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Abstract

Data analysis plays an important role in system modeling, monitoring and optimization.
Among those data analysis techniques, change point detection has been widely applied in
various areas including chemical process, climate monitoring, examination of gene expres-
sions and quality control in the manufacturing industry, etc. In this thesis, an Expectation
Maximization (EM) algorithm is proposed to detect the time instants at which data prop-
erties are subject to change. This method performs efficiently especially in missing data
problem or when directly maximizing the likelihood is difficult. The change point detection
problem is solved under various scenarios including univariate and multivariate data, known
and unknown covariance. The problem is also extended to changing covariance in the case
of multivariate data analysis. Moreover, using Bayesian inference method these problems
are solved and the results are compared with EM. The results show that in terms of com-
putation, due to some iterations involved in EM algorithm, it has higher computation but
the convergence is fast. In the presence of uncertain hyperparameters of missing variables
(in EM formulation) or priors (in Bayesian method), EM outperforms Bayesian method.
Besides, using change point models, different unknown properties of data such as mean
and covariance can be estimated in the context of EM algorithm. In this thesis, assuming
change points as missing variables, the mean vectors in every segment of data are estimated.
This estimation is extended to constrained parameter space for both linear and nonlinear
case studies. Using simulation examples, it is shown that EM performance is satisfactory

leading to accurate estimation along with fast convergence.
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Chapter 1

Introduction

Accuracy of process measurements is critical in the sense of safe and continuous operations.
To achieve this goal, timely detecting and repairing of faulty instruments plays a significant
role in terms of instrument availability and reliability. These problems along with other
factors such as a major process upset, a change in equipment performance, etc. may all
lead to change such as mean shift in which a bias is introduced in steady state operating
data.

Various techniques in literature have been developed to detect and estimate bias error
in the instruments. These include node test, measurement test, likelihood ratio test, PCA,
etc. Depending on the problem and available information of the process including models
and constraints, one may take advantage of a certain methodology.

Basically, numerous factors can lead to abnormality of data such as miscalibration or
malfunctioning of instruments, instrument biases or process leak. Thus, developing an
efficient method to identify these types of systematic errors or gross errors is of interest for
process industry. An excellent survey and review of single or multiple gross error detection
methods with their applications can be found in [1]. In all of these methods, process
constraints such as material balance, energy balance, etc. are taken into account.

On the other hand, due to problems raised in derivation of process models, data-driven
methods have been widely used in recent years. For instance, data-based approach to
detection of the time instant at which bias is introduced to measurements has received great
attention especially in applications such as hydrology, signal processing, finance, economics,
pharmacology, environmental studies, meteorology and etc [2]. In chemical engineering
applications, there are a lot of sensors or instruments which may be subject to bias or
drift. Detection of time instants where these biases or drifts are introduced is important in
instrument fault identification. Detection of instants where system operating mode changes
can be another application of change detection. These problems are often formulated as
change point detection. At these change points, the mean of data shifts. As detection
of these change points is performed, new mean and hence bias magnitude can also be

determined accordingly.



Various methods have been developed in literature to tackle the problem of change point
detection. A good review of these methods can be found in [2] [3] [4]. One of the elementary
methods in change detection is random-size sliding window algorithm. In quality control,
these methods are called finite or infinite moving average control charts [2] in which higher
weights on recent observations and lower weights on past ones are used. Among various
approaches, probabilistic frameworks, such as Bayesian inference, have been applied in
various areas. These approaches are powerful in the sense that one can incorporate priori
knowledge in estimation of unknown parameters. In [5] and [6], a Bayesian approach is
used to detect gross errors based on process models. This method is applied sequentially
over various time periods of data by updating the priors and posteriors at the end of each
period. Computation of this method for medium to large problems is intensive despite the
modification made by the authors of [6]. In [7], a Bayesian decision rule is developed to
detect the change point in univariate data which needs selection of prior distributions for
unknown parameters and then derivation of posterior probability of shift point given the
data.

The multivariate version of Bayesian single change point detection can be found in [8]
[9] [10] [11][12][13]. In [13], an empirical Bayes stopping time is studied for detection of
a change in distribution of data when prior is not completely known. Multiple change
points detection is investigated through methods such as hypothesis testing [14], maximum
likelihood [15] and a clustering-based algorithm called product partition model (PPM)[16]
[17]. In PPM technique, the prior probabilities for a random partition are determined. As
a result, the posterior probability of the partition is of the same form. In essence, in this
method, a large amount of computations result from Markov sampling to determine the
estimates of means, derived by conditioning on the partition and summing over all possible
partitions.

In [18], the change points are determined by minimizing a penalised contrast function
which measures how the model, derived based on change point sequence, fits the observed
data.

Generally, among methods applied in change point detection, Bayesian approach has
been most widely adopted. There are two approaches proposed in literature to solve the
change point detection problem based on the Bayesian approach. One approach relies on
finding the mode of posterior probability called Maximum a Posteriori (MAP) approach
which is optimization-based. The other is to calculate means of various posterior probabili-
ties, which leads to integration calculation. Basically, these integrations are difficult to solve
analytically. As a result, Markov Chain Monte Carlo (MCMC) is often used which draws
samples from posterior distributions. The sampling from posterior distribution is performed
using various techniques such as Metropolis-Hasting or Gibbs sampler [10][19]][20]. In [19],
Stochastic Approximation Monte Carlo (SAMC) is applied to multiple change point de-

tection problem and SAMC performance is compared with reversible jump Markov Chain



Monte Carlo approach (RJMCMC). It was shown that in change point estimation, SAMC
outperforms RJMCMC for complex Bayesian model selection problem.

On the other hand, Expectation Maximization (EM) can be viewed as an iterative
approach to find the maximum likelihood [21] [22]. EM can also be employed to detect the
changes. Some researchers have already used EM to detect change points [23] [24]. In [23],
a Sequential Monte Carlo (SMC) online EM algorithm is proposed to estimate the change
point. In [24] an EM method is presented to estimate the distribution of change point.
These traditional EM methods require complex calculation while EM algorithm proposed
in this work does not require heavy and complex computation and it is relatively easy to
implement as well due to availability of explicit solutions. This framework has the advantage
of handling improper selection of hyperparameters compared with Bayesian approach.

In this thesis, a closed form solution to the Bayesian formulation of single and multiple
change point detection problem is first considered for multivariate data and MAP is used
for the estimation of the parameters. Moreover, considering the sensitivity of the Bayesian
approach to prior selection, EM is adopted to solve both single or multiple change points
detection problem. By comparison, it is shown that EM is more powerful when priors
are highly uncertain while the Bayesian approach has its advantage of less computation
demand.

In the following, a quick review on Bayesian inference and Expectation Maximization

methods are given to provide a better insight for the following chapters.

1.1 A Review on Model-Based Bayesian Inference

In the context of parameter estimation, Bayesian interpretation of probabilities is one of
the most widely used approaches. It updates the knowledge about unknowns, parameters
based on the information observed from the data. In other words, in Bayesian inference,
one can specify one’s belief in a statement or a given evidence in terms of probability [25].
The basis for most Bayesian approaches in various applications is Bayes theorem which is
equal to

P(B|A)P(A)

PAIB) = =5

(1.1)
where A and B are two arbitrary events. Replacing B with observed data, y, A with the

parameter set, 0, yields

P(yl0)P ()

PO = =50

(1.2)
where P(0) is the prior distribution of unknown parameters before y is observed, P(y|f) is
the likelihood of observation, y, under a model and P(f|y) is the joint posterior distribu-

tion or full posterior distribution. It expresses the uncertainty about parameter, 0, after



considering the information of both prior and likelihood. The denominator of (1.2), can be

derived as
P@wa/P@memezc (1.3)

where c is a constant. It is called "marginal likelihood” of y or the ”prior predictive distri-
bution” of y and may be set as an unknown constant, i.e. normalizing constant. Thus, by

removing ¢ from denominator of (1.2), we can express the joint posterior distribution as
P(0ly) o< P(y|0)P(0) (1.4)

This form is called unnormalized joint posterior distribution which can be used for inference.

On the other hand, the parameter set, 6, consists of multiple parameters as § =
(61, ...,0;)T, but not all the parameters in the vector § are of interest. These uninter-
ested parameters are called nuisance parameters. In other words, a nuisance parameter is
one that is part of the 6 in the joint posterior distribution of a model but it is not of main
interest. One way to omit these nuisance parameters is to integrate out or marginalize the
joint posterior distribution with respect to them. Define § = (¢,w) where ¢ represents
the main parameters of interest and w indicates the nuisance parameters. The marginal

posterior of ¢ can be derived as

waz/wawm (1.5)

Thus, in Bayesian Inference, the marginal unnormalized joint posterior distribution is taken
into account for estimation of unknown parameters. For instance, one may utilize MAP
method to find the mode of marginal unnormalized joint posterior distribution to estimate

the parameters. In Chapters 2 and 3, we will use this method in Bayesian inference.

1.2 Introduction to Expectation Maximization (EM)

EM algorithm is based on maximum likelihood estimation. This method was first intro-
duced by [26] in 1977. Numerous applications in various areas can be found in literature
based on this method such as in machnine learning, computer vision, medical imaging,
mixture models, speech recognition, etc. It is effective especially when it is not easy to
find the maximum of P(parameter|data) directly [21] [22]. This algorithm consists of it-
eration between two steps: expectation-step or E-step and maximization-step or M-step.
In other words, EM can be formulated as (1) finding the conditional expectation with re-
spect to missing variables given the data and the current estimate of the parameter and
(2) maximizing the expectation derived in the previous step to estimate the parameters
[21]. Convergence of EM algorithm is guaranteed because at each iteration, the likelihood

function is non-decreasing [22]. In this framework, E-step can be formulated as

QO16™) = Ezpow{P(D,Z|0)} (1.6)



where Z is the missing data or variable, D is the observed data and @ is the parameter to be
estimated. %) is the current estimate of parameter. In essence, in E-step, missing data are
estimated given the observation and the current estimate of unknown parameters. In other
words, in E-step, a conditional expectation is derived, where depending on the types of

missing variables, continues or discrete variables, an integration or summation is computed.

In the M-step, the new parameter, 0%t1) is chosen so that it maximizes Q(9|0(k)); that is,
QO*10W) > Q(o1o™®), vo (17)

M-step can be expressed as
o+ = arg mng(ew(k)) (1.8)

Starting EM with initial values for the parameters, E-step and M-step are repeated until a
suitable stopping rule criterion is satisfied. EM has interesting properties such as increasing
the likelihood of observed data at each iteration but it may converge to a local maximum
of observed likelihood which makes it dependent on starting values in some problems [22].
In Chapter 3, a review of existing methods for proper initialization of EM is elaborated.
Some other properties such as selection of stopping criteria is important depending on the

parameter estimation problem.

1.3 Derivation of EM

Let X be a random vector and # be unknown sets of parameters and assume that we wish

to find the maximum likelihood estimate of for 8. Define the log likelihood function as
L(X|0) = InP(X]6) (1.9)

Since In(z) is strictly increasing, the value of 6 that maximizes p(X|0) also increases L(6).
EM is proceeded iteratively to maximize L(#). Assume that the current estimate is 6", the

procedure must be in way that the updated parameter estimate of 6 such that
L(0) > L(6") (1.10)

In problems in which there are some missing variables, EM can make the maximum likeli-
hood estimation tractable. Denote the missing variable as Z. The total probability P(X|0)

can be expressed as
P(X|0) =) P(X|z60)P(0) (1.11)

The difference between likelihood function at current estimate and updated estimate

can be written as

L(0) — L(0") = In(>_ P(X|2,0)P(2]6)) — InP(X|6") (1.12)



Note that in this expression there is the logarithm of sum. One can apply Jensen’s inequality
to (1.12)

i=1 i=1
Thus, we can introduce the constant P(z|X,6") as

L(0) — L(0") = In(}_ P(X]|z,0)P(2]0)) — InP(X|0")

— (Y P(X]2, 9)p(z|0).m) ~ InP(X]0")

— (Y P(e|X, oM (ﬁ;?;&; )y _ 1np(x|0m)

P(X|z,0)P(z|0)

> P(2]X,6")in( B, 0) ) — InP(X|0") (1.14)
=" P(z|X,0™)in( P](DZ (’?i‘;ﬂe)}g ((;("69)”)) (1.15)
= A(6]6™) (1.16)

In equations (1.14) to (1.16), the fact that > . P(z|X,6") =1 is used so that InP(X|0") =
>, P(z|X,0™)InP(X|0"). We can write

L(6) > L(6™) + A(0]6™) (1.17)
Thus
L(0) > 1(0]6™) (1.18)
where
1(0]6™) = L(6™) + A(0]6™) (1.19)

The function (6]6™) is bounded above by the likelihood function L(#). Also, we have

1(0]6™) = L(O™) + A(6™|0™)

P(X|z,6™)P(z|6™)
P(z| X, 0m)P(X|6")
P(X, z|6™)
P(z,X,0m)

= L(0") + ) _P(z|X,0™)n
= L(0") + > P(2]X,0™)in
= L(0") + ) _ P(2|X,0")inl

= L(0") ) (1.20)

Thus for 6§ = 6", the functions [(6]6™) and L(#) are equal.



The value of 6 is chosen so that L(6) is maximized. It is shown that the function 1(6|6™)
is bounded above by the likelihood function L(6). Thus any value of 8 that increases [(0]0™)
also increases L(6). EM algorithm finds 6 such that {(0]0™) is maximised. This value is
called updated parameter and is defined as #"*!

0" = argmazxe{1(0|0™)}
P(X|z,0)P(z|0) )
P(X|67)P(z| X, 6m)

= argmazxe{L(0") + Z P(z|X,0™)in

(1.21)
If we drop the terms that do not depend on 6
= argmaxg{z P(z|X,0")InP(X|z,6)P(z]0)}
= argmaxg{z P(z|X,0")InP(X, z|0)}
= argmaxg{z P(z|X,0M)InP(X,z|0)}
= argmaxg{EZmX’@n{lnP(X, z|0)}} (1.22)

In (1.21), the expectation and maximisation steps are simultaneous. To sum up, EM algo-
rithm can be expressed as two steps:
E-step: Compute the conditional expectation Ez x gn{InP (X, 2[0)}

M-step: Maximize this expression with respect to 6.

1.4 Rate of Convergence of EM

The rate of convergence of EM is of interest in many applications. This was first elaborated
in [26]. It was shown that the rate of convergence of EM is linear and depends on the
proportion of information of the observations. In other words, if a large proportion of
data is missing, then the convergence can be very slow. The convergence properties of EM
algorithm have been investigated in detail in [22]. Basically, EM defines a mapping 6 —
M () from the parameter space © to itself such that

oD = pM(e®y  (k=0,1,2,..) (1.23)

where the function M is referred to as EM mapping. This function is used for many
convergence theorems of EM algorithm. If 8%) converges to some point #* and M (9) is
continuous, then the fixed point of EM is 8* which satisfies 6* = M (0*). Using Taylor series

expansion, around %) = M (6*), we can write
oD — g% ~ J(6%)(6%) — %) (1.24)

where J(0) is d x d Jacobian matrix of M (0) = (M;(6), Ma(9), ..., Mq())T. These functions

are called mapping functions associated with each parameter. EM algorithm is a linear



iteration with rate matrix as J(6*) [22]. This matrix is called the matrix rate of convergence.
For the parameters, 0, the global rate of convergence is defined as
‘ glk+1) _ g
r = kli}n;o w (1.25)
where ||.|| is any defined norm on d-dimensional Euclidean space. The larger the global rate
of convergence, r, the slower the convergence. In addition, the global speed of convergence
is defined as s = 1 — r [27]. It can be shown that at each iteration of EM, the likelihood of
observed data increases until a fixed point is reached. The stationary or fixed points of EM
are Maximum Likelihood Estimates (MLE). Furthermore, the EM sequence is convergent if
0Q(619™)
00
and also the series {6(%)} converges to 6* and logP(z|y, ) is sufficiently smooth [28] [29]. It

should be noted that there is no guarantee that EM converges to global maximum. If the

lo—gr-+1 =0 (1.26)

likelihood function has multiple maxima, then it may converge to local maximum which
makes it dependent on initial values, 8. There are several methods for proper initialization
of EM algorithm which will be discussed in Chapter 3. In the presence of constrained
parameter space, © C 2, [30] provides a stricter condition for convergence. This condition
assumes intersection of boundary of parameter © with the complement of boundary of € is
a subset of 6 (00\092 C ©).

1.5 Stopping Criteria

There are several criteria defined in order to terminate the EM algorithm [22]. They can

be categorized in three groups:

e One criterion is based on absolute value of the likelihood change in two successive
iterations. One can employ the relative change of likelihood since the values of likeli-
hood depend on the sample size and therefore an absolute change in the order of 10~°
has different importance depending on the sample size. If L(6®)) is the value of the
observed likelihood in kth iteration, and tol is a small number of the form 107, then
we can write

L)) — L(9W)|
|L(O%))]

This criterion does not indicate the actual convergence [31].

< tol (1.27)

e One criterion is based on the relative change of the parameters in two successive iter-
ations. The maximum over all the parameters is considered as a measure of progress.
This can be written as

k+1 k
65" — 0]

J
(k)
165

max; < tol (1.28)



where j is the jth element in the vector of the parameters. Similarly, this criterion
does not represent the actual convergence [31]. In [32], it was emphasized that the
aforementioned methods are measures of lack of progress but not actual convergence.
Thus, a new criterion is defined by [32] to solve the convergence problem as explained

next.

o (Aitken Acceleration Criterion): In applications where the interest is the likelihood
values rather than the sequence of estimated parameters, a new criterion is defined
based on a projected likelihood [32]. Define

LF = L(o™) (1.29)
The Aitken criterion, is expressed as
|LETY — LR < tol (1.30)
where the projected likelihood is expressed as

LA =1k + LFY — IF) (1.31)

=)

(k:) N (Lk+1_Lk)
— (@F-LF Ty
likelihood sequence which is linearly convergent.

where ¢ According to [22], this criterion can be used for any log-

A great number of examples can be found in literture. [22] is a comprehensive review of

EM theory and various applications of EM can be found there.

