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Abstract

This dissertation consists of two main parts. One is about state estimation with two types
of unconventional measurements and the other is about two types of network-induced state
estimation problems.

The two types of unconventional measurements considered are noise-free measurements
and set measurements. State estimation with them has numerous real supports. For state
estimation with noisy and noise-free measurements, two sequential forms of the batch linear
minimum mean-squared error (LMMSE) estimator are obtained to reduce the computa-
tional complexity. Inspired by the estimation with quantized measurements developed by
Curry [28], under a Gaussian assumption, the minimum mean-squared error (MMSE) state
estimator with point measurements and set measurements of any shape is proposed by dis-
cretizing continuous set measurements. State estimation under constraints, which are special
cases of the more general framework, has some interesting properties. It is found that un-
der certain conditions, although constraints are indispensable in the evolution of the state,
update by treating them as measurements is redundant in filtering.

The two types of network-induced estimation problems considered are optimal state es-
timation in the presence of multiple packet dropouts and optimal distributed estimation
fusion with transformed data. An alternative form of LMMSE estimation in the presence
of multiple packet dropouts, which can overcome the shortcomings of two existing ones, is
proposed first. Then under a Gaussian assumption, the MMSE estimation is also obtained

based on a hard decision by comparing the measurements at two consecutive time instants.

X



It is pointed out that if this comparison is legitimate, our simple MMSE solution largely
nullifies existing work on this problem. By taking linear transformation of the raw measure-
ments received by each sensor, two optimal distributed fusion algorithms are proposed. In
terms of optimality, communication and computational requirements, three nice properties

make them attractive.

Keywords: State Estimation, Noise-free Measurement, Set Measurement, Quantized
Measurement, Constrained Estimation, Nonlinear Filtering, Distributed Fusion, Packet

Dropout.
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Chapter 1

Introduction

1.1 Background

The process of inferring the value of a quantity of interest from indirect, inaccurate and
uncertain observations is known as estimation [10]. More rigorously, estimation can be
viewed as the process of selection of a point from a continuous space—the “best estimate.”
The quantity of interest in an estimation problem can be a parameter—a time-invariant
quantity (parameter estimation), or the state of a dynamic system (state estimation).

Dynamic systems are encountered almost everywhere in reality, e.g., in target tracking,
chemical reaction, satellite guidance and navigation, power transmission and distribution,
orbit determination, weather and financial forecasting, optimal control, fault diagnosis. We
are interested to know the state of a dynamic system, but only indirect, inaccurate and
uncertain observations are usually available to us. So state estimation is extremely important
in practice.

In a typical state estimation problem, the estimator uses the knowledge about the evolu-
tion of the state (the system dynamics), the sensor (measurement system) and the probabilis-
tic characterization of the various random factors (uncertainties) and the prior information.
A celebrated solution to state estimation is the Kalman filter [62], which is optimal in the

MMSE sense if the system satisfies a linear Gaussian assumption. In reality, the assumption



is usually not valid. Next, depending on the applications, some of the extensions to the
classical state estimation will be briefly summarized. We describe these techniques following
largely [76].

In practice, either the system dynamics or measurement system can be nonlinear and
the driving noise may also be non-Gaussian. This leads to nonlinear filtering, which consists
of point estimation and density estimation [76]. The goal of point estimation is to get
some descriptive statistics of the random state, instead of its probability distribution. For
example, most point estimation approaches focus on getting the first two moments of the
state. Density estimation aims at estimating the probability distribution of the state.

To deal with the nonlinearity from system dynamics and/or measurement equations, in
nonlinear point estimation the simplest way is approximation by linearization. For example,
the most widely used Extended Kalman filter (EKF) successively linearizes around the latest
estimate through a first-order Taylor series expansion (TSE). The EKF is popular mainly
because of its simplicity, but its performance is not necessarily good. It is known that the
performance of EKF relies heavily on the degree of nonlinearity of the system dynamics
and/or measurement equations and the accuracy of the initial estimate [76]. From TSE,
we know that the linearization is an adequate approximation of its nonlinear counterpart
only when the latest estimate is sufficiently close to the quantity to be estimated, which can
rarely be guaranteed in practice. The error may build up over time and result in filtering
divergence. One compensation is to use iterated EKF (IEKF), in which the measurement
equation is repeatedly linearized around the most recent updated state estimate several times.
The IEKF usually outperforms the EKF somewhat, especially if the state update improves
state prediction greatly, but an improvement is not guaranteed in general [76]. Experience
indicates that after a couple of iterations the performance improvement diminishes. Another
compensation is to replace the fist-order TSE by some higher-order TSEs. A second-order

EKF replaces the nonlinear functions involved in state and measurement predictions by a



second-order TSE and then applies the Kalman filter formulas for the gain calculation and
update. Its implementation is not as simple as the EKF. TSEs with orders higher than two
are rarely used in practice. Note that the EKF is derivative based, e.g., we need to calculate
Jacobian and even Hessian matrices, which requires differentiability of the nonlinear function.
In contrast, other nonlinear point estimation approaches introduced below are derivative free.

The idea of the EKF is to approximate a nonlinear function by its TSE approximation.
Another popular idea proposed in recent years is to use interpolation. Unlike the TSE
approximation which relies on the function value at only a single point, interpolation relies
on the function values at multiple points and it is possible to be derivative free [76]. There
are numerous interpolation formulas. Stirling’s is among the best. Under the Gaussian
assumption, the second-order Stirling interpolation based filter (DD2) [89] has fourth-order
error, compared with the second-order error of the EKF and third-order error of the second-
order EKF.

