 1) + aBCov(rs, m) : a, B € [0,1]}

= {(1—a)(1 = B)Cov(ly, L) + B(1 — a)Cov(l,, ) + (1 — B)Cov(ry, L)
+aBCov(r,,ry) : o, B € [0,1]}

+H(1 = a)(1 = B)Cov(l., L) + B(1 — a)Cov(l., 1) + a1l — B)Cov(rs, L,)
+aBCov(r.,ry)a, B € [0,1]}

= Cov(Y, W) + Cov(Z,W).

3. Let Y, Z be interval random vector, then

E k
Cov (AY,Z) = cov(<zaijyj> ,Z)
j=1 i—1

k
= <Cov(2ainj,Z)
j=1
k
= <ZCOV(ainj,Z)
j=1

k
= <Z (ZUCOV(Y},Z)
j=1

= ACov(Y, Z).
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Before we prove part(5), we need to to prove that Cov(IY,Z) = ICov(Y, Z), where

I € IR.

Cov(1Y,Z) = {Cov(tY,Z):tel}

= {tCov(Y,Z):te I} =1Cov(Y,Z).
5. Let Y, Z be interval random vector, then

k
, )

k
Cov(AY,Z) = Cov((ZAin;)
j=1

= | Cov( ZA” 0z

i=1
k

= Zcov AyY;, Z)

= ZAUCOV (Y;, Z)

= ACOV(Y, Z).

To show 6:

k k k k
Cov (AY,BZ) = Cov( (Z Azﬁ?‘) ) (Z Biij> )
i=1 i=1

Jj=1
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: k g
= Cov( (Z A;;Y;, Z Biij> )

j=1 j=1 -
k k k
= COV(Z AUYJ7ZB1]ZJ))
j=1 j=1 i=1

k k
= | D Cov(4yY;, Biij)>
j=1

i=1

k k
= ZAZ]COV(YJ7Z])B£>
j=1 i=1

= ACov(Y,Z)B”.

The interval conditional expectation is defined as

E@Z)Y) = {E(zlya) : a €0, 1]}

= {(1—-a)E(.lya) + aE(r,|ys) : a € [0,1]}.

Since the underling probabilities are continuous (Gaussian), F(Z|Y) is an interval.

Lemma 51 For interval random variables X,Y, Z and interval matriz A,

1. B(X +Y|2) = E(X|Z) + E(Y|Z)

9. E(AY|Z) = AE(Y|Z).
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Proof. To show 1:

EX+Y|Z) = {E(Ta+Yalza):a€0,1]}
= {E(z4|20) + E(Yal|za) : a € [0,1]}
= {E(z4|20) : @ € [0,1]} + {E(Yalza) : v € [0,1]}

= EX|Z)+EY|Z).
To show 2:

E(AY|Z) = E<(iAUYj> 2)

= AE(Y|Z).
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Chapter 5

A CONVEXITY INTERVAL

KALMAN FILTER

5.1 Introduction

In this chapter, we extend the classical state space model (3.1) and (3.2) to interval
state space model (5.1) and (5.2) with the same statistical assumptions.

In order to do this, we need to extend the statistical concepts to interval setting which
we have already introduced in chapter 4.

Also, since the traditional Kalman filter technique could not be used directly with in-
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terval state space model, we introduce interval Kalman filter to handle the situation.
In addition, we rigorously derive the interval Kalman filter and the interval Kalman
smoother using the sound definition and statistical properties given in the previous
chapter.

Finally, we identify interval parameters of the interval state space model from a
given record of interval measurements. We generalize the Expectation-Maximization
method to interval setting using interval Kalman filter and interval Kalman smoother
equations. Finally, we present a simulation of interval parameters estimation for in-

terval linear state space model. We also give an interval prediction model for weather.

