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ABSTRACT

The Kalman Filter has become ubiquitous in tracking and estimation. Many
estimation applications, especially those using low cost commercial of-the-shelf sensors
(COTS), are subject to a special type of measurement nonlinearity called censoring.
Censoring frequently takes the form of sensor saturation, occlusion regions, and limit-
of-detection. These forms of censoring are known as Tobit model Type 1 censoring.
Introduction of censored measurements into the Kalman filter results in biased esti-
mates of the underlying states. In this dissertation, we present the first formulation
of the Kalman filter capable of estimating state variables from censored data without
bias. We refer to this formulation as the Tobit Kalman filter.

Previous work on Kalman filtering with measurement nonlinearities or sensor
faults includes a Kalman filter for intermittent measurements, the particle filter, the
unscented Kalman filter (UKF) and the extended Kalman filter (EKF). Intermittent
measurement nonlinearity is similar to the censored measurement model; with the ex-
ception that censored data measurements are correlated with the state values. Previous
work for intermittent measurements in estimation reduces the Kalman filter to a linear
predictor when the measurement is missing. Use of either this formulation or a stan-
dard Kalman filter as an estimator in a censored data example will result in a biased
estimate of the state. The particle filter is able to estimate the state values when the
measurements are subject to censoring under certain cases, but comes with a substan-
tial computational burden. The UKF is a less computationally expensive approach
that proves to be non-robust when the measurements are near a censoring region. The
EKF suffers from an undefined Jacobian at the threshold itself, and the Jacobian is zero
in the censored region. On the other hand, the Tobit Kalman filter provides unbiased

recursive estimates of latent state variables in or near saturated regions. This results
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by properly accounting for the statistics in the Tobit model, and using them to adapt
the Kalman filter error terms and state measurement updates. The Tobit Kalman fil-
ter is completely recursive and computationally inexpensive while previous attempts at
Tobit based state estimators where not recursive and are not computationally feasible.

The many applications to the Tobit Kalman filter include MEMS sensor based
tracking with saturation, visual tracking with camera frame censoring and biological
measurements with limit of detection saturations. In addition to the theoretical work
for the Tobit Kalman filter, this dissertation discusses the applications of the Tobit

Kalman filter by presenting simulations.

xi
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Chapter 1

INTRODUCTION

In 1958, James Tobin discovered that the statistical relationship between house-
hold income and expediture is unique in that the data seemed to fit a linear model
mostly, but suffered from clustering of data points at a limiting value [1]. This data
clustered at the limiting value, the expediture representing the dependent variable,
is refered to as the censoring limit on the data. The data clustered at the censor-
ing limit has a unique property in that it does not represent a unique independent
variable through a linear operation, but otherwise represents the information that the
dependent variable lies within a certain region, the censored region. If censored data
is ignored or used in fitting the data to a linear model then the resulting model would
be biased.

Tobin’s household expenditure problem would typically start with developing
a model of this system, however, the existence of several points where certain people
would have income but no household expenditure cause a region specific nonlinearity.
To fix this, Tobin created the Tobit model [2], named from the fused titles of Tobin and
Probit models. This model introduced the idea of censoring as a piecewise nonlinearity
in the system model. Since then, the model has been used in other application of
economics including income vs inheritance [3]; wages of husbands and wives vs annual
days worked [4], technology perception vs adoption [5] and several more [6].

Censoring has been reinvented in biology in the field survival analysis [7] [8].
Survival analysis is a statistical approach used to follow patients over a long period.
More specifically, it is a way to model time to an event in biology and has also been
used as a measure of time to failure in reliability engineering [9] [10]. Survival analysis

has become an important tool in public health monitoring [11]. The basis of survival
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analysis is the survival function, which is stated as S(t) = P(t < T'), where P denotes
probability and T" denotes time of death, failure etc. Censoring comes into the survival
model when the time of death is unknown but known to be after some date; this is
referred to as right censoring. This censoring occurs in long period experiments where
the patient will miss scheduled check up exams, or clinical trial follow ups [12]. An
analogous version of right censoring is left censoring; where the data contains a lower
limit. An example of left censoring is when public health data is not observed in children
before they have reached kindergarten. In this case where the age limit is known, the
ages are censored. However, if the age limits or thresholds of the uncensored regions
are unknown, we refer to this as truncation. An example of left truncation would be
if young patients are not observed until a certain age, or if some patients had passed
before that age then they will not be observed [13].

The censored data model developed independently in economics and biology. For
the remainder of this dissertation, the censored data model and terminology used will
be based on the Tobit model. The many Tobit models have application in engineering,
and are discussed briefly in Section 1.1. The most simplistic version of the Tobit Model

contains a latent variable y;, which linearly depends on Sz,

oyl >T
yt _ yt yt (11)
T, Y ST

where 3 € R is vector of constants, r; € R"*! is the input vector at time ¢, y; is a
scalar output, and u; is a Gaussian random variable with zero mean and variance, 2.
The value u; captures the measurement noise and is independent of both g, and x;. The
use of ordinary least squares to estimate 3 or o, from the output would be inconsistent
because the entire population of the dependent variable is not being observed.

Many methods have been devised to solve for the parameters of the Tobit

model, including Tobin’s original maximum likelihood estimator [2]. An analysis of
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this method and the consistency of the estimates is presented in [14]. In the engineer-
ing community, the Tobit model for measurements is referred to as a Wiener model.
Being a linear model followed by a static nonlinearity, the Wiener model is often used
to model sensor nonlinearities [15]. In [16], a recursive identification for a linear model
with known saturation nonlinearity is presented. However, when the output is cen-
sored, the identification update is halted because the input has driven the output to a
“slope zero* region. If the recursive estimation is to converge quickly, the input must
be chosen to avoid this region.

The goal of the Tobit model is to estimate parameters of statistical data without
bias introduced by conventional methods. There exist many more methods to identify
Tobit model parameters and compute expectations of censored data sequences. [1,
14,17-21]. These methods require knowledge of the entire measurement history. A
recursive estimator, such as the Kalman filter, has not previously been developed for
this type of measurement nonlinearity.

As discussed, censoring occurs often in engineering, science and social science;
and has been used to identify models given censored or truncated data. However,
despite many obvious examples of censored data in estimation and tracking, such as
in sensor measurements [22] or computer vision applications, the Tobit model has not
received much attention in the field of signal processing or control theory. In signal
processing and control theory, the Kalman filter [23] has become ubiquitous in tracking
and estimation. A Kalman filter is a recursive algorithm that operates on streams
of noisy input data to produce estimates of an underlying state. It is an optimal
estimate under certain assumptions of the noise distribution and system dynamics.
Many estimation applications where the Kalman filter is used, especially those using
low cost commercial of-the-shelf sensors (COTS), the input measurement are subject
to the same censoring that are found in economics via the Tobit model, and biology
via the survival function. In real-time control, censoring in embedded applications
frequently takes the form of limit-of-detection, occlusion region, or sensor saturation.

All of these forms, are referred to as Tobit model type 1 censoring [2]. When censored
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measurements are introduced into a linear model fit or estimation procedure such as
the standard Kalman filter, the resulting estimates of the underlying states are biased.

Much of the work in recursive estimation has been in loosening the assumptions
of the Kalman filter so it can be implemented in a wider range of applications. The
unscented Kalman filter (UKF), the extended Kalman filter (EKF) and the particle
filter are examples and can be applied to nonlinear systems [24]. Censoring induced
by a Tobit Model is a unique type of nonlinearity in that the nonlinearity is piecewise
linear but the slope of the output becomes zero in the censored region. Recursive
estimators have not been implemented for this unique case. Similar measurement
nonlinearities have been addressed by Kalman filtering, one being the case where the
measurements are intermittent. A formulation of the Kalman filter designed for the
intermittent measurement case is presented in [25,26]. This formulation reduces to a
linear predictor when measurements are missing. The estimator in [25] provides the
minimum state error variance filter given all past observations and arrival sequences,
and is an improvement on Jump Least Square (JLS) theory [27] which gives a minimum
state error variance filter assuming only the observations and the knowledge of the
previous arrival. Both of these previous formulations relied on the assumption that
missed measurements were uncorrelated with the state value. The problem with this
solution in a censored measurement model is that the the assumptions are violated.
More specifically, the measurement is correlated to the state value as is it relates to
the threshold between censored and non censored regions, the measurement model and
the noise. Tobit model censoring may be formulated as an intermittent measurement
problem, but because the dropped measurements are correlated with the state values
the result estimates of the state are biased.

One attempt to solve the censored measurement problem was presented in [28].
This formulation treats the censored and non censored measurements differently, and
has a formulation that is not recursive (it requires knowledge of the entire history of
censored measurements); recursion is a major motivation for using a Kalman filter.

Another type of censoring studied in [29,30] looks at the censoring in a distributed

www.manaraa.com



detection system. The censored data is either sent or not sent to a fusion center based
on its informativeness. This work [29,30] studies a different type of censoring from what
is considered here, but shows an improvement in performance by using the information
present in missing values, where the probability of missing values are correlated to
state values. It is proposed that by using the underlying model and the information
contained in a censored measurement, the state estimate can be improved.

Another difficulty in using a Kalman filter for censored measurements is that the
measurement noise is not Gaussian near the censoring region. For example, if the state
variable is a constant near the censored region, noise on the measurements causes some
of the measurements to be censored, and the standard Kalman filter produces a biased
estimate of the state. Past work designed estimators using the likelihood function that
accounts for state dependent Gaussian observation noise. The work in [31] generated
an iterative Kalman filter to solve the nonlinear least square problem according to the
likelihood function.

Censoring can be generalized as an output nonlinearity, and general output
nonlinearities can be addressed using the EKF, the UKF or the particle filter. With
censored measurements, the state-measurement equation has a sharp discontinuity at
the threshold value of the censoring region, which is a problem for the EKF because
the gradient does not exist at this discontinuity. The particle filter formulated for
partially observed Gaussian state space models is presented in [32]. Particle filters
are much more computationally expensive than an extended Kalman filter or linear
Kalman filter because they require the use of a weighted set of samples called particles
to generate the posteriori distribution, p(xy|y;.x). Furthermore, the sharp discontinuity
in the measurement model for censored data means that a large number of particles
are necessary to adequately model the system in this region. The UKF is a less com-
putationally expensive approach that proves to be non-robust when the measurements
are on or near censoring. The method described in this dissertation avoids the use of

numerical approximation methods such as the particle filter by directly computing the
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relevant posteriori distributions from the censored data measurement model. The re-
sulting filter has a similar computational burden to the standard Kalman filter, which
means it can be used in computation-limited environments such as embedded systems.
In this dissertation, the first formulation of the Kalman filter capable of estimating
state variables from censored data without bias is presented and referred to as the

Tobit Kalman filter.

1.1 Censored Data

The early work on Tobit models produced a classification scheme for censored
models. These classes define how the system is censored or truncated and gives the
ability to account for censoring that is dependent on other variables. The difference
between censoring and truncation is that a censored measurement model provides a
measurement when the measurement is in a censored region, while truncation provides
no measurement when the latent variable is within a censored region. In this section,
some common censoring models are developed. The Tobit model types are grouped
depending on the similarities in the likelihood functions [6]. In [21], the process for con-
structing likelihood functions for model parameter identification with several censoring

types is presented.

1.1.1 Tobit Type 1
Tobit Type 1 is referred to as the censored regression model, in the general case

the model is,

Ui, T<y; <Tn
Ye=19 yr <7 (1.3)
Vhs Yy = Th
where 7, — —00, is defined as the ‘right censoring’ case and 7, — oo, the ‘left censoring’

case.
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1.1.2 Tobit Type 2

The Tobit type 2 model, also referred to as a Heckman model [33], is similar to

type 1. The difference arrives in that the censoring of the latent variable is dependent

on another latent variable.

1.1.3 Tobit Type 3

The combination of Tobit type 1 and 2 is a Tobit type 3 model.

P AT
T, y(1);
N RGN
T, y(1);
1.1.4 Tobit Type 4
P (A
T, y(1);
P (TG
T, y(1);
P ROl
T, y(1);
1.1.5 Tobit Type 5
P Gl
T, y(1);
7

(1.4)

(1.7)

(1.8)

(1.9)

(1.10)
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y(3), = (1.11)

See [6] for a more in depth discussion on Tobit model types, solutions and

applications.

1.2 Bayesian Estimation

In the previous section, some common censored models were introduced. Here,
we introduce Bayesian statistics and its relation to estimation theory and censored
measurement models, see [34] for a more indepth discussion on Bayesian analysis.

Bayesian probability is a method of making inferences on distributions based
on evidence from correlated values. The Bayesian branch of probability is derived
from Bayes’ rule, Equation 1.12, which relates conditional probabilities, to marginal
probabilities. An application to the evidential probabilistic interpretation, or Bayesian
interpretation, is Bayes’ inference. Bayes’ inference updates the probability of a hy-

pothesis given evidence using Bayes’ rule.

P(B|A)P(A)
P(B)

Bayesian probability is used often in estimation theory, which uses a model

P(A|B) = (1.12)

and measurements to predict, smooth, interpolate information. One might design an
estimator to smooth a noisy measurement, or estimate noise distributions on a signal
or estimate the phase or frequency of a sinusoidal signal. For example, the estimator

for a parameter ¢ from a measurement y might be written as,

0=0(y) (1.13)

A loss function, L(0,0) defines the deviation from the true value. The expected value
of the loss function is defined as the Bayes risk. The values of 0 that minimizes the
Bayes risk, E(L(6,0)), is the Bayesian estimator with the E(L(6,0)) taken over the

prior probability distribution. The prior probability of 6 is the distribution of the
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parameter 6 before any evidence is taken into account, while the posterior probability
is the distribution conditioned on some evidence . In the cases in which the posterior
probability is given, P(f|y), the estimate variance of # might be minimized. The
estimate of 6 using the posterior distribution is advantageous in application, assuming
P(f]y) has a narrower distribution than P(6).

State estimation is commonly used in the control of dynamical systems and
the Kalman filter is typically the algorithm that is employed. In the next section,
the Kalman filter will be derived begining using a Bayesian framework. The Bayesian
derivation of the Kalman filter can be found in several sources, including [35]. The
Kalman filter estimates the states of a hidden Markov model to minimize the mean
squared error estimate in x; given measurements y,. The Kalman filter is optimal

under certain assumptions, that will declared in the following sections.

1.2.1 Markov Model

Bayesian filtering and estimation [36,37] will briefly be reviewed, along with
its relation to optimal estimation. The Bayesian filter under a Markov assumption
computes the state estimate Z; of the true state x; at time k, given measurements yy.

The Markov assumption states,

P(zk|yk-.-yo, Tx—1...0) = P(x|yg, Tr_1) (1.14)

and the conditional probability of the measurements is,

A graphical representation of the hidden Markov assumption (HMA) is in Fig-
ure 1.1. The HMA is crucial to recursive state estimation because the state can be

estimated using only previous measurements and states.
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= X =
l. J,

Vi1 Y,

Figure 1.1: Block diagram of a hidden Markov chain

1.2.2 Sequential Bayesian Estimation

Recursive Bayesian estimation allows the Bayesian inference problem to be im-
plemented recursively for online estimation of parameters or states given measurements.
A recursive approach is necessary for control applications since the controller needs real
time information of the changing parameters or states. The process for sequential Bayes
estimation is to estimate the state given the process model (the state update), then to
update the state estimate given measurements (the measurement update).

Using the Chapman-Kolmogorov equation [38], which provides the prior prob-

ability density function of the state, the distribution of interest is

P(x|yr-1) = /P(l‘k\l‘k—l)P(ka—l|y1:k—1)d$k—1 (1.16)

where P(xx|y1.5—1) is the prior distribution and is defined by the dynamic model. This
is the state update step of the filter; the measurement update is,
_ P(yr|oe) P(vx|yin—1)

P(xlyre) = Plorlny) (1.17)
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The likelihood is the measurement noise model P(yx|zy). The evidence is the

denominator of Equation 1.17, which is

P(yk\qu) = /P(yk|mk)P(xk|y1;k1)dmk (1.18)

and is often called the normalizing constant.