In contrast to the function approximation techniques [76], e.g., EKF, second-order EKF,
first-order Stirling interpolation based filter (DD1) [89] and DD2, that approximate the in-
volved nonlinear functions, moment matching techniques for nonlinear filtering approximate
the first two moments involved in the LMMSE filter directly [76]. Different moment matching
techniques differ from each other on the ways the first two moments involved in the LMMSE
filter are approximated. For example, the unscented transformation (UT), which is the key
to unscented filtering (UF) [60], approximates mean and covariance of a nonlinearly trans-
formed random vector by deterministically sampled sigma points and their corresponding
weights. The Gaussian filter [57] successively approximates each pdf by a moment-matching
Gaussian distribution and then uses Gauss-Hermite quadratures to compute the involved
first two moments.

Both TSE and Stirling’s interpolation approximate the involved nonlinear functions in a

deterministic way. They are simple but there is no optimality in general. Instead, stochastic



linearization [76] approximates the original nonlinear stochastic system locally by a stochastic
model that is simple and linear in an optimal fashion so that linear filtering results can be
applied. While the EKF is not accurate if the estimation error is not small, the filter based on
stochastic linearization accounts for large errors within the expectations probabilistically and
thus tends to have a more conservative gain and better performance for the case involving
large estimation error. The main difficulty associated with stochastic linearization lies in
the (analytical or numerical) evaluation of the expectations. Statistical linearization [69]
approximates them by sample averages.

Density estimation is much harder than point estimation because the first two moments
are only two descriptive statistics of a distribution. In theory, density estimation can be
solved by Bayesian recursive filtering (BRF). The main difficulty for BRF comes from the
evaluation of the expectations of the transition density and likelihood function. Particle
filters [2] are sequential Monte-Carlo (SMC) simulation-based implementations of the BRF.
It approximates the posterior distribution by a random probability mass function (pmf).
The key to particle filtering is the choice of proposal distribution and resampling. As a
breakthrough in the SMC method, resampling was introduced to counteract degeneracy,
otherwise after several recursions weights of the random pmf will be concentrated at one
particle leaving negligible weights to the others [76]. Although particle filtering is a close
approximation to BRF, it achieves the significantly improved estimation performance at the
cost of a heavily increased computational burden.

State estimation plays a key role in target tracking. In contrast to other state estimation,
the challenges in target tracking are mainly from the measurement-origin uncertainty and
target motion uncertainty.

By measurement-origin uncertainty in target tracking, it is meant that the origin of a
measurement can not be determined without uncertainty. For example, in single-target

tracking in clutter, the received measurements may be from the true target, but they may



also be from background clutter or countermeasures. In multiple-target tracking in clut-
ter, a measurement may or may not be from a specific target of interest. It may also be
from other targets or from background clutter or countermeasures. Most filters dealing with
measurement-origin uncertainty in target tracking follow the traditional two-stage strategy:
data association first and then estimate. That is, the origin of the measurements are de-
termined first and then measurement-origin known filtering techniques can be applied. For
instance, the nearest neighbor filter (NNF) [102,108] chooses the validated measurement that
is closest to the gate center and ignores the rest, then it treats the selected measurement as
if it were surely the true one and uses it to update the track. The NNF can be improved
significantly [76] by accounting for, in the estimation step, the probability that the NN mea-
surement is not really the true one if the validated measurement set is not empty, leading to
the probabilistic nearest neighbor filter. The NNF only chooses the closest validated mea-
surement to the gate center and discards the rest. This is hard decision. A major drawback
is that the decision error (i.e., the closest validated measurement is not from the target) is
not taken into account in estimation. The probabilistic data association filter (PDAF) [12]
calculates the probability of each validated measurement to be from the true target and uses
them as weights to sum up all validated measurements (soft or no decision) as a whole to up-
date the track. The joint probabilistic data association filter (JPDAF) [48] is an extension of
the PDAF to track maintenance of multiple targets by following the same soft decision idea.
Three fundamental assumptions used by JPDAF [76] are that the established targets/tracks
are known, a validated measurement can have only one source, and at most one measurement
can originate from a target. Similar to the PDAF, the JPDAF calculates the probability of
each measurement to be from the established targets. Another popular method for multiple-
target tracking is multiple hypothesis tracking (MHT) [93], which differs from the JPDAF
in two fundamental aspects [76]: the associations are measurement-oriented, rather than

target-oriented in the JPDAF, and the hypotheses of data association are for the history,



not just for the current time as in the JPDAF.

Another major difficulty in maneuvering target tracking is due to the target motion
uncertainty. In essence, maneuvering target tracking is a hybrid estimation problem in
which we need to estimate both the continuous target state and discrete target motion
mode [76]. Soft decision based multiple model (MM) approach, e.g., interacting multiple
model (IMM) [16], is becoming the mainstream in maneuvering target tracking [76], as
opposed to traditional hard decision based algorithms, e.g., variable dimension filter [5], and
input estimation algorithm [20]. The conventional hard decision based approaches have two
stages. They decide on a model first and then run a filter based on it as if it were the true
one. There is only one model chosen at each time and only the filter based on it is run
at any single time. The major drawback of the hard decision based approach is that the
decision errors with respect to the model are not accounted for in estimation [76]. The MM
approach assumes a set of models for the true mode, each having the possibility to be true
at the time. A bank of elemental filters, each based on a unique model in the set, is run.
The overall estimate is a weighted average of the results of elemental filters. In contrast to
the hard decision based approaches, all possible decisions and their error probabilities are
accounted for in the MM approach.