5.2 Discussion

In the existing literature, an optimal interval Kalman filter was attempted in [18].
That attempt suffered from lack of proper definitions and rigorous treatment. The
simulation given there amounts to a way of dealing with interval systems. The idea in
[18] paper was to replace the interval matrix inversion with its worst case inversion,
while keeping everything else unchanged. Most of the concepts from the ordinary
case were extended in a straightforward way, with not justification, to the interval

case. Unfortunately, many concepts cannot be easily extended in this way. Some of
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the equations they used do not even make sense in the interval case. For example,
they wrote the equations for the IKF by replacing matrices and vectors by interval
matrices and interval vectors without paying attention to any details. For example,
the Kalman gain for the IKF uses the inverse of an interval matrix to be found. How-
ever, the concept of the inverse of an interval matrix as the quotient of an adjoint and
determinant is not well defined because the determinant of an interval matrix is not
well defined. On the other hand, there is no algorithm to invent an interval matrix in
its classical definition.

In our work, we rigorously derive a suboptimal interval Kalman filter using our defini-
tions and well defined statistical properties. Also, we check that the EM algorithm is
applicable. Furthermore, numerically, we have a well defined procedure for choosing

the ensembles in the suboptimal interval Kalman filter.

5.3 An Interval State Space Model

In a state space model, certain elements of the system parameters such as the coef-
ficient matrices are not precisely known or gradually change with time. One way to

take these uncertainties into account is to allow interval state space models. So, we
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extend the state space model (3.1) and (3.2) to interval state space model

x;., = A'x! + wy, (5.1)

yl = H'x! + v, (5.2)

w, ~ N(0,Q7), (5.3)
vi~N(O,R),t=1,2,...n (5.4)
E(wywy) = 6;,Q;, (5.5)
E(v;jvi) = 6;:R], (5.6)
E(w;v]) =0,VYi,j. (5.7)

where y! is a px 1 interval vector of observations, x! is a k x 1 interval vector of states,

A! is called interval transition matrix, H' is called the measurement interval matrix.
The matrices Q7 and R’ are the interval covariances of w; and v,, respectively. We

will use the following notation in our work: A’ = A, H' =H, Q' = Q and R =R

5.4 Deriving the Convexity Interval Kalman Filter

In this section, we introduce derivation of interval Kalman filter. The interval oper-

ations and the statistical concepts used here are those introduced in chapter 4. Let

X=xY=y! and T, = {Y1,Ys, ..., Y }.
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From equation (5.1) and Lemma 50, we find

X = E(X|T,),
= B(AX; 1 + w1 ),

= E(AXt—l‘Tt—1)7

and
P = B{(X, - X[ )X, - X[},
= B{(AX, + w; — AX!"})(AX,; + w, — AX!7})T},
= F{(AX; - X" D) + w)(AX, + XD + wy) T}
= F{(AX; = X))+ w) (X, - XIEDTAT +w!'}
= E{(AX, - X|2)(X: = X2)TATH+ Q
= AP/ AT +Q

Let us define the innovation as

e =Y, — E(Y,Y,.;) =Y, - HX!!

Note, E(e;) = [0] and

Var(e;) = Var(H(X; — X! + vy),
= HP!"'H" + R,

== Zt-
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The innovations are Gaussian and independent of the past observations. Now, we find
the conditional covariance between X; and ¢; given T; which will be used in the next
operations.

Cov(Xy, 6| Ty — 1) = Cov(X;, Y, — HX7H T, y), (5.12)

= Cov(X; — X" Y, — HX!HT,y),

= Cov(X; — X"V H(X, — XY 4+ vy),

= B{(X; = X;)(HX, = X{) +vo) "},

= B{(X, - X;7)(X, - X;THH'},

=P 'H".

Therefore, the joint conditional distribution of X; and ¢; given T, is Gaussian

X, Xt Pt PIHT
| Ty~ N : : (5.13)
€ 0 HP!' Y,

By equations (5.11), (5.12) and the formula (2.39), we can find X} and P} as

X! = B(X,|T,), (5.14)
= B(X{|Y1, Y5, ... Y,),

= B(X)|Y1, Yo, ... Y1) + Cov(Xy, &Yy, ..., Yi1) (Var(e)) " He, — E(ey)),

= X!+ PIHTHT(HP!'H” + R) ¢,

= X;' + Ke;,

= X L K(Y, - HX! ™)