1.6 Problem Statement

As mentioned, there are many applications for change point problem in areas such as hy-
drology, DNA sequences, financial time series, signal processing, etc. Given a time series,
change points split the data into segments which are disjoint. It is assumed that the data
in every segments are independent of each other. In addition, the independence assumption
holds for data within a segment. In every segment, the data can be fitted to a model. Thus,

we can write
data = model + noise (1.32)

In a time series, various scenarios may exist [33]:

e Different segments may have different models in terms of model types and model

orders
e Different segments may have the same model structure with different parameters

e Different segments may have the same model structure with different noise levels



e Multivariate segments with different correlation coefficients

In this work, it is assumed that the data in every segment follow the same model structure

but with different parameters. Four possible scenarios can be considered.

e The model in which no change point exists in the data. See Figure 1.1.a

e The model in which mean shifts at multiple points but variability is constant. See
Figure 1.1.b

e The model in which mean is constant but variability changes at multiple points. See

Figure 1.1.c

e The model in which mean and variability change simultaneously at multiple points.
See Figure 1.1.d

, . . . . . . . . L L .
0 50 100 150 20 250 £ 0 50 100 150 20 250 30
Time (sample) Time (sample)

Figure (e) Figure (b)

m;
easurement

L L L L P L L
200 250 300 0 50 100 150 200 250 300

I |
0 50 100 150
Time (sample) Time (sample)

Figure (c) Figure (d)

Figure 1.1:
Figure (c):

Figure (a): No change in Mean or Variability, Figure (b): Change in Mean Only,
Change in Variability Only, Figure (d): Change in Both Mean and Variability

These scenarios are investigated in this work. It is assumed that the time instants

where these changes occur are unknown. Thus, the main focus is derivation of a closed

form solution for change point detection under various scenarios using EM and Bayesian

methods.
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1.7 Thesis Overview

1.7.1 Thesis Contribution

Various approaches have been reviewed for gross error detection, mean shift and change
point detection. In terms of probabilistic frameworks, as mentioned earlier, there have been
various techniques developed. Most of probabilistic approaches rely on Bayesian methods.
Expectation Maximization method for change point detection was employed in [23] [24] but
those methods require complex derivations. This thesis derives closed form solutions for
the @Q-functions which are critical functions in the EM algorithm and hence making the

maximization step rather straightforward. The main contributions of this thesis are:

e Derivation of closed form solution using Bayesian and Expectation Maximization
(EM) and Simplified EM (SEM) methods in mean shift detection problem in uni-

variate data in the presence of known variance.

e Derivation of closed form solution using Bayesian and Expectation Maximization
methods in mean shift detection problem in multivariate data in the presence of

known covariance.

e Derivation of closed form solution using Expectation Maximization in change point
detection problem in multivariate data in the presence of unknown and changing

covariance.

e Mean estimation in change point model in the presence of process constraints using
constrained EM method.

1.7.2 Thesis Outline

In this work, mean shift or change point detection is investigated under various scenarios.
This thesis is organized as follows. In Chapter 2, the problem is solved using Bayesian
inference as well as EM algorithm for univariate data with single change assuming known
and constant variance. A simplified version of EM is also proposed to deal with this problem.
The performance of these three methods is compared through simulated data.

In Chapter 3, the mean shift detection is solved for multivariate data using Bayesian
and EM approaches in the presence of constant and known covariance. Bayesian framework
is presented first for mean shift detection by generalizing the method employed in [7]. This
formulation is different from [7] in the sense of selection of hyperparameters of priors. In
addition, two novel EM algorithms are proposed for mean shift detection. Performance of
the proposed algorithm is evaluated using simulated and pilot-scale experiment data.

In Chapter 4, the change point detection is solved using EM approaches in the presence
of unknown covariance and then this solution is extended to the change point detection

solution in the case of unknown and simultaneous changing mean and covariance. Using

11



simulated and pilot-scale experiment case studies, the performance of the proposed methods
are evaluated.

Chapter 5 covers the mean estimation in multiple change points model through EM
algorithm. In addition, mean estimation solution is derived in the presence of process
constraints using constrained EM method. The fast convergence of EM demonstrates the
efficiency of the method in parameter estimation.

Finally, in Chapter 6, the thesis conclusions and future works are presented.

12



Chapter 2

Univariate Mean Shift Detection

2.1 Introduction

In this chapter, the univariate change point detection problem in the presence of known
variance is investigated and three methods based on Bayesian, Expectation Maximization
(EM) and Simplified Expectation Maximization (SEM) are derived and compared through

simulation data.

2.2 Measurement Model

In this model, it is assumed that the process is operating under steady state condition. For

each variable, say the ith variable, at time pointj, the model can therefore be written as
Yij = H1i + €5 (2.1)

where p11; is the true value of variable i, €;; is the measurement noise of variable 7 at time j.
Moreover, the measurement noise at different time instants is assumed to be independent.
It is also assumed that for variables i # k, ¢; and ¢ are independent. For all j, €;’s are
assumed to follow a normal distribution with mean zero and constant and known variance,

i.e.
eij ~ N(0,09;) (2.2)

Suppose that at time j = m, bias, J;;, occurs in variable 7 resulting in a change of mean
value of process variable i as po;. Assuming that the variance, agi, remains constant, we

have

Yij = Hai +é€ij, J=m+1m+2,..n

p2i = i + Oij (2.3)
Thus, the measurements y;; before and after bias shift can be written as

Yij ~ N (i, 08) 7 =1,2,..m
yij ~ N(ui,00;) j=m+1,m+2,..n (2.4)

13



Based on the model given in (2.1) with assumptions of (2.2), (2.3) and (2.4), the proposed
methods can be applied.

2.3 Bayesian Method

As mentioned earlier, Bayesian inference is one of the most widely used method in param-
eter estimation. Under this framework, one first assigns prior probability distribution to
unknown parameters. The unknown parameters in this problem are 1, puo; and m. Con-
sider a univariate process so that the subscript ¢ can be dropped. Thus, p1; = p1, po; = po

and 0[2)2- = 08. The priors are selected as

P Hl) = N(/‘(l)’o-%o)
P M2> = N(Mgaag(])
P(m) = kp,(Uniform Distribution) (2.5)

(
(

where k, is a constant, u{ and o3, are the hyperparameters of u1, and u3 and o3, are
the hyperparameters of us and assumption of uniform distribution of m follows from [7].
For simplicity denote By = (1Y, 0%y, 43, 03). Unlike [7], we assume a nonzero values for uf
and p9. The reason is that assigning a zero mean value to prior distribution of mean is
equivalent to prior belief that the most probable value for mean of data is zero which is not
true. These priors are assumed to be mutually independent. Independence of m and the
mean values means that the time instant of change is independent of mean values before
and after the change point. Assuming independent observations at different time instants,

the likelihood function for n samples of data, Y = (y1,y2, ..., yn), is

P(Y|p1, pa,m, 05, Bo) = [ [ N (wili, 08, 80) x - [T N (wilw, o3, o) (2.6)
n=1

= n=m-+1

Having obtained the likelihood and priors, the next step is to find the joint posterior prob-

ability of 1, po and m. According to Bayesian theorem:

P(Mlaﬂ?)m|xag7/@0) X P(Ynulauzam?agvﬂ()) (27)

Using chain rule, the joint probability distribution can be written as

P(Y, pi1, 2,0, Bo, m)
= P(Y|p1, p12, 05, Bo, m) P(pa, pi2, 05, Bo, m)
= P(Y|p1, p2, 05, Bo, m) P(pa|pa, 03, Bo, m) X P(ua, m, 05, Bo)
= P(Y|p1, pi2, 05, Bo, m) P (1 |p2, 3, Bo, m) x P(pz|m, a5, Bo)P(m)
= P( (

Y |1, 2, 04, Bo, m) P(p1|Bo) P(p2| Bo) P(m) (2.8)
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The last equation in (2.8) signifies the independent assumptions made for priors. Therefore,

the posterior probability in (2.7) is of the form

P(p1, 2, m|Y, 03, Bo) o< P(Y |p1, pia, 05;, Bo, m) x P(u1|Bo) P(p2]Bo) P(m) (2.9)

Substituting (2.5) and (2.6) in (2.9), we have

X

) Zm (yj —m)?, (1 — pd)?

P(Nla /,LQ,m‘Y7 gg, 60) X 6.1,'])(— [ ! 2 ] - 2 )

; 20§ 207,

J=1
n
(yj — p2)?,  (p2 — p)®
_ E _ 2.10
exp( [ 208 ] 2030 ) ( )

j=m+1

After some algebraic manipulations such as completing the square terms with respect to uq

and s, the following result is derived:

P(p1, pia,m|Y, 05, Bo) o< Fy x Fy (2.11)
where
Fy 26962?{_71[#1 — (mb)~ ! (mh + i yi)*}x
203 (mb)~1 st /
—1 N2 -1 o
eacp{ﬁ[mh + Zyj — (mb)™" [mh + Z y;i]°1} (2.12)
0 j=1 j=1
and
—1 > imm1(yi) + (n—=m)p_, 1K, )
By = ewp{%g(c)_l (12 — . ] }62719{273[' > W)+ (n—m)p/—
j=m+1
n
'Y (yy) + (n—m)p)’} (2.13)
Jj=m+1
Using notations similar to [7], we have
2
b=1+—0
. _ Mo
mo?
io
W= ud.h (2.14)
and the parameters of Fy are
2
c=n—m-+ U—S
720
1300
p
(n —m)og
P =pusp (2.15)



In order to derive the marginal posterior P(m|Y, o3, 3y) based on joint posterior probability,
we can integrate out p; and us from the joint posterior P(uq, 2, m|Y, 08, Bo). Here, since
F only depends on py and F5 only depends on o, integrating F with respect to pg results
in I; and integrating of F5 with respect to ps leads to Is as

I = exp{;g[mh’ + yd — (mb)Hmh + >y 2m(mb) T x o (2.16)
j=1 =1

and

n

[ > @)+ m—m)p —c'( Y () + (n—m)p)’]}Vemet xop (2.17)

Jj=m+1 J=m+1

—1

Iy = exp{ 208

The marginal posterior is derived accordingly as
P(m|Y, 04, 50) o< I x I (2.18)

In order to find the most likely solution of m from the marginal posterior, one can maximize

the marginal posterior with respect to m as
1 = arg max P(m|Y, a3, Bo) (2.19)
m

Finally, according to [7], if m is found to be 1,2,...,n — 1, then there is gross error and if
m = n, there is no gross error found.

In [7], the mean values of the priors are set as zero for both p; and ps. As discussed
earlier, assigning zero as mean values of the priors can lead to false detection of change
point. The reason is that the joint distribution depends on u{ and 3, as evident in I and
I5 of (2.16) and (2.17), and poor selection of the priors will lead to deteriorated performance
and could result in false detection. In next section, we propose EM algorithm to overcome

this deficiency and to take advantage of use of improved priors based on the data.

2.3.1 Mean Shift Formulation Using EM

In this section, EM algorithm is proposed to solve single change point detection problem.
Here, p1 and po are treated as the missing or hidden variables, Y = (Y7,Y3,...,Y},) are the
observed data and m, the change point, is the parameter of the interest to be determined.

Thus, E-step can be expressed as

Qmm™) = B, oiyamoo (Y, 1, p2m)} (2.20)

In M-step, the maximization is performed with respect to all possible values of the param-

eter, m, as

m* Y = arg max Q(m|m®) (2.21)
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In order to derive the E-step, we first write

P(Y, p1, polm) = P(Y |p1, pra, m) P(p1, pr2|m)
= P(Y|p1, pa, m) P(p1|pa2, m) P (pz|m) (2.22)

Since m, the shift point, is independent of the mean values p; and ps and also these values

are independent of each other, (2.22) can be written as
P(Y, p, polm) = P(Y |p1, po, m) P(p1) Ppi2) (2.23)
Thus, (2.20) yields
Q(m|m™) = B olyme AP [p1, o, m)P (1) P(p2)}

= [ ] POl g2 PG Plpa) PG, s (221)
Since p; and pe are independent, we can write

Qmjm® l// (¥ [, iz ) P (1) P(p12) P s | V) P(pua] Vom® )y dpy - (2.25)

In the integrand, there are two terms P(u1|Y, m®)) and P(us|Y, m®*)) which can be deter-

mined as

P(Y|p1, m®) Py |m*))

P(up|Y,m®*)) = 2.26

P12, s Y 111, 1) P (Y9 415 Y0 125 - Yn) P (111) (2.27)
P(Y|m®) '

= klp(ylay27"'7ym(k)’,UJ17m(k))P()u1) (228)

In the nominator of (2.26), P(u1|m®*)) = P(u1) because p; and m®*) are independent. In
the denominator of (2.26), P(Y|m(®*)) is the distribution of Y that only depends on 1, o
and the variance. These parameters are independent of m(*); therefore this probability is a

constant value as

P (4,00 115 Y6 425 > Yn)

=k 2.29
P ®) 1 (2:29)

Using the same approach for P(uz2|Y, m), we have

P(Y |, m*)) P (ug|m®*))
P(usY,m®)) = ’ 2.30
(me(k ) '
= kP (Yp k)15 Yn(k) 395 > Yn 112, mF ) P112) (2.32)
where
P

P(Y[m®)
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Thus (2.25) can be rewritten as

Qi) =tk [ [ PV lpr, aa ) Pl Pla)
Py lr, mE) P (1) P (0 1.0 112, m*)) Pp12) dpadpss
= k3/P(ylim‘:u’lvm)P(ylzm(k)‘ﬂl7m(k))<P(M1))2dulx

/ P(mstinl iz, 1) P s otz mB ) (P (1)) 2dpiy (2.34)

where k3 = kjko. This integration is the product of two separable terms so that (2.34) can
be simplified as

Q(m|m(k)) = k3/E1d/L1/E2d,u2 (2.35)
where EF; can be written as
1o m(k) 1
By = eap{o—5 Y (uj —m)*+ 3 _ (v — 1)) = —(m — 1)} (2.36)
0 j=1 j=1 10

After some algebraic simplifications to complete the square terms in F7, we have

m mk)
—1 2 2 Loy 32 (11 — 5)2
Ey = el’p{ﬁ[z Y + Z yil = = (u1)” + ?}exp{—T} (2.37)
4 j=1 j=1 910 o (a)
where
m  m® 2
a=—"5+—+ >
of = o5 of
m m(k)
n 4 s 92 0
g =Y 223—1 I (2.39)
o o
0 10
Integration of Fy gives
L& m(k) 1 32
% = = 1o «

Following similar algebraic manipulation for Fy leads to

-1 n n 1 ,YQ
/Ezdm = 63319{?‘%( Z vi + Z yi) - 7%()(#8)2 + i} x /2m¢1 (2.40)

where
n—m n—m® 2
¢= 5t 2 + =
) 90 020
Z?:mﬂ Yj + Z;L:m(k)Jrl Yi  2u3
v=- 3 -3 (2.41)
g9 920
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Finally, Q(m|m®)) is derived by multiplying (2.39) by (2.40).

From (2.39) and (2.40), one can see that Q-function depends on current available es-
timate of the parameter m*) and the decision variable m. In the next step, M-step, Q-
function is maximized with respect to unknown m. In other words, starting EM loop with
an initial value for m(0) = mg, E-step and M-step iterate until no increase is observed in

@-function.

2.4 Simplified Expectation Maximization (EM)

In this section, a simplified EM algorithm is proposed for detecting mean shift. In this
framework, the integration is avoided by replacing the hidden variables with their expected
values given the data and current estimate of the parameters in the likelihood function. In

E-step, we have
QUmIm™) = E,,. .1v.mo{log[p(Y; pr, p2|m)]} (2.42)
Using (2.20), (2.42) can be written as
Qmm™*)) = E, 1y oo {log(P(Y |u1, pa, m)) + log(P(p1)) + log(P(n2))}  (2.43)

In simplified version of EM, instead of conditional expectation, 1 and po are replaced by

their expected values estimated from the data. Define Q-function as

Q(m|m®) = log(P(Y|E(u1), E(p2), m)) + log(P(E(u1)) + log(P(E(p2)))  (2.44)

where
(k)
_ Z;nzl Yj
E(p1) = Grme = = 5
_ D41 Y
E(u2) = Ynk) 41.:n = ;L Tm(k) (245)

Therefore, using the likelihood and priors as in (2.5) and (2.6), Q-function in (2.42) can be

written as

Qnlm®) = 515 (4~ Bm)? + > (5~ E(wa))?]
0 j=1 j=m+1
L (Bn) — i) — o (B(w) — ) (2.46)
20’10 20’20

For simplicity, the priors are selected as 19 = g99. Here, selection of wrong values for u
and p9 does not have any effects on performance of the algorithm since the hidden variables,

k). Having derived Q-

w1 and po, are estimated from data given the current estimate m!
function, in the next step, maximization is conducted with respect to m and the parameter
is estimated. In the next iteration, this new parameter is used to re-calculate the mean

values p1 and ps embedded in @-function. Hence, these two steps iterate until convergence.
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2.5 Simulation Results and Discussions

In literature, there are two commonly used performance measures of gross error detection.
Here, we apply those measures in mean shift detection. Thus, through simulation studies,
the performance of Bayesian and Expectation Maximization approaches is investigated.
One of those measures, defined as an indication of method’s ability in detection of biased

instrument, is overall power, OP

OP — Number of Gross Errors Correctly Identified

2.4
Number of Gross Errors Simulated (2.47)

The other performance measure is defined to represent the probability of false alarm as

Number of Gross Errors Wrongly Identified
Number of Simulation Trials Made

AVTI = (2.48)

These two performance measures are widely used in gross error detection literatures [1].

In Figure 2.1, the process measurement for the case of mean shift with constant variance
is shown. The mean of variable is subject to change at an unknown time instant. In this
work, we focus on change in the mean of data at a single time point but no change in the
variance due to steady state nature of the process operation. We also assume that after
occurrence of gross error, the bias magnitude remains constant.

The simulated data are generated from a normal distribution with mean p and standard
deviation og in MATLAB. The results are obtained from Monte Carlo simulation of 1000
runs. In Table 3.1, the results of OP and AVTI are shown for three methods: Bayesian
(BM), EM and simplified EM (SEM). The simulation parameters are selected as

n=500,m =142, u = 1,00 = 07y = 03y = 1,

5:300,u(1):1,u8:2.

The EM and SEM algorithms start from an initial guess m(® = 100 while the real
m is 142. As illustrated in Table 3.1, the results of OP and AVTI indicate that EM is
more accurate in detection of gross errors but the performance difference between BM and
EM is minor for indicated bias magnitudes. In other words, when the mean values of prior
distributions are selected to be close to true mean, both methods have approximately similar
performance and high OP is achieved in detection of biased instruments. The performance
of EM and SEM is almost the same for different magnitudes of biases. In all EM or SEM
simulations, after one or two iterations, the algorithms converge.

Next, the results are shown when the mean of priors are improperly selected as shown
in Table 2.2, i.e. far from the true mean. For 1000 simulation runs with § = 309, the
following performance is obtained: OP=0 by BM, 0.8 by EM and 0.9 by SEM, indicating
that EM and SEM are capable of correctly detecting biased instruments in the case of wrong
selection of priors. This nature of learning from the data is an advantage of EM or SEM

which makes them efficient approaches in gross error detection.
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In Table 2.3, as an example of n = 60, the effects of different bias shift points are
investigated. There is no significant difference in the values of OP and AVTI for BM and
EM, because these methods do not rely on point estimation of mean from data. However,
for the case of SEM that relies on point estimation of mean, when m or n — m decreases,
OP decreases.

Figure 2.2 shows the overall power, OP, with respect to the size of bias as a multiplier
of standard error. With small bias that is more difficult to detect, the power of EM is larger
than BM and SEM. However, with gross errors between 1.50¢ to 2.50¢, the power of BM
is the largest. As bias magnitude further increases, the OP’s for three methods approach

each other.