With the emerging of sensor networks, traditional state estimation problems are facing
new challenges. For example, the measurements are available from multiple sensors. How
to best utilize these multiple measurements is the key of estimation fusion [81]. There are
two basic fusion architectures. One is centralized fusion and the other is distributed fu-
sion, depending on whether the raw measurements are sent to the fusion center or not. In
centralized fusion, all raw measurements are sent to the fusion center, while in distributed
fusion, each sensor only sends in processed data. They have pros and cons in terms of per-
formance, channel requirements, reliability, survivability, information sharing, etc. Although

many practical issues do exist, theoretically, centralized fusion is nothing but an estimation



problem with distributed data. Distributed fusion is more challenging and has been a focal
point of most fusion research.

Other challenges faced by network-based state estimation include: due to unreliable
communication between local sensors and the processing center, packet transmission de-
lay [4,86,112,115,129] and multiple packet dropouts [98-100,113,114] are usually inevitable;
also, the constraints on communication bandwidth, power consumption [46, 70] and com-
putational capability should be considered, which make the distributed estimation [81] and
estimation problems with compressed [35,128] or quantized data [33,58] necessary; the sen-
sors often work asynchronously [1,55, 56,74, 82, 88, 122] instead of synchronously, which is
widely assumed in the literature; the sensors may also have different sampling rates and
communicate rates.

In reality, the evolution of the state may subject to constraints. For example, in ground
target tracking [65], the road networks can be described by equality or inequality constraints.
In the quaternion-based attitude estimation problem [15], the attitude vector must have a
unit norm. In a compartmental model with zero net inflow [27], mass is conserved. In an
undamped mechanical system, such as one with Hamiltonian dynamics, energy conservation
law holds. Likewise, in circuit analysis, Kirchhoft’s current and voltage laws hold. In a
chemical reaction, the species concentrations are nonnegative. All these make the constrained

state estimation necessary.

1.2 Research Objectives

As briefly summarized above, depending on applications, there are different extensions to the
classical state estimation. The main objective of this research is to deal with state estimation
with two types of unconventional measurements and two types of network-induced problems.

They are new extensions to the traditional state estimation. One type of unconventional



measurement considered is noise-free measurements and the other is set measurement. The
first type of network-induced problem is distributed estimation fusion with transformed data
and the second type is the one in the presence of multiple packet dropouts.

Conventionally, a measurement is assumed to be a point in the measurement space and
driven by noise. But in reality, for some applications, the measurements may be noise-free
or a subset of the measurement space. For example, state estimation problems under linear
or nonlinear equality constraints, with correlated or singular measurement noise can all be
formulated as those with noisy and noise-free measurements. State estimation problems
under linear or nonlinear inequality constraints, with quantized measurements can all be
formulated as those with point and set measurements. All these unconventional measure-
ments surely need special treatment in order to obtain the optimal or near optimal solutions
efficiently.

Considering the communication constraints, it is more beneficial for local sensors to
send in processed data with less communication in distributed estimation fusion. In terms
of estimation performance, it is better that the distributed estimation fusion with locally
processed data can achieve as close performance to the centralized fusion as possible and is
numerically more robust. The objective of research on this topic is to develop distributed
fusion algorithms which can achieve these desirabilities.

Due to unreliable communication between local sensors and the processing center, packet
dropouts may happen during transmission. The objective of research on this topic is to
propose LMMSE-optimal and MMSE-optimal estimators for state estimation in the presence

of packet dropouts.

1.3 Thesis Outline

This thesis consists of six chapters which are organized as follows:



Chapter 1 presents the background and objectives of this research work.

Chapter 2 deals with optimal state estimation with noisy and noise-free measurements.
Given only the first two moments and without any assumption on the rank of the measure-
ment matrix for noise-free measurement, it is pointed out that this estimation problem is in
essence just one with singular measurement noise and is not really a big deal in theory, with
the optimal solution provided by the batch LMMSE estimator. Two sequential forms of the
batch LMMSE estimator are obtained to reduce the computational complexity.

Chapter 3 addresses state estimation problems with point and set measurements. Inspired
by the estimation with quantized measurements developed by Curry [28], under a Gaussian
assumption, the MMSE state estimator with point measurements and set measurements of
any shape is proposed by discretizing continuous set measurements.

Chapter 4 discusses lossless linear transformation of sensor data for distributed estimation
fusion. By taking linear transformation of the raw measurements received by each sensor,
two optimal distributed fusion algorithms are proposed. Compared with existing fusion
algorithms, they have three nice properties.

Chapter 5 is about optimal state estimation in the presence of multiple packet dropouts.
An alternative form of LMMSE estimation in the presence of multiple packet dropouts is
proposed first. Then under a Gaussian assumption, the MMSE estimation is also proposed.

Chapter 6 draws conclusions from this research work and lists some future work to con-

tinue and extend this research work.



Chapter 2
Optimal Linear State Estimation with Noisy

and Noise-free Measurements

2.1 Introduction and related research

As will be shown below, numerous state estimation problems can be formulated as those with
both noisy and noise-free measurements ! (e.g., state estimation under linear or nonlinear
equality constraints, with correlated or singular measurement noise.)

For the case with noise-free measurements only, one simple heuristic [74,84] is to increase
the zero diagonal elements of the measurement noise covariance matrix artificially to a small
number, but optimality is lost and a stabilizing effect on the numerics of the Kalman filter
occurs. Another well established method is the so-called reduced-order filter [74,84], in which
a smaller dimensional state is used, as the name suggests. The key idea here is to express
the original state as a linear combination of the current measurement and the reduced-order
state from an invertible augmentation to the original measurement equation. In this way,
the possible numerical problem resulted from zero covariance matrices of the measurement
noises can be circumvented. But the computational complexity is not necessarily reduced

since it is mainly determined by the dimension of the measurement instead of the state.