92



where

K =P 'H ' (HP!'H” + R)! (5.15)

and
P, = B{(X, — X})(X; — X})"|T.}, (5.16)
= E{(X; = X{)(Xs = X)"Y1, Yo, ., Yoo, Yo},
= E{(X; — X)X = X)"[Y1, Yo, ., Yoy, &},
= Cov(Xy|Ti_1, &),
= Cov(Xy|T;_1) — Cov(Xy, €)(Cov(e]Ti1)) " (Cov(er, Xy)),
— P/ — P/'H'(S;'HP, ),
=PI - PIHHT(HPI'HT + R)'HP! !,
=PI - KHP!™,
= (I-KH)P!/
For the interval state space model (5.1) and (5.2) with initial conditions X = g
and P = X, the equations (5.8),(5.9),(5.14) and (5.16) are called Interval Kalman

Filter and equation (5.15) called interval Kalman gain.
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5.5 Derivation of Convexity Interval Kalman Smoother

By Eqn (2.40), we have

BX[ X1, Y] = Xi + E[(Xe — X)(Xig1 — Xi )]
X E[(Xerr — Xipy) (Kern — X)) 5 (X — X)),
We can find the first term in the product by substituting for X, ; and using Eqn (5.8):
B[(Xy — X})(Xe1 — Xip)"] = E[(Xe = X5)(AX; + w, — AX})T]
= B[(X, = X)X AT +wf — (X)TAT)]
= B[(X, = X)X, AT = (X)TAT) + (X, = Xp)wf]
= E[(X, - X))(X; - X;)TA"]
= P!A”T.

So, we have
E[XXpi1, Te] = Xi + PLAT (P ) (X — XGu).
Let J, = P{AT(Pi, )7, then we can write

@ = BIXy| X1, Te] = X+ Ji(Xipr — X 4y)-
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Since Ty, X;41 — X;l and {vy11, ..., U, Wip2, ..., w, } generate T, we get

X} = E[X4|Ts] = Elq:| T4
= BX + Ji(Xer1 — Xip0)[To]
= Xi + Jt(E[XtJrl’Tn] - Xi+1
= Xi + Jt(X?-&-l - X§+1)-
Now, we will derive P}". Using the formula for Xj', we have
(Xy — XP) + X7 =Xy — X| + LX)

We now multiply both sides by their respective transpose, and take expectations.

E[(X, = X)X, = XP)T] + S EXY L (X = X7)T]
+E[(X; = X7) (X7 ) I+ LEXE (X )T
= E[(X;, = X{)(X; — X)) + LEX (X — X5)T]

HE[(Xy = X)(Xy ) ]I+ e EXG (X)) T

The second and third term in each side above are clearly equal to 0 since the forecast

error at time ¢ is always uncorrelated with the forecast at time t 4+ 1. Thus
Py = Pi + Jt{_E[X?H(X?H)T] + E[X§+1(X€+1>T]}J15T (5.17)
Now, to simplify the bracketed term,
—E[X?H(X?H)T] + E[XEH (Xi-s-l)T] (5-18>
= {E[Xe1 (X)) = BXT X}
—{EXi11(Xes1) ] = EX (X))
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effectively adding and subtracting zero. Focusing on just the left bracket on the RHS

of the above equation, we will add and subtract zero again so that

EXpn(Xen)'] = BXG (X))
= E[Xi1 (Xe)" = X7 (XP4)" = X0 (XE)" + X (X))

Notice that, since (X1 — (X} 1)) is uncorrelated with X7, |,
E[(Xpi1 = (X30))(Xi1)"] =0
Therefore,

EXP (X)) = Bl(Xen — (X)) (X2 + EXE L (X))
= B[(Xi1 — XP + X4 ) XE ]
= E[Xt+1X?+1]
Similarly
EIXP 0 (X)) = BXE (Xe — (X)) T+ BIX (X))
= B[(X (X)) = (X2)" + (X))

= E[X?HXtTH]

(5.19)

(5.20)

(5.21)

Now, substituting (5.20) and (5.21) into the third and second terms of the RHS of

equation (5.19) respectively shows that
E[Xt+1X?+1] - E[X?HX?H]
= B[Xon Xy — X7 X — X (X)) + X (X))
= E[(X¢41 — X?+1)(Xt+1 - X?+1)T]~