The prior, likelthood and the evidence are used to find the a posteriori proba-
bility. The recursive solution of Equations 1.16 and 1.17 is a conceptual solution made
less complicated with the Markov assumption. However, the relationship between x;
and y; will decide if an analytic solution is possible. If no analytic solution is possi-
ble, a sequential Monte Carlo method would work and approach the actual posterior
probability density as the number of Monte Carlo samples increases. In general, these

methods impose no restrictions on the model or noise distribution.

1.2.2.1 Loss Functions and Optimality Criteria

Optimal estimators are filters that meet certain criteria, for example, the mini-
mum of a loss function. The type of loss function or any other type of criteria defines
the optimality. There are several types of loss functions for estimation, in this section
we will review a couple common ones. For more information on optimal estimation
see [39].

In signal processing, the mean squared error (MSE) is a common measure that
defines the quality of the estimate. The minimum mean squared error (MMSE) refers
to an estimate that minimizes the quadratic function associated with the MSE. The

cost function for the MSE is,

Elllex — &2y = / ok — &4l Plaslye)da (1.19)

The optimality criteria in this section has the states as unknown parameters; these

equations can also be formulated for parameter identification.
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The properties of the MMSE are that given the measurements y;, the MMSE

estimate is,

FMMSE — B (21 yr) (1.20)

The estimate is also unbiased,

E(ay""*") = E(E(xxlyr)) = E(x) (1.21)

The MSE cost function is minimized when the orthogonality principle is met,
meaning the estimate error is not correlated with the measurement. Being a necessary
and sufficient condition for optimality, the orthogonality principle is useful for finding

the MSE estimator. In mathematical terms the orthogonality principle states,

E((zr — Zr)ye) = 0
E((ze — ) =0

In the case where x; and y; values are jointly Gaussian the MMSE estimate is

(1.22)

a linear relation between the measurements and the states and can be written as,

E(@MMSEY — gy + b (1.23)

This is a consequence of summation of Gaussian functions and that x; and y;
can be collectively written as a multivariate normal distribution. Using the information
that the estimator in linear and Equations 1.22, the orthogonality principle may be
used to find the MMSE estimate.

Other possible optimality criteria include: Maximum a posteriori (MAP) or the

mode of the posterior distribution.

FMAP - —  argmazP(zy|ys)
Tk
P(yr|ar)P(xy)
= argmazx 1.24
o P(yx) -

= argmaxP(yg|zy) P (k)

Tk
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where the denominator is dropped because it is independent of x;. The advantage to
using the MAP estimate is that the estimation include prior and likelihood functions,
allowing the use of knowledge contained in various distributions. However, the posterior
distribution may be difficult to obtain in some applications, forcing the use of Monte
Carlo techniques to obtain the estimate. Even using a Monte Carlo approach to obtain
the MAP estimate can cause inadequate results when the posterior distribution is
multimodal. In the case where the posterior contains multiple peaks the MAP result
may not produce an accurate estimate.
Another optimality criteria is the maximum likelihood estimator (MLE),

FIE = argmazP(ylvy) (1.25)

Tk

When there are multiple measurements yg., then

BE = argmaz [Tiz, Plylzr) (1.26)

Tk
Taking the logarithm of the likelihood function, [, P(yx|zx), often provides
an analytic solution for the estimate which is identical to the MLE since the logarithm

is monotonically increasing.

FMLE = grgmax Y, log(P(yk|x)) (1.27)

Tk
Taking the derivative of Equation 1.27 with respect to xj, and setting the result

equal to zero will find the values x; that maximize this function.

1.2.2.2 Optimal Measurement Update

Two types of Bayesian filtering are used in practice: batch processing which
uses all available data and sequential or recursive processing. The advantages to the
recursive approach is that only new data is analyzed sequentially, so there is no need
to store all past data. The criteria used here for recursive Bayesian filter is the MMSE,

which will require infinite memory and infinite computational power when the Markov
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assumption cannot be made. However, if the Markov assumption is applicable a solu-
tion can be derived to obtain recursive, optimal solution. The procedure for estimating
a state using a sequential Bayesian filter is to first perform a time update of the state
using a prediction or smoothing model, then a measurement update using a new mea-
surement. Let us define x;, as the state we would like to estimate, Z;, is an estimate of
the state using the only the time update, y; is the measurement and ;. is the estimate

of the measurement using Zj. So the measurement model is as follows,

Y = Cl’k (1.28)

Uk = Cay, (1.29)

Where C € R™*, To find the optimal estimate of z;, we use the minimum mean
squared error criteria with a Gaussian assumption. The solution the the MSE criteria

is the expected value of the state using the posterior probability,

ilAik = E[azk|yk] (130)

And from Section 1.2.2.1 the solution to the MSE is linear when x; and y; are

jointly Gaussian, so we know that the solution is of the form,

Elzglye] = ayr + B (1.31)

The distributions of x; and ¥y are,

Play) = Wz)(—(mmﬂ) (1.32)

Ply) = Wﬂ—(ym;“) (1.33)

P(xy,yr) = m%p(—%) (1.34)
14
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Where X, ¥, and X, are the covariance matrices. Using Equation 1.31 and

finding the values of a and S that minimize the MSE cost function,

Will yield,
E(wilye) = Tr + ZeyZyy ™~ (v — G) (1.36)

And the covariance of the measurement update,

cov(xy — E(xglyg)) = Xow — ExyE;ylEfy (1.37)

Where 3, and 7, are the mean values of the measurements and states respec-
tively. This solution is the optimal estimate of x; given that xp and y, are jointly
Gaussian. In the non-Gaussian case Equation 1.36 provides the best linear estimate.
The best linear estimate is proven with the orthogonality principle, which states that

there is no other linear estimator of x; that outperforms Equation 1.36.

1.2.3 Kalman Filter

In the previous sections we have introduced Bayesian probability theory, the
recursive Bayes filter and estimation optimality. The Kalman filter deviates from the
generic Bayesian interpretation by making some assumptions on the model [40]. The
recursion in equations 1.16 and 1.17 will result in the Kalman filter when the noise
on the measurement model and the process model are jointly Gaussian. To compute
the value of E(xg|yx) the Kalman filter computes the minimum mean squared error
estimate. Thus, the Kalman filter is optimal in the mean squared sense for Gaussian
distributions and is the best linear estimator when the noise is non-Gaussian. The
Kalman filter assumes the following linear model, with a Markov assumption on the

process equation:

rp = Axi_1 + Bug +w
k k—1 k k (1.39)

Y = Oxk—ka
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where the first equation represents the process model while the second equation rep-
resents the measurement model. The z;, € R™™! is the state vector, uy is the known
input and y, € R™! is the measurement vector. The A € R™ " is the state transition
matrix, B € R™" is the input matrix and C' € R'" is the measurement state transi-
tion matrix. The w; and v, are Gaussian random vectors with zero mean, they have

covariance () € R™"™ and R € R™*", respectively.

Q = E[wyw!] (1.39)

R = E[vv} ] (1.40)

the processes and measurement noise are mutually independent;

E[wlvzr;] =0 (141)

and the state and measurement noise are mutually independent;

Elzwl] =0, Elxwl] =0 (1.42)

The measurement and process noise are also time independent, so,

Eluwl] = 025(1 — m), BElww?] = 625(1 —m) (1.43)

Where ¢ is the Kronecker delta function and ¢? and o2 are the measurement
and process noise covariance. In general, the correlations of states and noise can be

represented as,

wy Wiy, Qé(l —m) 0 0
cov( v |5 | U ) = 0 RS(I—m) 0 (1.44)
T T 0 0 Py

Where P, is the initial error covariance based off the initial condition and prior.

The notation for the state after a time update, the a priori estimate, and measurement
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update, the a posteriori estimate must be introduced. The state estimate at time k

after the time update is denoted as xy,—; with associated state error covariance,

Pyjg—1 = El(xy, — $k|k—1)[($k - $k|k_1)T|yk_1] (1.45)

While the state estimate and state error covariance matrix is denoted as wy
and Py = E[(zx, — Typ—1)[(xx — 2re—1)" [yx]. The corresponding distributions of state

estimates are,

(Tklyk-1) ~ N (@hjp-1, Prje—1) (1.46)

(k|yr) ~ N (kjk, Prr) (1.47)

The time update step of the discrete Kalman filter is calculated using the process

model in Equation 1.38,

CI?k|k_1 = E(xklyk—l) = AE(xk_1|yk_1) + Buk + w = A.’l?k_1|k_1 + Buk (148)
And the priori state error covariance,
Pk|k—1 = CO’U(CElclyk—l) = APk_1|k_1AT + Q% (1.49)

Where wu;, has no variance because it is a known input.
Since the noise on the state and measurement are jointly Gaussian distributions,
Equation 1.36 and 1.37 updates the state estimate and the state error covariance. The

a posteriori estimate of the state and covariance are,

E(xp|yp—1) = Trjp—1 (1.50)
cov(@k|yr) = P (1.51)
17
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The measurement mean and covariance,

E(yrlye-1) = CE(xklyp-1) = Coppe— (1.52)

cov(Yilyr—1) = E(Cag 4 vy — Cagp—1)(Cag + v — Cagp—1) = C Py CT + Ry, (1.53)

And the cross covariance of x; and yy,

E((xr, — wje—1) (e — Czge—1)" ly) = C P (1.54)

The complete measurement update is,

Tklk = Thlk—1 + CPk|k—1(CPk|k—ICT + Rk)T(yk — E(yklyr)) (1.55)
Py = Pyp—1 — Pijp—1CT(C Py CT + Rk)TCP]z[k—l
Where E(yi|yx) = Crgjp—1 and K, = C’Pk|k_1(CPk|k_1CT+Rk)T is the Kalman

gain.

1.3 Estimation of Censored Data

The Kalman filter presented in this Chapter is not able to provide optimal or
even unbiased estimates of the states when the measurements are censored. This is
because the assumptions for the Kalman filter are not met when the measurement
noise is censored. First, the measurement noise is not orthogonal to the state, meaning
the measurement noise is correlated to the state, more so near the censored region.
Secondly, the likelihood function of the censored distribution is flat when the state is

censored. See Chapter 3 for the censored measurement likelihood function.
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Chapter 2

CENSORED DATA IN STANDARD ESTIMATION

As discussed in Chaper 1, there exists many methods for estimation of nonlinear
systems. In this chapter, the performance of these algorithms when the measurement
model is the Tobit type 1 model is reviewed, but first, the performance of an estimator
using a linear approach is considered.

Censoring is usually not expected or not modeled as a nonlinearity in the sys-
tem. It can happen when an unusual disturbance causing sensor saturation or if a
sensor is calibrated to fit the dynamic range of the data acquisition device but the
measurement noise causes clipping. In these cases, a linear estimator produces biases.
For example, for inertial navigation devices the inertial measurement unit (IMU) is
calibrated in a laboratory environment for the conditions that are expected when used
in the field [41] [42] [43]. If, for some reason the conditions change or an unexpected
motion is observed with velocity, magnetic field or acceleration; the sensor may go
into saturation. Motivated by this problem, we will briefly illustrate the advantage
to including censoring in the dynamic model by using a Kalman filter to estimate a
constant value within the dynamic range of the sensor. Consider a stationary variable
with value 0.5. The measurement is subject to zero-mean Gaussian additive noise with
variance of 1, left censored at 0. This is Equation 1.38 with Cz, = .5 and v, ~ N(0, 1).

The standard Kalman filter converges to the expected value of the censored
observation y;, or approximately 0.65, or a bias of almost 30% despite the fact that the
mean value is above the censoring limit. If we consider the alternative formulation of the
Kalman filter [25] [26], and treat the censored measurements as missing measurements,
then the filter converges to the expected value of 1.01, for a bias of over 100%. The

results of the two methods are shown in Figure 2.1.
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Comparison of State Estimators
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Figure 2.1: Comparison of linear state estimation with censored measurements using
the Kalman filter and the Kalman filter with intermittent measurements

The bias in both of these methods would propagate into the state estimate,
causing subsequent errors in a controller, or even instability. To obtain unbiased esti-
mate of the state, the Tobit model nonlinearity must be accounted for in the estimator.
There are many types of nonlinear estimator, all useful in wide ranges of applications
and designs.

There are several nonlinear estimators possible with censored measurement mod-
els. Of these approaches, the most computationally expensive but accurate would be
the particle filter [32]. However, the particle filter is difficult to implement when com-
putational power is limited, as in embedded systems. Other less expensive techniques
explored in this section are the EKF and the UKF [40] [44] [45] . Comparisons be-
tween the UKF and the EKF have been made in [46]. The EKF is the most widely
used alternative to the Kalman filter when the model is nonlinear [47]. The EKF uses
the Jacobian of the nonlinearity to update the state and measurement covariances.

Convergence is not guaranteed, the EKF will diverge when the linearized transform is

20

www.manharaa.com




not sufficiently accurate, so the performance varies with model type and state location.
The motivation behind creating the UKF [48-50] was to provide an alternative to the
EKF which would not suffer from the EKF convergence and linearization issues. The
UKF works by performing a statistical linearization around the state estimate, which

is meant to improve convergence.

2.1 The Extended Kalman Filter
The discrete-time EKF' starts with the model,

T = fr-1(Tp, Up—1, Wg-1)
Yr = hy (g, vk)
wy, ~ N(0,Qy)
v, ~ N (0, Ry)

(2.1)

The fy_1 is assumed to be linear in our example, so fr_i(Tg, Up_1,Wk_1) =
Axp_q1 + wy, the nonlinearity is restricted to the measurement model h;. Because of
this, the state update equations of Equation 2.1 are linear, the EKF is the same as
the linear Kalman filter state update equations and are optimal. See Chapter 1 for the
equations of Kalman filter update.

The correction step using available measurements is,

Ky = Py HE (Hy Py Hi + My Ry M) ™
T = Trjk—1 + Ki(ye — hi(2, 0)) (2.2)
Pue = (I — Ky Hy,) Pyjp—y

With,
Ohy,
=90 o
Ohy
Mk - % Thklk—1
In the censored region h(y; > 7,0),
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oh

B oy = CTHlE-1
Ohy, B
% Thklk—1
In the region h(y; < 7,0),

Ohy, B
Oz \TRp-1
Ohy, B
E Thlk—1 o

and is undefined at at the threshold, 7.

2.2 The Unscented Kalman Filter

The UKF is based on the unscented transform, which is a statistical linearization
approach using deterministic sigma points. The purpose of the unscented transform is
to better approximate mean and covariance through nonlinear transformations. Fur-
ther, in [51] [52], the argument is made that the unscented transform can approximate
discontinuities in the nonlinear function, which linearized methods cannot achieve.
The basic idea behind the unscented transform is that the distribution of a nonlinear
function is better approximated using deterministic set of sigma points, s, than to
approximate a nonlinear function by Taylor expansion. To define the UKF, the sigma

points must be defined, there are p + 1 sigma points, with weights W (i) that satisfy,
p
> W) =1W(i)>0i=0,1,...,p (2.3)
i=0

The set of points that satisfy the above condition include,

(i) = & + (VNU,)

=
~.

~—
I
|-

2N (2.4)
2(i) =& — (VNT,)
W(i+N) =55
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Where N is the length of the vector, x and V¥, is the covariance of x
Each point is sent through the nonlinear transform, here, h represents our mea-

surement model in Equation 2.1.

y(i) = h(x(i)) (2.5)

And the mean is taken as a weighted average,

i= > W) (2.6

The covariance is calculated in a similar matter, a weighted product of the mean

points corrected by the weighted average,

P
WRE =W (i) (y(E) — 9)(y (i) — 9)" (2.7)

i=0
In the censored measurements model, or any other type of piecewise measure-

ment model the sigma points may cause biased results in the output mean and covari-

ance near the discontinuity. For example, for the model,

yr = Tk + vy v ~ N(0,q)
v, T<UYi (2.8)
Y =
T, otherwise
We look at the unscented transform from x; to yi, where z, is the deterministic
input and y; is the output with additive noise and censoring at a lower limit 7. We will
show that the unscented transform only gives accurate measurement uncertainties when
the sigma points represent the discontinuity well or when they are far from a censored
region. For example, if we select sigma points such that N = 1, p = 3, the elements of
Z which will converge to the linear Kalman filter but be biased if 7 < (40 ), Where

2 (i10) is the outermost sigma point and closest to the censored region. The effect of

the bias on the measurement error covariance and expected measurement will be,

Bias"EE = ®(1,7,q) > € (2.9)
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With the normal distribution represented by,

(z=p)?
O(@,j1,0) = SJge” 2
e _@ew? (2.10)
CD([L‘,M,O’) = o2 f—ooe 27 da’

where € is a small value which represents tolerable measurement bias when censoring

is present [53]. In most applications where there is censoring the BiasVXF

is always
present because the normal distribution extends from —oo to +o00, but the effects are
minimal unless the expected measurement is near a censored region. The UKF will
provide a better measurement error covariance estimate when the sigma point span the
discontinuity. In Figure 2.2 we have the measurement uncertainty vs threshold limit
as given by the UKF in a case where measurement noise on the latent variable v, ~
N(0,1), and z, = 0, according to Equation 2.8. Because the tails of the distribution
are not represented, there exists large discontinuities at the locations of the sigma
points around the mean of the measurement.