LA noise-free measurement is also called a perfect measurement.
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The state vectors of many dynamic systems evolve according to some linear or nonlinear
equality constraints. For example, in ground target tracking [65,123,125], if we treat roads
as curves without width, the road networks can then be described by equality constraints. In
the quaternion-based attitude estimation problem, the attitude vector must have a unit norm
[15]. In a compartmental model with zero net inflow [27], mass is conserved. In an undamped
mechanical systems, such as one with Hamiltonian dynamics, energy conservation law holds.
Likewise, in circuit analysis, Kirchhoff’s current and voltage laws hold. For state estimation
with noise-free measurements due to equality constraints, numerous results and methods are
available [51,61,66,105,116,119,124,125,131]. For example, the reparameterization method
simply reparameterizes the system model so that the equality constraints are not required
any more. It has several disadvantages. First, the physical meaning of the reparameterized
system state may vary and be different at different time instants. Second, the interpretation
of the reparameterized system state is less natural and more difficult [105]. Another popular
method for equality constrained estimation is the projection method [51, 61,66, 105, 124,
125], in which the estimate is projected onto the constraint subspace. Unfortunately, it
has problems and limitations. Its main idea is to apply classical constrained optimization
techniques to the constrained estimation problem. Some other methods, e.g., maximum
probability method and mean square method, were also discussed in [105]. They are not free
of the limitations, either. Also, all existing work processes the noisy measurement first and
then the equality constraint. Is it the only choice or a good choice? If there are more than
one choice, how should the end user choose among them? Unfortunately, such questions
have not been answered in theory.

A white-noise observation model is widely used in target tracking. In practice, the
measurement noise may be colored [18,19,49,50,52,77,83,95,121]. A “brute force” solution
is to augment the state with measurement noise and thus the problem is reduced to a

standard one, but with an increased dimension and “perfect state observations,” which yields
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a singular error covariance—an undesirable feature [11,74]. To avoid this, the measurement
differencing approach was first proposed in [18].

Some but not all measurement components may be so accurate that it is occasionally
reasonable to assume that they are perfect, i.e., they have no error [17,19,44,45,47,54,59,83,
90,91]. This is of practical importance [47] since it is often the case, e.g., in many industrial
control systems [91]. For such a state estimation problem, the Kalman filter of a full system
order, with a possible numerically ill-conditioined gain matrix, is inappropriate [91]. In such
cases, reduced-order filters are preferable since there is no need to estimate those states
which are known exactly [54]. Actually to circumvent numerical problems, as discussed
below, Moore-Penrose pseudoinverse (MP inverse for short) can be simply used to replace
the inverse if the optimality criterion is LMMSE. Since the computational complexity of the
Kalman filter is mainly determined by the involved inverse, which has the same dimension as
the measurement, it should be noted that the computational complexity can not necessarily
be reduced by just reducing the order of the state.

As shown later, the state estimation problem with both noisy and noise-free measure-
ments is in essence just one with singular measurement noise and is not really a big deal
in theory. What matters is the computational complexity of the solution. So a main focus
of this chapter is to find computationally efficient ways and analyze their applicapability to
different scenarios.

This chapter is organized as follows. Sec. 2.2 formulates the problem. Sec. 2.3 gives some
cases with noise-free measurements so as to show our research work in this direction is useful.
Sec. 2.4 presents the batch LMMSE estimator. Sec. 2.5 presents two equivalent forms of
the sequential LMMSE estimator. Sec. 2.6 discusses extension to nonlinear measurements.

Sec. 2.7 provides supporting numerical examples. Sec. 2.8 gives summary.

12



2.2 Problem formulation

Consider the following generic dynamic system
Ty = Fy1xp + Gro1wi— (2.1)

with zero-mean white noise wy with cov(wy) = Q > 0 and x, € R", E [x¢] = Zg, cov(zg) =
P.

Assuming that two types of measurements of the system state are available at the same
time. The first type is noisy:

z,il) = H,gl)xk + v,(:) (2.2)

with zero-mean white noise v,gl) with cov(v,gl)) = R,(:) > (0 and z,il) € R™. (wy), <v,(€1)> and

o are uncorrelated with each other.
The assumption Rg) > () is not restrictive in our framework, as explained in Sec. 2.3.4.

The second type of measurement is noise free:
22 = H g, (2.3)

where z,(f) e R™2.

One may think that z,ﬁz) is always random since it is a measurement of the state. As
shown later, this is not always true.

In this work, given only the first two moments, we try to obtain the LMMSE state
estimation with both noisy and noise-free measurements. That is,

R SE A k i 7
x%\l\lfM CEE [$k|z ] — A8 i‘k\k:%}cl'EBkaMSE ($k|k)
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where

Zk:{Zl,---,Zk},Zk:[Zi,'--,Z];]/
1 2
a0 =[(V), (2 (2.4)

MSE (2xx) = El(2x — Zap) (26 — Eae)'

and ag, By do not depend on Z.

2.3 Noise-free measurements

Before getting into details about how to obtain the optimal state estimation, let us discuss
some cases with both types of measurements to show that our work is not only meaningful

in theory but also useful for application.

2.3.1 Linear equality constraints

In this case, a linear equality constraint is placed on the estimand (quantity to be estimated):
Dl’k = dk (25)

where matrix D and vector d; are both known.
Let
2 =d,, HY =D

It can be easily seen that the above linear equality constraint is exactly a noise-free measure-
ment. So state estimation with linear equality constraints is a special case of the problem
with both noisy and noise-free measurements.