96



By the same trick, we can simplify the right hand bracket in equation (5.18). Conse-
quently, We find
—E[X{ (X20)T + EXi 0 (X))
= {E[Xt—l—lXtTJrl] - E[X?+1(X:L+1>T]} - {E[Xt+1X;F+1] - E[Xi+1(X€+1)T] =
E[(Xp1 = XP0) (X = X70)] = El(Xigr = Xiy) (Xen — X 1)7]
=P, - Pi—&-l'
Thus,

P} =P, + J,(P},, — PLrl)‘LT'

5.6 Summary of the Convexity Interval Kalman

Filter and Convexity Interval Kalman Smoother

Interval Kalman Filter

Xt = AXI) (5.22)
P = AP AT+ Q (5.23)
X! =X K(Y, - HX (5.24)
P! = (I- KH)P/ ', (5.25)
K =P/ '"H'(HP!'H” + R)™! (5.26)
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Interval Kalman Smoother
For the ISSM (5.1) and (5.2) with initial conditions X and P] obtained via Eqns

(5.24) and (5.25), the convexity interval Kalman smoother is defined by

Xi, =X11 + S (X — AX) (5.27)
Pl =P+ J(Py - P{H)IL (5.28)
(5.29)
where
Jio1=PIIAT(PIYTL (5.30)

The Lag-One Covariance Smoother
For the interval state space model specified in (5.1) and (5.2), with K}, J;, and P}, and

with initial condition

fort=n,n-—1,...,2,
P, =P )+ Ja (Pl — AP, (5.32)
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5.7 Simulation

Here, we introduce a simulation example of the interval Kalman filter.

We consider the interval state space model

X1 = Ax; + W, (5.33)
y, = Hx, + v,
where,
_[2,3] 1,2 [1,2] | -[.8,1.2] 0 0 _
A=1|10,1 [1,2] [-1,0 |.-H= 0 [812 0
| 1.2 [-2.-1 2] |0 0 [81.2]

The random noise w; and v; are uncorrelated with w; ~ (0,Q) and v; ~ (0,R),
where Q = 0.01/3.3 and R = 0.01/343. We start by the initial state xg = Ozy1
with error covariance Py = Osx3. We use the convexity definitions of interval op-
erations and interval matrices (see Ch. 4). The true states and measurements for
the simulation are generated from these parameters. Our definitions and procedures
produce a suboptimal Kalman filter. The numerical approximation is suggested by
the convexity definitions that we introduced, namely, to partition the interval [0, 1]
into 0 = ap < a1 < ... < a, = 1, and choose the point systems determined by these

values of . From a numerical point of view, this partitioning procedure produces a
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method similar to the well known EKF (see Sec. 3.5). However, our procedures work
like an algorithm that is well defined and justified to select the ensembles.

We choose the values of « = 0,0.1,0.2,...,1. When o = 0, we get the lower endpoints
of all intervals and interval matrices. Hence, we retain the classical state space model
and apply KF which gives the values of the true states x; at « = 0,0.1,..., 1, where
t=1,2,....,n. Also, we get the estimation states Xx; at « = 0,0.1,0.2, ..., 1. We find the
true interval states and interval estimation by taking the minimum and the maximum
of it. So, we find x1,X>,...,X,, and X1,Xs,...,X,. The error can be computed by the

distance between two interval vectors using Definition 28
e = d(x;, %) = [max{|x, — %, [% — %[}]. (5.34)

Figures 5.1 and 5.2 show that the error between the true states and the estimated

states is very small.
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Figure 5.2: Interval Kalman Filter (n=100)
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5.8 Identification of Interval State Space Models

5.8.1 Motivation

We begin by introducing a definition of the differentiation with respect to intervals.
The definition is motivated by the results that we obtained on random interval vari-
ables and the class of suboptimal Kalman filter which we intend to employ. The notion
of the differentiation depends on the definitions and operations on intervals defined in
Sec 4.2. We prove two properties of the derivative concept considered here.

Interval differential equations are discussed in several monographs and research pa-
pers [2,44,47,48]. Non of these papers use the convexity definitions introduced in this

thesis.