The bias is caused by the tails of the noise distribution, however if the discon-
tinuity caused by censoring lies between sigma points there will also be a bias in the

measurement noise covariance. This issue will be mitigated if the number of sigma

point is increased, however, the estimate will not be consistent.

2.3 Particle Filter

Particle filter, or Bootstrap filtering is a sequential Monte Carlo technique that
estimates the posterior density function using a Bayesian recursive framework. A set
of weighted particles represent the sample distribution of the posterior density at each
time step. Using the weighted particles representing the posterior distribution, an
estimate can be made. The weights are the product of a recursive relation which we
will derive here, it turns out that they are updated based on the likelihood of the
observations given the particle location. The advantages to particle filtering is that
there are no restrictions on the system or observation model or their corresponding

distributions. The number of particles greatly effects the performance of the particle
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Figure 2.2: Measurement uncertainty as calculated by the UKF vs threshold limit
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filter but can also be the cause of severe computation burden. As the number of
particles increases the closer the estimator gets to providing the optimal estimate.

A disadvantage to the particle filter is that when applied to high dimensional
systems [54], the function updating the weights tends to collapse if the dimensionality
is high. This collapse of weights is an inherent problem with particle filtering and
occurs when the effective sample size representing the posterior gets too small. The
fix for the collapse of the sample weights is to re-sample the posteriori distribution,
applying one of the many different types of resampling techniques [55]. Another issue
associated with high dimensional systems is the design of the weight update function.
The weighting function for a single state is influenced by all observations, even when
the observations and states are mostly independent from each other. In this case, the
posteriori distribution calculated by the particle filter under estimates the uncertainty

in the states. To obtain good performance using a particle filter in higher order systems,
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the number of particles should increase exponentially with the systems size [54].
To find the recursive relation to estimate the state from a hidden Markov Model,

extending from Section 1.2.1,

P(yr|zo, Y1) P(Tok| Y1)

Plooslyie) = P(yklyr:e-1)
 P(yrlmow, yir—1 P(@i]zon—1, y1a—1) P(Tom—1|y1:6-1)
B P(yklyrr—1) (2.11)
_ Plyklzr) P(oy]zr—1) P(@os—1]y1:4-1)
B P(yrlyra-1)

o P(yk|lzy) P(zr|ze—1) P(Tok—1|Y1:6-1)

The posterior density is represented by {z?..,w?,}~%,, which is a randomly
generated set. The z, is the set of all states up to time &, and have weights w,,.

From this random set we can approximate the posterior density to be,

Np
P(woxlyie) = Y wid(@or — wh) (2.12)
=1

The weights are chosen by an importance sampling method [56]. Importance
sampling is a technique for estimating statistics of an unknown distribution by using
a known distribution, see [57]. The idea behind importance sampling is that regions
in the probability distribution with high importance are given a higher weight. Using

importance sampling the weights in Equation 2.12 are equal to,

i P('Té:klyl:k)
q(5.p|y1:r)
Where ¢ is the importance density and is the density we are sampling from, while the

(2.13)

numerator in Equation 2.13 is referred to as the nominal distribution.
The distribution P(x}, |y1.), is known, let z% ~ q(z}..[v1.%),7 = 1, ..., Np be the
samples that are generated, also known as the importance density. The importance

density is factorized as follows,

q(xlyrr) = q(vx|Ton—1, Yy1#)q(Tok—1|y1.6-1) (2.14)
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where the augmented state density function allows for q(zx|y1.x) to be estimated by
multiplying the estimating sample distribution by the new probability distribution,
q(zk|To.k—1,y11). Using Equation 2.11 and 2.14 in Equation 2.12,

P(yﬂx%)P(m};|x};_1)P(x0:k_1|y1:k_1)

Q($k|$o:k—1; yl:k)Q(5UO:k—1 |y1:k—1)
P(yr|og) P(og|zg1)

Q($k|$o:k71,, Yi:k)
P(yglzx) Pz |75-1)

Q($k|$k—1; yk)

(2

wi_, (2.15)

W1

where the weights are normalized, ZZNP wi = 1.

The optimal proposal distribution is,

q(xpler—1, yp) = P(xk|er—1, yi) (2.16)

where the transition prior probability obtained from the dynamical or time update

model, Equation 2.17, is often used as the importance function.

q(z|Tr—1,yx) = P(xg|xr_1) (2.17)

The weight update in Equation 2.15 suffers from a degeneracy problem, which is

the collapse of particle weights onto one particle. The degeneracy problem is solved by

re-sampling the particles where particles with small weights are eliminated, replacing

them with particles that have higher weight. This is not done every iteration, but

done when the effective sample size falls below a predefined value. An estimate of the
effective size is,

Negp = < Np (2.18)

where Nr is the predefined limit.
The three filters described in this chapter are meant to work in broad applica-
tions of nonlinear systems. The Tobit Type 1 model is a unique system in that it is

linear when the measurements are not near a censoring region. As such, the censoring
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model can be viewed as a linear system followed by a static nonlinearity. In this ap-
plication, the noise term on the measurement is subject to nonlinear transformation,
so nonlinear estimator routines relying on yx = h(xy) + vy rather than y, = h(z, vg)
will not be applicable. Because the Tobit Model has an underlying linear system, it is
proposed that there exists an approximate linear estimator. The next Chapter derives
this filter, using a single assumption on the predictability of censoring. Alternatively,
the particle filter performs the best for censoring systems though it has some disadvan-
tages including computational and convergence restraints, that will be discussed in the
simulation section. The EKF does not treat censoring as a smooth transition between
regions, resulting in an undefined Jacobian at the threshold limit while the UKF is

proven to be biased near the censoring region.
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Chapter 3

THE TOBIT KALMAN FILTER

In this Chapter we will derive the Tobit Kalman filter by first formulating the
problem as a linear system followed by the static, censoring nonlinearity. Then, the
Tobit model statistics will be used to find the innovation needed for the recursive
estimator, along with an analytic expression for the measurement variance. Finally,

the Tobit Kalman filter gain will be derived to complete the linear estimator.

3.1 Problem Formulation

To define the censoring problem consider the evolution of a scalar output state

sequence as,

xp = Axp_1 + Bug + w1

*=Cxp+v
Y BTE (3.1)
Yps Yp>T
Yk =
T, Yp<T

x, € R™! is the state vector, uy, is the scalar input and y;, is the scalar measurement
The A € R™™" is the state transition matrix, B € R™ ! is the input matrix and
C € R is the measurement vector. The wj and v, are Gaussian random vectors

with zero mean, they have covariance @ € R™" and R = o

, respectively, where o
is the standard deviation of the measurement noise. The Kalman filter is optimal in
the Gaussian sense; however when the noise distribution on y; is a censored Gaussian,
the filter is suboptimal; and since the noise is correlated to the state value, there is

a violation of the assumptions of the Kalman filter. The closer the state is to the

threshold value the more censored the Gaussian distribution on y; becomes.
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3.2 Problem Formulation for the Tobit Case
Using Equation 3.1, we define y;, as the censored observation and y; as the latent

variable. The probability distribution of a censored variable with normally distributed

noise is:
Flonles) = 2o T yuty — )+ 5r - ya(C) (39
where
O - e 5:3)
and
@(“‘TC:”’“):/Z V%e_%*;fgﬁdzk (3.4)

are the probability density function and the cumulative distribution function of a Gaus-
sian random variable whose mean is C'zy. § is the Kronecker delta function. The u(c)
is a step function and is equal to u(a) = 1 when o > 0 and u(«) = 0 when a < 0.
The delta function at 7 — y, is present when measurements at the censoring limit
are recorded. The delta function is absent in a Tobit type 1 model that has missing
measurements when they are censored, this is referred to as the truncated model.

The likelihood function for the standard Tobit model is,

p=TT0 - o= T o= (35)

Yp<T YT
as formulated by Tobin in his pioneering work [2].

The expected value of the measurements when uncensored is given by:

(=)

+oo ¢
By > roan o) =0t [ et s
G ) (3.6)

= Cxp+ oA(1 — Cxy) /o)

this differs from the true value of the latent variable by a bias of o A((71—Cxzy)/0)
where (o) = —29L_ ig the inverse Mills ratio (IMR) [14].

- [1=2(a)]
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The expected measured value when both uncensored and censored measure-

ments are included is:

E[yk|xk|k7170] = Plyr > Tlxk|k7170]E[yk|yk > T, 1’k|k7170-]
+P[yk = Tlxk|k—170]E[yk|yk =T, $k|k—1,0] (3-7)
= @(%)[C’xk + o A(1 — Cxy) /o)) + @(#)T

The variance of the expected measured value is derived in [58] and can be written

as:
Var(yelye > 7,21, 0] = E[Z/;%Wk > T, Tk, 0] — [Elyrlye > 7, ZCk;U]P (3.8)
Elilyr > 7,21,0] = 0_1; /+0° 2p(F92E)dz (3.9)
k ’ ’ 1— (I)(T—UCa:k) . o
SO
9 T—Czy

Varlyglyx > 7,28, 0] = 0°[1 — 5(7)] (3.10)

where
(7=Crs) = \(TCom)[\(Cm) — (7Cm)] (3.11)

Note that Var|yg|zy, o] = Varlyelye > 7, 2k, o] since Var[yx|yx < 7, 2%, 0] = 0.

3.3 Derivation of the Tobit Kalman Filter
The Bayesian derivation of the Kalman filter is found in [35]. The Bayesian
filter under a Markov assumption computes the state estimate Z;, of the true state xy,

at time k given measurements y;. The Markov assumption states,

P(zi|yr.--yo, Th—1.-20) = P(zk|ys, Th—1) (3.12)

and the conditional probability of the measurements is,

P(yi|yr—1---Y0, Tg-..xo) = P(yr|zk) (3.13)
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For a Kalman filter we are interested in how the measurements are projected

on the state estimates and future state estimates. The distribution of interest is

Poslyin ) / Plarlae ) P(ae |y 1)dzr (3.14)

or is the predict step of the filter. The update state may be written as

Plaslyn) = Tl (319

The recursion in equations 3.14 and 3.15 will result in the Kalman filter when

the noise on the measurement model and the process model are jointly Gaussian. To
compute the value of F(zg|yx) the Kalman filter computes the minimum mean squared

error estimate which is,

Ty = E($k|yk) =T + K(yk — gk) (316)

where 7, and 7, are the expected values of the measurements and states respec-
tively and K is the gain that updates state estimates with measurement error.

In the censored measurement model however the noise is a censored Gaussian in
the measurement equations, resulting in the distribution given by Equation 3.2. This
noise function results in a nonlinear relationship between the measurements and state
values, Equation 3.16 does not hold. In the next section, we develop an alternative up-

date schedule which recursively calculates E(xy|yx) for Tobit censored measurements.

3.3.1 The Tobit Kalman Filter

In Section 3.3 we have reviewed the basis of the Kalman filter using Bayes’ rule.
In this section we derive the Kalman formulation for Tobit censored measurements.
The derivation is similar to the derivation for the standard Kalman filter; however,the
censoring results in new definitions for the measurement residual, and consequently for

the optimal Kalman gain and the estimated state covariance. Below is the notation
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for our model with the state x; € R™!, and y, € R™*! being the measurement on

the system.

Xx = AXy 1 + Wik_1
Yie = Cxact i (3.17)

Yio Yk>T

T, yu<T

The matrix A € R™" is the state transition matrix, C € R™*" is the mea-

Yk =

surement model and 7 € R™*! is vector of threshold values. The noise wy and vy
are zero mean white Gaussian noise with covariance matrix Q € R"*” and R € R™*™

respectively.

3.3.2 The Predict Stage

The prior estimate of the state and it’s probability distribution may be written
P(Xk|k—1|Yk—1) [ N(E(Xk|k_1), Var(xk|k_1)) (318)

where xy_1 € R™ 1! is the state estimate vector of xj given all estimates and mea-

surements up to time k — 1. The predict equation of the state may be written as

E(xkk-1|yk-1) = E(AXk_1jk-1 + Wk) = AXp_qjk-1 (3.19)

Xk—1|k—11S the estimate of x,_;. The state error covariance given measurements

and state information up to time k£ — 1 may be written as

COV(Xk|k_1 — Xk) = COV(AXk_1|k_1 + Wi — AXk_l)
= AVar(xi_1x-1)AT + Q (3.20)
=AU, kAT +Q

where Q is the model covariance matrix and Wy_y—; is the previous a posteriori

estimate of the state error covariance.

33

www.manharaa.com




3.3.3 The Update Stage

The optimal Kalman filter must minimize the state error covariance, Wy. The
update stage corrects the state estimate using current measurements. The update step
will reduce the state error covariance, whereas the predict step will result in a widening
of the state error covariance. The Kalman correction step to obtain the current estimate

given all observations up to time k£ may be written as

Xk = Xkk-1 + Ki(yx — E(yx|Xk, Yk-1)) (3.21)

The value of E(yi) was calculated for a scalar case for a censored value in
Equation 3.7; in this notation E(yy|xx, yx_1) € R™*! is a vector, denoted as E(yy) for
the rest of this section. Each scalar component of E(yy) can be censored at any given
time and will have different threshold limits 7 = [T(1), 7 (2), ..., T (m)] with T (1), yx()
representing the [th component of arrays 7 and yy respectively.

Ky in Equation 3.21 we minimize the state error covariance,

\I’k|k = COV(Xk — Xk\k) (322)
= cov(xk — Xkk-1 — Kk(yx — E(yx)))

A Bernoulli random variable will be introduced to model the occurrence of a

censored measurements vs an actual measurement. The variable py(l) = 1 when the

measurement is not censored and pg(l) = 0 when the measurement is equal to the

threshold value. The measurement model can be written as

1, Czp(l) +ve(l) > T()
pe(l) = (3.23)
0, Cxp(l) +vi(l) <T()
At any given time step the measurement will represent the state by Cxy,(1)+v (1)
with probability E(px(l)). In matrix notation the Bernoulli random matrix will be

Rm)(m

diagonal py € so the measurements are given by,

Yk = Pk(Cxk + Vi) + (Imxm — P)T (3.24)
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where I, «m is is the identity matrix. Substituting into Equation 3.22 yields

‘Ilk|k = COV(Xk — Xk|k)
= cov(xk — Xkk-1 — Ki(pk(Cxik + vi)+ (3.25)
(Imxm - pk)T—E(Yk)))

To simplify the notation in the derivation we set the Kalman error to

Yk = Pk(Cxk + Vi) + (Imxm — Px)7 —E(yx) (3.26)

so the covariance of the state estimate becomes

Uk = E((xk — Xik-1 — Ki¥k) (xk — Xix-1 — Kkyx) ")
= W1 — B((x — xik-1)¥i0 ) Kic (3.27)
—KyE(Jx(xk — xkk-1)T) + Kk E(7wyit ) Kit

with

U1 = E((x — Xage-1) (Xk — Xiqr—1) ") (3.28)
Rsg,, = E((xx — Xi-1)¥5 ) (3.29)
Rys. = E(7iyx) (3.30)

Next, we take the trace and the derivative of equation 3.27 and set the result

equal to zero to find the optimal Kalman gain.