Table 2.1: Performance Comparison for Different biases (n = 500, m = 142, 9 = u = 1)

Bias OP AVTI
300 0.85 0.145
BM | 4009 0.95 0.044
500 0.98 0.015
300 0.86 0.140
EM | 409 0.95 0.044
500 0.99 0.009
300 0.86 0.141
SEM | 409 0.95 0.042
500 0.99 0.011

Table 2.2: Performance Comparison for Different Mean values for Prior Distributions(u{ =
20, 9 = 30,n = 500, = 30)

BM EM SEM
opP 0 0.8 0.9
AVTI 1 0.16 0.1

In the case of improper selection of u§ = 20 and ud = 30, OP’s for BM and EM are
illustrated in Figure 2.3 for different values of bias. For bias up to 409, OP for BM is
zero and as bias magnitude increases, the power increases dramatically. The power for EM,
even for small size of gross errors is nonzero, demonstrating the efficiency of EM despite
of wrong priors. In Figure 2.4, the measurements along with three detection criteria using
BM, EM and SEM are illustrated for n = 300, m = 135, = 300, u{ = 1 and puy = 2. For
all three methods, y axis is in logarithmic scale. The peak points of posterior probability
as well as that of Q-function are located where the bias shift occurs. In other words, the

global maximum is obtained at true change point. As noted earlier, the convergence of EM
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Table 2.3: Performance Comparison ( § = 30, n = 60, u = 1, 9 = 2)

m OP AVTI
5 084 0.154
17 0.85 0.144
BM 30 0.85 0.152
45 085 0.141
5 085 0.152
17 0.84 0.160
EM 30 0.85 0.141
45 0.83 0.153
5 083 0.161
17 0.86 0.155
SEM 30 0.85 0.140
45 0.84 0.151

and SEM is fast and at most two iterations would suffice. Comparison of EM and SEM
shows that with small m, EM has a larger OP. In the sense of complexity, EM follows a
more general framework compared with SEM while SEM is simpler in both theory and
application but with reduced power for small m.

In order to find the gross error magnitude, one can calculate the average of data for
the two segments based on the estimated change point m and finally, obtain the difference

between these calculated average values.

2.6 Conclusion

In this chapter, three methods for solving the mean shift detection problem are derived based
on Bayesian and EM approaches. The focus was on univariate data with single change. In
next chapter, this problem is solved taking into account the multivariate data with single
and multiple changes. Moreover, problems arising from prior selection and initialization of

EM are investigated.
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Chapter 3

Multivariate Mean Shift Detection

In this chapter, change point detection problem is formulated and solutions based on
Bayesian and EM methods are derived. This change detection corresponds to mean shift
detection in multivariate data.

In the following sections, a closed form solution to the Bayesian formulation of single
and multiple change point detection problem is first considered for multivariate data and
MAP is used for the estimation of the parameters. Moreover, considering the sensitivity of
the Bayesian approach to prior selection, EM is adopted to solve both single or multiple
change points detection problem. By comparison, it is shown that EM is more powerful
when priors are highly uncertain while the Bayesian approach has its advantage of less

computation demand.

3.1 Bayesian Change Point Detection

3.1.1 Problem Formulation for Single Change point

Here, a multivariate Bayesian formulation of change point detection is given where maximum
a posteriori (MAP) is applied to infer the change point detection. Throughout this work,
time instant for single change point is referred to as m and multiple time instants for
multiple change points are represented by the vector ¢ = [t1,...,tny] where N is the total
number of change points. In addition, the covariance of data is assumed to be the same
before and after the change points.

Consider n observations from p variables form a p X n matrix as

Y1 Y12 ... Yim Yi(m+1) --- Yin
Y21 Y22 ... Y2 Yo 1 eee Y2

D= . . .m (m+ ) .n = (Yl,YQ,...,Ym,...,Yn)
Ypl Yp2 -+ Ypm yp(m+1) -eo Ypn

Y1, ..., Y, ..., Y, are measurements of p variables from time instant 1 to n. Assume that at

the sampling instant m, a change occurs resulting in a shift in the mean vector. Thus, the
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whole data are split into two segments operating at two different means, 1 and us, respec-
tively with the same covariance matrix Y. This general problem formulation framework is

adopted throughout this work.

3.1.2 Existence of Change Point

If we are interested in verification of existence of change point, it is basically testing the
hypotheses of ”change” against "no change”. In other words, two models are compared
with each other:

No change model (Hy):

}/:i NNp(Mlvz)ai = 1727 w1
Change model (H):

Yi ~Np(p1,%),i=1,2,...,m
Yi ~Np(p2,X),i=m+1,m+2,...n

In order to perform the analysis, Bayes factor can be used as in[8]. It is a defined as ratio

of posterior to prior odds on H; against Hy as
P(H,|D)
P(Ho|D)

P(H,y)
P(Ho)
_ P(D|H))
~ P(D|Hy)
_ fP(D|,u1,u2,m, E)P(”I’U%Z)P(m)
- J P(Dlp1, %) P(p1, %)

where D is the data. In the case of unknown mean vectors and covariance, which is a general

B(D) =

(3.1)

case, the closed form of Bayes factor is derived in [8]. The decision rule for selecting one

hypothesis against the other is of the form

D) o

ly; is the loss caused from deciding on Hj, while H; is true. Also there is no loss when correct
conclusions are made (I = lj; = 0). In determining the threshold of Bayes test, the prior
probabilities of each hypothesis along with the loss associated with every wrong decision is
considered. If one assumes equal probability for each hypothesis and also equivalent loss

for wrong decision then the threshold of Bayes factor can be written as
B(D) ~1 (3.3)

The closed form expression for Bayes factor can be derived as a function of hyperpa-
rameters of prior distributions. Having checked existence of change, in next sections, the

problem for both single and multiple change points detection is studied further.
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3.1.3 Single Change Point Detection

In this section, Bayesian solution is reviewed and a closed form solution for a single change
point problem is derived. This solution assists in solving multiple change points detection
problem. Using Bayesian analysis, the objective is to find P(m|D) which is the posterior
probability of change point given the data. According to Bayes rule, this probability is

equal to I(DT(nD?) In the following, this posterior probability is derived in detail. Here, it is

assumed that observations are independent of each other and follow Gaussian distribution
as

Yi ~Np(p1,%),i=1,2,...,m

Yi ~Np(p2,X),i=m+1,m+2,..,n (3.4)

where 1 # po. The normal distribution function can be expressed as

Np(p, 2) = (2m) P28 2eap{ - (y wE y - p)} (3.5)

The shift time, m, can occur anywhere from 1 to n — 1. The likelihood function of data, D,

is therefore of the form

m
P(D = (Y1, Y2, ..., )1, p2,m, B) = [ [ P(Vilpa, & H P(Yilug, % (3.6)
i=1 i=m-+1

where 1, uo and m are to be determined. The priors for p1, po and m are taken as

P(paluf, Sor) = Np(p, Zor)
P(pa|u3, So2) = Ny (1, o2)
P(m) = Uniform distribution (3.7)
where 19, $10, 49, X0 are the hyperparameters of prior distributions and assumption of

uniform distribution of m follows from [7]. Denote 8y = (1, $10, 119, X20). Hence, the joint

distribution between observations and parameters is represented as

P(D, p1, 2,2, Bo, m)
= P(D|p1, p2, 3, Bo, m
= P(D|p1, p2, %, Bo, m
= P(D|p1, p2, %, Bo, m
= P(D|p1, p2, %, Bo, m

P(u1, p2, X, Bo, m)

P(u1lp2, %, Bo, m)P(u2, m, ¥, o)

P(p1|pz, 3, Bo, m)P(pz|m, 3, Bo) P(m)
P(p1]Bo) P (p2|Bo)P(m) (3.8)

In derivation of (3.8), independence assumption of priors is incorporated. Moreover, the

)
)
)
)

prior distributions of p; and po are completely determined by their hyperparameters 5y. By
substituting the priors as in (3.7) and likelihood as in (3.6), into (3.8), the joint distribution

can be determined as

P(D, 1, p2, =, Bo,m) = b [ [ P(Yilmr, 2) H P(Yilp2, S)Np (1], So1)Np (19, So2) - (3.9)
=1 i=m-+1
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where kj is a constant.
With the likelihood and priors shown in (3.6) and (3.7), the joint distribution of data

and parameters has an explicit closed form expression as follows:

P(D7,U’17N2727ﬁ07m):F1 XFQ (310)

where

1
Fi = Creap{— (i1 A7 i — i A5 0 — QA i + Q5 A0 )

exp{—= ul u?+ZyTE yi— BTA™'B)}

. 1
= Clemp{—§ (1 = Q) AL (11 — )} % ewp{—§(u(f Sorpd + Z%TE yi — BTAT'B)}
=1
(3.11)

and

1 _ 1 _
Fy = Caeap{— (42 = Wn)' Ay (12 — W)} x €$p{—§(ﬂ2 02 13 + Z yl 'y — DTCT'D)}
1=m-+1
(3.12)
where C7 and Cs are constant and A, B, C and D are defined in Appendix A. The derivations
of F1 and F5 are given in Appendix A.
In order to determine the change point, first we need to integrate out p; and po from
the joint distribution where F} is a function of p1 and Fj is a function of us. Integration of

F1 with respect to p; leads to

+oo m
/ Fy duy = Crexp{— ( I3t EOll,u(l) + Zy;‘rZ‘_lyi —BTA™'B)}x

- i=1

+o00 1
| ot i = 00 A7 o1~ )} din

—0o0

= clea:p{—fwl o1} + Zy? £y = BTATIB)} x (2m)P? ALY T
=1
(3.13)
Note that the integration is with respect to p1 which is a p-dimensional vector. Since the
integrand is a multivariate normal density function with mean €2, and covariance A,,, we

have used the following relation in the derivation of (3.13):

400 1
/ exp{—3 (1 = Q) ALY (1 — Q)b dpn = (2m)P 2 A2 (3.14)

—00

Similarly by integrating F5 with respect to po, we have

+o0 1, T = _ _ _1y—
/ Fydus = Cgeq:p{—g(,ug Yog 119 + Z yI'yy, — DTCTID)} x (2m)P/2 A 72
- i=m+1

(3.15)
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Combining the marginal distribution of (3.13) and (3.15) yields
P(m|D) O(//P(Dvulal’LQ)Z?/BOum)dﬂldMQ

1 m
= Creap{~5 (W} Sglud + Yyl =7y = BTATB)} x 2m)P (A, |72
=1

1, o7o_ = _ _ _1—
Cgexp{—§(,ug Sk + > ylSTly — DTCTID)} x (2m)P?|AL T2 (3.16)
i=m-+1
The single change point can now be determined by maximizing (3.16) with respect to m
where m =1,2,....,n — 1.
Having obtained a solution for single change point detection, one can use the results

obtained to solve the detection problem with multiple change points.

3.1.4 Problem Formulation for Multiple Change Points

In reality, the data can be subject to change at multiple time points. Consider a set of data
with length n and N possible change points. The shift points occur at t = [t1,...,tx]. In
other words, the data can be split into N + 1 segments: each segment has its own mean
vector. It is assumed that the covariance does not change before and after each change
point. Also, tp = 1 and ¢tny4+1 = n. A similar problem was considered in [10] but it was
solved numerically based on MCMC method and Gibbs sampling. In this following section,

an explicit analytical solution is derived which will facilitate the optimization solution.

3.1.5 Multiple Change Points Detection

Using Bayesian methods requires a prior distribution for vector ¢t. The change point can be
modelled by

tivi=t;+¢ with ¢~P ()\) (3.17)

where ¢; is independently identically distributed (iid) with Poisson distribution [10]. A is a

priori mean value of time intervals ¢;11 — ;. Set A = NLH and thus
N N . Atir1—10)
p(t|A, N) = p(At|A, N) = HP((tiJrl —1;)|A) = H(e m) (3.18)
i=0 i=0 ¢ e

If the data segments are represented as D = (Yo, Y1, ..., Yn)7 so that Y; = (y(t; + 1), y(t; +
2),...,y(tix1))7, then the likelihood function can be expressed as

N
P(D|pi,t, %, N) = [[ P(Vilmi, ) (3.19)
1=0
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The prior of ¢ is given by (3.18) and that of u; follows Gaussian distribution, i.e. P(u;) =
Np(,u?, Y0). Thus, the posterior probability can be written as

P(ta;ui‘D7)‘azaN) OCP(D’MutazaN)P(t‘)‘vN)P(:uz‘N)

N N . Atip1—ti)
oc [ [ P(Yilps, ) [ [[e mp(ﬂi)] (3:20)
i=0 i=0 ! e

In order to further derive the desired posterior with respect to the change point P(¢|Y, A\, ¥, N),
one can integrate out (3.20) with respect to p; and obtain the marginal posterior distribu-
tion. In (3.20), the first and third terms depend on p;. Thus, following the same procedure
as in the derivation of (3.16), integrating out y; in (3.20) yields

N . N
P#|Y,\,2,N) x H(e*AM) x Chex {—EZ( 0Ty -1),0
y Ny &y P (ti-!,-l — t@)' KETP 2 plrs oy i0 /’Ll
t1+1
+ Y syl - BEATI B x A7 T2 (3.21)
Jj=t;+1

where C}, is a constant, |.| represents determinant of matrix and

A; = (ti+1 — t-)E_l + E;Ol
Bi = (tiy1 — t)S 7'+ S )

1 tit1
v= tiv1 — 1t ;yi
Ap= A7 = (i — )+ 5H) ! (3.22)

The next step is to maximize (3.21) with respect to the vector t = [t1, ..., txy] and determine

the change points. i.e.,
t = arg max P(tlY,\,X,N) (3.23)

Having derived the closed form expression for marginal posterior probability, the change
points can be determined through optimization. This algorithm performs well provided
that the priors are selected appropriately. However, if selection of priors has considerable
uncertainty, an intuitive solution would be to improve the priors using available data. Using
EM algorithm, one can achieve this objective even if the priors are not chosen properly. In

next section, EM formulation of change point problem is presented.

3.2 Expectation Maximization(EM)

In chapter one, EM solution to change point detection is derived. But that solution was
limited to univariate data and single change point detection. In the following, we generalize

the solution to a broader range of problem.

30



3.2.1 Multivariate EM for Single Change Point Detection

In this section, an EM algorithm is applied to solve single change point detection problem
as formulated earlier. To solve the problem, p1 and uo are treated as the missing or hidden
variables, D = (Y1,Y53,...,Y,,) are the observed data and m is the parameter of the interest

to be determined. Thus, E-step can be expressed as
QmmW) = E, v oo {P(D, 1, pa|m)} (3.24)
In M-step, the maximization is performed with respect to the parameter, m, as
m*+D = arg max Q(m|m®) (3.25)
In order to derive the @Q-function in E-step, we write

P(D, pi1, po|m) = P(Dlp, p2, m)P(p1, pzlm)
= P(D|p1, p2, m)P(pa|pz, m)P(pzlm) (3.26)

Since m, the shift time instant, is independent of the means, p1 and ps, and the two mean

vectors are also independent of each other, (3.26) can be written as
P(D, p; polm) = P(Dlpa, pg, m) P(p1) P(p2) (3.27)
By substituting (3.27) in (3.24), we have
Q(mm™*)) = B, b meo {P(Dl, 2, m)P () Pua)}

+o0o +oo
Z/ P(D|p1, p2, m)P(p1) P(pa) P, 2| D, m™)dpndpa - (3.28)

—0o0

Since p1 and po are independent, Q)-function can be expressed as
+0o0 +o0
Q™) = [ [ Pl o, m) Pua) P Plgs | D n®) Pt D s
(3.29)

where P(y;|D, m®) can be determined following the Bayesian rule such that

P(D|p1, m®) P(p1|m™)

P(M1|D7m(k)) =

p(Dm®))
_ P(Y1,Ys, ... Y, )|, m )P(Ym(k )41 Yoo g2, s Yo \m ) (p1)
P(D|m(®))
=k P(Y1, Y2, oo, Y 0 |1, m%) P 1) (3.30)
P(Y Y e Y (R
where kl - ( m(k)+lp(n5<|];);(rlf)) | )

Similarly, P(uz|D, m®*)) can also be derived as

P(pa| D, m™) = k2 P((Y,000 11 Y1125 - Yo Itz m ™) P(p2) (3.31)
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_ P(Y1,Ya,. Y, Im)
where kg = )

As a result, (3.29) can be rewritten as
& +oo +o0
Q™) =tk [ [ POl o) P Pl

P (Y011, )P (1) P(Yy00 4 1012, m™) P i) dpiy dpry

“+oo
= k3/ P(Yllm’:ulvm)P(YI:m(k)‘:u'lvm(k))(P(Ml))Qdulx

“+oo
| POl ) POV iz, ) (P22) (3.32)
where k3 = k1ke. Consequently, (3.32) can be simplified as
“+o00 —+00
Q(m\m(k)) = k?g/ Eld/ﬂ/ Egd,u,g (3.33)

where E7 and Ey are
By = P(Yium|p1,m) P(Yy o0 [, m®)) (P (1))
Ey = P(Yos1m|pi2, m) P (Y010 ti2, m™) (P(p12))? (3.34)

After some algebraic simplification, we have

m(k)

1 T, _ - _ _ _
Q(m|m™) = ¢y x exp{—§(2,u(1) o1l + ZyZTE Yy + Z yl Sy — BiTAL T By) Y x
i=1 i=1

(27T)p/2 ’Ann—l‘—lﬂ %

1 T 3 n 3 n B B
Co Xexp{—§(2ug S 9+ Y WS w+ Yyl Sy — DTG D)bx
i=m+1 i=mk) 1

(2m)P 2| Ay 2 (3.35)
where C'y and Cy are constant and
Ay =mEt+mPe—t p oyt
By = m271§1 + m(k)Eflgjlk + 220171/}1)
Gi=m-m)Y '+ n-—m*)n 4 255,7!
Dy =(n— m)E_lyg +(n— m(k))E_IZJQk + 2202_1,ug
Ann = AlilaAnn = Glil

@1zazyia glk:mzyi, QZZR_mAZ Yi,s @2k:m Z Yi
i=1 i=1 i=m-+1 i=m(k) +1
(3.36)

Having derived the @-function, the next step, the M-step, is to solve the following opti-

mization problem:

m* D = arg max Q(m|m®) (3.37)
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where Q-function depends on both current estimate of the parameter m*) and decision
variable m. In M-step of EM algorithm, this function is maximized with respect to m. In
other words, starting this loop with an initial value for m(0) = myg, E-step and M-step

iterate until no further change is observed in @-function.

3.2.2 EM for Multiple Change Points Detection of Multivariate Data

Here, EM solution for single change point detection is extended in order to solve the multiple
change points detection problem as formulated in previous section. In this EM formulation,
the hidden variables are u; for i = 0,1, ..., N. The vector ¢t = [t1,...,tx] is the parameter to
be estimated. Thus, the E-step in EM can be represented by

Q™) =B, unipaw P, pio, pirs oy v |8)} (3.38)
where
N N
i=0 i=0

Thus, E-step can be formulated as

+oo  p+oo +oo N N
ey = [ [ o [ TP = T] o)
oo Mmoo T =0 i=0
P(po| D, t*) P(p1 | D, *)....P(un | D, t*)dpodpn ... dpn (3.40)

In the derivation of (3.40), the independence assumption of priors are taken into account,
P(u;) = Np(1?, Zio), for pi,i =0, ..., N. Following the same derivation as (3.30) and (3.31)
for each P(u;|D, "), we have

P(D|pi, t*) P(pi[t*)
P(DItF)
_ P(Yo, Y1, . Y|, t7) P (1)
P(D[tF)
_ P(Y;ﬁ’,u%tk)P(YbaYb'-'7Yvifl7Yé+1a"'7YN|tk)P('ui)
P(DItF)
= ki P(Yi| i, %) P () (3.41)

P(/‘L1|D7tk) =

where k; can be written as

P(}/Oa )/1’ ) Yi*la Y;}i»la 7YN|tk)
P(YOa Y17 ~--,Yi—17Y2, YViJrlv ceey Yz|tk)

ki = (3.42)
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Substituting (3.41) into (3.40) yields

+oo
Q(t‘t(k)) = Cl / Np(}/o|M07 27 t)NP(}/E]|M07 27 tk)(Np(,UOWg’ EOO))2d,UOX

+oo
Np(Ya| i1, S, NG (Ya |, 8, 7)Y (Np (pa |1, £10)) 2 dpa x ..