This case has already been widely studied [51,66,105,116,119,124,131]. Several assump-
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tions were made in the derivation of their results. For example, except for [131], they all
made the Gaussian assumptions. Under the Gaussian assumption, the result in [119] was
claimed to be optimal in the sense of generalized mazximum likelihood (GML) in which the
correlation between the pseudo measurement noise and the estimand was totally ignored;
the result in [116] and the mazimum probability method in [105] were claimed to be optimal
in the sense of mazimum a posterior probability (MAP); the mean square method in [105]
was claimed to be optimal in the sense of MMSE. Necessary conditions need to be satis-
fied by a constrained linear system, and one way to construct a homogeneously constrained
linear system based on the information of an unconstrained linear system was introduced
in [66]. [51,66] formulated the problem with the Gaussian assumption just to agree with the
assumptions in the standard Kalman filtering. [124] provided a geometric interpretation of
the results in [105], so the Gaussian assumption was maintained. Since our optimality cri-
terion is LMMSE, we only assume the first two moments to be known, which is the same as
in [131]. Another common assumption is that D is of full row rank, otherwise, we can make
it full row rank by simply removing linearly dependent rows. But to obtain the rank of D
and find its linearly dependent rows may not be trivial. In addition, why is this assumption
needed? What is the advantage of it? This will be analyzed later. On the contrary, we do
not have any restrictions on the rank of H ,f).

There was one common problem in the derivations of most existing results. The objective
functions are inconsistent before and after using linear constraints, although some of the
results are the same as a form of our sequential LMMSE filter. Specifically, the objective
function before using the linear constraints is MSE (in the average sense), while afterwards
it becomes fitting error in the least-squares sense, in which the estimate is treated as data.

Then, in what sense is the final estimate optimal?
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2.3.2 Nonlinear equality constraints

In this case, a nonlinear equality constraint is placed on the estimand:
c(zg) =0

where ¢ (+) is some vector-valued nonlinear function.
Let

27 =0, B (w) = e (wy)

Then state estimation with nonlinear equality constraints is a special case of the problem
with a nonlinear measurement model (see the section “extension to nonlinear measurements”
for details.)

This case has also been widely studied [61,105,119,124,125]. Under the Gaussian as-
sumption and linearization based on a first-order TSE, the result in [119] was claimed to be
approximately GML-optimal. [105] extended their state estimation results for linear equality
constraints to the case with nonlinear equality constraints. Under the Gaussian assumption,
a second-order TSE was utilized in [124,125] to get better estimation results. [61] even put
constraints on the statistics of the distribution of the estimate and proposed a two-step pro-
jection method. The same problem and limitations mentioned in the above subsection exist

in these results.

2.3.3 Autocorrelated measurement noise

Suppose that only noisy measurements are available for the dynamic system (2.1) as follows

Z](f) = Hkxk + v
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where the measurement noise (vy) is autocorrelated instead of white:

Vg1 = Brog + vy,

with zero-mean white (v}”), uncorrelated with (wy) and x¢, and cov(vy’) = R}’ > 0,
A “brute force” solution to the optimal state estimation problem in this case is as follows.

Let

Then the above dynamic system can be rewritten as

ry, = F_y 2y + Giywi_y
o) = Hiaf
As can be seen, the original noisy measurement sz) is now noise free with respect to
(w.r.t.) the augmented state z¢. As such, we only have noise-free measurements. As pointed
out in, e.g., [11,18,74], due to the increased state dimension and zero measurement noise,
numerical problems may arise if the inverse is still used as in the standard Kalman filtering,
which is undesirable. That is also why the “difference measurement” method [11,74] is
popular for this case. But if the inverse is replaced by the MP inverse in the singular cases,
the optimal state estimation can still be obtained based on this augmented noise-free form.

Also, one bonus is that we will have the optimal estimate of the measurement noise at the

same time.
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2.3.4 Singular measurement noise

Suppose that the measurement available for the dynamic system (2.1) is:
2 = ﬁkxk + Uk (26)

where R, = cov(?,) with ‘Rk‘ = 0. We show that this case can be converted to our
formulation with both noisy and noise-free measurements.
It follows that

rank (R’k) 2 my <m 2 dim (Tg)

It then follows from singular value decomposition (SVD) that there must exist a unitary

matrix Uy such that

1
o R](f) Omlx(m—m1)

O(m—ml)xml O(m—ml) X (m—mq)

where R,(:) > (0 is an my X m; diagonal matrix. That is also why we can assume R,(:) > ( in
our problem formulation without loss of generality.
Let

2z = UgZy

Then, Eq. (2.6) can be rewritten as

Zp = Hkl’k + Vi
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where

a0 = [(0), D)), Hy = [(HP), (HP)) = OpHy, o, = [(0), 02)] = Uy
AV erm, 2P erm HY e R B e R o) e R P € R

me =m —my, cov(v,gl)) = R,gl), cov(vlil), v,(f)) =0, vg) =0 as.

Since U, is unitary and thus invertible, z, = UyZ, is sufficient in the sense that the
LMMSE based on z; is equivalent to the LMMSE based on z;. That is, the original noisy

measurements only Eq. (2.6) is equivalent to the following:

0 = g0, 4y

z,(f) = H,f)xk

which is exactly in the form of our formulation.

2.4 Batch LMMSE estimation

With the augmented z;, in Eq. (2.4), the stacked measurement equation can be written as

Define

Hy = [(H"), (HP))

1
ve = [(0), 00 ]
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Then the equation becomes

Zp = Hkl’k + Vi

where z, € R"™*™2 (y;) is zero-mean white noise with cov(vy) = Ry = diag(R,(:), Oy scmsy )
and uncorrelated with (wy) and x.