Tr(Pyx) = Tr(Pigp-1) — 2Tr(Rey, K

+Tr(KRyo, KF
) ( kityyx k) (3‘31)
deTr(‘IIRIk) = —2TI'(R5<§,k) + ZTI'(Kk ~5"k)
Ky = o,

which results in the familiar projection equation. In a standard linear Kalman filter

the values of Rgy and Ryy are functions of ¥, H and R. Because our measurements
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are not linearly related to the state vector in or around a censored region we must

explicitly find values for Rgy and Ryy. The function for Ry is,

Rzy. = E((xk — Xkk-1)((Cxxk + Vi) TPk +T T (I;mnxm — Px) — E(yx)T))
= E(xxfCTpy) + E(xxvipr) + EXT T (Inxm — Px))
—E(x1)E(yi)" — E(xii-1%¢ CTpi) — E(Xu—1Vy Pr)+
E(Xk|k—1Tr(Imxm - Pk)) - E(Xklk—l)E(yk)T

(3.32)

The probability of the measurement being non censored is a function of the
distance between the latent measured variable and the threshold value. The expected

value of pi(l,1) may be written as

Canll) = T()
o)

Where Czy(l) is the [ element of the measurement vector and o(l) is the

E(pr(l,1)) = & ) (3.33)

variance of the noise on that element. In principle, this requires knowledge of the true
state value. The following assumption allows us to relax this dependence and use the

estimated state value instead.

Assumption 1
We assume that the state prediction permits a sufficiently accurate estimate of

the probability of censoring:

x — Cz — 77—
B(pi(l,1)) = (C5T0) ~ (o)1) (3.34)

Assumption 2
In most applications the R matrix is diagonal, meaning the measurement noise

independent amongst measurements. Because of the commonality of R being diagonal
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we will restrict our derivation to this case. Extending the derivation to a model with

off-diagonal R elements is straight forward, but notationally cumbersome.

cov(yk(d), ye(l)) =0V d # 1 (3.35)

3.3.4 The Update Stage, continued
The above assumptions allows us to estimate py at each iteration and obtain
values of Rgy and Ree without the knowledge of xx. Where Assumptions 1 and 2 hold,
@(kalkfl(l)_T(l))

(1)
P ka|k—1(2)—T(2))

E(px) = Diag @ : (3.36)

(I)(ka|k—1(m)—7'(m))

o(m)
Revisiting Rgg,., and using E(Xyx_1Vy ) = Onxn since vy is uncorrelated white

Gaussian noise and E(xyk-1) = Xxk-1, E(Xx) = Xix-1 and

E(xixy ) = B((xx — E(xii-1)) (3 — E(xiie-1)) ")
+E(x ) E(xi) " (3.37)
= Wy-1+ Xk|k—1XE|k_1

The value of Rgy, is,

Rsy, = (Pigr—1 + Xigr-1%p 1) CTE(py)

X1 T " (Tnxm — E(P)) — Xupe—1E(yi) ™

—Xik-1% 1 CTE(Pi) (3.38)
+Xik-1T T (Imxm — E(Px)) + Xkx-1E(yx) ")

= i 1CTE(py)

Repeat the above steps, using the assumptions along with the definition of E(y)

to compute Ryg.

Ryg, = E(pi) C¥yi—1 CTE(pi) +E(pvicvy i) (3.39)
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Where E(pivivi pr)T is the analytic value calculated in Equation 3.10. If Assumption

2 holds, this is a diagonal matrix written as:

Var(y(1)|zgpp—1(1), o(1)]

Var{ye(2)|zgr-1(2), 0(2)]

E(PkaVEpk)T = Diag (3.40)

Varlys(m)|zgr—1(m), o(m)]
where Var[yy(i)|Tgr—-1(7), 0(i)] is calculated according to Equation 3.10. Substitut-
ing this optimal Kalman gain Equation 3.31 into Equation 3.27 yields the simplified

covariance update equations:

Yk = (Imxm — E(Pr) KkC) W1 (3.41)

The complete Tobit Kalman filter is:

Xkk-1 = AXp_1k-1

U1 = AT 11 AT+ Q (3.42)

Xkk = Xkk-1 T Ris’kRj;;k (yx — E(yx))
Ui = (Inxm — E(Pu) Rz Ryg, C) i1
where Rgy, is given by Equation 3.38, Ryg, is given by Equation 3.39, elements of
E(yx) where we set Xy = Xy—1 is given by Equation 3.7, and E(pg) is given by

Equation 3.36.

3.3.5 Statistics of Right Censoring
Following from the derivations above, but switching from a low threshold to a

high threshold will result in the following probability distribution of the measurements,

Y — Cl‘k T — C:L'k

Flonden) = ~0(E— e = ) + 00 — ) (1 - BT

) (3.43)

See Figure 3.1 for the probability distribution function of a right censored mea-

surement.
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CXk 1

Figure 3.1: Probability distribution of a right censored measurement

The expected value of the measurements is;

T z—Cuxy,
E(yelye < 7, 20,0) = 0_1/_ Z%dz -
=Czp —oN(Cxy —71)/0)

The expected value,

Elyr|vgp—1,0] = Plye > T|xk|k—170]E[yk|yk > T, $k|k—1,0]
+Plye = T|Trp—1, o) Elyr|ye = 7, Tpjp—1, 0] (3.45)
= O(=9m)[Cay, + oA(Cay, — 7)/0)] + B(C2T) 7
And the variance,

Cxp—71

Varlyrlyx > 7,21, 0] = 0*[1 — 9( )] (3.46)

g

39

www.manharaa.com




Using the statistics presented in this section, the Tobit Kalman filter for right

censoring can be implemented.

3.3.6 Statistics of Saturation Censoring
Saturation censoring will be the case when there is left and right censoring
present in the measurement model. To define the left and right censoring problem we

consider the evolution of a scalar output state sequence as,

T = Arp_y + Wiy

yp = Cxy + vy
Vs  Tiow < Y < Thigh (3.47)
Ye = Tiows Yr < Tlow
Thigh Yy = Thigh

It is important to note that the saturation censoring we are presenting in this
dissertation is assuming that the Gaussian noise on the measurements, or the distur-
bance on the system, will never cause the latent variable to jump from the region
Yi > Thigh tO Yj < Tiow Without passing through the uncensored region. One major ap-
plication when the occurrence of y;; > 705 then y; ., < 7j4,, Without a measurement in
the uncensored region would occur is in a computer vision tracking application where
a target in an image frame exits the field of view on one side and reenters the field
of view on the other side of the frame. This is another type of censoring that is not
discussed in this paper.

Using Equation 3.47, we define y; as the saturated observation and y; as the
latent variable. The probability distribution of a saturated variable with normally

distributed noise is:

—C
o) = ~p(Mm

Ju(yr — Tlow)u(Thz‘gh — Yk)

- C%k)

~ (3.48)
)+ 8(Tiow — y) (=
See Figure 3.2 for the probability distribution function of a saturated measure-

Cxp — T
+0(Thigh — fl/k)‘ww .

ment.
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Figure 3.2: Probability distribution of a saturated measurement

To calculate the expectation of the measurements we first must find the proba-
bility of a measurement being uncensored, p,., the probability of being censored from

above, py, and the probability of being censored from below, p;.

Thigh _ . _ —
b= [ E s — T (R 2 E) (59

Tlow

Tow  » — Cx Tiow — CT
Piow = / ¢(T’“)dz = @(%) (3.50)
> z—Cx —Cxzx
Thigh
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The mean of the measurements when the measurements are not censored is

given by:

Thigh
E(Ye|Thigh > Yk > Tiow, Tk, 0) = (o'puc)_l/ ng(@)dz
Tiow (3.52)

= ka - UA(Thigha 7-low)
Pue 18 @ normalization factor in the uncensored region. This expectation differs

from the true value of the latent variable by a bias of o A(1},,7;) where,

Thigh—CT\ 1 (Tjow—Crg
G(—) — p(Hen=2E)
Puc
The expected measured value when censored measurements are included is:,

)\(ThighyTlow) = (353)

Elyklre—1,0) = PlThigh > Yk > Tiow) E[Yk|Thigh > Yk > Tiow)
+P[yk < Tlow]E[yk|yk < Tlow] (354)
+P[Thigh < Yl E1Yx|Thigh < Yi]

In the above expectations and probability distribution functions the w1, 0 is
dropped for notational purposes, we write P(a|zg,—1,0) as P(a). The remaining two
expectations are Eyg|vr < Tiow] = Tiow a0d E[Yk|Thigh < k]| = Thign

The variance of the expected measured value is derived below:

Va?"[yk|7'high > Y > Tiow| =

(3.55)
E[yg‘Thigh > Yk > Tiow) — [E[yk|7high > Yk > Tlow]]2
With the first term being,
2 -1 1 Thigh 2 (z—Cuxy,
Elyie|Thigh > Y > Tiow) = 0 p_ z d)(T)dz
uc Tlow

= (C.’K}c)2 + 0'2 — chk)\(Thigha Tlow) (356)

_}_Uﬁowd)(Thighg_cmﬂC ) - Thigh¢(Th_ka )

Puc
Note that Var(yk|zi, o] = Var[ye| Thigh > Yk > Tiow| since Variye|yr < Tiow, Tk, 0] =

Varlywlye > Thighaxkao-] = 0.
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3.4 The Tobit Kalman Filter for Saturation

In the previous section we have defined the statistics of a saturated measure-
ment. In this section we derive the optimal Kalman formulation for Tobit censored
measurements using a linear estimator, resulting in a predict and update stage of the
Tobit Kalman filter for saturated data. The derivation of a Tobit Kalman filter for sat-
uration is different than the left or right censoring estimator because the measurements

cannot be modeled with a single Bernoulli random variable.

3.4.1 The Predict Stage

The prior estimate of the state and it’s probability distribution may be written
P (xkjk-1) ~ N(E(xkk-1), Var(xxk_1)) (3.57)

where X1 € R™ ! is the state estimate vector of xj given all estimates and mea-

surements up to time £ — 1. The predict equation of the state may be written as

E(xkk-1) = E(Axk_1jk-1 + W) = AXy_qjk-1 (3.58)
Xk—1|k—118 the estimate of x,_;. The state error covariance given measurements

and state information up to time k£ — 1 may be written as

CoV (Xkk-1 — Xk) = COV(AXy_qjk—1 + Wik — AXy_1)
= Acov(xx_1k-1 — Xk-1)AT + Q (3.59)
= A‘I’k—l\k—lAT +Q

where Q is the model covariance matrix and Wy_j—y is the previous a posteriori
estimate of the state error covariance. Again, the predict stage remains the same as

the standard Kalman filter.

3.4.2 The Update Stage
The optimal Kalman filter must minimize the state error covariance, Wy. The

update step shown below will minimize the state error covariance,

Xik = Xik-1 T Rag Ryg, (v — E(yi)) (3.60)
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This is a linear estimator that minimizes the mean squared error, as seen in
Chapter 1. To obtain our estimate of xjx we must have the values of yy, Rgy, and
Ryg, where Rgy, is the cross covariance between the Kalman error and the state and
Ry, is the variance of the Kalman error. Both Rgy, and Ryy, will be defined in the

upcoming paragraphs.
Riy, = E((xk — Xk\k—l)(}’k - E(}’k))T) (3.61)

Rys. = E((yk — E(i)) (v — E(y)) ") (3.62)

The value of E(yx) was calculated for a scalar case for a censored value in

Equation 3.54; in this notation E(yy) € R™! is a vector, in which each scalar

component can be censored at any given time and may have different threshold lim-

its Thigh = [Thigh(1); Thigh(2), - Thign(m)], Trow = [Tiow(1)s Tiow(2); ---; Tiow(m)] with

Thigh (1) Tiow(l), yi(l) representing the [th component of arrays Thigh, Tiow and yx
respectively.

To find Ky = Ri&kR;;k in Equation 3.60 we minimize the state error covariance,

Wik = cov(Xyx — Xk|k) (3.63)
= cov(xx — Xkk-1 — Ki(yx — E(yx)))

Three Bernoulli random variables ((,£, v) will be introduced to model the oc-

currence of a censored measurements at Tpign, Tiow and a measurement of the latent

variable when it is in the uncensored region respectively. The variable (;(I) = 1 when

the measurement is censored at Tg, and (;(I) = 0 when the measurement is not equal

to the threshold value. The measurement model for the Bernoulli variables are,

0, Cxi(l) +v(l) < Thign(l)

D) = 1, Cap(l) +ve(l) < Tiow(l) (3.65)
0, Cai(l) +ve(l) > Tiow(l)
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1, Tow(l) < Cxp(l) + vi(l) < Thign(l
D) = tow (1) k(D) + (1) < Thign(1) (3.66)
0, otherwise
At any given time step the measurement will represent the state by Cxy(1)+uv (1)
with probability E(v4(l)). In matrix notation the Bernoulli random matrices will be

diagonal ¢, € R™ ™ & € R™™ 1 € R™*™s0 the measurements will be arriving by

the following equation

Yk = k(Cxk + Vi) + CkThigh + &k Tow (3.67)

Substituting into Equation 3.63 yields

‘Ilk|k = COV(Xk — Xk|k)
= cov(xx — Xik-1 — Ki(vk(Cxy + Vi) (3.68)
+Ck Thigh + +£xTiow))

To simplify the notation in the derivation we set the Kalman error to
yk = Vk(CXk + Vk) + Ckﬂligh + gkﬂow - E(Yk) (369)

so the covariance of the state estimate becomes

Uk = BE((xk — Xie-1 — Ki¥k)

(Xk — Xklk-1 — ka’k)T)

(3.70)
= i1 — E((x — xue1) ¥ ) K
Ky E(Fi(xx — xi-1)") + Kk E(Giyi ) Kip
with
Wik-1 = BE((xx — Xujk-1) (Xx — Xk|k—1)T) (3.71)
R, = B((xk — Xiqe-1)3%) (3.72)
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Rys. = E(i¥ic) (3.73)

Now we need to find the values for Rgy and Rgy. The function for Rgy is,

Rzs, = E((xk — Xiqk—1) (e (Cxic + i)
+CThigh + & Tiow — E(yi)) ™)

= E(xk(Cxy + vi)T1if) + E(Xkﬂl?ghcg)

+E (XK Tiowéic ) — EGE(yi)T)
—E(xX-1(Cxic + vid) "14¢ ) — E(Xui—1 Tl )
—E(xii-1Tiowéic) + E(xiqe-1E(yi) T)

The probability of the measurement being non censored is a function of the

(3.74)

distance between the latent measured variable and the threshold value. The expected

value of (x(1,1), &(1,1) and v4(l,1) may be written as

Cay(1) = Thign(1)

) (3.75)

fﬁow(l) B ka(l)
o(l)

E(&(l,1)) = ®( ) (3.76)

Wzigh(l) - ka(l) - 7Zow(l) B ka(l)
o(l) )~ o(l)

Where Cz(l) is the I element of the measurement vector and o(l) is the

E(u(l,1)) = @

) (3.77)

variance of the noise on that element. The above equation require knowledge of the
true state value, the following assumption allows us to relax this dependence and use

the estimated state value instead to obtain values for Rgy, and Ryy, .
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Assumption 1

We assume that the state prediction is a sufficiently accurate estimate of the

probability of censoring from above or below:

Cr(l) = Trign(l) Cpp—1() = Thign(l)

B(G (1) = @5 ) s @SSRS TS (378)
E(ﬁk(l, l)) _ q)(ﬁow(l) — ka(l)) o~ (I)(,ﬁow(l) B C:L'k|k—1(l)) (379)
o(l) o(l)

" _ Thigh(D=Cxi()\ g ( Tiow () =Cxy (1)
B(n(l,1) = ®(Twlocnl))  g(TuullCnl) 550,

@(’Thigh(l);(cg)zk\kfl(l)) . @(ﬂow (l)_ac(;;klkfl(l))

Q

Assumption 2

For simplicity we assume no cross-dependence in the measurements. Conse-

quently, R is diagonal and:

cov(yx(d), yu(l)) =0V d # 1 (3.81)

3.4.3 The Update Stage, Continued

The above assumptions allows us to estimate (i, &k and 1y at each iteration

and obtain values of Rgy and Ryy without the knowledge of xi,. Where Assumptions

1 and 2 hold,

@( ka‘k_lgfl()l_)'rhigh(l) )
®( ka‘kfl(z)_’rhigh(z) )