+oo
Np(Ynrlpo, S, )N, (Vi S, tF) (Np (v | 1Ry, Svo)) 2dpey (3.43)

—0o0

where C} is a constant. Using the same algebraic simplification as performed in (3.35) and

(3.36) for single change detection leads to

N N
1 T _ _ 1
Q™) = Co [ ean{—5 D 2w Sig'w! + Y- V7S] = B AT B} (22| a, 1 72
i=0 i=0 JE[tistiva]
(3.44)
where Cs is a constant, |.| represents determinant of matrix and
A; = (t1+1 —t; )Z + (tz—l—l — tf)E_l + 222‘0_1
B; = (tz+1 — )N g+ (th — D g+ 2800
i=in 2 Y
1+1 [tzyt7,+1]
_ 1
Ye =k 4k Z Y
LT et ]
A= At (3.45)
Using this Q-function, the M-step can be written as
t) = arg mtaxQ(ﬂt(k)) (3.46)

and consequently every change point can be determined through this optimization problem.

3.3 Discussion

In the following sections, we discuss the effects of prior in Bayesian formulation and initial

value selection in EM.

3.3.1 Prior Selection

The advantage of the Bayesian framework lies in the fact that one can combine the prior
with the observations through the likelihood. However, this advantage can also turn to
a disadvantage. Selection of prior is often subjective. In other words, converting prior

knowledge and belief into a mathematical prior distribution is not an easy task . If priors
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are improperly selected, false or misleading results could be expected and the posterior
expression may be affected by the priors significantly [21].

In this work, the prior distributions considered for mean vectors before and after the
change point have been assumed to follow a Gaussian distribution. For the change point, a
uniform prior distribution has been commonly selected for the single change point problem
[7] and a Poisson distribution for multiple change points problem [10]. The selection of
distribution for mean values has an impact on the posterior distribution. For instance, in
single change point problem, according to (3.16) one can see that selection of u{ and u
can influence both B, D and consequently the final estimates. Assuming that one is not
aware of permissible range of mean value before and after the change, selection of improper
values for such hyperparameters of prior distribution can clearly lead to false detection if the
observed data are not sufficiently large. In other words, Bayesian method can be sensitive
to selection of these values as the prior. Using the EM algorithm, this problem can be
alleviated since EM works on conditional probability according to the most updated prior
based on the data and current estimation of parameters. If (3.16) and (3.35) are compared,
one can see that in (3.35), updating of parameters such as B, D and @Q-function is in the
direction that leads to increase in the likelihood function and consequently converges to
an optimal value. However, EM is an optimization based algorithm and from optimization
perspective, EM algorithm has to deal with initial value which is discussed in detail in the

following section.

3.3.2 Initialization of EM Algorithm

Like other optimization techniques, EM can also be sensitive to the selection of initial value.
EM increases the likelihood at each iteration till convergence to a stationary point which
could be a local optimum. Consequently, initial value selection can play an important role.
Moreover, the rate of convergence and the number of iterations can also be dependent on
the initial values. In the context of multivariate data, it can be even worse [35]. A good
reference on properties of EM can be found in [22].

There are various strategies developed to tackle this problem. Some are based on mul-
tiple random initial values to produce multiple solutions and then select the one that leads
to the largest likelihood. Some are based on clustering methods [36][37]. Initialization of
EM using Principal Component Analysis (PCA) is another approach used in [38]. In [35],
a detailed review and a comparative study of existing methods for selection of initial values
are given.

In this work, random sets of initial values are selected and the one that maximizes the
likelihood is obtained. This method for selection of the initial value has been proven to be

effective.
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3.4 Simulation

In this section, two simple numerical examples are given first to demonstrate the proposed

algorithms, followed by a CSTR simulation example.

3.4.1 Performance Evaluation

In chapter two, two performance measures are defined to evaluate the power of algorithm.
One is overall power (OP) and the other one is probability of false alarm (AVTI). These

two performance measures are applied here to change point detection problem.

3.4.2 Single Change Point Simulation

In order to simulate the problem of multivariate data with single change point, two corre-

lated variables (p = 2) are generated. The simulation parameters are as follows:

p=2,n=200,% = ( 015 Of’ > m =112, u9 = [3,4]7 , u = [3,5]7

Yo1 = Yoz = laxa , 6 = [1,1]7

A time instant m = 112, the bias in added to measurements. The actual mean before
the shift is u = [1,2]7. The magnitude of actual shift is § = [1,1]7 which is equal to one
standard deviation of the noise added to the data. The measurements y = [y1,yo]? are
illustrated in Figure 3.1. The results of MAP solution to the Bayesian method is shown in
Figure 3.2. The mode of the marginal posterior is exactly the same as the true m which is
where the change point occurs. Figure 3.3 shows the result based on EM algorithm, where
(Q—function for the last iteration is illustrated. The number of iteration to convergence
is two indicating fast convergence of EM. This function has reached its peak point at true
change point. In addition, in both Figures 3.2 and 3.3, y-axes are shown in logarithmic scale.
The results of EM for 3 different magnitudes of § are shown in Figure 3.4. Apparently, for
larger bias, which are easy to detect, the peak is sharper.

To evaluate the repeatability of Bayesian and EM methods, a Monte Carlo simulation
of 100 runs is performed. For different bias sizes, the results of overall power, OP and
AV'TI are shown in Table ??. In this table, o; represents the variance of variable i. As
we can see from Table 1, the power of EM especially for small magnitudes of bias is larger
than Bayesian approach. Obviously, as magnitude of bias increases, the power increases
and hence the rate of false detection decreases accordingly.

As mentioned earlier, improper selection of priors can affect the Bayesian method. To
illustrate this, improper values are selected for hyperparameters of prior distribution, i.e.
pd and p9. In such a case, the Bayesian method gives wrong results. In other words, the
maximum of marginalized posterior occurs at a wrong location. As an example, the results
of Bayesian and EM are shown in Figure 3.5 for p{ = [20;30]7 and p{ = [25;35]1. Note
that the true shift point is m = 112. Obviously, Bayesian method cannot detect the change
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point correctly while EM is able to identify it. The number of iteration for EM algorithm
is three in this case indicating fast convergence of EM.

As a comparison, both Bayesian and EM have advantages and disadvantages. EM shows
sensitivity to initial value selection while Bayesian inference is sensitive to priors. However,
EM algorithm can be alleviated from its disadvantage by randomization of the initial values.
On the other hand, due to iterative nature, EM has heavier computation than Bayesian.

In the next simulated example, multiple change point detection is investigated.

-
- - o -
I

\ \ \ \
0 L il L 10 10 | 160 180 0

1
g \ \ \ \ [ v | \ \ \
l L [l Ll 10 10 U 160 180 0

sample

Figure 3.1: Two Correlated Measurements, y = [y1,y2]”

3.4.3 Multiple Change Points Simulation

To evaluate the performance of Bayesian approach and the proposed EM for multiple shifts
of correlated variables, random variables with p = 3 are generated and the number of
change points is set as N = 3. The change points are denoted as t = [t1, to, t3]. Simulation

parameters are selected as

3 05 0.1
p=3,n=50,N=3A=3=125¥=| 05 1 075 |,
0.1 075 1

t = [t1,to, t3] = [12,27,43], 61 = [1.2,0,0]7 , 6o = [0,1.3,0]7, 65 = [0,0,1.4]T So; = I3x3 ,
i=0,1,2,3 pg=1[2,2,21", puf =[2,2,2]", 4§ = [3,3,3]7, p§ = [2,2,2]"

The bias is added to every variable as follows: at time ¢ = t1, the bias with magnitude
61 is added to measurement vector, i.e. y = [y1,%2,y3]”; at time t = t5, the bias with
magnitude Jo is added to y; at time ¢t = t3, the bias of magnitude d3 is introduced to

y. The measurements are shown in Figure 3.6. The results of simulation based on the

37



05

-0

-5

-2

-5

Al

Joint Probability density

| | | | | | | | |
0 0 0 80 100 10 10 160 180 bl
sample

Figure 3.2: Logarithmic Scale of Bayesian Joint Distribution Diagram

-0

-1000

-1200

Q—function

-1400

-1600

-1800

-200

0 | | | | | | | | |
0 0 0 80 10 10 U] 160 180 0
sample

Figure 3.3: Logarithmic Scale of @Q—function at the Last Iteration of EM

38



—— Q-function (5=20]
= = - Q-funcion (5=3)

Q-function (540
—— Q-funcion (5| _|

-1000)

1500

-2000)
-3500)

-4000|

sample

Figure 3.4: The Q—function at the Last iteration (3rd Iteration) for Different Magnitudes
of Bias

-800

-900

-1000

Joint Probabiity Density

0 20 40 60 80 100 120 140 160 180 200

-2000

-2500

Q-function

-3000

3500

20 40 60 80 100 120 140 160 180 200

Figure 3.5: The Bayesian Marginalized Joint Distribution (Upper Diagram) and @-function
of EM (Lower Diagram)for p = [20;30]7 and u = [25;35]7

39



Table 3.1: Performance Comparison of Bayesian Method (BM) and EM for Different biases
(n =200, m =112, pf = [3;4], 3 = [3;5])

Bias OP AVTI
0.50; 0.2 0.8
lo; 036 0.64
1.50; 0.56 0.44
BM | 20; 0.79 0.21
2.50; 0.82  0.18
30; 092 0.08
3.50; 1 0
0.50; 0.32 0.68
lo; 037  0.63
1.50; 0.59 0.41
EM | 20; 077 0.23
2.50; 0.89 0.11
30’1‘ 1 0
3.50; 1 0

Bayesian method using (3.21) are illustrated in Figure 3.7. Apparently, the MAP gives the
maxima at true change points for all three change points. A similar problem was considered
using MCMC method in [10] which requires a more complex computation compared with
MAP since our Bayesian algorithm has used an analytical solution as derived. As a result,
this optimization problem can be simply solved using an integer optimization that in the
simplest form, can be performed using function evaluation.

Applying similar simulation parameters as the first example, the Q-function in EM is
shown in Figure 3.8. The initial values in EM are selected using the procedure mentioned
in Section 3.3.2 The true change points are ¢t = [t1,o,t3] = [12,27,43] and the number
of samples is n = 50. In Table 3.2, for various initial values, the maximum of @-function
at the last iteration (logarithm of @-function) as well as the final estimates of shift points
are given. As we can see, among the randomly selected initial values, t = [20,25,47] is
the initial value corresponding to largest value which has also converged to true points.
The number of iteration for all initial values excluding row (1) is two. For initial values
t = [10, 25,40], the number of iteration is three which shows the effect of selection of initial
value on the number of iteration.

Monte Carlo simulation with 100 runs is also performed for this example. The results
of overall power OP and AVTI for three different magnitudes of bias are depicted in Table
3.3 using Bayesian method (BM) and EM. The results are consistent with those in previous
example. For small sizes of bias, the power of EM is larger than the Bayesian method.

The test of improper values of hyperparameters is also performed. The hyperpa-
rameters are selected as: p9 = [10;10;10]7, uf = [12;12;12]7, ud = [13;13;14]7 and
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1Y = [25;25;35]7. EM is capable of estimating the true shift points while Bayesian method

cannot correctly identify them.

Figure 3.6: Three Measurement y = [y1, y2, y3] with Different Change Points

Table 3.2: Initialization of EM in Multiple Change Points Problem. True Change points
are t = [12,27,43]

Row t1 to t3 Qmaz Final Solution
1 10 25 40 -166.61 ¢ =[11,27,43]
10 20 35 -155.01 ¢=[19,27,43|
11 15 30 -146.25 ¢ =[12,14,27]
13 28 45 -136.86 t = [15,24,43]
15 30 46 -134.31 t=[12,27,43]
t=| |

t=| ]

t=| ]

20 25 47 -133.104 t=[12,27,43
30 35 48 -160.92 29,32, 44
15 20 38 -159.69 11,26,42

0~ O Ui Wi

The next case study is selected to investigate the problem of change point detection in

a chemical engineering example.

3.4.4 Continuous Stirred Tank Reactor (CSTR)

To further test the change point determination in correlated multivariate data, a chemical
process is selected. The irreversible exothermic reaction A — B occurs inside a constant-

volume reactor cooled by a single coolant stream. The system dynamics as shown in [39]
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Table 3.3: Performance Comparison of Bayesian Method (BM) and EM for Different biases
(n =50, t = [12,27,43], ud = [2,2,2]7, 1§ = [2,2,2]T, 1§ = [3,3,3]7, u§ = [2,2,2]T)

Bias OP AVTI
0.50; 0.33 0.67
lo; 042  0.58

BM 1.50; 0.56 0.44
0.50; 0.39 0.61
EM lo;  0.53  0.47

1.50; 0.58 0.42

can be written as

Ca() _ q(t)

i 7(0,40(15) —Cal(t)) — kOCA(t)%p(—RT(t)) (3.47)
= S — 1) + Syt

PcCpe —hA

pCquC(t){l - €5Up(m)}(Tco =1T(t)) (3.48)

The parameter definition and nominal values for CSTR are illustrated in Table 3.4. The
states of the system are Cy (concentration of component A) and T' (the reactor tempera-
ture). The outputs are the same as states but with measurement noise. The measurement
noise added to each output is of Gaussian distribution with mean zero and standard devi-
ation 10% of the states. The input is coolant flow rate, q., which determines the operating
points varying within the interval [97 109]. By changing the input, the operating point
changes and this affects the outputs accordingly. In this study, initially a constant input
ge = 97 is fed to the system so the system operates under the steady state condition.

In order to introduce a change to the measurement, at a certain time instant, the system
input changes from one operating point to another driving the outputs to a new condition.

The histograms of data before (with white colour) and after (with grey colour) change
point are shown in Figure 3.9. The mean values of outputs before and after the change are
close to each other. The time trend plots of measurements are also shown in Figure 3.10.
The collected data are down sampled so that the dynamics of process or transient response
can be ignored and only steady state conditions are considered. The input is changed at
time ¢t = 159 with the magnitude of change being 2 L/min. When this occurs, the outputs
start to change after a short delay. EM and Bayesian methods are applied to determine the
time points at which the outputs have changed.

The parameters of EM and BM are: u{ = [0.5;410], u§ = [0.5;420], $o1 = So2 = Ioxo.
In the case of EM, the number of iterations to convergence is 2 corresponding to the initial
value m = 80. The results of Q-function with respect to time, for the two iterations of EM,

as well as Bayesian joint probability are illustrated in Figure 3.11. In both cases, y-axis is
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in logarithmic scale.

Table 3.4: Model Parameters for the CSTR

Parameters Nominal Values
production concentration of component A, C4 output 1
temperature of the reactor, T output 2
feed concentration of component A, C g Imol/L
feed temperature, Tj 350.0 K
specific heats,C),, Cp. 1 cal/(gk)
liquid density, p, pe 1 x103g/L
heat of reaction, —AH —2 x 10°cal /mol
activation energy term,F /R 1 x 10*°K
reaction rate constant, kg 7.2 x 100min=1
heat transfer term, h A 7 x 105¢cal /(minK)
reactor volume, V' 100L
inlet coolant temperature, T, 350K
process flow rate,q 100L/min
coolant flow rate,q, input

As shown in Figure 3.11, in the second iteration, the increase in Q-function is apparent.
From this, one can see that both methods show successful detection of change point at
t = 162.

The effects of improper selection of priors are also investigated. If hyperparameters
are pu) = [0.8;400], uJ = [0.8;410], then Bayesian method has false detection while EM
is capable of detecting the change point. Using EM, depending on initial values, the Q-
function is different. For some initial values, EM may exhibit some sorts of non-convergent

behavior.

3.5 Experimental Evaluation: Hybrid Tank System

In order to evaluate the performance of change point detection using the proposed solution,
the method is tested on real data obtained from experimental studies of a hybrid tank
system. The schematic of hybrid tank is shown in Figure 3.12. This system was considered
in the literature [40] for hybrid modelling, fault detection and reconfiguration. It consists
of three connected tanks, six on/off valves and two pumps. The valves can be manipulated
to change the flow rate to or out of these tanks. By opening or closing these valves, the
system dynamics changes accordingly.

There are two cascade loops for the left and right tanks which control the levels of these
tanks by manipulating the set point of flow controllers. Two proportional controllers are
designed to maintain the level inside the left and right tank approximately at 75% percent.
At first, the valves V1, V2, V3, V4 are closed and V5 to V9 are open.
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Three changes are considered in this experiment. As the level in both left and right
tanks reach 75%, the valves V1 and V'3 are open imposing a change in levels of the tanks.

In order to introduce the second change, the valves V2 and V4 are open resulting in a
second change in the tank levels. Having reached the second steady state, the valves V'1
and V'3 are closed leading to the third change. The left and right levels as well as the valves
positions are shown in Figure 3.13. Note that logic value of 1 indicates close position and 0
indicates open position. First, by opening the valves V1 and V'3, the level of left tank starts
to decrease but the right tank does not experience a significant change. However, opening
V2 and V4 in Figure 3.13 causes both levels to change. The magnitude of level change is
more significant for the right tank than the left tank. Finally, by closing V1 and V'3, both
tanks experience a change in levels.

The hyperparameters selected for prior distributions are pi = [70;70], u9 = [71;72],
pd = [71;72], ud = [71;72], So1 = Xo2 = So3 = S04 = lox2. Q-function values with respect
to three variables t1, t3 and t3 are illustrated in Figure 3.14. In order to evaluate the values of
@-function, various combinations of time instants are evaluated leading to high-dimensional
matrix of (). This dimension increases depending on the number of samples.

The results verify successful detection of the time instants at which the system dynamics
is subject to change. Using such parameters in Bayesian method also leads to successful

detection of change points.

46



b ]
Tank 1 'A Tank 2 A Tank 3
< -

Figure 3.12: Schematic of Hybrid Tank

Valve Status

2 T
1=Close,
0=Open

1 P

! ! ! ! !
50 100 150 200 250 300
Sample
8 —

Left Tank Level (%)
[
8 =
g
I I

I I I I I
50 100 150 200 250 300
sample

Right TAnk Level (%)
[
N R
T T
g

| | | | |
50 100 150 200 250 300
Sample

Figure 3.13: Valve Status( Upper Plot), left Tank Level(Middle Plot) and Right Tank
Level(Lower Plot)

47



090 Bom0 © B

@W%%omw R

® i
Ry

i

-0

s

-0

00,0 w0
S, P
@

)

Figure 3.14: Q—function of EM for Hybrid System

3.6 Conclusion

In this chapter, Expectation Maximization (EM) is applied to the change point detection
problem. The analytical solution of EM is derived for multivariate data for both single and
multiple change points. In addition, a closed form of posterior probability is also derived
for the Bayesian approach and MAP is used to infer the parameters. The performance of
Bayesian and EM is compared for various scenarios of priors. It is shown that Bayesian
inference is sensitive to the selection of priors but EM may show sensitivity to initial values
for the iteration. The performance of proposed algorithms is evaluated using several exam-
ples including a CSTR process, one experimental case study and two simulated examples.
The results show satisfactory performance of both Bayesian and EM methods. In the case
of small changes and improper priors, however, EM demonstrates better performance. On
the other hand, using EM approach, the challenges in selection of proper initial values and
hence tackling the problem of non-convergent behaviour or local optimum can be regarded
as its drawback. Besides, due to several numbers of iterations required in EM, it requires
more computation compared with Bayesian approach.