Given 151 = E*[wp_1]2"], Peo1j—1 = MSE(Zx_1j4—1) and z, it is well known (see,
e.g., [73,81]) that the batch LMMSE estimator of x; is:

Prediction:

Erp1 = B [2x|2"7) = Fooadiro1pea

Pyk—1 = MSE(&g3—1) = Fro1Peipp—1Fi_y + Gro1Qi1Gl_4
Update:

T = E*xe 257 2] = St + Pop—1 H,S;F (21 — Hydipgp—1)
Py = MSE(&x) = Prjp—1 — Prp—1 Hp, S} Hi Pyji—1

Sk = HkPk|k—lH]/g + Ry

In this dissertation, A" stands for the unique MP inverse of matrix A. It reduces to A~}
whenever A™! exists.

Compared with the standard Kalman filtering, nothing is different except that the inverse,
if not exist, is now replaced by the MP inverse.

Since Ry > 0 in general, the batch LMMSE estimator with both noisy and noise-free
measurements needs to calculate the MP inverse S;", which is (my + mg) X (my + my).

Even if xy, wy and v,gl) all have a Gaussian distribution with a nonsingular covariance
matrix, vy will be singular Gaussian and P, may not be positive definite in this case. Since a

singular Gaussian has no density function, the posterior density f(wx|2*) = N (zy; T, Prjr)
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of z;, is nonexistent and the MAP estimate of x;, does not exist if Py, is not positive definite.

That is also one of the reasons why we choose LMMSE as our optimality criterion.

2.5 Sequential LMMSE estimation

To reduce the computational complexity of the batch LMMSE estimator, we obtain two
equivalent sequential forms of the LMMSE estimator. They process the noisy and noise-free

measurements sequentially and thus have reduced computation.

2.5.1 Form 1

Theorem 1 (Sequential LMMSE, form 1). Given &y_q5—1 = E*[x5_1]z"], Poqjp1 =
MSE(Z-1jk—1) and zj, one form of the sequential LMMSE estimator of x;, is:
Prediction: Same as in the batch LMMSE estimator.

Update by the noisy measurement:

fl(cl\i)c = Tgjk—1 + Pk\k_l(Hzil))’(S,i”)‘l(z}j’ — ngl):%k‘k_l) (2.7)
Ply) = Papmy — Pugea (LYY (S HD Py

S,i” H( )Pk\k 1(H(1) R(l (2.8)

Update by the noise-free measurement:

i = 240+ PUHT Y (SO (47 — HP ) (2.9)
Py = P} — POHPY (ST HP P (2.10)
S =1 Pl @Ry (2.11)

Proof: Given z,(cl), the updated LMMSE estimate (2.7)-(2.8) follows directly from i](:',)f =
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E*[ay|2*1, ") and Py} = MSE(if)).
Since the LMMSE estimator E*[zy|2*7!, z;] always has the quasi-recursive form [73]:
i’k\k — E* [ZL’k|Zk_1, Zk] — E*[l’k|zk_1> Z]il)’ Z](f)] = i’](:“)g + 01720%‘12;‘1
where
o s (2 k-1 (1 2 2) (1 2 (1
B =20 — B0 20 = o) — HP#) = HP (- &)
S 2) (1) A 42
Cz = COV(22|1) H( Plg\k(H ))/ = S}i :

201

Cio= COV@SU)w 5§|1) = Pk|k(H(2 )
(2.9) follows. Also,
Py = MSE (&) = P,Sk’ - C1,2C%HC{,2 = P/E\lk Pk|k(H(2 ) (S )+Hk Pk|k

OJ
Remark: This sequential LMMSE estimator needs to calculate an my xm; inverse (S ]il))_l
and an my X my MP inverse (S ,f))# This is less demanding than computing the (m; + my) X
(m1 +ma) MP inverse S in the batch LMMSE estimator.

Remark: If Pk|k > 0 and ng2) is of full row rank, then (S,§2>)+ can be replaced by (522))_1
and this sequential LMMSE estimator will be exactly the same as the one in [105] for a linear
equality constrained state estimation problem. But there is still a significant difference. This
sequential LMMSE estimator is free of the problem and limitations of the existing results

discussed above.

Remark: It H Igz) is of full row rank, a nice equivalent weighted average form of the
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LMMSE estimator of z; was presented in [131]:
b = (I — )iy + Jo(HP) 2 (2.12)

where

Jp = P]SIC)(HIgz))/(SI?))JrH]?)

This can also be easily proved from our sequential LMMSE estimator since H Ig2)(H é2)>+ =1
This weighted average form does provide a better understanding of the mathematical mean-
ing behind #yx, which is a weighted average of 93,({1“1 and (H, 22))+z,(€2) (a particular solution to
the linear equality constraint equation (2.5)). But computationally, this form is not preferred
for two reasons. First, it requires two MP inverses: (H,gz))Jr = (H,f))’(H,f)(H,gz))’)_l and
(S ,f))# Our sequential LMMSE estimator only needs (S 22))# Second, it is valid only when

H Igz) is of full row rank, but our sequential LMMSE estimator does not have this limitation.

2.5.2 Form 2

Theorem 2 (Sequential LMMSE, form 2). Given Zj_jjx—1 = E*[xy_1|2"7Y), Py g1 =
MSE(&x_1jx—1) and 2, an alternative form of the sequential LMMSE estimator of zy, is:
Prediction: Same as in the batch LMMSE estimator.