E(() = Diag ":@) : (3.82)

©(Civk|k—1(m)_7—high(m) )

a(m)
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Tiow(1)—Capyp—1(1)
(I)( 1 o'(l)klk )
@( ’now(Q)_Cszfl(z) )

E(&) = Diag i@’) . (3.83)

(I)('ﬁow(m)—czmk—l(m))

o(m)

@(ﬁigh(l)—cwmk—ﬂl)) . (I)(ﬂow(l)—mek—l(l))
a(1) a(1)
P Eigh(z)—owkwq(?)) - q)(lnow(2)_cmk|kfl(2))

E(1) = Diag o(2) o(2) : (3.84)

o Thigh(m)—Cy 1 (m) ) — q)(ﬂuw(m)—cwmk—l(m) )

a(m) o(m)

Revisiting Ry, , and using E(xxk-1) = Xkk-1, E(Xk) = Xik—1 and

E(xixi ) = E((xk — E(xiqx-1)) (xx — E(Xuie-1)) ")
+E(Xk)E(Xk)T (385)

_ T
= Wik—1 + Xik-1Xy51

Rsgi = (Vi1 + X 1Xpp—1 ) CT E(14e)

X1 Trigh E(Ge) + X1 Tiow E(6k)

X1 X1 CTE(1) T = Xagae1 Trign B(GO) T (3.86)
—xk|k_1’f1;fw§E

= U -1CTE (1)

Repeat the above steps for Rgy to compute Ryy

Ry5i = E(14) C¥1qse1 CTE (1) + E(evievie 1) (3.87)

where E(nevievip )T is related to the scalar Equation 3.55. With assumption 2, the
diagonal matrix is written as:

E(VkaVE I/k)T =
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Var[ye(1)[Thign(1) > yr(1) > Tiow(1)]
Var 2 T@ 2) > 2) > Tow 2
Diag | VT () > 0(2) > T2 )
Var{[ye(m)| Thign(m) > yx(m) > Tiow(m)]
where Var{y, ()| Thign(1) > yk(2) > Tiow(i)] is calculated according to Equation 3.55.
Substituting this optimal Kalman gain into Equation 3.70 yields the simplified covari-

ance update equations:

Yk = (Imxem — KiE () C) W1 (3.89)

The complete Tobit Kalman filter for saturated data is:

Xk|lk—1 = AXk—1|k—1
U1 = AU 11 AT+ Q (3.90)
Xik = X1 + Rig Ryg, (v — E(yi))
ik = (Imxm — Rzg Rz, E(14) C) Wi
where Rgg, is given by Equation 3.86, Ryy, is given by Equation 3.87, E(yy) is given
by Equation 3.54, and E(vy) is given by Equation 3.84.
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Chapter 4

PROPERTIES OF THE TOBIT KALMAN FILTER

In this Chapter we will show some properties of the Tobit Kalman filter. We’ll
show that the Tobit Kalman filter converges to the Kalman filter when the effect of
censoring is negligible. In addition, the small added computational burden is addressed

along with a comparison of the covariance estimates to other methods.

4.1 Equivalence to the Standard Kalman Filter

The Tobit Kalman filter will converge to the standard Kalman filter when the

state value is far away from the censoring region, in the one sided case,

lim (4.1)
7)(1‘“‘;177’%00 R;(y = C\Ilk\k—l

RS’S’ = C\I’k|k_1CT +R
| ik = (Imxm — KkC) Wi

so the Tobit Kalman filter is a generalization of a standard Kalman filter.

4.2 Computation of the Tobit Kalman Filter

There are a few computational advantages to using the Tobit Kalman filter over
existing methods, the first being that there is only a small increase in computations
compared to the standard Kalman filter. The computational difference between the
Kalman filter and the Tobit Kalman filter is the addition of 2 x m normal PDFs and
2 x m normal CDFs. The extra computations are performed only once per iteration of

the estimator, and are only needed for the update stage.

20

www.manaraa.com



4.3 Comparisons of Transformations, Estimating Measurement Uncertainty
In this section we will compare the estimated measurement error covariance
of the UKF and the Tobit Kalman filter. Point clouds with known distribution will
be generated in two dimensions to display the unscented and Tobit transforms to
the measurement domain. To facilitate language used in this section the state error
covariance will be denoted by ¥ and WYKL the measurement error covariance Ryg
for the Tobit Kalman filter and the latent measurement error covariance of the Tobit

Kalman filter, denoted by .

4.3.1 Statistics of Spatial Region Censoring
The distribution of the latent measurements is modeled as a 2D multivariate

Gaussian,

O(zr, i) =

(4.2)

2mo,0y
The p, and p, are the mean of of the measurements in the horizontal and
vertical directions.

The censored distribution is portrayed in Figure 4.1, mathematically we have,

MR WE TS S T A
¢c<xk Yk Zx 2y> = QWExEye 2( e ) ( v ) y Lk Yk ¢ @)
) ) b
T, otherwise

(4.3)

Where O represents the occlusion we cannot measure within. The coordinates

of are bounded by O € {O Ouriins Oymans Oypin +

Tmaz?

To perform Tobit Kalman measurement covariance we need Py, for the 2D

model which is,

P = <1 —/ be(Trs Yis Ly Zy)dxkdyk)l%d (4.4)
LPRTIN2)
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Figure 4.1: 2D probability distribution of measurement with single occlusion

Where Ioxs is the identity matrix with size 222 and,

Jerwego @e(@r, Yy By By )dapdyy, = 1—
(®(O s s Ba) = (O My L)) (4.5)
(P(Oypaes s Zy) = P(Oy,pis s By))
Where ¥, and ¥, are the latent measurement uncertainty. To compute the
latent measurement uncertainty, the same method is used that computed the measure-

ment uncertainty. To start, the latent measurement equation for 2D is,

y; = CXk + Vi (46)

With C = Inye, Xk = [zk yx| With z, yx representing coordinates in the horizontal and
vertical directions. An vy is additive noise vector with covariance R.

To calculate the uncertainty we will compute the covariance,

E((yi — ¥ (i — 3"
= E((CXk + Vg — C)”ck)(ka + vk — Cf(k)T) (47)
= C¥CT +R
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The value for the measurement covariance as calculated by the Tobit Kalman
filter is derived in the Chapter 3. To obtain the covariance in the 2D case we will use

the moment generating function,

Mpq:/ / uPv? f(u, v)dudv

We will notate all elements of Ry below, where Ry is the dynamic measurement
covariance for the Tobit Kalman filter. Ry has off diagonal elements in a spatial
occlusion model because the censored region in the = direction is dependent on the
censored region in the y direction.

The second moment in the z direction,

M20|Uc = M2O - (V(x7 /“1‘7 0-7 O-Tmaaﬂ Oﬂ?mzn) <¢ (M) - @ (M)) )
(4.8)
Where Myy = R(1, 1) is the measurement variance without the occlusion. The

second moment in the y direction is,

1\/IO2|UC’ = M02 - (V(ya u, o, Oymaz7 Oymin ((I) (@) - (M)) ) (49)

The nature of the 2D example is that there is a heavy dependence between the
xp and vy variables, this will be apparent in the cross terms of the measurement noise

matrix Ryx. The cross dependence between z, and y is,

M11|UC - Mll - (H(x7 /J‘x7 0-7 O."L‘maa:? Ozmm)H(ya /“’Ly7 0-7 Oymaa:7 Oymzn)) (410)

Where,

V(z,pu,0,a,b) = %fbaajlqu (x/;“) da’
S (e DRE) - (e G
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H(z, pu,0,a,b) =< [*2'¢ (%) dx’
= (n® (5¥) =00 (54)) — (u® (54) — 00 (%54))
The final solution for the Ry is,

(4.12)

2
R Maojve — Mig e Miyve — MigueMove
k pu—

2
Miyve — MiguveMoywe Mozjve — Mgy pe

Where Mgy and Mgy are the expected values of the measurements in the uncen-

sored region, and are given by,

—_uk _ .k
M10|UC =M — (H(xwuaa'; Onmma:mOn Tmin (q) (M) - (O" ym;'n ‘uy)) )

The first moment in the y direction is,

MOllUC = M10 - <H(y7 /’1/7 07 On Ymazx? On Ymin ((D (Onzme_ulzc) - @ (On zmoz_”_u];)> )

Using the above equations and the Tobit Kalman filter we have a measurement

uncertainty of,

Rys. = E((ve — U)(yr — 4)") (4.13)
~ PucC‘I’k|k—1CTPuc + +Rx

In Kalman filtering there is the state error covariance, the measurement error
covariance and the cross covariance between the state and the measurement error.
Similar recursive equations have been derived in [53], but with the addition of latent

measurement error covariance, derived in Equation 4.7.
In Figure 4.2 we have a simulation comparing the input x; distribution with
the output distribution y,. The input is centered at (zx,yx) = (0,0) and has a noise

distribution of A'(0,1) in both directions. The measurements are censored in the right

half plane after a measurement noise is added of A/(0, 1) in both directions. As we can
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see in Figure 4.2 the Tobit measurement uncertainty, denoted by the black ellipsoid is
correctly skewed to the right, consistent with the computed measurement skew from

the Monte Carlo trial. By contrast, the UKF incorrectly skews to the left.

Input Monte Carlo

-5 0 5 -5 0 5

Unscented Transformation Tobit Transformation
5 5
: ',
-5 -5
-5 0 5 -5 0 5

Figure 4.2: Simulation of measurement noise distribution as calculated by the Tobit
Kalman update and the UKF in 2D
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Chapter 5
THE 2D TOBIT KALMAN FILTER

As stated in Chapter 1, censored data is prevalent in engineering applications,
one application is in computer vision. Censoring in computer vision occurs when targets
or objects that need to be detected or tracked are partially or fully occluded. Censoring
occurs when tracked targets exit a frame (frame censoring) and if a target enters or
goes behind an occlusion (occlusion censoring). The Kalman filter for target tracking
using computer vision has become possible given the availability of efficient and cheaper
computing platforms with equally improved high quality cameras. The Kalman filter
has been used in feature and target tracking, stereo vision [59] and consequently robot
localization [60].

The applications using tracking with computer vision include tracking targets
with a static background [61] [62], automated surveillance and tracking from aerial im-
agery [63] [64], automated video tagging for high amounts of video data [65], contour
tracking for partially occluded targets [66,67] human computer interaction through
hand gestures [68], monitoring tasks such as traffic cameras [69], navigation for un-
manned aerial vehicles [64], robotics [70,71], and road vehicles. The tracking process
in a vision system consists of detection of the object of interest then subsequent tracking
from frame to frame using the assumption that the object will not change appearance
completely in the next frame [59]. Most tracking tasks will impose this constraint on
motion and appearance of the object to make the correspondence problem possible to
solve. The correspondence problem is the ability to detect an object frame to frame.
The algorithm for tracking should still be immune to small deformations, illuminations
changes, noise in image, partial and full occlusion. Some successful work has been

done in tracking that relies on the assumption that the object is deforming slowly with
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respect to the frame rate [61]. The Tobit Kalman for 2D tracking presented in this
chapter will not focus on detection, but on tracking and subsequently imposing con-
straints on the motion by using an appropriate state space model. Tracking with known
motion models often will allow detection algorithms to not be as complex, which is ad-
vantageous when video frames get dropped, there are missed detections or the target
appearance changes [62].

There has been much work done in tracking through occlusion, in this case object
tracking algorithms will first disregard pixels that are occluded [72] to perform the
correspondence. Two other techniques for object tracking through occlusion in video
sequences is presented in [73], where the merge split routine and the straight-through
approach are presented. The correspondence problem, especially after some form of
censoring in computer vision tasks remain to be difficult challenges for a tracking
system.

The advantages to using a Kalman filter for computer vision based object track-
ing is that spurious measurements caused by inaccurate detections are suppressed due
to the use of a dynamic model of the objects motion. As stated in Chapter 1, the
Kalman filter performs a prediction step that provides a prior: estimate of the state,
then an update step that provides a posteriori estimate of the state using measurements
on the system. If a measurement is not available, in a computer vision system this hap-
pens when an object of interest is not detected in a frame, then the Kalman filter will
not be able to perform an update stage. Consequently, the predict stage always in-
creases the uncertainty in the state estimate causing the state error covariance to grow
if there continues to be no measurement for many sequential frames. Advantages to
using Kalman filters for tracking include the ability to track and filter out spurious or
noisy measurements but to also track an estimate of the state error covariance. The
state error covariance should intuitively grow the longer an object is not detected in a
tracking system, however; it should not grow unbounded when the measurement has
entered an occlusion with known dimensions. In computer vision tasks, especially in

surveillance when the motion of a target can be identified and modeled appropriately,
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the censored measurements when the target is behind an occlusion can still provide
information to the estimator. If a target has entered a known occlusion, the state error
covariance should not grow unbounded as if the measurements are missing [25,26]. In
the surveillance application, if a target is tracked as it enters a building or tunnel, we
will continue to propagate the model until the target should exit on the other side. If
the target fails to exit the occlusion, then the estimate should converge to the center
of the occlusion.

In this chapter we wish to advance the Kalman filter to work in areas of 1D
and 2D occlusions. Much like in [40], where constraints on a Kalman filter are imple-
mented in the filter to gain performance and in some case preserve optimality. The
derivation for a Tobit Kalman fitler for occlusion censoring starts off with an adapted
state space model, which has piecewise format to show discontinuities of censoring.
Then, a statistical approach is used to find new values for the expected measurement
and variance of measurement noise to perform appropriate measurement updates for
censored data. In effect, we are increasing the system knowledge by giving occlusion
boundaries and standard deviation of measurements to propagate our state estimates

through occlusions.

5.1 Problem Formulation in the 1D Case
In this section we will present the Tobit statistics for 1D occlusions, also referred

to as dead-zones in sensors. First, we solve the problem in the case of one occlusion.

Xx = AXy_ 1+ Vi

*

Vi = Cxi + wy
Vi (Tiow > Cxx + wi) U (Cxx + Wi > Thign)

Thigh —Tlow
2 )

Yk =
otherwise

Where x € R™! is the state vector, yix € R™! is the measurement vector,
vk € R™! with covariance matrix Q and wy € R™! with covariance matrix R are
the additive noise in the process and measurements respectively. The bounds for the

occluded region for each measurement is 7, € R™! and T, € R™. If the [th
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measurement censoring bounds are, Ty, (1) = Tiow(l), then the [th measurement does
not contain an occluded region.
If there are N occlusions, then the censored measurement depends on which

object occludes the target. Thus,

Xk = Axp_1 + Vi

v = Cxx + wy
(

Vi Cxx + Wi > Thigh1
M(ﬁligh,la 7;011),1)7 77010,1 < CXk + wg < 77Ligh,1
< Vi Thigh2 < Cxk + Wik < Tiow

Yx =
M(ﬁu’gh,% 7Zow,2)7 ﬁow,2 < CXk + wi < ﬁzighl
L YIt7 ka + wg < ﬁow,N

where M (Thigh.n, Tiown) is the midpoint between Thign, and Tiow,, and Thign €

R™ and T, € R™*! are vectors of threshold limits for each element in yy.

5.2 Statistics of the Measurement Noise Model

The quantity f(y|R) represents the multivariate normal distribution,

f(Yk|R) = ;6_%(3’1:_#3')11_1()’1(—;@)

IR|(27)"
Where iy is the mean of yix. With no censoring, 75,y =— —00 and Tpign, — 00,
and the noise wy and vy are zero-mean, normally distributed, the mean values of the

states and measurements models are,

Hx uncensored = E(Xk) E(Axk—l + Vk) = Axk—l

(5.1)
Hy uncensored = E(Ylt) = E(ka + Wk) = ka

When censoring occurs, (Tiown 7# Thighy) U ([ Thighnl < 00) U (|Tiowy| < 00),

the mean value for the measurement equation given in Equation 5.1 is biased, but the

expected value can be computed given a priori knowledge of the standard deviation
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of the measurement noise in the uncensored case, and an unbiased estimate of xy.
Similarly, in the censoring case, the covariance of the measurement noise, Ry changes
with respect to the distance the measurements are from the censoring limit. In the
next sections we will refer to R as the covariance matrix in the non censoring case,

and Ry the dynamic covariance matrix in censoring situations.