In next chapter, the change point detection problem is more extended to unknown

covariance and changing covariance.
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Chapter 4

Multivariate Change Detection in
the Presence of Unknown and
Changing Covariance

4.1 Introduction

In [41], the change point problem was solved for mean shift detection with known and
constant covariance. In real data, however, the covariance of data is often unknown and
varying. One way to deal with this problem is to estimate the covariance from the data. This
approach, in the presence of several changes in the mean of data may not work efficiently or
may not work at all without knowing the change instances. An alternative way to handle
this is through incorporation of prior knowledge in terms of prior distributions for this
unknown parameter. In this chapter, a Bayesian data analysis in the context of parameter
estimation is reviewed first, followed by solving the change point detection problem in the
presence of unknown covariance through EM algorithm. Then, the problem is extended to a
more general framework where both mean and covariance of data, as unknown parameters,
can change simultaneously.

As mentioned before, EM has a flexible framework through which several problems can
be tackled. For instance, EM handles improper priors more effectively than the Bayesian
method. This is one of the main advantages of using EM as noted earlier while it may be
computationally heavier. In previous chapter, this advantage was demonstrated through
several examples. In this chapter, the focus is on derivation of EM solution, as one of the

most efficient methods in solving change point detection problem.

4.2 Preliminary

Assume that in a sequence of independent and identically distributed (i.i.d) data, both mean
and covariance are unknown and the objective is to estimate the mean and covariance of the

data. A commonly used prior distribution for covariance matrix is Inverse Wishart (IW)
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distribution as

o | 218~ 25 eqp( (P
P(E|Vo,\110)=‘ o # 17| o eop(— ) (4.1)
272(”07]))
where
P )
_ n+1-—1
Z(n,p) = o AT P (1.2)
i=1

and vg is degrees of freedom. Note that one must have v > p — 1. ¥y is p X p positive
definite matrix. Also, assume a Gaussian prior distribution for the mean [21] as
pM _ _ ko _

Plulpo, ) = (2) P25 1/26961?{—5@ — 10)"E7 (1 — o)} (4.3)
where kg and po are the hyperparameters. From (4.3), we can see that the prior distribution
of mean depends on X. In this definition, a hierarchial prior structure is used to take into
account the correlated priors which provides a more general framework. In the context of
Gaussian distribution assumption for the data, the likelihood for multivariate data can be

expressed as

Plylu, ) = 2m) /252 T Lenpl—g (o — w57 (s — 1)) (14)
i=1
= (2m) RS eapl~5 3 (o - w5 (i - )]} (4.5)
=1
= (m) RIS eap{ S ln - D)5+ - w5 g ]} (46)

where s = ﬁ S (yi — 9)TE 7Yy — §). The product of priors and the likelihood results
in joint posterior as

b
P{y. Zly) o Pyl X) x Plylpo. ;)  P(Slvo, ¥o)

n

x (27T)’””/2IE!’”/2€:UP{—% > i — "S- )]} x

i=1
vg _votp+1 7t’l"(\IJOE_1)
_ _ ko _ ol = 8|2 eap(ZHE))
(2m) PP Peap{— (1 — o) TS (1 — o)} 7op 2
2 27 Z(l/()vp)
M0 —1/2 50— Eetetl 1 -1 2 _ Tew—1-—
o [Wol 2 XX eap[— o {tr(WoXTT) + (n = 1)s” + n(y — p) ETg — p)+
ko( — o)™ S (1 — po)}] (4.7)
After some algebraic simplification such as completing the square, the joint posterior is
derived as
% n+vg+p+1 1
Py, Sly) oc [Wo| # [£]721872 7 eapl— {tr(RoX ™) + (n — 1)s*+
kon Ty—1(= 1 Ty —1
ot (0= ) BTG - )] < eapl=o{(ko + ) (1 — pn)" BT (1 = pn) }] (4.8)
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The following matrix properties have been used in derivation of (4.8):

Iyl = tr(aTy 1) (4.9)
tr(A) +tr(B) =tr(A+ B) for two square matrices A, B (4.10)
tr(AB) = tr(BA) for two square matrices A, B (4.11)
tr(zal) = tr(zTz) (4.12)
tr(zfo ) = tr(o teal) = tr(zato™) (4.13)

The joint posterior of (4.8) is Normal-Inverse Wishart (NIW) distribution expressed in the
form of N (ju|tn, (ko +n)71X) x IW (X~ uy,, U,) as

vn+p+1

vn _ 1 _
P, Sly) oc [0 F 2|5 eapl—Str(@, 570

< 81 eap( " (1 — )5 (i) (4.14)

where v, = vy +n, k, = ko +n, p, = koﬁ(kouo +ny) and U,, = Wo + > " (i — Y)(yi —
9T+ ,fOOT"n(Q — 10)(7 — po)”. Thus, given the data and ¥, the marginal probability of u

can be written as

. kn, _
P(u|2,Y) = N(plpn, (kn)"'%) oc expl = (= i) S (1t = jin)] (4.15)
and the marginal probability of ¥ is derived as

P(EY) = IW(Z v, U,) (4.16)

4.3 Expectation Maximization (EM) Algorithm

EM algorithm is based on maximum likelihood estimation principle. This method was
first introduced by [26] in 1977. Numerous applications in various areas can be found in
literature based on this method such as in machine learning, computer vision, medical
imaging, mixture models, speech recognition, etc. It is effective especially when it is not
easy to find the maximum of P(parameter|data) directly [21] [22]. This algorithm consists
of iteration between two steps: expectation-step or E-step and maximization-step or M-
step. In other words, EM can be formulated as (1) finding the conditional expectation with
respect to missing variables given the data and the current estimate of the parameter and
(2) maximizing the expectation derived in the previous step to estimate the parameters
[21]. Convergence of EM algorithm is guaranteed because at each iteration, the likelihood

function is non-decreasing [22]. In this framework, E-step can be formulated as
QUIO™) = Ey p g {P(D, 210)} (4.17)

where Z is the missing data or hidden variable, D is the observed data and @ is the parameter

to be estimated. 8%) is the current estimate of parameter. In essence, in E-step, missing data
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are marginalized given the observation and the current estimate of unknown parameters. In
other words, in E-step, a conditional expectation is derived where, depending on the types of
missing variables, continues or discrete variables, an integration or summation is computed.

In the M-step, the new parameter, §(**1) is chosen so that it maximizes Q(#|0*)); that is,
QE™16W) = Q(616™), v6 (4.18)

M-step can be expressed as
o+ = arg max Q(0]6™)) (4.19)

Starting EM with initial values for the parameters, E-step and M-step are repeated until a

suitable stopping rule criterion is satisfied [22].

4.4 EM in Change Detection with Unknown Mean and Co-
variance

In the following, the problem is formulated for occurrence of single change in the mean of

multivariate data.

4.4.1 Problem Formulation for Single Change Point Detection

Consider that n observations from p variables form a p x n matrix as

Yir Y12 - Yim Yi(m+1) -+ Yin
Y21 Y22 ... Yom Y2(m+41) --- Y2n
D=1 . . . =MLY, YY)
Yp1r Yp2 -+ Ypm Yp(m+1) -+ Ypn
Y1, ..., Y, ..., Y, are measurements of p variables from time instant 1 to n. Assume that

at the sampling instant m, a change occurs resulting in a shift in the mean vector. As a
result, the whole data are split into two segments operating at two different means, u; and
s, respectively with the same but unknown covariance matrix . Assume that the mean
of data before change is p1 and after change is puo. As discussed in Section 4.2, the prior

distributions for unknown parameters can be selected as

by _ _ ko1 _
P(m!/ff,kfm) = (2m) PRSI Peap{ == (m — u)) TS (g — 40}

Wo| 5|~ eqp( =z
P(E]yo,\lfo):| ol 2 |Z[7 2 eap(— =) (4.20)

25 Z(vp,p)

Under the EM framework, 1, e, are treated as hidden variables or missing data. The

unknown parameter is the time instant at which the change occurs. Hence, E-step can be

formulated as
Q(m‘m(k)) = E,ul,ug,mY,m(’“) {P(Y7 K1, 2, E‘m)} (4'21)

— [ [ ] POprssen Slm) PG s S1Y, s dpds (4.22)
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The first term in integrator of (4.22) can be written as

P(Y,p1, pio, Xm) = P(Y|p1, p2, ¥, m) P(pa |3, m) P(p2| 2, m) P(X|m)
= P(Yim|p1, B, m) P(Ygam|p2, 3, m) P(p|2) P(p2|3) P(X)
= IVl =) T N(Vilpz, SIN (|, (kor) ™ SN (a3, (koa) ™ S)IW (1o, To)
i1 i=m+1

(4.23)

Note that it is reasonable to assume that m is dependent of p1, ue and ¥ and this fact has

been used in the derivation of (4.23). The second term in (4.22) can be expressed as
P, pa, ZIY, m®) = P(ua] 8, Y, mW) P |2, Y, m®) P(S]Y, m™*) (4.24)

In derivation of (4.24), we have used the fact that given the change point m®), u; and ps
are conditionally independent. According to Bayesian analysis as in the previous section,
P(p1|2,Y,mF) and P(ua|2,Y, mF) can be derived similarly as in the derivation of (4.15).

Thus, one can write

P(M1’27 Ya m(k)) ~ N(Nl“ﬂmka (klmk)_lz)
P(p2| 2, Y,m®) ~ N (p2l p2mp, (B2mi) 1) (4.25)

and since X is the the same for all the n observations, from (4.16) we have
PE|Y,m®) = IW (1, ¥,,) (4.26)

where the parameters are defined as

Up =19+n (4.27)
Fvmk = Koy +m™®) (4.28)
kamk = ko2 +n —m*) (4.29)

1

i = oy (Roupd +m ) (4.30)
1 _

H2mk = m(kmﬂg +(n— m(k))yQ) (4.31)
() n

U =To+ Y wi—o)wi—0)"+ Y Wi-5)i—m0)"+
i=1 i=mF) 41
koo™ 0\(- oyt | koz(n — m®) 0/ O\T
(1 — - N - 4.32
o 1 = )@ = )" G (0 — ) (52 — i) (4.32)

Thus, (4.24) yields

P(1, p2, 2V, m™) = N (| g Frmg) ™ )N (2l p2mes (Famp) ) IW (vn, ©,,) - (4.33)
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By substituting (4.25) and (4.26) into (4.22), we have

Qrnfm'® ///HNY““’ H N (Yilpz, SIN (pa |, (kor) %)
B 2

i=m+1
N (p2| 13, (ko2) " E)IW (vo, ©o)N (1| ttamie (kimi) ™' 5) x
N (2| p2mps (komp) 12V IW (v, U, ) dpy dpod (4.34)

This integration can be simplified as

Q(m|m® // HN(Yz‘Wl,E)N(qu?,(km)_lZ)N(ulmlmk,(klmk)—12)]dul
231

=1

X/ [ H N (Yi| 2, SN (|9, (ko2) ™ SIN (pal pamik: (kami) ™ 5)]dps
K2 j=m+1

x [TW (vo, Wo)IW (v, ¥,)]dS (4.35)

The first inner integration in (4.35) is with respect to p;. Denote the first inner integration
in (4.35) as Z;. We have

= / TN ¥l pr, DIV (alpf, (kor) ™ SIN (e s (ki) ™ 5))dpa
H1 =1

= (2m) ) o) ) )
/ emp{_,{z )T i — )] + ko (1 — 1) TS ar — )}t
B

Evmk(p1 — u1mk) S — pme) Y (4.36)

After some algebraic simplification such as completing the square, one can write

Z = / cdpy = (2m) TP ()PP (o P2 B T2 A |2
p1

m

x €$p{*%[2(yf2_lyi) t kous) ST + Kk Fg S i — BTATUB]}(4.37)
=1
where
A = (koy +m 4 kpp) 27 (4.38)
A, = A1 (4.39)
B = Eil(i yi = ko1 — Kimkfiimi) (4.40)
=1

Denote the second inner integration in (4.35) as Zz. Following the same approach with

respect to po as derivation of Z; yields

Z :/ deUQ _ (zﬁ)f(nferl)p/Q(kka)p/Q(k02)p/2‘E’*(nfm)/Zfl|Qm’1/2
p2

n

1 _ T _ _
6952?{—5[ Z (i S ') + koapd” 708 + komk iy S pomk — DTCT'D]} (4.41)
i=m+1
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where

C = (koa+n—m+ kak)Efl (4.42)

Q=01 (4.43)

D=3x"Y Z Yi — ko2t — komktome) (4.44)
1=m-+1

Multiplying (4.37) by (4.41) results in
21 x Zy = (2m) " FIP2 (hy o} (e P2 (Ron P/ (o2 P2 2177272 A2 ] /2
1

(yi 1) + ko1,u1 ST + kst mk 2 s — BT AT B]} x

Ms

eap{~5|

%

1 _ T _ _
exp{—5| > WIS ) + koapd S8 + komk gy S piomi — DTC DI}
i=m+1

= (2m) D2 (e P2 (Kot )P 2 (K01 )P/ 2 (Ko2)P/ 2 (o1 + m + kevm) P/%

zl

1
(ko2 + 1 — m + kopi) P22 7271 x exp{—itr[cgozfl]} (4.45)
where
< T . T
Qo= (i) + koSl + Fmktimiiinmk” + D (Wiyl) + ko2pps + Komkiomktamk +
i=1 i=m+1
O i = korps = Brmkiami) O vi — ko1 = Frmepame) T+
i=1 i=1
n n
() v — koapd — komrpomi)( Y i — koops — kamkpiome)” (4.46)
1=m-+1 1=m-+1

In derivation of (4.45), the properties (4.9) to (4.13) have been used to simplify the expres-
sion. To integrate out X, (4.45) is substituted into (4.35). Consequently, we have

Q(m|m(k)) — (QW)*(nH)p/?(klmk)p/2(k2mk)p/2(km)p/2(k02)p/2(k01 +m+ klmk)’p/zx

(o 10— -+ ) 12 [ (IS ap(= S tr(QUE ™ DIW (v, Vo) IW (13, 0,5
%
= h(k) / [|2\*”/2flexp(—%tr[Qozfl])IW(yo, W) IW (v, ¥,)]dE (4.47)
¥
where

h(k) = (2m) =" F2P/2 (key i VP2 (kg )2 (Kon )2 (ko) P/ (Kot + m + kymi) /2 x
(ko2 +n — m + k) P/? (4.48)
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Thus, (4.47) can be expressed as

Yn
2

Wl = \ nl
v
272 Z(”Oap) (Vﬂ? )

n+p

exp(—%tr(\lfoE_l)HEr : exp(_ltr(xpnz—l))]dz

0+p+1

Qmlm®) = h(k) JIE teap(=5r(@um )

WolF W[
275" Z (v, p) 275" Z (Vn, p)
where VU,,,, = Qo + Yo+ V,, and vy, = n+ vy + v, +p+ 3. Finally, the closed form solution
of (4.49) can be derived as

— h(k) / 215 eap(— {5 )dS (4.49)

Yn Ynnp

1Wo| 2 T2 272 Z(Van, D)
Q%I)Z(Vo,p) 2%Z(Vnap) |\I]7m’”ml
W0l 2 |Ua| % Z(vpn,p)

U 5 Z(10,0)Z (VD)

Having derived the closed form expression for @-function with respect to hyperparameters

Q(m|m™) = h(k)

_ h(k)2(l/nn*1/0*1/n)p/2

(4.50)

and current estimate of the unknown parameter, m”, the next step, M-step, can be written

as
m* = arg max Q(m|m®) (4.51)

In (4.51) the maximization is performed with respect to m, which can be solved relatively
easily by, for example, numerical evaluation of the Q-function over different integer value
of m. The iteration between E-step and M-step continues until no change in Q-function is
observed.

In the next section, the EM derivation for the case of single change is extended to

multiple change detection problem.

4.4.2 Problem Formulation for Multiple Change Points Detection

In real industrial process data, the measurements may be subject to mean shifts at various
time instants. In such cases, the single mean shift model with unknown covariance, derived
in previous section, does not hold and one should develop a model based on multiple change
points. The same formulation for multiple change points as [41] can be followed but the
covariance is unknown here, which introduces a significant challenge. Assume that, the
interval of length n is of interest and there are N mean shifts. The shift points are char-
acterised by vector ¢ = [t1,...,tx] and hence, the data are split into NV 4+ 1 segments; each
segment has its own mean vector but the covariance is unknown and also tg = 1, ty4+1 = n.

Under EM framework, the hidden variables are y; and ¥ for i = 0,1, ..., N. The vector
t = [t1,...,tn] characterizes the parameters of the interest to be estimated. Therefore,

E-step can be expressed as

QU™ =B o sy AP 0, 1, ey i, I8} (4.52)
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Similar to previous section, P(Y, g, pi1, ..., N, 2|t) can be represented as

P(Y, 40y 41y veey i, 2[E) = P(Y |0, 11y ooy oy 25 ) P02, 6) P(11] 2, t)... P(un| X, m) P(X|t)
= P(Ytoitl |M0a Evt)P(Y;fl:hmla Eat)"-P(Y;fN:tNH |MNa E,t)X
Puol . )P |5, ). P(] S, ) P(S) (453)

Similarly, the prior for mean vector and also the covariance can be expressed as

_ _ koi _ .
P(u;|%) = (2m)7P/2|x] 1/26951?{—70(/% — )" i — )} i=0,1,..,N
Uy | 2|35~ (S (Fo2 )
P(X|v, V) = ol [2] uoi ezp( 2 )
272 Z(vo,p)

(4.54)

On the other hand, based on the chain rule in probability, P(ug, ji1, ..., iy, 2|Y, t*)) can

be derived as

(4.55)

Again in the derivation of (4.55), we have used the fact that given the change point
(k) wi,t=1,..., N are conditionally independent. As noted before, given the data and 3,
the posterior for p;, ¢ = 0,1,..., N is of the following form:

P (ol Y, t®)) ~ N (o, (o) ' 3) (4.56)
P(p1]%,Y, t(k)) ~ N (paek, (kltk)_lz) (4.57)
P(un|Z, Y, %)) ~ N (unek, (knek) ~15) (4.58)
where
kiok = koi + (), =%y i=0,1,..,N (4.59)
1 0 B k) ,
itk = (koip; + (i =t )Y 0 ) i=0,1,.., N (4.60)
koi + tz(-kk)l — " - KN
0,
_ Zi:t(.k)—&-l vi
ytz(k):tgi)l = W 1=0,1,.... N (4.61)
it1 b

In this derivation, u = [po, i1, ..., 4] is the mean with respect to various segments identified

by tg to t. Since X is the same for all the n observations, we have

P(E|Y,t®)) = TW (v, ¥,,) (4.62)
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where

i=t{F) i=ty")
W =Wo+ > (wi—90)w—0)"+ D w-y)u-5)" +..

i=to =t 41

)

=tNi (k)

_ _ koo(ti” —to) _ _
£ - — )"+ el 0 Lo — 1) io — 1)+
i) koo + (ti —to)
N

koa (£ — #8)
ko1 + (tgk) -

i} _ ko (tn+1 — )
t(k))(yl )1 — )T o
1

kon + (tg\l;zrl - tgl\/?))