Update by the noise-free measurement:

32 = Efol*, 2] = G + Pt (HEY (SO (22 — HP i)
P} = MSE(#{}) = Par — Puu—s (B (S HP Pujps

S¢) = H P (H,)
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Update by the noisy measurement:

B = i+ PR (S (5 - HOER)
Pur = P = PRHD) (S B P
S0 = ) QY + )
Proof: Parallel to that of Theorem 1.
Remark: If the noise-free measurement is due to some linear equality constraint (2.5),
this form is contrary to the common practice of processing the constraints later.
Remark: Form 1 and form 2 have the same computational complexity.
Remark: If H Igz) is of full row rank, then a nice equivalent weighted average form of :?:,(j,)g
is

where

Li = Pt (HP Y (SP) HP

which can be easily proved from form 2 using H IgZ)(H ,EQ))J’ = I. The same remarks as for
form 1 can be made here.

Remark: Since both forms of the sequential LMMSE estimator are equivalent to the batch
LMMSE estimator, both forms have exactly the same performance. Then, the processing
order for z,il) and z,(f) does not matter in either performance or computation.

If the noise-free measurement is from a linear equality constraint (2.3) and the estimator
is initialized by Zy and F,, the following theorem shows that the LMMSE update by the
noise-free measurement in both of the sequential forms can be simply skipped without a
performance loss. That is, both forms of the sequential LMMSE estimator reduce to one

single form which only has the update by the noisy measurement.
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Theorem 3. If the noise-free measurement is from a linear equality constraint (2.3) and

Zojo = To, Pojo = P, then for sequential LMMSE estimator form 1, we have
. (1 1
Tk = ffl(gu)f Py, = P,,f‘,ﬂ

and for sequential LMMSE estimator form 2, we have

x,(j,)f = Thjp—1, P,Efk) = Prjp—1

Proof: In this case, z,(f) is known deterministically. If Zoo = Zo, Foo = Fo, it then

follows from (2.3) that for form 1

2 * 2 — 1 2) ~(1
o = B 20 = HPDE)

and for form 2

5 = B2 = B s

The theorem can then be easily shown.
O

Remark: This result for constrained state estimation agrees with Theorem 2 in [132]
which dealt with constrained least-squares parameter estimation.

Remark: If the noise-free measurement is from a linear equality constraint, then Z, and
Py can not be designated arbitrarily and should satisfy some necessary conditions, as pointed
out in [66].

Remark: Tt should be noted that Theorem 3 is obtained under the assumption that the
constrained LMMSE estimation can be obtained optimally. In practice, this optimality can
not be guaranteed due to model mismatch (e.g., in target tracking) or nonlinearity in the

system model, so the update by the noise-free measurement should still be kept to improve
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estimation performance. Note also that if the noise-free measurement is random, Theorem
3 does not hold in general. Numerical examples to show these points are provided later.

If the noise-free measurement is from a linear equality constraint, then we need to double
check whether the estimate really satisfies the constraint. The following theorem shows that
all estimates really do so.

Theorem 4. For estimates from all forms, we have

H 4 = 27, B dwe = 27, Hdy, = 27, P& = 57
Proof: Since the batch and sequential LMMSE estimators are equivalent, only sequential
form 1 is used to show that H ,gmimk = z,(f) for simplicity.

It follows from Eq. (2.9) that
o = Hdg = (= SO H (@ - 24)
and thus, by the unbiasedness of :Z’,(;“i,
E[zY — HP 4] = 0

and

cov(z? = HP ) = (1 =SS5 = (57)787) =0

So z,(f) =H ,f)ik“f almost surely.

H ]£2)93,(€2‘11 = z,(f) can be proved similarly. H éQ)il(ji = z,iz) and H ,gz)a?k‘k_l = z,(f) then follow
from Theorem 3.

O

Remark: H ,EQ):%W = z,iz) and H ,EQ):%,(j,l = z,iz) actually hold for all noise-free measurement

2) . . . . . .
cases, e.g., when z,g ) is random (if the noise-free measurement is not from a linear equality
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constraint).
Since Iy, is the LMMSE estimate of z;, given 2F and Py is the corresponding MSE

matrix, they have the following properties:

® Py < P,i‘lk) < Pyg—1 in general. But if the noise-free measurement is from a linear

equality constraint and oo = Zo, Fojo = [, we have Py, = P,g‘llz

o Py < P,gig < Pyjk—1 in general. But if the noise-free measurement is from a linear

equality constraint and g9 = Zo, Fojo = I, we have Péfk) = Pyjp—1-

o If zo, w, and v,(;) are jointly Gaussian distributed, @), and Py, are also optimal in the

sense of MMSE.

2.6 Extension to nonlinear measurement

Although the batch LMMSE estimator is optimal, due to its heavier computational burden,
it is not preferred. If the computational burden is concerned, the sequential forms are
preferred.

Both sequential forms are equivalent to the batch LMMSE estimator and have the same
computational complexity. Since form 1 is already simple enough, what is the specific reason
or advantage to adopt and derive form 27 What is the benefit to have these two forms? How
should the user choose between them? There should be no preference between these two
forms if only linear measurements are involved. But if one or both of z,ﬁl) and z,(f) are
nonlinear, there is a preference. That is, with linear measurements only, the performance
is independent of the processing order of z,il) and z,(f). With nonlinear measurements, the
order matters.