5.3 The Tobit Kalman Filter

The Tobit Kalman filter will be used to provide unbiased estimate of the states.
The Tobit Kalman filter has many advantages when the measurents are censored or
may become censored, one advantage is that when measurments are censored the error
covariance matrix Wy = E((xx — Xuk)(Xx — xk|k)T) does not grow as rapidly as it
does if you treat the censored measurements as missing. Below is the Tobit Kalman

filter,

Xklk—-1 = AXk71|k71

U1 = AP 11 AT+ Q

(5.2)
Xklk = Xk|k—-1 T+ Riykjog}k (yk — E(yx))
Uik = (Imxm — Rzg Ryg, PucC) Pigi—1
Riyk = ‘I’k|k—1CTpuc (5-3)
Rf’yk - pucC\I’k\k—lchuc + Ry (54)

Where xyk—1 and Wiy are the a priori estimate of the state and state
error covariance matrix, and Xy , Wy are the a posteriori estimate of the state
and covariance matrix at time k. The equations Rgy, and Ryg, are derived in [53]
and Chapter 3 and represent the covariance between the Kalman error and the state
error E((xk — Xik—1)(Yx — E(yk|xkx-1))"), and the variance of the Kalman error,

E((yx — E(yx))(yx — E(yx))*). In this formulation, the Tobit Kalman filter gain is
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Ky = Riikjog}k and the Tobit innovation is yx — E(yk|Xkk-1). E(y|xkk-1) is differ-
ent for different censoring conditions, in the subsequent sections we will derive this
term for our occlusion model. In Section 5.4 we derive E(y|xkk-1) and Ry for one

dimensional occlusions then extend the model to 2D in Section 5.7.

5.4 Statistics of the 1D Occlusion Model, Continued

Using the Tobit Kalman filter we have an estimate for yy, which we will denote
as E(yk|R, Xyk—1) which is unbiased mean of the measurements.

In the censored case with N occlusions the probability distribution of the mea-

surement noise is,

fc(Yk|R> Xk|k71) =

(
f(yx| R, Xik-1), Vi > Thigh,1
TLi 1 *
AV fﬁ:wg’ll f(yxR, Xk\k—1>d}’k Tiow,1 < Yie < Thigh,1
f(Yk|R7 Xk|k—1)7 77m'gh,2 < Y1*< < 7Zow,l (55)

Thigh,
AV Tz:jz * F(yel Ry Xkk-1)dyx  Tiow2 < ¥ < Thigh,2

\ f(yx|R, Xijk-1) Vi < Tiow,Nn

With Ayt = 0(yx — M (Thigh1, Tiow,)), the Kronecker delta function and Tpign.y
and 7T,y represent vector of bounds of the nth occlusion. See Figure 5.1 for a repre-
sentation of this distribution with N = 3.

Using the distribution in Equation 5.5, we can calculate the expected value
of the measurements and Ry given the a priori state estimate and the uncensored
measurement noise, R.

The distribution in Equation 5.5 is valid in the general case, when there is no
uncertainty in that state estimate. However, in adaptive filtering and estimation there
is always some level of uncertainty. Fortunately, the Kalman filter and Tobit Kalman
filter provide an estimate of the state, xyx and an estimate of the state error covariance

matrix, Wy.
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Using Wy -1 and R, we can adjust the probability distribution to give more
accurate descriptions of the probability of being censored in certain regions. The new

covariance matrix that will represent the total uncertainty is ITy.

Hk = E((CXk + Wi — CXk|k_1)(CXk + Wi — CXk|k_1)T)
= C‘I’k|k_1CT —|- R

So the new distribution with N occlusions will be,

fc(}’k|Hk,Xk|k—1) =
(
S (v e, Xgie—1), Vi > Thigh1

Thigh,1

Ak J o F (e Xipe-1)dYie Tiows < ¥ie < Thigh,a
J (v T, Xai-1), Thigh2 < ¥ < Tiow,

Thigh,2

Ak Tiows F (T, Xik—1)dyx  Tiow,2 < Yie < Thigh,2

f(yk|Hk7Xk|k—1) Vie < Tiow,n

Occlusion 3 Occlusion 2 Occlusion 1

Figure 5.1: 1D distribution represented in blue with N=3 occlusions
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The expected value of the measurements in all regions is,

E(yilyic > Trign1) = 7., Yy, Xiqie-1)dyic

E(Yk'ﬂow,l < yi’; < 77zz'gh,1) = M(ﬁow,la 77n'gh,1)

* TO’(U
(Vi Thigh2 < ¥ic < Tiowa) = 7—:9,112 YieSe(ic T, Xicpe—1)dy

Yk|7;ow,2 < Yﬂ < 77u'gh,2) = M(ﬁow,% 77u'gh,2)

& &

3 TO’UJ
E(yxlyi < Tiown) = [ yicfe(y Tk, Xi—1)dyx

Using the above results, we can get the F(yi|Xkk-1)

E(yx[xxx-1) = F(yx > Thigh1) E(Yk|Yx > Thigh,1)
H F(Tiowa < Yk < Thigh,1)
E(yk|Tiow1 < yx < 77u'gh,1))
+<F(77n'gh,2 <Yk < Tiow,1)
E(Yk|77n'gh,2 <Yk < 7?ow,1))
+<F(7fow,2 <Yk < Thigh2)
E(yx|Tiow,2 < yx < 77u'gh,2))
oo (P < Tiow)
E(yilyx < ’now,N))

where,

B
Fla<yc<p)= / J (71 e, Xe—1) Ay

is the probability that yy is between av and 3. In simpler notation the E(yx|Xkjk—1)

can be written as,
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Where E(yg) is the expected value of yy when there are no occlusions and
E(yi) = Cxyk_1 is the expected measurement for the standard Kalman filter innova-
tion. In the case of Gaussian noise distribution the total probability that yj is in a

certain region is,

F(A<yiL <B) =

[P 0B B gy

A e
Using the property that F'(A < yi < B) = F(yf < B) — F(y;. < A). We will be able
to use this property along with Bayes formula to compute E(yy) and Ry
The computation for the covariance Ry is derived in a similar fashion as F(y|Xkk—1)-
We will assume that there is no cross correlation amongst measurements, meaning Ry is
diagonal. Equation 5.6 is the equation for Ry, where conditions on Xy are assumed

as in, F(yx) = E(yx|Xkk-1) to simplify the notation in the next sections.

Ri = E((yx — E(yi)(yx — E(yx)"))
= E(ywyy) — B E(yi)"
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We will solve for Ry in general,

Elywyk") = [ yeyi f(yx/Hk, Xiqr—1)dyx
= F(y§ > Thigh1) E(yxyi" Y5 > Thigh,t)
+<F(7fow,1 < ¥t < Thigh1)
E(ykykT|7;ow,1 <yp < 77n‘gh,1)>
+<F(77u‘gh,2 <Y < Tiow,1)
E(yxyx" [Thighe < yi < 770w,1)>
+<F(770w,2 < ¥k < Thigh,2) (5.7)
E(yiyx" | Tiow2 < yi < 77n'gh,2)>
ot (PO < Tou)
E(yiy” |yi < 7fow,N)>
= Elyiyi')-
Ziyvzo (F (Tiown < ¥1c < Thighan)
E (kakT|7;ow,n <Yk < 77n'gh,n)>
With E(yiyw” | Tiow1 < Y5 < Thight) = M(Tiow1s Thign1)? and E(yiys") = R,
the variance without occlusion censoring. To complete Ry, E(yk)E(yx)? should be
subtracted from Equation 5.7.
The above values for E(yy) and E(yryx!) can be calculated using the below
equations for Gaussian integrals, for each element of array E(yx), and the diagonal
elements of E(yxyk!). The cumulative density function and the probability density

function for a normal distribution is with zero mean and unity variance,

vo) = [ o)’
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where « is a scalar. For the mean, where yx(1), Tiown(); Thighn(l) represent

the measurements, and the lower and higher threshold limits respectively for the [th

measurement.
So,
E(yx) = Cxyx-1
- Zi,vzl H(X7 CXk|k—1> Diag(R)uﬁow,na ﬁzigh,n)
So for Ry,

E(ykyg) = V(x, Cxyk-1,Diag(R), — 00,00)
- 271]\;1 V<X7 CXk|k717 Diag(R)aﬁow,m ﬁzigh,n)
Where H(z, y, 0,a,b) and V(x, i, 0,a,b) are defined in 4.12 and 4.11.

5.5 Problem Formulation for 2D

Using the same approach above we will derive the Tobit Kalman fitler for 2D
spatial tracking applications. The difference between spatial tracking with 2D occlusion
and 1D occlusions censoring is that there is a correlation between the horizontal and
vertical directions uncertainty, meaning Ry is no longer diagonal, and assumption 1
from [53] is invalid. For the formulation of the 2D tracker in an occluded environment
we will again find the censored probability distribution of the measurements, then
the expected values of the measurents and the dynamic measurment noise covariance

matrix. The standard state space model will be used,

Xk = AXk_l + Buk_l + Vi
¥ = Cxic + wy
Vi, Cxx+wgeS

Yk =
T, otherwise

where S is the uncensored region. For this paper we restrict ourselves to a
constant velocity model for the targets which has been used previously for tracking

applications [74]. The states are, Xk = [Tpos Tposwel Ypos Yposvel] Where Tp,s is the
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location of the target in the horizontal axis while 4. is the horizontal velocity,
Tpos, Tposwel € Ry, where R, is the set of real numbers on the horizontal axis. The
states ypos is the location of the target in the vertical axis while y,0s e is the vertical
velocity Ypos, Uposwer € Ry, where R, is the set of real numbers on the vertical axis .
The T is the thresholded value, (the measurement) when the target is in an occluded

region. The state space matrix’s with At =1,

o O =
O = OO O
—_ = O O

o Oo©O = O
- o O O

1000
01 00
The vy and wy in Equation 5.8 are white gaussian noise with covariance Q and
R respectively.
The measurements of Cxy + wy only occur when Cxy + wy € S, see Figure
5.3. The occluded regions will be represented by O, and the region ouside the frame
will be represented by F. In this paper we will restrict our censoring to just occlusion

censoring, that is, F = S.

5.6 Introduction to the 2D Gaussian Probability Density Function
Because the measurements are not deterministic we will present the statistical

framework for a 2D sensor system. The second order Gaussian probability distribution

will be used to describe the noise in the measurements of the 2D tracking system. For

a second order measurement model we have,

67

www.manharaa.com




Figure 5.2: Spatial tracking space, C'zq is the initial measurement location

e~ 3ok —he y=py] BT Lzk—pa y—py)

_ 1
f(‘rkuyk) = QW\/M

Where z, and y; and locations in the horizontal and vertical directions Expanded,

f(xk;yk) =

1 ((l'k_ﬂw)z_QP(I*Mm)(y*Hy)_,’_(yk_g‘y)Q)

1 e_ 2(1—/1) a'% OxOy oy

2mogoyy/1 fp2

Where,
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5 gy poLoy
po.oy, O,
E (xk) = Uz
E(yr) = py
And p is the correlation coefficient,
p=
040y

For our purposes we set the correlation coefficient to p = 0 which results in indepen-

dence of the x and y variables, leaving us with the following property.

f@e,un) = f(ze) f(ye)

The position measurements are also orthogonal since,

E(xg, yx) = E(xg) E(yx)

These results are used mostly in spatial tracking applications, however, when occlusion
censoring occurs there is a cross correlation term so the results above will not fully

represent the censored measurement.

5.7 Statistics for the 2D Tobit Kalman filter
First, we will define the measurement space, the occluded space and the unoc-

cluded space. The occluded space O, is defined as,

077 = {($k7yk) € Rz : (077 Tmin < L, < 07] xmaw) N (077 Ymin < yk < 07] ymaz)}

And the measurement space,

M = {(zx, y1) € R?*}
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The space, S, is the unoccluded region where measurements are not censored,

S=M-),,0,

To model the noise on the measurements of a non censored system, when S covers the
entire space, we will use the 2D multivariate Gaussian. R, is diagonal and represents

the measurement error covariance matrix when there are no occlusions.

Y ~ N(p, R)
R = diag(0,,0,)
with,

f(@r, ye) = (5.9)

2m0 .0y
The 1, and p,, are the mean of the measurements in the horizontal and vertical

directions, for the model in Equation 5.8 the mean measurements are,

1y = B(Cxigi-1(1))

ty, = E(Cxipe-1(3))

Where Cxyk—1(1) and Cxyk—1(3) denotes the first and third element of the
array.

As in the previous example, we will use the value of the total uncertainty using
the Tobit Kalman estimate of the error covariance. To aid in calculating the probability
we can use the state estimate covariance to improve the estimate of the probability
that the state is uncensored.

So the uncensored measurement variance, o, and o, will be added to the state
error covariance matrix in the x and y directions. We will denote the final measurement

variances for the x and y direction as ¥, and ¥,
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Yo =02+ uTCVy_1CTu
Ey = \/0'5 + qTC'\IJk|k_1CTq

Where u = [1 0]7 and ¢ = [0 1] are the unit directional vectors, and u” CW,_1CTu
and qTC’\I/k‘ w—1CTq are the respective a priori measurement error covariances in those
directions. The covariance from the a priori state error covariance ¥, and ¥, should

be replaced in the Equation 5.9, the new probability distribution is,

y ~ N(N/, Hk)
Iy = diag(¥X,, %)
x\ 2 YN\ 2
B 1 _%<zk£z,uk) +(yk2_:k)
f(xk:)yk) - 27T2m2y€

Where Iy is measurement uncertainty.

This formulation is beneficial in cases where a target is missing for may sub-
sequent measurements, the state estimate covariance grows when measurements are
censored, so this value should be included, along with the measurement noise, when
calculating the probability of censoring.

Where N occlusions are represented by Oy, the probability distribution of the

measurement noise is,

fe(zn, yr) =
f(@r; un), yi €S
Ak Jiapgmcon f(@ryr)derdye yi € O1

| A% Sy acon £ (@0 Uk)dordye,  yic € Ox
with Ay = 6(z — 74, Yk — 7y), the Kronecker delta function in two dimensions.
See Figure 5.3 for a sample distribution of measurement uncertainty with one occlusion.

The expected value of the measurements is given,
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E(yklyk €8) = [, yoes Yo @k, yp)dzrdys

E(ydyi € 01) = [T Tlo,
E(yelyr € 02) = [T Tylo,
E(ylyr € On) = [Tz T)loy

In occluded regions [T, 7;]{)1 = COM(0,), and COM(0O;) € R**! is the center

of mass of O; assuming uniform “density.”

1 O1 xmax gdg
COM(O]_) — O1 Xmax :Ol Xmin f%llxyr::x

O1 Ymax -01 Ymin

Where O1x,,.; O1 xmax a0d O1y_.., 01y, are the maximum and minimum

values in the horizontal and vertical axis of Oj.

5.7.1 The Statistics for a 2D Tobit Kalman Filter

In this section E(yy) and Ry with N occlusions is calculated. To compute the
statistics for the 2D Tobit Kalman Filter we assume that the occlusions are rectangular
to allow numerical solutions for the mean and variance equations. The distribution will
be centered at the model mean, which is Cxyx—1 and measurement covariance given
by the variance of the measurement noise. The probability of the measurement being

in the nth occlusion is,

Ol Tmax Ol Ymax
F(xp, yrlzr, ye € On) = / J(@r, yr )y dyy
0 0

1 Zmin 1 Ymin

The probability of being uncensored is,

F(zp, yelrg, ye €S) =1 — Zile F(xi, yelzr, ye € On)

72

www.manharaa.com




To continue with the statistics in the 2D space, we will introduce the notation

for image moments. The moment function is denoted by,

Mpq:/ / uPv? f (u, v)dudv

the general form for a central moment is,

vy = /_Z /_Z(u — )P (v —0)?f(u,v)dudv

Where © = Mg and v = Mpy.