(v — 1) (Fn — 1)”
(4.63)

(4.64)

By substituting (4.56)-(4.58) and (4.62) into (4.55) and also (4.53) into (4.52), we have the
Q-function as

Vpb =Vg+n

LU Pl S0P o], Y. ) PGl o
X Jpo

P(Yorty |1, 2, 8) P(ua |2, Y, 80 P (g |, t)dpay ...
151

/ P(}/tNItN+1|:U’N7Evt)P(Hl‘Zvth(k))P(Hl‘E7t)dﬂN ]P(Z|t)P(E|Kt(k))dE (4'65)
HUN

Every single integration with respect to p; can be calculated using similar approach as in
the derivation of (4.37). We can write

/ oy = (27T)—(ti+1—ti)+1)p/2(kitk>p/2(k0i)p/2‘E’—(ti+1—ti)+1)/2—l‘Ai’1/2
i

tit1
_ T _ _ .
xeap{—5[ D (f S7'yi) + koird STl + Roptly S i — BUAT' B} i=0,1,.,N
J=t;+1
(4.66)
where
A; = (ko +tig1 — ti + k)2~ i=0,1,..,N 4.67)
A=At i=0,1,..,N 4.68)
tit1
By =%} Z yj — koitty — Kirptiee) 1 =0,1,...,N (4.69)
Jj=ti+1

After some simplifications, the integration in (4.65) can be written as

N tiv1

Q) = g(k) [ [E70T ) s cap(—5 31 DS 0=y

i=0 j=t;+1
T _ _
koipd” S + kit X i — BLATIB D) P(S[)P(E]Y, tR)de  (4.70)

58



where
g(k) = (2m)"NHY p/ZH it )P 2 (i )P/ (ki + tisr — ti + kegur) P/ (4.71)

Using trace properties in matrices, (4.70) can be written as

N tiv1

vn+pt1 u+p+1 3
[ e = i) [ RS 2SS R )

1=0 j=t;+1
T _ _
koittd” ST + Kimkptigy S itk — B AT BN IW (vo, $o) IW (v, Uy )dS

vn Y 1
=q(k )/ | 3|~ (N /2 +p+1+%w)e:rp(_§tr[6202_l +Uen " U, 27 1))dE

+pt1

=) [ [ eapl 5trl0, 5 (4.72)

where Q¢ can be expressed as

N tiy1
T
Qo = Z[ Z (yjij) ko) + Kok ptak itk +
i=0 j=t;+1
1+l 1+l
(> w5 — kointd — Kawpaer) (Y 95— kointf — Kirnptirn) "] (4.73)
J=ti+1 J=t;+1

and V¥, =Qo+VYo+V,and vy, =N+2+2n+19+ v, +p

g1(k) = g(k)— WO‘%O Lk (4.74)
2 g Z(VO p)2 5 (an )
Thus, (4.70) can be derived in a closed form as
2Vn2nPZ ym,“
QD) = gu(y 1A ameD) (4.75)
[Wnn| 2

The next step in EM is M-step which is obtained as

t+1) = arg max Q(t[t™)) (4.76)

which can be easily solved.

So far, the problem is solved under scenario of unknown constant covariance. In next
section, we derive the solution under the EM framework to change point detection problem
where both mean and covariance of data change simultaneously. Similarly, the problem is
solved for single change detection first and then the solution is extended to multiple change

points.
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4.5 EM in Simultaneous Mean and Covariance Change De-
tection

4.5.1 Single Mean and Covariance Change Detection

In this section, the mean change detection problem is generalised to the case that both
mean and covariance of data, which are unknown, are subject to simultaneous change at a
random point. In other words, we assume that the mean and covariance of data are first
p1 and X7 and then they change to us and Yo. The assumption for prior distributions, like

previous sections, can be selected as

_u +P+1 —tr(To1 27 h)
(W] 28|~ eap(THEYEL))
P(E1|vo1, Yor) = " 2 (4.77)
272 Z(l/()l p)
b ]
P |df, o) = (2m) /215, 2eapF (i =) (i — )} (4.78)
_ vo2tptl 7157"(\11022_1)
Wo2 o~ erp(——5 >
P(32|vo2, Vo2) = Vool | |ﬂ ( 2 ) (4.79)
272 Z(V02,P)
b))
P(pua|s, o) = (2m) /2|5, 2eapE =5 (2 = )75y (2 — 3)} (4.80)

As we can see, since the number of unknown parameters has increased, the number of
priors and hence the number of hyperparameters has also increased accordingly. Similarly,
the hidden variables become p1, pg, 31, 39. Therefore, E-step formulation of problem has

the following form:

Q(m|m(k)) = EM,MQ,ZLZQ\YM(M{P(K p1, p2, X1, Xo|m) }
= /P(Y,m,ug, S, S m) P, pi2, 21, Zo|Y, mF)dprdpgdS1dSy  (4.81)
The probabilities in integration of (4.81) can be expressed as
P(Y, 1, p2, ¥1, Xalm) = P(Yiam|p1, 1, m) P(Yim1:n| 2, B2, m) P(u1|31) P(p2|X2) P(X1) P(X2)
= ﬁN(Yi\MhEl) ﬁ N (Yilpz, B2)N (pa |3, (kor) ™' E1) %
i=1

i=m-+1
N (1213, (koz) ™' S2) TW (vo1, Wo1) IW (vo2, Vo) (4.82)

Here, it is assumed that ¥;, 39 and m are prior independent. It is also assumed that

and pg are prior independent. In addition, using chain rule, one can write
P(pr, p2, $1,52]Y, m™)
= P(p1 |21, Y, mB)) P (11D, YV, m®) P(1 Y, m*)) P(24 |y, m™)

= N(Hl |Hlmk> (klmk)_lzl)'/\/’(:uﬂ:u?mkv (kak)_IEQ)IW(Vlma ‘le)IW(VZma ‘112m)
(4.83)
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where

Vim = vor +m®) (4.84)
Vom = Vo2 + 1 — m® (4.85)
ktmi = kor +m® (4.86)
komi = ko2 +n —m®) (4.87)
Pamk = m(komg +m®gy) (4.88)
ok = ——————— (ka3 + (n — m®¥)5) (4.89)
m koo +n — m(k) 2 '
e kg ™)
Vi = Tor + ) (4 = )i = 91)" + 5 (01— 1) (5 — )" 4.90
. o1 ;(y 70— 90"+ T = i) (= ) (4.90)
- _ _ koz(n —m®)) _
Uom =Toa+ Y (wi—0)wi—0)" + 02(—(2)(3/2 — ) (72 — p9)" (491)
im0 41 koo +n—m

As noted earlier, in derivation of (4.83), the fact that given the change point m®), ;; and
s are conditionally independent is taken into account. By incorporating (4.82) and (4.83)

in (4.81), @Q-function can be derived as

Q(mlm™®) = /Z [ TIN O, S0A G (o)™ S0 s, () 151
1/

1i=1

IW(VOh‘1’01)IW(V1m,‘I’1m)dM1d21X/ / [T N(Yilpz, So)N (2|, (koz) ™' 52)
X2 Jp2 =y
x N (p2l p2mi: (kami) ™ S2) IW (Vo2, Wo2 ) IW (v, Vo) dpizdSs (4.92)

Integration with respect to p; leads to

/ dpy = (zﬂ)—(m+1)p/2(klmk)p/Z(km)p/Q|21|fm/271’A1|1/2
M1

X exp{_;[z(yiTzl_lyi) + kOlM?Tzl_lﬂ(l) + Ktttk 21 pame — BT AT B]}
- (4.93)
where
A= (ko1 +m + ki) 51 (4.94)
Ay = A" = (kor + m + ki) 51 (4.95)
B =37y — ko = ktmitime) (4.96)

=1
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By integrating out 1, it follows that
Ynn 1
/ d¥y = w(k) x / 122 eap(— = tr[ W, X7 1) dSy (4.97)
21 21 2
where

Yim

w(k) = (2) P2 (e VP12 (ot P2 (Koy + 1+ ki) P2 Won| 8 [T gm| 5 x

1
. - (4.98)
25" Z(vor,p)2" %" Z(vim, )
Uinn = Qo1 + Yo1 + Y (4.99)
Vlnn = Vo1 + Vim +p+m + 2 (4100)
m
T
Qo1 = > _viti +korpSp + Ftmkiametiame +
i=1
m m
O yi = korsd = Frmkiami) O yi = korpd = krmppiim)” (4.101)
i=1 i=1

Since the integrand in (4.97) is Inverse-Wishart distribution as IW (v1nn, Yinn), the first

integration in (4.92) can be calculated as

VinnP

2 7z
/ dXy = w(k) : (’{111::729) (4.102)
] ‘\Illnn|T
Using similar approach, the second integration in (4.92) yields
Y2nnP
2 Z
/ dSy = (k) (VéZ:ap) (4.103)
D) ‘\1/27m|T
where
J(k) = (2m) = =mH 0PI (g VP2 (ko )P (Koo + 1 — i+ Kam) /2| Woa| 3
Y2m 1
X |Tom| 2" — — (4.104)
2™ Z (002, 0)2 ™ Z(vaim, )
Vonn = Qoz + o2 + Yo, (4.105)
Vopn = Vo2 + Vo +p+n —m + 2 (4106)
n
T
Qo2 =D vyl +ko2dpy + komkpomptoms’ +
i=m+1
n n
(> v — koard — komrpomi)( Y i — koot — kamkpiom)” (4.107)
i=m+1 i=m+1
Thus, Q-function is derived by multiplying (4.102) and (4.103):
2V1nan 2V2nan
QUmpm®) = w2 Z0me) g2 = BBl (08
|\I’1nn|T |\1127m|T
Eventually, the M-step of EM is formulated as
m* D = arg max Q(m|m®) (4.109)
m

E-step and M-step iterate until convergence.
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4.5.2 Simultaneous Multiple Mean and Covariance Changes Detection

Having derived the Q-function in the case of single change in the mean and covariance in
Section 4.5.1, we can extend the result to multiple changes detection. For every segment of
the data, two prior distributions are defined for mean and covariance respectively. These
priors, in every segment, are assumed to be independent of each other. Therefore, E-step

can be written as

Q(t|t(k)) = E,u,o,,u1,...,,LLN,20721,...,2N|Y,t(k){P(Y’ O Ly +ees AN 5 2205 2315 - EN|t)}
:/P(Y7M07M17"')MN7217227"'7EN|t)P(:U’O7H17"'J,MN)207217"‘7EN|YJt(k))"‘

d,uodul...d,uNdEodzl..dZN (4110)

By separating the probabilities and integrals, and following the same approach as in Section

4.5.1, Q-function is derived as

V’L’ﬂ’l’bp

Z
Q(t[t™ H wi(k (ij:’p) (4.111)
‘\I/mn‘
where
w;(k) = (271-)_(ti+1—ti+1)p/2(kimk)p/Q(kOi)p/Q(k:Oi +m+ kimk)—p/2|q,0i|%‘\p.
1
" - (4.112)
2 02 Z(VOi)p)2TZ(Vim7p)
Vinn = Qoi + Yoi + Yim (4.113)
tit1
Qoi= Y lyyF) + koipdd" + Kimiftimitimi” +
j=t;+1
ti+1 z+1
( Z yj - kaM? zmkﬂzmk Z yj kaNz k'zmk,uzmk)T (4114)
Jj=t;+1 ij=t;+1
(4.115)
and likewise, having derived the Q-function, the next step is M-step which is
tFH) = arg max Q(t[t™)) (4.116)

In the following, the performance of the proposed algorithms is evaluated through several
examples followed by a pilot-scale experimental study.
4.6 Simulation
4.6.1 Single Mean Change Detection with Unknown Covariance

Here, single change point detection in the presence of unknown covariance is simulated for

multivariate data, p = 3, i.e. y = [y1,¥2,y3]. n = 100 samples are generated. At time
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instant m = 80, the mean of data changes. The hyperparameters of prior distributions are

selected as:

1 1 1 0.1 0.1
Pinitiat = | 1] ;01 = [ 1|, n=100,m = 80, mjnitiar = 60 o =5,¥o= [ 0.1 1 0.1],
1 0 0.1 01 1

kOl =10, k02 =5, ,u(l) = [27 2, 2]T”u8 = [Qa 2, Q]T

The uncertainty in prior distributions of mean values is governed by the hyperparameters
kop or kgza. The smaller these free parameters, the less prior knowledge. The reason is,
increasing these parameters results in a higher covariance and hence more uncertainties,
which is equivalent to less prior information. The variables, y = [y1, y2, y3], are illustrated
in Figure 4.1. As we can see, the change is small and not easy to detect by visualization.
Using EM formulation, in 6 iterations, the algorithm converges. The results of @Q-function

at each iteration are shown in Figure 4.2.

E)
Time (Sample)

H

Figure 4.1: Three Variables y = [y1, y2, y3]

From Figure 4.2 , it is apparent that at every iteration the Q-function has increased
till convergence to the fixed point. At the last iteration, the maximum is achieved at true
change point, m = 80. As we can see, the algorithm has fast convergence in terms of the
number of iterations.

In order to quantify the performance of change point detection, two performance mea-
sures, OP and AVTI, are defined as

Number of Change Points Correctly Identified
Number of Change Points Occurred

OP =

64



¢

Q function

Figure 4.2: Q-Function at 6 Iterations Until Convergence, i.e. m=80

The other performance measure is defined to represent the probability of false alarm as

Number of Change Points Wrongly Identified
Number of Simulation Runs Made

AVTI =

These two performance measures are widely used for gross error detection in the literature
which have also been applied to change point detection [1].

Here, the OP and AVTI are calculated for 100 Monte Carlo runs of the algorithm. The
results are shown in Table 4.1. Not surprisingly, as the change magnitude increases, the
algorithm performs better. From this table, we can observe that the proposed algorithm is

capable of detecting small changes as well. The performance of the algorithm in the case of

Table 4.1: Performance Results of EM for Different Change Magnitudes

Bias OP AVTI

0.50; 0.45 0.55

0.750; 0.75  0.25
10@' 1 0

EM

improper hyperparameters is also evaluated. EM can be less sensitive to wrong hyperpa-
rameters [41]; however, it is sensitive to initial values of the iterations. [41] recommended
the randomization approach for initializing EM that has been adopted in this example. In
other words, random sets of initial values are selected and the one that maximizes the like-
lihood is obtained. In the following, a more realistic simulated example using Continuous

Stirred Tank Reactor (CSTR) is given for both mean and covariance change detection.
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4.6.2 Continuous Stirred Tank Reactor (CSTR)

The CSTR case study, as discussed in detail in [39], is used again to evaluate the EM algo-
rithm performance in change detection of mean and covariance. The irreversible exothermic
reaction A — B occurs inside a constant-volume reactor cooled by a single coolant stream.

The system dynamics can be written as

Ca®) = T (Caot) - Ca(t)) — koCa(t)eap(—

v RT(t)) (4.117)
_a®) AHkyCa(t)
7 - )00+ St
PcClpe —hA
ooy e = eap(C e ) T = T(1) (4.118)

The parameter definition and nominal values for CSTR are given in [41]. The states of
the system are C'4 (concentration of component A) and 7" (the reactor temperature). The
outputs are the same as states but with measurement noise. Similar to [41], the change in
outputs is due to change in the input. In other words, in order to introduce a change to
the measurement, at a certain time instant, the system input changes from one operating
point to another driving the outputs to a new operating condition. Moreover, when input
changes to a new value, the variance of simulated noise also changes. In this study, initially
a constant input ¢. = 97 is fed to the system so the system operates under the steady state
condition. The input is changed at time ¢ = 159 with the magnitude of change being 2
L/min. As this occurs, the outputs start to change after a short delay. The measurement
noise is also forced to increase at this time. The standard deviation of output noise is first
10 % of the states and then it increases to 15 % after the change. The histogram of outputs
along with the time trends of data are shown in Figure 4.3 and 4.4 respectively.

As we can see, the mean and covariance of data both have changed. When applying
EM algorithm, the hyperparameters are selected randomly as:

1 0.1 1 0.1
n = 248,p = 2, Minitia = 100 vo1 = 7,192 = 6, W1 = (0'1 5 >7 Woo = 0.5 <0.1 5 >7
1 0.1

Vo3 = 0.7 <0.1 1

>, ko1 = 50, ko2 = 0.9, p = [0.1,410), u = [0.1;410)

The randomization approach for the selection of the initial values to start the EM
algorithm is adopted here again. Besides, in this example, the number of iterations to
convergence is two indicating fast convergence. The @Q-function at the last iteration is
illustrated in Figure 4.5 with the maximum achieved at m = 162. Note that the y-axis is
in logarithmic scale.

As we can see, EM also performs satisfactorily in the case of both mean and covariance
change. In the following section, an experimental case study is also provided to further

evaluate the proposed algorithm.
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Figure 4.5: @Q—function in Last Iteration of EM

4.7 Experimental Evaluation: Hybrid Tank System

The hybrid tank system used in [41], is selected to collect data but this time, the experiment
is performed in a different way. This system consists of three connected tanks, six on/off
valves and two pumps. The schematic of hybrid tank is shown in Figure 4.6. The valves
can be manipulated to change the flow rate to or out of these tanks. By opening or closing
these valves, the system dynamics changes accordingly.

There are two cascade loops for the left and right tanks which control the levels of these
tanks by manipulating the set point of flow controllers. Two proportional controllers are
designed to maintain the level inside the left and right tank approximately at 75% percent.
At first, the valves V1, V2, V3, V4 are closed and V5 to V9 are open.

Since the objective is to incorporate the covariance change along with the mean change,
as the valve status changes, the measurement noise changes so as to incorporate the change
in covariance of the data. In order to implement the changing covariance, a switch is
provided which changes the noise variance at those instants when a change in valves occurs.
The valves status changes in the same way as they did in [41]. There are totally three
changes. As the level in both left and right tanks reach 75%, the valves V1 and V3 are
open imposing a change in levels of the tanks. In order to introduce the second change,
the valves V2 and V4 are open resulting in the second change in the tank levels. Having
reached the second steady state condition, the valves V1 and V3 are closed leading to
the third change. The valves positions and the left and right levels are shown in Figures
4.7 and 4.8 respectively. As we can see, in this experiment, we have multiple change

points in both the mean and covariance of data. It is also worth mentioning that all the
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communications between Matlab and the hybrid tank system are established through OLE

for Process Control (OPC) which is a common platform in industry for data communication.

E : S L - a 1 E

—<t—— — <

H

Tank t Vs Tank 2 Vi Tank 3
—<— —f>—

T, LT: 5

'LLcj\ 7777177 - _E - L - _"_ o lfin Lic.)