Definition 52 Let X € ID C IR, F € C(R), we define the function defined on an

intervals F : ID — IR as
F(X) = {F(X.),a € [0,1]}, (5.35)

where X, defined as in section 4.2.

It is clear that F'(x) is an interval and we denote it by F(X) = [F~(X), FH(X)].
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Definition 53 Let F : 1D — IR. Then, we define

limyx . x, F(X) = {limx, (xo). F(Xa),a € [0,1]}.

Lemma 54 Let F': 1D — IR. Then,

thﬂXo F(X) = F(Xo) = tha—%Xo)a F(Xa) — F((X())a) =0.

Definition 55 Let F' € C*(R). We define F'(X) as

F/(X) = &F(X) = {7 F(Xa),a € [0,1]}

= {limy,_o FEAFEe) o ¢ [0, 1]}

Note: Since F' € C'(R), F'(X) is an interval.

Lemma 56 Let F,G : 1D — IR be differentiable on R and I € ID. Then

(a) (F + Q) is differentiable and

(F+G@)(X)=F(X)+G(X)

(b) F'(IX) exist and

F/(IX) =IF(IX).
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Proof. To show (a)

T (F+ ) (X) = {7 (F+G)(X,),a € 0, 1]}
= {72 (F(X,) + G(Xa)),a € [0,1]}
= {7 F(Xa) + 7-G(Xa),a € [0,1]}

= {L F(X,), 0 € [0,1]} + {7£-G(Xa),a € [0, 1]}

F'(X) + G'(X).

To show (b)
F'(IX) = 2 F(IX) = {34 F(I,X,), a € [0,1]}
= {La g5 F(IaXa), 0 € [0,1]}
IF/(IX).

n

5.8.2 Interval Parameters Identification

In this section we present a generalized version of the EM algorithm (see Sec. 3.6)
for identifying the unknown parameters © = {A,H,Q,R} of the interval state space
model (5.1) and (5.2). We use our special definitions of interval operators which we
introduced in chapter 4, functions defined on an intervals, and differentiation with
respect to intervals which we introduced in previous section. We also recall our defini-
tions of interval random variables and their statistical properties (see section 4.4). To
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generalize the EM algorithm in interval setting, we need to show that the basic math-
ematical operations such as Bayes’ formula, trace,...etc that appear in the derivation
of the EM algorithm are still valid in interval setting. We give these as lemmas in this
section. Our justification of these results will allow us to generalize the EM algorithm
to interval parameters identification.

The following lemma is a generalization of Bayes’ formula to intervals.

Lemma 57 (Bayes’ Rule) Let X,Y € IR be interval random variables. Then

P(X,Y) = P(X|Y)P(Y). (5.41)

Proof.
P(X,Y) = {P(X,,Ya),a € [0,1]}
= {P(Xa[Ya)P(Ya) € [0, 1]}
— {P(Xa|Ya),a € [0,1]H{P(Ya),a € [0,1]}
P(X[Y)P(Y).
.

Now, we want to show that the trace is linear for interval matrices.

Lemma 58 Let A, B € IR"™™. Then

tr(A + B) = tr(A) + tr(B). (5.42)
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Proof.
tr(A + B) = {tr(A, + Ba),a € [0,1]}
— {trA, + trB,, a € [0,1]}
= {trA,,a € [0,1]} + {trB,,a € [0,1]}

=trA + trB

Lemma 59 Let X = [a1,01],Y = [as,bs] € IR and ay,as > 0. Then

Log(XY) = LogX + LogY. (5.43)

Proof.
Log(XY) = {Log(X,Ya),a € [0,1]}
= {LogX, + LogY,, a € [0, 1]}
— {LogX,, o € [0,1]} + {LogY,, o € [0,1]}
= LogX + LogY
|