To calculate the expected value of the measurements using the model in Equa-
tion 5.8, we will use the notation for image moments. The mean in the x direction and
the mean in y direction will be represented as [M;g Mo1]T when there is no censoring.
We use the notation, Mg s to represent the first moment in the z direction, in the
space S and Mo, to represent the first moment in the z direction, in the occlusion
O,,. To calculate the mean for the Tobit Kalman filter we continue with Equation 5.7,

and calculate yy € S,

1VIlOIS = 70 [T wnf (wh, yi)daydys
n 1 foﬁzmaz fOTl’ymaz xk;f(ajk7yk)dxkdyk

where the image moment in occlusiony is,

M0, = fOWm‘” fo"y'"” . f (Tx, yr)dzrdyy

N Tmin

Migs, Mygjo, represents the first moment in the horizontal direction in the

space S, and behind an occlusion, n. The moment in the vertical direction is,

Mous = /oo [0 yif (@, yr)dardys
& Tmax O max
_Z OTlnz fO:yy ykf xk:yk)dwkdyk

where,

Moij0,, = OO::mm fOOnnyym” Yrf (Tk, yr)dzrdys (5.10)
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The total model mean for the entire space is equal to,

My s =M
me e (5.11)
— > ey F(r, yi|zr, ye € On) Moo,
For the x;, direction,
Miys =M
10/S 10 (5.12)

N
=2 et F(@, Yelzn, yr € On)Migjo,,
Where Mg, and My, represent moments in an uncensored situation, pf and g}
respectively. Because we are assuming that the occlusions are rectangular we can solve

for the elements in O,.

F($k,yk|$k,yk c On) — ((I)(On zmaz_ﬂﬁ) o (I)(O"wmin_ﬂﬁ))

e (e

(@(O’"f Ymazx _lu’z ) _ @(On Ymin _Nz ))

o o

So the moments for Equations 5.11 and 5.12 starting with Equation 5.10 is,

M0, = COM(Oy)(1)

and in the y direction,

Moij0, = COM(0y)(2)

where COM (Oy,)(1) is the first element in COM(0O,,). The above moment is
the expected value of censored data which is a constant, so they are simple to compute.
In censored conditions, where a measurement lies behind an occlusion, the expected
measurement is an arbitrary value we choose to be the center of mass of an occlusion.

Using H in Equation 4.12 from the single dimension case, the first moment in

the x direction is,

74

www.manharaa.com



Migs = My
- 2521 (H(Xa M, 0o, On Xmax ) On Xmin

(0 (Lmeit) _q)(onym_m—uzm

The first moment in the y direction is,

Moys = My

- ZrZLV::[ (H(Y7 lu‘7 a, On Ymax’ On Ymin

() o (22)))

The above equations are computing the moments by finding the total expecta-
tion in the space then subtracting segments contained in occluded areas. To continue
as in Section 5.4 for the 1D case, the next step for the Tobit Kalman filter is to find
the values of the dynamic measurement covariance matrix, Ryx. We will continue to
use the image moment notation, so finding the second moments in S in the x direction

1s,

Mygs = My

- ZT]LV::l (V(X’ lLL? 0-’ On Xmax ) On Xmin (5.13)

(3 () - (o) )

The second moment in the y direction is,

Myzis = Mo

- Z’I]’Y:l (V(y7 ILLJ g, On Ymax) On Ymin (514)

(q) (—O” zmaa:_l"laz) — o <_On Zmin_””az>) )

The nature of the example in this paper is that there is a heavy dependence

between the x and y states. This is apparent in the cross terms of the measurement
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noise matrix Rx. The cross dependence between x and y is apparent in the second

moment Mg when there are censored measurements.

My s = My
- ZnNzl (H(X7 Hx, O, O, Xmax? O, xmin)
H(Yy Ky, T, O, Ymax) O, ymin))

(5.15)

The above Equations 5.13-5.15 are only applicable when there is no cross de-

pendence in the horizontal and vertical directions of the latent measurement noise, R

is diagonal. The complete calculation for the moments Miop, Moin, Moo, Moz,

and My of the entire censored measurement space M is,
Mo = F(zr, Y|7r, yr € S)Migs+
N
Yot F(@r, Ye|zr, yr € On)Miygjo,

Moy = F(w, Yk |zr, yr € S)Moys+
SN F 2k, yel T, yi € On)Mogo,

Moo = F(zg, Yelzr, ye € S)Maois+
SN F(2k, vkl o, vk € On)Mago,

Moot = F(r, Yr|7r, yr € S)Mogs+
Zijzl F (g, yr|or ye € On)l\/Io2|on

M = F(zg, yelzr, yp € S)Miys+
EnN:1 F(xr, yelrr, yr € On)l\/[mon

In an occlusion, the measurements have no variance because they are a constant

values known a priori, so,
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5.8 The 2D Tobit Kalman filter with Occluded Region Censoring
Using equations in Section 5.7.1 we can present the 2D Tobit Kalman filter with
occlusion region censoring. Extending from Equations 5.2 the value of E(yy) and Ry

are,

E(Yk) =
My,

2
Moagis — My g My s — MygsMoys

2
My s — MigsMoys Mogs — M01|s
2 2 . .
Where Mygs — M10|S’ Miys — MigsMoys, Mogs — Mous are derived in the

Ry =

previous section.

5.9 Comparison to the Standard Kalman Filter
The Kalman filter is optimal in the linear case, hence, it is important that the
Tobit Kalman filter will converge to the standard Kalman filter when there are no

censored regions.

5.9.1 Convergence to the Standard Kalman Filter

In the case where we have zero occlusions (N=0) then the Tobit Kalman Filter
will converge to a standard Kalman filter. In [53] the Tobit Kalman filter is shown to
converge to the standard Kalman filter when the probability of being uncensored goes

to one, which happens in the case of zero occlusions and infinity large frame.

F(xg, yk|zk, ye € S)
=1- ZnNzl F(xg, yelk, ye € On) =1

And the innovation process will converge to the Kalman error,

. Miom
1lm($k7yk)€W Yk — E(yk> = Yk —
Mo
= yYr — CTpp1

7
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When the measurement space, Ml = S, the measurement covariance matrix, Ry

will converge to,

2
oz 0

2
OUy

lim(z, yyes R =

The above derivation of convergence to the standard Kalman filter can also be

done by stating that the expected measurement is far away from any occlusion. The
definition of ‘far away’ is dependent on R. If min(E(yx) —O,) >> 6[R(1,1) R(2,2)]"

where ¢ is an scalar integer.
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Chapter 6

SIMULATIONS

In this chapter, we present simulations of the Tobit Kalman filter to show use-
fulness in applications where censored data is unavoidable. The Tobit Kalman filter is
compared to the Kalman filter for intermittent measurements (KFIM) which is outlined
in [26] . This filter operates as a Kalman filter until a missing measurement occurs,
then it will only predict the current state and covariance matrix and not update the fil-
ter; so Xy = Xyjk—1 and Wy = Py_1. The KFIM treats censored measurements as
missing, instead of censored. In addition to the KFIM, we compare the Tobit Kalman
filter to the results of the standard Kalman filter (SKF), which treats censored values
as regular measurements, and the particle filter, which is a nonlinear approach that
makes no assumptions on the model or noise distributions. Many types of particle
filtering are available to use [75], in this comparison we will use the sequential impor-
tance resampling (SIR), with re sampling if the effective number of particles is less
than 50% of the particles used. We will use a simple re sampling strategy, the system-
atic re sampling approach [55]. The probability of measurements used for the particle
filter weighting function, P(yx|zx) when censoring occurs is given in Chapter 3 for 1D

censoring, and Chapter 5 for 2D censoring.

6.1 One Sided Censoring

The results from three experiments demonstrate the improvement possible with
the Tobit Kalman filter in comparison to the SKF, the KFIM and the particle filter.
The first simulations estimate a constant value near a censoring limit and show that
the Tobit Kalman Filter is unbiased. The next two simulations are a Brownian motion

model and a sinusoidal motion model which have disturbances as well as additive noise.
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6.1.1 Estimate a Constant Value

In this example we will estimate a constant value near a censoring region. In

Figure 6.1 we have a constant value at .2 with measurement noise ¢ = 1 and censoring

limit 7 = 0. The initial conditions are xy = 2 and ¥, = 1, with @ = 107''. The

particle filter is represented with 100 particles in this example.

Estimating a Constant Value Above the Censoring Limit

True State

Particle Filter

Tobit Kalman Filter

Standard Kalman Filter

Kalman filter for Intermittent Measurements

0 100 200 300 400 500 600 700 800 900 1000
4~
Measurements
al- :
2F ’ .o
1+ : .". LAY :. A ’
o~ cr P - HENRD .
T, . T AEEREOR
0= L e e e esta e i) (S SRR [ 3
0 100 200 300 400 500 600 700 800 900 1000
Squared Error
Particle Filter
Tobit Kalman Filter
Standard Kalman Filter
o Kalman filter for Intermittent Measurements
10
T — ~— —
10‘10 | | | | | | | I | J
0 100 200 300 400 500 600 700 800 900 1000

Figure 6.1: Comparison of particle filter, Tobit Kalman filter, SKF and KFIM in
estimating a constant signal above the censoring limit

As shown in Figure 6.1, the Tobit Kalman filter and particle filter converge to

the true value. The other methods are biased with estimates produced by the SKF and

KFIM falsely converging to values in the uncensored region. In this example, the SKF
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converges to the average value of measurements including the censored values while the

KFIM converges to the average of measurements not including the censored values.

a constant value below the censoring limit.

In Figure 6.2 the particle filter and the Tobit Kalman filter are able to estimate

Estimating a Constant Value Below the Censoring Limit

True State

Particle Filter

Tobit Kalman Filter

Standard Kalman Filter

Kalman filter for Intermittent Measurements

100 200 300 400 500

700 800 900 1000

Measurements

“LL . ._'"'-’ | K ~.".-.'..| LI

100 200 300 400 500

Squared Error

. |
700 800 900 1000

Particle Filter

Tobit Kalman Filter

Standard Kalman Filter

Kalman filter for Intermittent Measurements

100 200 300 400 500

700 800 900 1000

Figure 6.2: Comparison of particle filter, Tobit Kalman filter, SKF and KFIM in
estimating a constant signal below the censoring limit

The previous simulations show the performance when a large number of particles

is used, in Figure 6.3 the same simulation is run as in Figure 6.2, however; only 10

particles are used. In 6.3 the Tobit Kalman filter is able to outperform the particle

filter, with the same conditions Figure 6.4 shows that the particle filter outperforms
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the Tobit Kalman filter in convergence speed but has a smaller steady state error. The

variance in the steady state estimate of the Tobit Kalman filter is due to the Q not

being zero.
Estimating a Constant Value Below the Censoring Limit
3
True State
Particle Filter
2 Tobit Kalman Filter
Standard Kalman Filter
’ Kalman filter for Intermittent Measurements
O e e —
il L | | | | \ | 1 | |
0 100 200 300 400 500 600 700 800 900 1000
4~
Measurements
3 —
2 —
1 - . l. . . o ".' :
0 bt e e e L . A P N L L S . : W el e Sl !
0 100 200 300 400 500 600 700 800 900 1000
o Squared Error
or Particle Filter
Tobit Kalman Filter
Standard Kalman Filter
. Kalman filter for Intermittent Measurements
10
10710 | | I | | | | | | ]
0 100 200 300 400 500 600 700 800 900 1000

Figure 6.3: Experiment 1 with too few particles: Constant value below the censoring
limit, the particle filter is run with 10 particles.

The simulations in Figure 6.3 and 6.4 show the practical effect of using a sta-
tistical approach such as a particle filter, verses a deterministic approach such as the

Tobit Kalman filter. Using statistical filters can often produce undesirable results.
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6.1.1.1 Random Walk Simulation

In this section, we track a damped random walk signal with normal process noise.
Random walk often leads to saturation issues in both MEMS sensors and tracking
occlusions with visual targets. The model is simple yet shows the tracking performance

of our method in a disturbance-driven model. The data is generated from,

Yr = Qyp_ + M (6.1)

We choose @ = .99 to dampen the natural divergence of the model, keeping it
close to the censoring limit. 7 is a normally distributed random variable with standard
deviation 0.3, and the measurements have noise with ¢ = 1 and are left-censored at
T = 0. The initial conditions are xg = 5 and Yo = 1.

As shown in Figure 6.5, the SKF’s estimates converge to the censoring limit
when the measurements are censored for a sufficient period. The KFIM only updates
when measurements are not censored, resulting in a increased uncertainty in the state
estimate as described in [26], this leads to an increased reliance on non-censored mea-
surements. The particle filter is run with 100 particles for this example.

In this example the particle filter outperforms the Tobit Kalman filter for the
censored data case, the RMS error of the particle filter is 0.6124 and for the Tobit
Kalman filter, 0.6561; however, the particle filter requires a much higher computational

cost.

6.1.1.2 Oscillator Simulation
The following example has state-space dynamics with the state transition and

measurement transfer matrices,

A=« (6.2)
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The purpose of this simulation is to show a robust tracking ability with a known
model and unknown disturbance that enters the system through wy. In this example,
a = 1, the disturbance is normally distributed with standard deviation of .1 and is
uncorrelated to the measurement noise which is normally distributed with standard
deviation of ¢ = 1. The initial conditions are x¢ = [5 0]T and ¥y = Is.2 and the
frequency is w = .007x27 with sampling period T" = 1. This model has a relatively
small process noise, so the particle filter with 100 particles has a long convergence time.

Figure 6.6 shows that even when the measurements are censored, the output
of the Tobit Kalman filter closely tracks the actual state while the KFIM method
and SKF are unable to track through censoring. This is because the KFIM will trust
stray, non-censored data after several censored measurements; due to the large state
error covariance not performing a measurement update. The SKF will converge to
censored data while the state error covariance continuously decreases, even when the
measurements are censored.

The particle filter comes the closest to performing as well as the Tobit Kalman
filter, however, the Tobit Kalman filter far outperforms the particle filter in its con-
vergence speed. If the process noise of the measurements increases, the particle filter
converges faster, see Figure 6.7 for the same simulation but with the process noise
increased to a standard deviation of .5. The particle filter is also quick to converge to
measurements when the sinusoidal data re enters the uncensored region, this is direct
consequence of assumption 1 of the Tobit Kalman filter which states that the proba-
bility of the measurement begin censored can be predicted by the system model. It
should be noted that artificially increasing the process noise to improve convergence
time will cause unnecessary large variance in the particle filter estimate, trading quicker
convergence for large steady state error.

In Figure 6.8, the average RMS error for the same sinusoidal example is shown
for the particle filter with 10-560 particles at 50 particle increments, where each simu-
lation is run with 50 sets of simulated data. The process noise has standard deviation

.1 and the measurement noise is ¢ = 1, the initial condition for the simulated data and
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the estimator is = [5 0]7. The Tobit Kalman filter outperforms the particle filter
in RMS error for most cases, and has smaller variance in the performance amongst
different data sets. Again, this results from the Tobit Kalman filter being determin-
istic while the particle filter is stochastic. This simulation shows that the stochastic
approach has a significant probability of being worse than the Tobit Kalman filter even
when 500 particles are used.

There are certain values for process noise where the particle filter outperforms
the Tobit Kalman filter, but always at the expense of longer computation time. In
Figure 6.8 the RMS error is plotted, along with time; showing that the particle filter
is several times more computationally expensive than the Tobit Kalman fitler. The
simulation is run with 1000 time steps and the Tobit Kalman filter will run in .3
seconds, where the particle filter will run in 2.17 seconds for 10 particles and 110.4

seconds with 560 particles.

6.2 UKF and EKF Performance
In this section we present a simulation using a sinusoidal model to compare the
Tobit Kalman filter with the EKF and UKF formulation. Using the statistics described

n [22] [76], the state space model we will be using is,

Xk = Axyx_1 + Bug

r=Cx
Ui 8 (6.3)
Yis yp <T

T, otherwise

A—a cos(w) —sin(w) (6.4)

sin(w)  cos(w)

10
B = (6.5)
1
c=[1 o (6.6)
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With a < 1

In Figure 6.9 we have a latent measurement noise of v, ~ N(0,2) and a dis-
turbance noise of wy, ~ N(0,.1). The RMS error in the state estimate for the Tobit
Kalman filter is less than the UKF and EKF error. The state error covariance for the
UKF and EKF has a sharp discontinuity when leaving a censored region, while the
Tobit Kalman filter state error covariance has a smoother transitions. This transition
would be sharper in the Tobit Kalman filter if the measurement noise was smaller.