PMP, PMP;

Figure 4.6: Schematic of Hybrid Tank

To detect the change points using the EM algorithm, the hyperparameters are selected

randomly as:

1 1
Pinitiat = | 1] ;01 = | 1|, n=218,p = 2, tinitiar = (20,90, 150]
1 0
1 0.1 1 0.1
vo1 = 6,002 = 7,103 = 7,104 = 7, Yo = <O 11 ), Yo1 = 0.5 (0'1 1 >,
1 Nl 1 1
Voo = 0.6 <0 1 01 >7 Vo3 = ( 0 ) = 10, ko2 = 10, ko3 = 10, kog = 5,
= [60,60]T, p9 = [60,60]T, u3 = [60,60]T, u$ = [60,60]7

In Figure 4.9, Q-function is illustrated with respect to time samples. Note that evaluation
of Q-function with respect to all possible values of ¢, provided that one imposes constraints
on consecutive samples, can reduce the computation at every iteration depending on the
number of samples and also the number of change points. In evaluation of (-function, when
t1 changes from 1 to n — 1, to changes from ¢; + 1 to n — 2 and t3 changes from t2 4+ 1 to
n — 3. In this application, Q-function is derived as a 215 x 215 x 215 matrix. Figure 4.9
illustrates the trajectory of Q-function. The y axis is in logarithmic scale. As we can see,
EM is successful in detection of change points in the presence of unknown and changing

covariance.
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4.8 Conclusion

In this chapter, a closed form solution based on EM algorithm is developed for change
point detection problem in the presence of unknown and simultaneous changing mean and
covariance. The proposed algorithm has satisfactory performance in identifying both single
and multiple change points. Moreover, in the case of small changes and improper selection
of priors, EM also performs effectively. Through several case studies, it was shown that the

algorithm can achieve efficient and satisfactory performance.
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Chapter 5

Mean Estimation in the Presence

of Process Constraints Using
Change Point Models

5.1 Mean Estimation Using EM Algorithm

As shown in previous chapters, in EM approach, depending on the selected hidden variables
and desired parameters, the structure is adequately flexible to vary. For instance, assum-
ing that the data consist of a mixture of distributions with various densities, a common
framework for parameter estimation for this kind of problems is through EM algorithm.
Depending on the model, the solution can vary. Thus, the model structure selection is a
necessary step in parameter estimation.

In previous chapters, we estimated the change point assuming some prior distributions
for certain unknown variables. One can also apply the change point formulation for mixture
density parameter estimation problem. In other words, change point detection problem can
be reformulated in order to estimate the mixture parameters. In the following section,
change point model is employed to estimate the parameters before and after the change

points.

5.1.1 Mean Estimation in Multiple Change Points Models

In this section, the objective is to estimate the parameters of mixture densities such as
mean in different segments of data given the observation and prior of time instants at
which changes occurs. Assume that N changing points exist in the multivariate data and
all observations are denoted Y = (Y, Y1,...,Yn) where each Y; represents the all data in
segment 7. There are N+1 segments. The means of N+ 1 segments of data can be expressed
as ft = (1o, H1, -y N )-

Denote the hidden variables as t = [t1, 12, ..., tn], i.e. the vector of change points and
the parameters to be estimated as p = (ug, pi1, .-, un). Again, it is assumed that tp = 1

and ty4+1 = n where n is the number of total observations. The prior information of change
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points is the same as in (3.17) and (3.18). The E-step can be written as

Q(ulu™) = Eypy 0 {logP(Y, t| 1)} (5.1)

where the term P(Y,t|u) is the complete likelihood function. It can be simplified as

P(Y,t, 1)
P(u)
P(dlt, p)P(t,p) _
P(u)

P(t,pn) = P(t)P(p) since t and p are independent. The expression in (5.1) can be rewritten

P(Y7 t’u) =

PY[t, ) P(t) (5:2)

as

Q(ulu™) = Eypy o0 {logP (Y, t|u)}
= Eyy o {log[P(Y]t, ) P(t)]}
= Eyy o {logP(Y|t, ) + logP(t)} (5.3)

Since t is a discrete vector, the expectation has the following form:
n n
Qulp™®)) =>" .. > " {logP(Y'|t, ) + log P ()} P(t]Y, u*)) (5.4)
t1=1 ty=1
Also, the conditional probability P(t|Y, u*)) can be expressed as

P, Y, p®) PVt u®)P(t, u®)
PY,p®) — P(Y|u®) P(uk))
P(Y|t, n®)P(t)
P(Y |pu®))

Since p(®) is given in each iteration, then for a given mean vector, P(Y|u*)) is a constant

P(t]Y, ™) =

(5.5)

value. As a result, the equation in (5.5) can be simplified as
P(H]Y, i) = et PY |1, i) P(1) (5.6)

where ¢; =

W' Thus, (5.4) yields

Qulp™) =1 Y . Y {logP(Y|t, 1) + logP(t)} P(Y [t, p ™)) P(t)

t1=1 tny=1

=c1 Y . Y _{P(Y[t, sM)P(t)logP(Yt, 1) + P(Y]t, u™) P(t)logP(t)}

t1=1 tn=1
=c1 Y . 3 _{P(Y[t, i) P(t)logP(Y]t, ) +CIZ Z (Y|t, i P(t)logP(t)}

t1=1 tn=1 ti=1 ty=1
(5.7)
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In the M-step, the maximization is performed with respect to u. To achieve this, the
derivative of Q(u|u®)) is calculated. Obviously, the second term in (5.7) does not depend

on i and hence maximization can be solved as

d
a (k)Y _
duQ(MM )=0

LY o S PO ) POl )] =0 (53)

t1=1 tny=1

Since p = (po, fi1, ---, 4N ), we have

d d d d

4_e e 5.9
(dMO dp d,UN) (5:9)

dp
The derivative in (5.9) essentially consists of N 41 derivatives. Consider that the derivative

is taken with respect to ;.

d n
Tl Y Z{P Y [t, u®)) P(t)logP(Y]t, u)}] = 0 (5.10)
Wi t1=1 tny=1
that is
d
clz Z (Y|t, ()d—wlogP(Y\t,u):O (5.11)
ti=1 ty=1 t
As a result,

d
C1 Z Z P Y|t /‘L ( )7lOgP( (vayla 7YN)’t7:U‘ = (NO?MI) e a:uN)) =0

t1=1 tn=1

(5.12)
Due to independent observations, we have
N
P(Y = (}/07 i, YN)|t7 n= (MO’ K1y ooy eees MN)) = HNPO/Z'“LZH Z) (5'13)
i=0
where
_ _ 1 _
Np(Yilpi,, T) = (2m) 2|2 lll/Qewp{—i(Yi — ) TSN Y = )} (5.14)

As noted earlier, every i represents a segment of data in the interval ¢;11 — ¢;. The data in

each segment are independent; hence they can be expressed as

tit1

_ _ 1 _
Nyl D) = (2m) 7215 Preap(- L S (v - ) S )} (5.19)
j=t;+1
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where Y;; are the data in segment i and each j represents a single sample belonging to
interval ;41 —t;. The time instances for these data are essentially ¢; + 1 to t; 1. Therefore,
(5.13) yields

N
P(Y - (YE),YL 7YN)‘t7:u = (MO)MI? “efhis 7HN)) = H(Q'R—)_p/Qyz_l‘l/Q
=0
1 tit1
6951?{—5 4;1(5@‘;’ — )TN (Vi — )} (5.16)
J=1

Using the log function, (5.16) can be simplified as

N
logP(Y = (Yo, Y1, oo, YNt st = (0, 11, iy oony o)) = D _ log[(2) P2 271 /2)4

=0
tz+l
Z{“ > (¥ = ) 'Sy — )} (5.17)
Jj=ti+1
Substituting (5.16) into (5.12) leads to
Y > Pt p® 1= Y2)+
ti=1 ty=1
N 1 tit1
Z{—§ > (Vi = pa) " (Vi — i)} =0 (5.18)
=0 j=ti+1

Since the first term of (5.18) does not contain p;, the expression in (5.18) is equivalent to

a3 3 PO P [Z{i S - ) S Y il =0 (5.19)
t1i=1 in=1 j=ti+1

As this derivative is with respect to the ith term, we have

n n tit1
d 1 _
Y S PO PO (5 S (V= )5V — )} =0
t1=1 tn=1 Hi Jj=t;+1
n n 1 tit1
Y .. > P, M(k))P(t)(—g)[ > =28 N (Vi — )] =0
t1=1 tny=1 j=t;+1
n n 'L+1 'L+1
c1 Z Z P(Y|t,u( Z Yij — Z Wil =
t1=1 ty=1 =t;+1 j=ti+1
tit
Z Z (Y[t, ) P(t)s ™ Z Z (Y[t N POS ™ (b1 — b = D
t1i=1 iny=1 j=ti+ 1=1  ty=1

(5.20)



By solving (5.20), u; , i = 0,1,..., N can be updated as

W (3 3 PO POS s — = 1} e Y PV

t1=1 tny=1 t1=1 tny=1
t;
Pzt ~ |
=Y Yy) (5.21)
Jj=ti+1

In (5.21), P(Y|t,u*)) can be expressed as

N
P(Y = (Yo, Vi, oo Y)It, 1™ = (u 1™ i i) = ] (2m) P21
=0
o k k
exp{—5 D7 (Vg — )87 (Y — )} (5.22)
Jj=ti+1

and P(t) is obtained using (3.18) in Chapter 3. So far, EM algorithm has been considered
for parameter estimation without any constraint on parameters. In this section, constrained
or restricted EM in the presence of change points will be reviewed first and then the above

derived solution is generalised to a case where a set of constraints are to be satisfied.

5.2 Restricted EM in the Presence of Parameter Constraints

In this section, mean estimation problem is solved in the presence of change points and

parameter constraints. Assume that in a network, the following constraints exist:
Af=a (5.23)

where A is a known A X p matrix defining the constraints. Rank(A)=h < p and a is a known
h x 1 vector. In the presence of restrictions, several methods exist in literature to solve the
maximum likelihood estimation problem. In [55], a restricted maximum likelihood through
a quadratic penalty function is used. On the other hand, Newton-Raphson iteration scheme
is another way to solve the restricted EM problem. Two methods based on Newton-Raphson
are proposed in [56] which are based on score function and information matrix. Lagrange
multiplier approach is another approach to tackle the constrained EM problem. Applying

Lagrange multiplier in M-step of EM results in a Lagrange function as
L(0,)\) = Q(0]0W) + AT (a — AB) (5.24)

where A = (A1, A2, ..., Ap) are the coefficients defined for each constraint and Q-function is
derived in E-step of the EM algorithm as explained in the previous section. The updated
parameter can be obtained by finding the derivative of L(6, \) with respect to unknown
parameters and A. In other words, the following equations are to be solved to estimate the

unknown parameters:

VL(O,\) =0 (5.25)
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In the following, the mean estimation problem is solved through change point model struc-

ture using EM approach.

5.3 Mean Estimation for Change Point Detection in Pres-
ence of Constraints

In Section 5.1, the mean estimation problem was solved in the case of multiple shifts.
Here, this problem is extended to constrained mean estimation problem using EM method.
The problem is considered for a single shift detection through an illustrative example. The

solution will then be extended to mean estimation in the presence of multiple change points.

5.3.1 Illustrative Example

Consider the process network shown in Figure 5.1 as in [7]. There are seven flow rates,
P = 77 Y = (yltvy2t7y3t7y4t7y5tay6t7y7t)T7t - 17 vy TV which must Sa‘tiSfy the mass bal-
ance constraints governing this network. Assuming no change occurs, the multivariate flow

vector, y, consisting of y;:, i = 1,...,7 for t = 1,...,n can be represented by
Yye=p+e, t=1,...,n (5.26)

where p = (p1, ..., u7)7 and € = (e1, ..., e7)T represent the multivariate mean and measure-
ment noise respectively. The mean values, u = (p1, ..., u7)?, should satisfy the network

constraint as
Ap=0 (5.27)

where A is a constant matrix related to process information. For the network in Figure 5.1,

the mass balance constraints can be written as

p1+ pa + pe — p2 =0
p2 —p3 =10
p3 — pra — ps =0
ps — pe — 7 =0 (5.28)
As a result, A can be written as

-1 0 1 0 1 0
1 -1 0 0 0 O
0 1 -1 -1 0 O
o o o0 1 -1 -1

o O O

Assume that at an unknown time instant, t = m, a change occurs in the mean of data

leading to

yy=pu +e, ,t=m+1,..,n (5.29)

77



5 7
1 2 3
— | A B C D
6
Figure 5.1: Process Network
where /' = (u’l,...,,ué)T is the new mean vector which does not satisfy the constraint

n (5.44), ie., Ay’ # 0. Also, we assume that the covariance matrix of measurement
noise remains constant. Therefore, the parameters to be estimated are 0 = (u,u') =
(H1s ooy o7,y 14, .., %) under the constraints of (5.28). The Q-function has been derived in
Section 5.1 for multiple change points. In the case of single change point, @-function in

E-step can be simplified as

QU (™), 1)) = Epppy i oo {log P(Yml )}
(5.30)

Following similar approach as in Section 5.1 leads to a Q-function similar to (5.7) as

QU 1 |u™, ™) —612 (Y[, u®), 1B P(m)log P(Y [m, i, )]+

1 S [PV, ), 10 P P (5.31)

where ¢; = Having derived the Q-function, in M-step, we can write the

1
P(Y |k, 1/ R))
lagrange multiplier for h = 4 constraints as

L(,U’a M/7 )‘) = L(Nlu ooy 75 ,U’/17 ey H{ﬁ >\17 )‘27 >\3) )‘4)
= QU 1/ |5 1B 4 Xy (i1 + s + 16 — p2) + Na(p2 — p13) + As(s — pa — pis)+
Aa(ps — pe — pi7) (5.32)
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Substituting (5.31) into (5.32) yields
n—1
L(p, i ) = c1 Y [PY |m, p®), (/B P(m)log P(Y|m, p, 1))+

n—1

er Y [P(Y[m, u™, @/ W) P(m)log P(m)] + M (i + pra + 6 — p2) + Ao — p3)+
m=1

A3(p3 — pa — pi5) + Aa(ps — pe — i) (5.33)

Since the observations are assumed to be independent with Gaussian distribution,

logP(Y|m, ju, ') can be written as

logP(Y |m, . ') = —5Flog(2m) — Zlog(|=]) - Z (% = )" - )]

[\D\H

%Z (V; = W) 2H (Y = )] (5.34)

Hence, we have

m

-n —1n 1 —
P(Y |m, u®, /) = 2m) RS Peap{~ 2 Y (¥; = )TNV - u W)+
j=1
> (= WISy — W)} (5.35)

j=m+1

In (5.33), P(m) is the prior distribution of the change instant. If we assume uniform
distribution for m, as in [7], one can write P(m) = co,m = 1,2,....,n — 1. To find the

updated parameters, (5.25) is applied to (5.33) leading to the following sets of equations:

j;i _ 61022211[ POY |, ), 10y L09E <§LT’ )]\ 4 =0 (5.37)
553 = ci1e2 :Lill[P(Y‘m,,UJ( )7M,(k))dlogP(§JLZl, u,u’)] — A2+ A3=0 (5.38)
2 e :g[mwm, )y BOLC I 100y i = (5.40)
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dL dlogP (Y |m, p, 1)
Bt PY (k) (k) it A — Ay —
e 01021;::1[ (Y|m, p™, ™) diie ]+ A1 4=0
n—1
dL dlogP (Y |m, i, 1)
= _ P(Y (k) , 1(k) s [y N\ —
i = 102 S PO, TEECLIED =
n—1
dL dlogP(Y |m, p, 1)
= c1c P(Y |m, i ®), /%) =0
i = o2 L (PO T
n—1
dL dlogP (Y |m, p, 1)
—— = Y /(k) 0
g~ e mz:l[ (Y[m, u ) i I =
n—1
dL dlogP (Y |m, p, 1)
= Y ’(k) 0
i c1c2 ";[ (Y|m,u ) i | =
n—1
d dlogP (Y |m, p, i)
=cic Y|m /) 0
o ”mzl[” ), ) BT T Iy
n—1
L dlogP (Y |m, p, 1)
= 0102 2L POV ) ) S A
n—1
d dlogP(Y
' 261622[ (Y|m /(k)) og ( |mMM)] 0
6 m=1 d,LLG
n—1
dlogP(Y |m, p, ')
— Y /) 0
= 0102 2L POV ) S A
TM:M1+M4+M6_M2:O
dL
Dy  HeTHs= 0
dL
d—/\?):u?)_m_%:o
dL
TMZ%—MG—M?:O
Thus, (5.36) to (5.42) can be written as
n—1 - -
— C1C2 Z [mP(Y|ma :u(k)¢ M/(k))% (Yi,lsma ceey YV?,l:m)TH’
m=1
n—1
crea] Y mP(Y |, p®) ')y (oo )T 4+ A =0
m=1
— (12 Z [mP(Y|ma /J'(k)7 :U’/(k))’YQ(Yl,l:mv ceey }_/771:m)T]+
m=1
n—1
6102[2 mP(Y\maM(k), M/(k))’m(/il, ---7N7)T] — A +A=0

m=1
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(5.41)

(5.42)

(5.43)

(5.44)

(5.45)

(5.46)

(5.47)

(5.48)

(5.49)

(5.50)
(5.51)
(5.52)

(5.53)

(5.54)

(5.55)



n—1

— C1C2 Z [mP(Y|m, M(k)y ,U/(k))'YS(Yl,l:mv ey if?,l:m)T]"_

m=1

n—1
crea Y mP (Y|, ), ' yg (g, o i7)"] = Ao+ Az =0 (5.56)

m=1
n—1

—creg Y _[mPY |m, g™, 1Ny (Vi gms o, Y7 10m) T4

m=1
n—1

crea Y mP(Y |m, p™ 1), s )T+ A = Xa =0 (5.57)

m=1

n—1

— C1C2 Z [mP(Y|ma :u(k)¢ M/(k))75(}71,1:m> ceey }77,1:m)T]+
m=1
n—1

crea[ > mPY |, p®) P yys (o pr)T] = A+ A =0 (5.58)

m=1
n—1

—crea Y [mPY |m, g™ 1 )6 (Vi 1ms s Y 1m) 1+

m=1
n—1

clcg[z mP (Y [m, p "Ny (g, ooy )T+ A — A =0 (5.59)
m=1
n—1 B ~
— C1C2 Z [mP(Y|m, M(k)y ,U/(k))'y7(yl,1:m7 ey }/7,1:m)T]+
m=1
n—1
cica[ Y mP(Y |m, pu®, Oz, o )] = M = 0 (5-60)

m=1

where v;,i = 1,...,7 are row vectors corresponding to the ith row in matrix £~!. Also

Yitm,t = 1,...,7 is the mean of variable ¢ from sample 1 to m. The equations (5.54) to
(5.60) can be simplified further as

il + By )T+ 21 =0 (5.61)
Yol B, ooy p)T) = M+ Ap =0 (5.62)
3l 4 Bpt, oo 7)) = Ao+ A3 =0 (5.63)
Yol 4 Bpa, ooy ) D)+ X =X =0 (5.64)
Ys( 4 B, 7)) = Ag + A =0 (5.65)
Yoo+ Bp1y ooy 7))+ X — Ay =0 (5.66)
yr(a + B(p, ...,,u7)T) + A =-M=0 (5.67)
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where « is a constant vector and [ is a constant scalar as

n—1
a = —cicy Z [mP(Y|m,u(k), p'(k))(fﬁ,l;m, e }77’1;m)T] (5.68)
m=1
n—1
B=cical > mP(Y|m, u™, p/*)] (5.69)
m=1

Similarly, (5.43) to (5.49) can be written as

i +C(py, e 7)) =0 (5.70)

Y2 (0 + ¢y, s 7)) = 0 (5.71)

¥3(n + ¢, s 7)) = 0 (5.72)

Y4+ ¢y s 7)) = 0 (5.73)

(0 + ¢t s 7)) = 0 (5.74)

%6 (n+ C(ps s 7)) = 0 (5.75)

¥r(n 4+ ¢y s 7)) = 0 (5.76)

where 7 is a constant vector and ( is a constant scalar as

n—1

n=—ccz Y _[(n—m—1DPY|m,u® y' D)V i1, oo Vemgrn) ] (5.77)
o

¢ =crea Y (n—m—1)PY|m,p®, /)] (5.78)
m=1

Therefore, the set of equations (5.61) to (5.67), (5.70) to (5.76) and (5.50) to (5.53), i.e.