Now, let {Y,,X,} be the complete data where the states X,, = {x1,Xs,...,X,} and
the observations T,, = {y;,¥3,...,¥,} are interval data.
Since all operations and properties that used to maximize Eqn (3.48) are well defined

in interval setting by the convexity definition of intervals, we can use the same steps
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that introduced in linear identification in Sec 3.6 for interval parameters identifica-
tion of interval state space model (5.1) and (5.2). Under the Gaussian distribution

assumption, the probability density P(xg) is given by
P(X()) = (27)_k/2|20|_1/2 eXp<—1/2(X0 — ,LL())TEal(XO - ,uo)) (544)

Based on (5.1) and (5.2), we can write the conditional densities for the interval state

and output

P(y,|x;) = (2m)*?|R|7Z exp(~1/2(y, — Hx,) "R (y, — Hx/)) (5.45)
P(Xt+1|Xt) = (QW)_k/QlQ‘_l/Q eXp(—l/Q(Xt — AXt_l)TQ_1<Xt — AXt_l)).
By the Bayes’s formula and the same steps in (3.40), the joint likelihood for the

complete data is given by
P(T, X5) = [Ty Pyelxe) Ty P (e [xe) P(x0). (5.46)
and the joint log likelihood can be written as

LogP(Y,,X,;0) = —n/2Log|R| — Z?:l(yt — HXt)TR_l(yt — Hx;) — n/2Log|Q)|

— > (% — Ax, )TQ (xy — Ax,_1) — 1/2Log|%0| — 1/2(x0 — p10)" %5 (X0 — p10)+Const.
(5.47)
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Similar in section 3.6, we can calculate the conditional expectation of the joint likeli-

hood of the complete data at iteration 7,5 = 1,2, ...

G(8]0V™Y) = BE[LogP (Y, X,; 0)[Y,,, 0U~Y)]
= —n/2Log|R| — tr{R™' 351 [(y, — Hx})(y, — Hx})"
+HP!H"]} — n/2Log|Q| — 1/2tr{Q'[D — CA” — AC” + ABAT]} — 1/2Log|%|

—1/2tr[{Xg " [xi — p0) (x5 — p0)" + Py} + Const,

(5.48)
where,
B = S ()T P (5.9
t=1
C= i[x’;(x’;l)T + P}, 4], (5.50)
t=1
D = 3 (x)" + Pl (551)

t=1
In the above equations, the components x}* , x}, P} |, P} and P}, ; can be calculated

by using the CIKF equations and the CIKS equations (5.22)-(5.32).

Therefore, we find at iteration j the update estimations of the unknown interval
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parameters as

A=CB™! (5.52)
Q=1/n(D-CB'C") (5.53)

H= (Y (v,(x)")Q_(xt(x)" +Pp)) ! (5.54)

R=1/n{) vy —Q_v,x)Q_xt@)" + P17 Q_xiyi)}  (5:55)

t=1

o = Xg, (5.56)

The iterative procedure to obtain the maximum likelihood of the interval parameters

of interval state space model is summarized as follows:

1. Initialize the procedure by selecting starting values for the parameters ©© =
{A© HO RO QO 1} and use Eqns (5.22)-(5.32) to estimate the smoothed

values xi', P;" and P}, ; with initial parameters.
2. Calculate the conditional expectation of the log-likelihood with Equation (5.48)

3. (E-step) Use Eqns (5.22)-(5.32) to estimate the smoothed values x}', P} and
Py, y, for t =1,2,...,n, with parameters©Y Y (j = 1,2, ...).Use the smoothed
value to calculate B, C, D in (5.49)-(5.51).

4. (M-step) Update the estimates,© using the eqns.(5.52)-(5.56), to obtain ),
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5. Repeat 2 to 4 above until the estimates and the log likelihood function are stable.

5.8.3 Simulation

In this subsection, we give a software simulation using MATLAB for interval param-
eters identification and the convexity interval Kalman filter.

In order to start the simulation, we consider the interval state space model (5.1) and
(5.2) with assumptions (5.3)-(5.7), the parameters © = {A H, Q, R} are unknown.
Our goal is to identify these interval parameters using the EM algorithm discussed in
subsection 5.8.2. As well, we will estimate the interval states X; using interval Kalman
filter simulation and compare the new state estimation with the estimation interval
states xX; introduced in section 5.7.