In the next example we use a less informative model, the state space changes
to A =.999, B=1 and C = 1, and latent measurement noise of v, ~ N(0,1) and a
disturbance noise of wy, ~ N (0,.1).

In Figure 6.10 the Tobit Kalman filter is able to smoothly transition from cen-
sored to non-censored regions. See the top graph of Figure 6.10 at sample 2000-2500,
the Tobit Kalman filter is able to converge to the true estimate when seeing only the
noise on the measurements. The EKF and UKF are not able to estimate the state un-
less it has exited the censored region. Applications for this type of performance in an
estimator are [77], which provides an example of a stable controller when measurements

are censored.

6.3 Occlusion Results
In this section we present simulations from the algorithm developed in Chapter
5. The simulation for the 1D occlusions will have the same dynamic model as in the

previous section.

6.3.1 1D Occlusion Results

In the simulation depicted in Figure 6.11 there are two occluded regions with a
random walk dynamical model. The process noise standard deviation for this example
is 0.1 and the measurement noise is 1. The a = .999 and the initial conditions for the
state is g = 8 and the state error covariance is Py = 1. The SKF converges faster

to censored measurements in the occluded regions near samples 1140 for example,
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and erratic behavior when the true value is is near an occluded region. The erratic
behavior near samples 1250-1280 is caused by the significant number of measurements
that jump to the censoring limit, which the SKF treats as true measurements. The
KFIM jumps from uncensored region to uncensored region because it only observes
uncensored measurements, meanwhile the state error covariance increases with each
missed measurement. The performance of the particle filter, run with 100 particles,
and the Tobit Kalman filter are very similar. It is important to note that when there is
a long duration of uncensored measurements both the estimates of the Tobit Kalman
filter and the particle filter converge to the center of the occluded region since this is

the chosen threshold value.

6.3.2 2D Occlusion Results

In this section we will present a simulation using the statistics and state space
model in Chapter 3 to compare the Tobit Kalman filter to the the particle filter for
spatial tracking. The particle filter is run with 100 particles in this example. In Figure
6.12 we have disturbance with standard deviation .2 so Q = .22I5, , measurement noise
o =10, ¥g = I, 4the dampening factor, a = .99, the initial conditions x; = [0 0 0 0]
for the trackers and simulated data. For visual purposes, the frames are organized as

follows, frames 1 and 2 represent the first 1 — % and 1 — %, frames 3 and 4 represent

samples % — M and ¥ _ 24 4nd frames 5 and 6 represent samples 24 — M

2 3 3 3 s and

2M

5~ — M. The Tobit Kalman filter will converge to the center of the occlusion if there is

a continuous stream of occluded measurements. In the example in Figure 6.12, censored
measurements do not cause the Tobit Kalman filter to drift from the actual values, see
frame 5, where the state passes through the occluded region and the Tobit Kalman
filter does not preemptively drift to the center of the occlusion even though there are
several measurements at this point. The particle filter fails immediately and is unable
to recover. This failure is due to the fact that the particle filter is a stochastic approach
and has a degeneracy problem. The particle filter often fails when the motion abruptly

changes, and the weighting function is not able to produce particles with high weights
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for the measurements received. Increasing the number of particles will decrease the
probability of failure occurring. In Figure 6.13 we have the same simulation, but in
this case the particle filter is able to track throughout the simulation. In frame 2, the
Tobit Kalman filter is outperforming the particle filter in the occlusion, and in frames
5 and 6 the true values are changing direction several times within the occlusion with
respect to the number of samples so the trackers are not performing well.

In Figure 6.14 the Tobit Kalman filter is shown to be unbiased with a constant
value in a censored region. The measurement noise has 0 = 40 and the initial conditions
for the Tobit Kalman filter and the particle filter are xo = [-=100; 0; —100; 0], with the
true state being x, = [50;0;50;0]. The particle filter is biased in this example, as it

converges to a value that is not x,, whereas the Tobit Kalman filter converges to the

true value.
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Estimating a Constant Value Below the Censoring Limit
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Figure 6.4: Experiment 2 with too few particles: Constant value below the censoring
limit, the particle filter is run with 10 particles.
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Estimating Random Walk
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Figure 6.5: Comparison of particle filter, Tobit Kalman filter, SKF and KFIM in
estimating a random walk signal near the censoring limit
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Figure 6.6: Comparison of particle filter, Tobit Kalman filter, SKF and KFIM in
estimating a sinusoidal signal with small processes noise around the cen-
soring limit
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Figure 6.7: Comparison of particle filter, Tobit Kalman filter, SKF and KFIM in esti-
mating a sinusoidal signal with large processes noise around the censoring
limit
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Figure 6.8: RMS error and time comparison of the Tobit Kalman filter and the
particle filter. Statistics shown with 50 sets of simulated data.
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Figure 6.9: Sinusoidal example comparing the EKF, UKF and the Tobit Kalman
filter. State estimates plotted with the state error covariance and mea-
surements
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Figure 6.10: Random walk comparing the EKF, UKF and the Tobit Kalman filter.
State estimates plotted with the state error covariance and measure-
ments
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Figure 6.11: Random walk example comparing the particle filter, Tobit Kalman filter,
SKF and KFIM with 1D occlusions
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Figure 6.12: 2D spatial random walk comparing the particle filter and Tobit Kalman

98

filter with one occlusion. Particle filter fails.

www.manharaa.com



100 100 -
. "- N
0 . A""ﬁ"""‘“"@w or
True State
-100 + Measurement -100 -
Tobit Kalman filter
+  Particle Filter
-200 -200 =
0 50 100 150 0 50 100 150
100 L. 3 100+
0 or
-100 -100 -
-200 . . . . -200 - . . . .
0 50 100 150 0 50 100 150
100 5 100 - 6
- o
0 . B
-100
-200 . . ‘ . ‘
0 50 100 150 150

Figure 6.13: 2D spatial random walk comparing the particle filter and Tobit Kalman
filter with one occlusion. Particle filter does not fail but suffers latency.
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Figure 6.14: 2D spatial stationary system comparing the particle filter and Tobit
Kalman filter with one occlusion.
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Chapter 7
CONCLUSIONS AND FUTURE WORK

In this dissertation a novel adaptation of the Kalman filter for Tobit type 1 cen-
sored measurements is presented, which we call the Tobit Kalman filter. The resulting
formulation provides an unbiased estimate of the state even when a high proportion
of the measurements are censored. A linear, recursive estimator for censored data was
derived using the assumption that the probability of the measurement being censored
or not censored is predictable. The result of this assumption is that the a priori esti-
mate of the state can be used to calculate the probability of being censored, and as a
result, the Tobit Kalman filter innovation and gain.

The behavior of the Tobit Kalman filter is compared to five other methods: one
in which the censored values are used as true measurements, another which treats the
censored data points as missing, the extended Kalman filter, the unscented Kalman
filter and the particle filter. The Tobit Kalman filter consistently outperforms four
computationally equivalent filters in situations with moderate censoring. The particle
filter is a preferred estimator for nonlinear models because it has an the advantage that
there are no restrictions on the system model or the distribution. This advantage comes
with a price of higher computational cost. The Tobit Kalman filter often performs
better than the particle filter with much less computational requirements. The particle
filter will perform well with a large number of particles and when there is disturbance in
the model. However, the particle filter suffers from sample degeneracy, causing weights
to collapse to one value.

Censoring is heavily studied in biology in the form of survival models and in
economics with the Tobit model framework. In addition, censored data arises natu-

rally in a number of engineering applications. Applications for the Tobit Kalman filter
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formulation include biochemical measurements with limit-of-detection saturation, inex-
pensive sensors with saturation censoring, visual tracking with camera frame censoring,
and line-of-sight tracking with occlusion. In this dissertation, the Tobit Kalman filter
is derived for left and right censoring, saturation and occlusions type censoring in 1D

and 2D.

7.1 Future Work

The Tobit Kalman filter has the possibility of being implemented in many dif-
ferent applications including biology, control systems, computer vision based tracking,
spatial localization etc. Also, building upon the Tobit type 1 model, one could design
a Tobit Kalman filter for Tobit type 2,3,4 or 5 censoring. As stated in Chapter 1, there
are several engineering applications for different types of Tobit censoring. For example,
any system with state dependent censoring limits could be designed as a Tobit type
2 system. The 2D Tobit Kalman filter for spatial tracking has the heavy dependence
in measurement noise due to the cross dependence in the x and y directions. This
dependence is cause to pursue a Tobit Type 2 model, which allows for latent variable
censoring dependence.

In the following section, the very important application of categorical data is
briefly discussed. The categorical data problem occurs in biology and social sciences

in the form of surveys or polls, and in engineering in the form of quantization.

7.1.1 Categorical Data

In many biological and social applications, categorical data is used to make
inferences on public health [78]. The Tobit Kalman filter can be applied to categorical
data if all the data is assumed to be censored and each censoring region is known. For

N bin or categorical responses,The categorical model is,
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Xk = Axp1 + vk
Vi = Cxy + wy
( M (00, Thigh1), Cxx + Wi > Thign
M(Thigh1, Tiow1)s Tiow1 < Cxx + Wik < Thigna
_ M(Tiows Thigh2)s Thigh2 < Cxk + Wi < Tjowa
(

M (Thigh2, Tiowz2)s Tiow2 < Cxkx + Wik < Thigh2

M(T'low,Na _00)7 CXk + wi < ﬂow,N

\

Where M (a, ) represents the censored measurement when the latent measure-
ment is between the values o and 5. The probability distribution of the measurement

is,

AV le (xR, Xik—1)dyx, Yi > Thign,1
Thzgh 1

AV F (7R xXuk-1)dyx  Tiow1 < Yie < Thigh
Ak 1 leow Yk|R Xk|k— 1)d§’k, Thzgh? <yr < Tlow 1

high,2

fe(yk| R, Xkjk—1) = < S
AV f:plo:,j2 J (xR, Xik—1)dyx  Tiowz2 < Yie < Thign,2

Thi *
Apy [22" (vl R, Xiqr—1)dyx Vi < Tiow,N

\

With Ag1 = 0(yx — M (Thighs Tiow,)), the Kronecker delta function.

For a binary measurement application, such as a yes/no questionnaire where
the latent variable is continuous the Tobit Kalman estimator has the possibility to give
better estimates to answers of “how are you feeling today?” or “What color do you
see, red or blue?”” when the answers are binary and a system model is given. The

measurement model contains two bins of categorical responses represented as,

M(OO, Thigh,l); CXk + wy > T
Yk =
M(ﬂow,N; _00)7 CXk + wyi < T

With distribution,
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Api [7 (vl R xi-1)dyx, yi>T
Ak f_Too f(yxR, Xk|k—1)d}’k Vi <T

The expected value of the measurement given the state estimate is,

Je(yx| R, Xkk—1) =

Where E(y|Cxy > T)M (Tiow,n, —00) and E(yx|Cxy, > T') = M(00, Thign1) are
the censored measurements or binary values. The numeric value representing a yes/no
response does not have a censored data value as with the one sided censoring, so finding
the Tobit Kalman gain, and innovation will be difficult. The complete formulation for

the categorical data is left for future work.
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Appendix A
USEFUL INTEGRALS

In this section we will list some useful integrals for Tobit Model statistics. The
relationship between the probability distribution and the cumulative distribution func-

tion is,

| ola)de = 0(5) - o)

The following two integrals are used to calculate the mean and variance,

[ ot =~ o) o e(T

[ o™ do = 072 + DB - o2y + o T 1)

For the two dimensional case, since the two dimemsions are independent we

have the useful property ¢(z,y) = ¢(z)p(y), so that,

/ / b(a,y) dudy = B / 6(x) dz = (®(D) — B(C))(®(B) — &(A))

A, B, C'and D do not depend on z,y.
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Appendix B
DERIVATION OF Ry,

The derivation of Ryg, is straight forward given assumption 1. Recall,

Ry = E(Fu¥x) (B.1)

and that,

Yk = Pr(Cxk + Vi) + (Imxm — P)T — E(yx) (B.2)

The value of E(yy) is,

E(yk) = @(CXk“{_l — F, E)[CXk|k_1 + EA(I‘ — CXk|k_1, 2)] + @(F - CXk|k_1, Z)I‘

(B.3)
Where,
Czxp—1(1)—(1
QD( Kk 01((1)) 7( ))
P C$k|k—1(2)—’7(2))
®(Cxy_1 — I, 3) = Diag @ . (B.4)
Czxpp—1(m)—y(m
CI)( K|k ;((m)) 7( ))
and Q(ka|k—1 - F, 2) = Im><m - (I)(F - CXk|k_1, 2)
7(1)
2
r— 7(_ s (B.5)
v(m)
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3 is a diagonal matrix representing the measurement noise for each measure-

ment yy, without censoring.

o(1)
5} — Diag 0(‘2) . (B.6)

o(m)

The matrix form of the inverse mills ratio,

A(v(1) = Crge-1(1), 0(1))

A(2) = Caggp(2),0(2))

AT - Cxy, 3) = (B.7)

A(y(m) = Cxgp—1(m), o(m))

Using the expanded version of variance, that E((x — E(z))?) = E(2%) — E(x)?,

E(px(Cxx 4+ vk) + (Imxm — Px)T') = E(yx) we can reduce Equation B.1 to,

Rys. = E((Px(Cxk + Vi) + (Imxm — Px)T) (Px(Cxk + Vi) + (Imxm — Px)T)T)

—E(y1)E(yx)”
(B.8)

We will next derive the terms in Equation B.8, startingwithE(yy)E(yx)T,

E(yi)E(y)" =

D (Cxyk-1 — I', 2) (Cxypk-1 + AT — Cxypk-1, %))

(Cxie—1 + ZA(T — Cxyi—1, X)) T®(Cxye—1 — I', )

+®(Cxy-1 — I', B)(Cxyr—1 + AT — Cxy—1, X)) TTR(T — Cxype—1, X)
+@(I' — Cxyk—1, 2) T (Cxyi—1 + BA(I — Cxy, 2))T<I>(ka|k_1 - %)

+¢(I‘ — ka\k—l) Z)I‘I‘T@(I‘ - CXk|k_1, E)
(B.9)
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and the first term of Equation B.8 is,

(Pr(Cxi + Vi) + (Imxm — Pi)T) (Pr(Cxxc + Vie) + (Tnaxem — P1)T) T =
(Pr(Cxi + vie) (Cxxec + Vi) "Pic + Prc(Cxic + Vi) TT (e — Pic) (B.10)
+(Lmxm — P)T(Cxic + vic) TPic
+(Tmxm = P)TT T (Tnxm — Pk)

using assumption 1, and,
E(pk<CXk + Vk)) = ‘I)(ka‘k_l — P, E)(CXk|k_1 + ZA(F — CXk|k_1E)) (B.ll)

E(pk(CXk + Vk)PT(Imxm - pk)) =

(B.12)
@(kau(_l — F, 2)<CXk‘k_1 + EA(F — CXk\k—l; 2))I‘T@(I‘ — CXk, 2)
E((Imxm — P)T(Cxx + vid) 'pi) = (B.13)
(I)(F — CXk|k_1, Z)F(ka|k_1 + ZA(F - CXk\k—l, E))T@(ka‘k_l — F, E)
E((Tnmxm — ITT Thym — =
(( X pk) ( X pk)) (B.14)

@(F - CXk‘kfl, E)FFTé(F - CXk|k,1, Z)
Subtracting Equations B.9 and B.10, and using Equations B.12,B.13,B.14 we

are left with,

Rys. = E(p(Cxi + vi) (Cxx + vi) " pi)
—®(Cxys — T, 2)(Cxugpes + ZA(T — Cxie1, ) (B.15)
(Cxy—1 + ZA(T — Cxyi—1, X)) T®(Cxy—1 — I, X)

The cross terms cancel and E(pk) = ®(Cxyk—1 — I', ) as before so that,

Rys. = E(pw)(CE((xk — Xxk-1)(Xk — Xix-1)") CTE(px) "
—E(pk(Vk — ZA(F — CXk|k_1, E))(Vk — 2A(F — CXk|k_1, Z))Tpg)

= E(p)C¥ 1CTE(pi)” + Ri
(B.16)
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