18 equations, altogether need to be satisfied. Denote o = (o, v, a3, g, a5, g, a7)’, and

n = (n1,m2,M3, 04,5, M6, M7) "~ . Every row in £~ as mentioned before can be expressed as

Y1 = (’Y11,712,-~-7717)
Y2 = (V21,7225 -o-y Y27)
Y3 = (7317’7327"--,737)

Y7 = (7717 V725 oeeey 777) (579)

The solutions to equations (5.61) to (5.67), (5.70) to (5.76) and (5.50) to (5.53) give
,ulfH, ,ugﬂ,..., u’?“, ullkﬂ,..., ,u/7k+1 as functions of «, 8,( and n which are functions of

current parameters estimated in the last iteration, /ﬂf, ,ulg,..., ,u’?, Mllk,...,//?k. Thus, the
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equations (5.61) to (5.67) and (5.50) to (5.53) can be solved as

(k+1)
Hy
Nék—H)
ui())k:-&-l)
o
Mék+1)
Mék+1) =
Iu(7k+1)
A
A2
A3
A4
Y11 Y12 Y13 Y14 Y15 Y16 V1T % 0 0
Y21 Y22 Y23 24 Y25 Y6 Y2r —f 5 O
Y31 Y32 Y33 Y34 Y35 V36 v3r O —% %
Y41 Y42 V43 Y44 Y45 V46 V4T % 0 —%
1 Y51 Y52 V53 Y54 Y55 Ys6 st 00 —%
= 8 X161 Ye2 V63 Y64 Y65 V66 V6T % 0 0
Y1 Y2 Y13 Y4 Y5 e Yy O 0 0
1 -1 0 1 0 1 0 0 0 0
0 1 -1 0 0 0 0 0 0 0
0 0 1 -1 -1 O 0 0 0 0
0 0 0 0 1 -1 -1 0 0 0
—71101 — Y1202 — Y1343 — ... — Y17Q7
—72101 — Y2202 — Y23Ck3 — ... — Y2707
—7Y3101 — Y3202 — Y333 — ... — Y377
Y4101 — Y4202 — Y4303 — ... — Y4707
—7Y51001 — Y5202 — Y533 — ... — Y577
—V6101 — V6202 — V63(X3 — ... — VeTQT
—710n — Y202 — Y133 — ... — Y177
0
0
0
0
and the equations (5.70) to (5.76) can be written as
"(k+1)
M/l(kﬂ) —Y1171 — Y1272 — Y1373 — ... — Y1777
'u,?(kﬂ) —Y21M1 — Y22M2 — V2373 — ... — Y21N7
M/(Hl) 1 —7Y317M1 — Y32M2 — V3373 — .- — Y377
u = ZZ =41 — V4272 — V43M3 — .- — Va7
) —Y51M1 — V5272 — V5373 — --- — V5777
Iu’(k:+1) —Y6171 — Y6272 — V6373 — ... — V6717
M;(kJrl) =Ty — Y2l — 73Nz — . — Yl
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Starting u’f“, ;/2““,..., ,ul7€+1, ullk'H,..., u;kﬂ with initial values, these update equations

repeat until no changes in the estimated parameters are observed. The results show that
the mean of data has changed at ¢t = 22. The true mean before the change satisfies the
constraints in (5.28) and is p = [7,9,9,1,8,1,7]7. After t = 22, the true mean changes to
w =17.5,10,9,1,8,1, 7]T. A total n = 50 samples are generated with the covariance matrix

as

1 005 002 0 003 005 O
0.06 1 001 0.01 0.01 0.15 0.05
0.02 0.01 04 0.01 0.16 0.01 0.2
Y= 0 0.01 001 0.8 0.01 0.01 0.2
0.03 0.01 0.16 0.01 0.5 0.01 0.01
0.06 0.15 0.01 0.01 0.01 1 0.02

0 005 02 02 001 002 0.5

The free parameters are chosen arbitrarily as ¢; = 2,co = 0.5 . The estimated results
of constrained and unconstrained y = (p1, ..., pt7) and unconstrained p' = (g, ..., p7;) with
respect to iteration number are shown in Figures 5.2 and 5.3 respectively. As we can see,
starting with some initial values, in 10 iterations, the mean values converge to the true ones
indicating fast convergence of EM algorithm. The comparison of restricted p values and
unrestricted parameters shows the difference at convergence. Obviously, the constraints are
satisfied before the mean shift occurs. In Table 5.1, the minimum, maximum, mean and
standard deviation of estimation error of 14 estimated parameters are given for all iterations
of EM. The estimation error is approximately of zero mean except for u5 which is 0.22. For
s, the true value is 9 while the estimated value is 9.2. In addition, the standard deviations
of most of the parameters are smaller than 0.23 except p}j and pf for which the standard
error is about 0.5. These standard errors compared with true values are 10% , in the worst
case.

This problem can also be generalized to the cases where covariance is unknown and
changing. All the assumptions made in Chapters 3 and 4 can be used here and the only
difference is addition of constraints to the first segment of the data, i.e before change occurs.
In the presence of unknown covariance, one can add this parameter to the lists of unknowns
and estimate the parameters at every iteration of EM.

In next section, a more realistic simulation example with nonlinear constrains is taken

into account for mean estimation.

5.4 Example 2: Mean Estimation in Presence of Nonlinear
Constraints

In this section, the mean estimation problem is extended to nonlinear constraints. The
CSTR problem is a benchmark example in chemical engineering. This system was studied

for the purpose of change point detection in previous chapters. The nonlinear dynamic
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Figure 5.2: Estimated Mean Values Before the Change Point u = (p1, ..., u7) Using EM,
Unconstrained Solution (Dashed Line) and Constrained Solution (Solid Line)

85



0 05—
h
ﬁ,
! 10 =
8,l r
A KEE
1 L e - - - 1
7*‘». ,"
! ! W Ty
1 »I
B 1
sl | | | | | | | | g i \ | | | | | | |
L S T R P2 S T A A |
Teraon leaon
10 T ! T
BE e
oz :
1]: M
8‘5’1: B
: it
fr -
gt | | | | | |
L A A N | I} I ! ! ! | | | | |
Iereion A S T T A S I |
Tereon
i TN A A A LA R T U —
s o
\\\\\\\\\ 17 3 SRR
el B
: 08
5‘5’::’ 06k
67 | | | | | | | | | 0 Cpege ) L | | L
L S T S O A S T T A A (I |
Teraon Teraon
b
15E
e
Mo
1
655 =
i
syl | | | | | | | |
1 4 [ § 0 L w5 B 0
Iereion

Figure 5.3: Estimated Mean Values (Unconstrained) After the Change Point p/ =
(11, - p7) Using EM
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Table 5.1: The Estimation Error Characteristics Derived for 14 Parameters

Estimation Error Min Max Mean Std

Er(pu1) -1 0.0366 -0.0997 0.2112
Er(u2) 0 0.2814  0.0707  0.1049
Er(us3) 0 02814 0.0707 0.1049
Er(p4) -0.0191 02145  0.0278  0.0930
Er(us) -1 0.0672 -0.0047 0.2283
Er(ue) 0.3 0.1173  0.0807 0.0939
Er(u7) -1 0.0366 -0.0997 0.2112
Er () 01206 2.5 0.0676 0.5576
Er (1)) -0.2328 0 -0.0937 0.0621
Er(u}) 0.1290 1 0.2200  0.2049
Er(u/}) -0.0384 0.3712  0.0365 0.1425
Er(u}) -2 0.6021 -0.0118 0.5044
Er (1) 0.5 0.1743 -0.1628 0.1501
Er(ub) 0.5 0.1743 -0.1628 0.1501

equations of CSTR can be written as

o) = D (Cao(t) — Cult)) — koCalt)eap(~

4 R0 (5.80)
zgi?;qc(t){l - efp(@%))}(Tco —T(t)) (5.81)

As discussed in previous chapters, the input is g. which drives the process to different
operating modes. In Chapter 3, the process input is changed and corresponding to that
change, the system outputs, i.e. product concentration and temperature, could change
accordingly. In this chapter, however, the objective is to estimate the mean of outputs
before and after the change point assuming that the change point is unknown. The difference
between mean estimation in this section and the one in previous section, i.e. linear process
network example, is that here the measurements must satisfy the nonlinear constraints not
only before the change but also after the change. The outputs are corrupted by measurement
noise. The measurement noise added to each output is of Gaussian distribution with mean
zero and standard deviation 10% of the states. The input is selected as q. = 97 L/min
before the change occurs and then it changes to ¢. = 97 L/min. The mean estimation using

EM algorithm in presence of constraints can be solved using Lagrange multiplier. Under
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the steady state condition, the constraints are of the form

fi = 8 (Cag(t) — Calt) ~ kCalt)ean(- ) =0 (5.82)
) AHkoCa(t) E

o= 5200~ T(0) + S e )+
chpc —hA _
e (01 = ea( )} T = T(0) = (5.83)

Assume that before the change point we have u = [C4,T]" and after the change occurs,

the mean vector is y/ = [C", T"]7. The Lagrange function can be written as

L(H) :U’/7 )‘) = L(CA) Tv 01/47 Tl? )\1’ )\2)
= Qu, 1|1, ') + M (f1) + Na(fo) (5.84)

Differentiating the Lagrange function with respect to u and setting them equal to zero, we

have

AL dQ dfy dfy
aCa —dca TMacs TMae, T
dL _dQ , dfi dfs

I — dT )\ldiT + /\Qd—T =0 (5.86)

0 (5.85)

These equations can be further simplified as

MA 4+ AA = —yi(a+ B(Ca, T)T) (5.87)
MA 4+ AAy = —yo(a+ B(Ca, T)T) (5.88)
where
(et B(CaTIT) (5.89)
9 — oo+ B(Ca, ) (5.90)

71 = (711, 712) corresponds to the first row of ¥ ~!, the measurement covariance matrix, and

Yo = (721, 722) corresponds to the second row of ¥~ ! a and B are the same as equations
(5.68) and (5.69). Also,

_dfi _ q(t) E
An = aca vV koexp(_RT(t))
A — dfi  AHkg E
d E E
Az = dé‘i = —kOCA(f)(W)%p(—RT(t))
_dfs _ q(t)  AHkCa(t), E E PeCpe —hA
(5.91)
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Thus, in order to find the mean vector before the change point, one needs to solve four
equations (5.82), (5.83), (5.85) and (5.86) with respect to C4, T',A\1 and A2 by selecting
qc = 97.

In order to find the mean vector after the change point, the same equations are solved

with respect to C”;, T” and new coefficients defined as A} and A, but with ¢. = 99 as

Ny ALy 4 X ALy = —n(n+¢(C, T)T)
N ALy + X ATy = =2+ ¢(C, THT)
fi=0
f2=0 (5.92)

where 7 and ¢ can be derived as in (5.77) and (5.78). A}y, A},, A)5 and A}, are derived as
(5.91) but with g. = 99 as the input value.

As we can see, since the equations are nonlinear, at every iteration of EM, we need
to solve 8 nonlinear equations. The solutions will be nonlinear functions of «, 5, n and ¢
which all contain the current mean vectors (%), w (k). Using fsolve function, these nonlinear
functions are evaluated in Matlab. In Figure 5.4, the measurements are shown. The free
parameters are chosen randomly as ¢; = 2,¢ = 0.1. The initial values are set as u(®) =
[Ca, T)" = [0.001, 7007,/ = [C), T']" = [0.002,550]". The true mean values before
the mean shift are p(7%¢) = [C4, T = [0.0799, 436.9345]7 and after the change point, the
means are changed to /(€)= [C",, T']" = [0.0846, 443.4214]". The covariance matrix can
be calculated using the measurements.

The mean estimates for concentration, C'4 and temperature, T before and after the
change point are illustrated in Figure 5.5 and 5.6 respectively.

As we can see, even if the initial condition is far from the true mean values, in the
second iteration, EM converges to true mean values. From these Figures, the estimated
mean before the change point is pu(* = [C4, T]T = [0.0793,,443.5109]” and the mean after
the change point is ¢/ = [, T"]T = [0.0851,441.9877]7. Apparently, the estimated
means are very close to true values as mentioned before.

Similarly, in the presence of multiple change points, we have more nonlinear equations
representing the process constraints at every operational mode. Corresponding to every

change point we need to solve additional four nonlinear equations to determine the mean.

5.4.1 Conclusion

In this chapter, the mean estimation in change point detection problem is investigated.
Through Expectation Maximization (EM) method, the means of data before and after the
change points are estimated without knowing where the change point is. This problem is also
extended to a more complex case where these mean values, i.e. unknown parameters, must

satisfy certain constraints. Using Lagrange multiplier, this problem is solved for a process
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Figure 5.4: Product Concentration (C4) and Reactor Temperature (T)
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Figure 5.5: Mean Estimation for Product Concentration (C'4, Upper Plot) and Reactor
Temperature (T, Lower Plot) Before the Change Point
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Figure 5.6: Mean Estimation for Product Concentration (C'4, Upper Plot) and Reactor
Temperature (T, Lower Plot) After the Change Point

network and a more realistic problem in chemical engineering. The results demonstrate

successful estimation of unknown parameters in the presence of unknown change points.
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Chapter 6

Conclusion and Directions for
Future Work

6.1 Summary and Conclusion

This thesis is focused mostly on change point detection under various scenarios. Change
point detection can be found in different applications including hydrology, signal processing,
finance, economics, pharmacology, environmental studies, meteorology and etc. Detection
of changes can assist us in various ways; one may use these techniques in identification of bias
in instruments in the form of mean shift detection. One application of change detection
is in identification of process variability. Another application is in process abnormality
detection and also detection of mode of operation. Depending on the application, one
can take advantage of these techniques to preprocess or analyse the data. In this thesis,
EM approach is used for change point detection under various scenarios. The reason is,
EM is an alternative solution to maximum likelihood estimation. In this method, defining
new sets of variables as hidden variables, one can find their expectation using the data
and current estimate of unknown parameters and then maximize this expectation with
respect to unknown parameters. It is proved that at every iteration of EM, the likelihood
of observed data increases. It was also shown that compared with Bayesian inference, EM
is not sensitive to priors. Like other optimisation techniques, EM can be also sensitive to
initial selection of unknown parameters resulting in local maxima.

Having introduced the motivation and background for change point detection problem
in Chapter 1, in Chapter 2, this problem is solved for univariate data and single change in
the mean of data. In fact, the problem is solved using three approaches including Bayesian,
EM and SEM. The performance of these methods are compared through simulation example
and the overall power of algorithms in correct identification of change point is calculated
through Monte Carlo runs.

In Chapter 3, change point detection was solved for multivariate data in the presence of
known covariance matrix. Single and multiple changes detection problems are solved using

Bayesian and EM methods. Through simulation and experimental data, the performance
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of proposed algorithms are evaluated. EM algorithms outperforms Bayesian method in
the case of wrong priors. Convergence of EM is fast in terms of the number of iterations
required.

In Chapter 4, change point detection is further extended to unknown and changing
covariance matrix. EM solution for this problem is derived and through simulation and
experimental data, the detection performance is studied. The results show successful per-
formance of the proposed method.

In any parameter estimation, problem, there may be constraints on unknown parame-
ters. In Chapter 5, these process constraints are taken into account. The mean estimation
in multivariate data is elaborated through EM algorithm using change point models. The
update equations for parameters in multiple changes are derived. As an extension of this
derivation, the problem was also solved through EM imposing constraints such as mass
balance. The performance was evaluated using an illustrative example of process network.
The results show that in the presence of process constraints, EM convergent is fast and the

estimation is accurate.

6.2 Directions for Future Work

Throughout this thesis, we assume that the number of change point is already known as
priori. Extending EM formulation to the case where the number of change point can be
determined during iterations of EM can be regarded as future direction. The estimation of
the number of change points can be solved for different assumptions for mean and covariance
of data.

Another direction can be online detection of change points without adding much more
complexity at each sample instant compared with [23]. Derivation of EM solution to change
point detection problem where there is dependency or correlation in observations can also

be regarded as another future work.
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.1 Appendix

In Bayesian derivation, the joint probability in (3.10) is proportional to the posterior prob-
ability of change point given the data. This joint probability can be written as the product
of two terms, F; and F5. In the following, the Bayesian solution is given. We have

P(D,Ml,ﬂg,z,ﬁo,m):F1XF2 (1)
where
Clewp{—*{z —1)TS T s — )] + (1 — 1) S e — 1D (@)
Czexp{—*{ Z — 112)"S T (s — p2)] + (2 — 19) " Sg5 (2 — 1)} (3)
i=m-+1
We can write
Clemp{—*{z — 1) TS (i — )] + (1 — ) TS5 (1 — 19)}}

_ — 1 — 1 _ T
= Clerp{_i (N{ (mZ L+ E011) H1— l[ip (mZ Y+ E011#(1)) - (mZ '+ 2011:“?) H1>}X
1
ea:p{—i{ﬂ(f ot 1l + Z%TE Ly} (4)

where

<
I

" )

In order to complete the square term, define A = m>~! +Eall and B = mE_ngrEall/fl).
We have

= Clexp{—% (11 Apy — i B— BT ) } * exp{—* W0 St + ZyZTE vi)}  (6)
Further algebraic manipulation yields
F = C’lexp{—1 (,ulTA,ul ~wiB-BYuy +BTAT'B ~ BTA_IB)}X
eajp{—f 1 1M1+Zy STy}
= Cle;rp{—i (/L’{A/Ll — B - BT, + BTA_lB)}*

exp{»( 201u1+2y?2 yi — BTAT'B)} (7)
=1
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Note that A is the weighted sum of two symmetric and full rank covariance matrices; thus
A is symmetric and invertible. We have I = A71A = AA~! and (A.7) can be further
rewritten as

F = C’le:L“p{f1 (,LLITA,LLl —uFAATYB — BT A7 Apy + BTA_IAA_IB)}X
ea:p{—f ,Ul 01 Ml +Zy Sy — BTA_lB)} (8)

Let A, = A~! and Q,, = A~ B, then (A.8) can be written as
1 _ _ _ _
By = Creap{=5 (n1 A i = 1 A5 Q= QA i + Q0 A0 ) b

exp{—f :ul o1 Hl"‘zy Sy — BTA_lB)}

= Clewp{—§ (1 = ) ALt (1 — Q) } % ewp{—* 18 Sotd + ZyTE yi— B"A™'B)}
9)

So, Fy is derived as in (A.8) where A, = A7l = (mX~! + 3;) and Q, = A7'B =
(mE~! + 551) " (mE 71y + S ag).
Following the same procedure, F5 is derived as

1 _ 1 _
= Cgexp{—i (o — \IJn)/Anl (o — ¥y} X exp{—i( Yoo ,u2 + E yZTE Yi — DTC 1D)}
1=m-+1
(10)

wherey = L5 v, C=(n-m)S1+55,) , D = (n— m)2—1g+2521p2 A, =071

TL m =
(n=m)S7" +55) " and Wy, = C~'D = ((n —m)E~" + Ty )~ (0 — m) S5 + By 1)
As a result, the joint probability distribution is

P(DHU’LMQ’EaBOam):FIXFQ (11)
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