This comparison is defined by the distance formula given in Definition 25:

d[x;, %,] = max{|x, — %,|, [%; — %[}
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Now, we start our simulation by the following initial values of ©©):

2,3 [9,2] [5,1.5]

AY=170,1 [92 [-9,0] aH(O)Z{[O,l] [9,1.5] [L.2]
12 [-2-1 [915] |
- [9,1]  [0]  [0] |

Q=1 1oy 1,11 [0 | - RY= { 9, 1.1] } 1O = 0.
RO

We use the convexity definitions of interval operations and interval matrices (see Ch.
4).

As in section 5.7, we use the convexity definitions to partition the interval [0, 1] into
0=0ay<a; <..<a,=1and then choose the values of  =0,0.1,0.2,...,1. When
a = 0, we get the lower endpoints of all intervals and interval matrices. Hence, we
retain the classical state space model and apply KF and the EM algorithm which

gives the values of
Ap=0, Ha=0; Qa=0, Ra=o-

Again, we take o = 0.1 and we can get

Aoz:O.h Ha:().la ro:().la Ra:().la

and so on until we get
Aazla Hazla Qa:h Ra:l-
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Now, we find the intervals value by taking the minimum and the maximum for the

above parameters. Hence, we have
I I I pI
A VH Q' R .

Using these parameters, we can find out the estimation states X;.
Figures 5.3 and 5.4 show the error between the estimation states x; and the estimation

sates in x;. The X-axis is the error and Y-axis is the time ¢ = 1,2,....n.
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Figure 5.4: Identification of Interval Parameters (n=50)
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5.9 Application to Weather Prediction

In this section we present an application of the convexity interval Kalman filter to the
prediction of the temperature in Turaif which is located in the north of Saudi Arabia.
Temperature records are obtained from the Presidency of Metrology and Environment
(PME) in KSA. We use the IKF to predict a temperature interval rather than a single
temperature. The IKF approach was applied to the prediction of daily temperature
based on 10 years of observation data (1996-2005). The measured data was converted
into intervals by adding and subtracting one degree to each average daily temperature.
Let yl = {yl,yL,...,y.} be the observation data for n days. Our goal is to find the
prediction for the next day (for t = n + 1). This prediction will be an interval.

The interval parameters can be identified by the EM algorithm which was introduced
in subsection 5.8.2. Applying the convexity interval Kalman filter to the interval state
space model with Known parameters as introduced in Sec. 5.7, we can predict (27)" ;.
This prediction (21)" 41 1s used to compute the predicted value !, which is compared
with the measurement y! 41 by computing the distance between the two intervals.
We use various dimensions for the state vector (k = 1,2,3,4,5) with appropriate
dimensions for the system parameters and show their results. Comparison between

the results is based on computing the standard deviation of the errors. So, we compute
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the standard deviation for

e=min(|ly = g, [y — Jul), (5.57)

where §;, and gy are the lower end point and the upper end point for 4, respectively.
We summarize the procedure of this application as follows:

1. Convert the measured data into intervals.

2. Identify the parameters for interval state space model using interval parameters
estimation introduced in subsection 5.8.2.

3. Apply IKF equations introduced in section 5.7 to find (z7)7,,.

4. Substitute ()", in the measurement equation to compute g7 ;.

5. Compare between y! ; and ¢.,, by computing the distance between the two
intervals.

6. Change the dimension of states to determine the best prediction model using the
standard deviation of the errors.

The comparison results indicate the prediction intervals are in good agreement with
the measurements intervals. The best model being obtained for system dimension of
1 to 4.

Numerical Results:

Case 1 (k = 1): Using the interval parameter identification introduced in subsection

5.8.2, we take the initial guess of the parameters of interval state space model (5.1) and
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(5.2) as follows: AT =[0.8,1.1], H' =[0.8,1], Q' =[0.02] and R’ = [0.01] with initial
zh =10], ul = [0] and P{ = [0]. The random noise w; and v; are uncorrelated with
w; ~ (0,Q) and v; ~ (0, RY). Let y! = {y!,vL, ..., yds00} be observation temperatures
which written in Excel file. Our goal is to find the prediction for the next day (7)a001.
We obtained the numerical results (§)a001 = [12.1,16.6]. The measurement value of
the the day 2001 is yo901 = 13.6, which clearly is included in the predicted interval.

The prediction intervals are in a good agreement with the measurement (see Figure

5.5). Using Eqn (5.57), we have

std(e;) = srd(min(|y; — 9. L|, |y: — v:U])),t = 1,2, ...,2000. (5.58)

=.78

Case 2 (k = 2): With same assumptions in case 1, we start with initial guess of the

parameters of the interval state space model as follows:

Co (o )
Al = ,H = { (0.8,1] [0.8,1.1] ]
i [0 [7,1]
[2] [0]
Q' = 7RI=[0.1,.3]-
| 0] [2]

We obtained the numerical results (§)2001 = [11.2,15.9]. The measurement value of

the the day 2001 is yo901 = 13.6, which clearly is included in the predicted interval
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Days

Figure 5.5: Case 1 of Interval Prediction(— observed value, - - the lower of interval

prediction,-. the upper of interval prediction)
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Figure 5.6: Case 2 of Interval Prediction(— observed value, - - the lower of interval

prediction,-. the upper of interval prediction)
(see Figure 5.6). Using Eqn (5.57), we have
Std(et) = Std(m1n(|yt — y}L‘, |yt — thUD),t = 1, 27 ey 2000. (559)

=.84

Case 3 (k= 3): Asin Case 1, we take the initial guess of the parameters of interval
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state space model as follows:

Al =

17,1.1]
[0]

[0]

[.8,1]

[0]

[0]

17,1.1]

JHT = { (0.8,1] [0.8,0.9] [8,9]

Q" = 03343, R" = { 0.2,.03 } :
We obtained the numerical results (§)2001 = [11.1,15.5]. The measurement value of
the the day 2001 is yo091 = 13.6, which clearly is included in the predicted interval.
The prediction intervals are in a good agreement with the measurement (see Figure

5.7). Using Eqn (5.57), we have

Std(et) = Std(m1n(|yt - yAtL|7 |yt - yAtUD), t= ]., 27 ceey 2000. (560)

81

Case 4 (k = 4): Also, we take the initial guess of the parameters of interval state

space model as follows:

[7.11]  [0] [0] [0]
; o 81 [0] [0] ;
Al = HY =1108,1] [0.8,1.1] [8,.9] [8,.9]
[0] 0] [811] [0]
| (0] [0] ] [81] |
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Figure 5.7: Case 3 of Interval Prediction(— observed value, - - the lower of interval

prediction,-. the upper of interval prediction)
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We obtained the numerical results (§7)2001 = [12.5,15.6]. The measurement value of
the the day 2001 is yo901 = 13.6, which clearly is included in the predicted interval.
Using Eqn (5.57), we have

std(e,) = .73 (5.61)

Case 5 (k = 5): As in previous cases, we take the initial guess of the parameters of

interval state space model as follows:

[9,1.1]  [0] [0] [0] [0]
o [9, 1] [0] [0] [0]
Sl I R ) R K B\ R /R U
[0] (0] o [9, 11 [0]
| [0 (0] [0] ] [9,11] |
H' = - 0.8,1] [0.8,1.1] [9,1.1] [8,1] [81] |.Q" = .02I5x5, R = {0.2 } :

We obtained the numerical results (§)2001 = [14.5, 18]. The measurement value of the

the day 2001 is y9001 = 13.6,

Using Eqn (5.57), we have

std(e;) = 1.3 (5.62)
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Figure 5.8: Case 4 of Interval Prediction(— observed value, - - the lower of interval

prediction,-. the upper of interval prediction)
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Figure 5.9: Case 5 of Interval Prediction(— observed value, - - the lower of interval

prediction,-. the upper of interval prediction)
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Dirnension k

Figure 5.10: Comparison between dimensions (— the standard deviation, -. the error

between 2001 and 201 )

Conclusion : .Comparison between the results for the previous cases by computing
the standard deviation for the errors by Eqn (58)-(62). The standard deviation for
their errors indicate the dimensions from 1 to 4 gives the best agreement between the

interval prediction and measurements (see Figure 5.10).
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