As demonstrated in [31,41], for nonlinear filtering, sequential processing can not only

reduce computational complexity but also improve performance (accuracy). This is because
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when the less nonlinear measurement is processed first, prediction and update by the more
nonlinear measurement will have a better reference point for function approximation based
nonlinear filters [78] (e.g., EKF and DD2 [89]) and sigma points or quadrature points for
moment approximation based nonlinear filters [78] (e.g., UF [60] and Gaussian Hermite filter

(GHF) [57]). This will be used as guideline for sequential processing in nonlinear filtering.

2.6.1 Nonlinear noisy measurement

In this case, the noisy measurement is nonlinear
2 =m0 (2.13)

while the noise-free measurement is still linear.

Since the noise-free measurement is linear, we should use it first for update. The update
i,(j,)f and P,i‘zk) by using the noise-free measurement will be optimal. Then prediction and the
update by using the noisy measurement should have better accuracy than if the noise-free
measurement is used after the noisy one.

In each cycle, prediction and the update by noise-free measurement are exactly the same

as in Theorem 2, and the update by noisy measurement can be done as follows:

Fa = Ep + CoaC2 Zip (2.14)
Py = PSS — CaaC Gy (2.15)
Bo = 24" — B[54, 47 (2.16)
Cgi“z = cov(Z])p) (2.17)
Co = cov(iy)y, i) (2.18)
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2.6.2 Nonlinear noise-free measurement

In this case, the noisy measurement is still linear while the noise-free measurement is non-

linear:

22 = (x) (2.19)

For the same reason as in the above subsection, we should update by the noisy measure-
ment first, and then the noise-free measurement.

In each cycle, prediction and sequential update steps are the same as in the above sub-
section with z,(gl) and z,(f) interchanged.

Remark: If the noise-free measurement is from a nonlinear equality constraint and the
LMMSE estimator is initialized by g9 = Zo, FPojo = I, it can be easily shown as in Theorem

3 that the update by the noise-free measurement can be skipped.

2.6.3 Nonlinear noisy and noise-free measurements

In this case, both the noisy measurement (2.13) and the noise-free measurement (2.19) are
nonlinear.

In this case, we need to first measure the nonlinearity of h,gl)(-) and h,(f)(-). If hl(f )() is
less nonlinear than h,(f)(~), 1,7 = 1,2, 1 # j, we can use the following general equations to
obtain the sequential LMMSE estimator.

In each cycle, the prediction step is exactly the same as in Theorems 1 or 2, and the
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update by z,ij) can be done as:

) _ k-1 G _ A + o*
xk“k =F [xk‘z )y Ak ] - xklk_l + Cik\k*lé;cé;zj

P} = Py — Cayy e =G

z S*
k‘k*lz‘y mk‘k,lzj

5=z = Bl

Cs; = cov(z1), Cyyz = cov(Tgjr—1, Z;)

The update by z,(f) can be done as (2.14) through (2.18) with z,(gl) replaced by z,gj) and z,(f)
replaced by z,(f).
Remark: Due to the nonlinearity of z,(:) or z,(f ) or both, we do not have an elegant

analytical form for E*[20)|2F=1], E*[2{7]2k=1, 20, Cz:, Oz Csyyyz; and Oy in general,
but they can be approximated by EKF, UF, DD2, GHF and even from the original definition
of LMMSE estimation, as in [130].

Remark: 1f the above extension to nonlinear measurements is used to handle constrained
estimation problem, then one natural theoretical question is whether the final estimate sat-
isfies the given constraints. It should be noted that the optimality criterion used in this
work is LMMSE conditioned on all measurement information up to the current time. Since
the equality constraints are already included in the conditioning, %y, and Py, should have
achieved this goal approximately. If 2y, satisfies the equality constraints (e.g., when y
and Py, are obtained precisely without any approximation), then it is what we are looking
for, otherwise we have to make a choice between the LMMSE optimality criterion and the

equality constraints. If the criterion is chosen, then 2y, is what we are looking for, otherwise

we need to project ), to the closest point in the constraint subspace.
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2.7 Illustrative examples

By Theorem 3, if the noise-free measurements are from equality constraints, then under
certain conditions, the update by the equality constraints is redundant. We also pointed out
that if there exists model mismatch or nonlinearity or if z,(f) is random, two-step update will
improve performance in general. In the following, we further verify these findings through
numerical examples.

Consider the following dynamic system, which describes the motion of an on-road vehicle
[66]:

Ty = Frpo12p-1 + Groug—1 + Wiy

where

To =[x v s yil> we ~N(O,Qr), xo ~N(Zo, Py), Py = NpPy'Ny

10T 0 0 30 103 0 0

01 0T 0 10v/3 10 0 0
F, = , G = , Q=

00 1 0 T'sin 0 0 10 10v/3/3

000 1 T cos 0 0 10v/3/3 10/3

Ne=Ii— (HOYHS HE)VHD, Y =0 0 1 —tand ]

1, if k£ is odd
0=m/3, T=2, up =

—1, if k is even

Zo and B} will be given later. The state satisfies the following linear equality constraint [66]
HP 2, =0 (2.20)

This is because the angle between the y axis and the road (treated as a straight line without
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width) is 6.
Figs. 2.1 and 2.2 show the true vehicle trajectory and velocity in one run in the two-
dimensional Cartesian coordinate plane. It can be seen that the given linear equality con-

straint is satisfied.

y directional position
B
o
=]

0 200 400 600 800 1000 1200 1400
x directional position

Figure 2.1: Vehicle trajectory in one run

20

151

101

y directional velocity
o

~10 . . . . . . . .
-15 -10 -5 0 5 10 15 20 25 30
x directional velocity

Figure 2.2: Vehicle velocity in one run

We want to estimate the state in the LMMSE sense based on the measurements and

constraint. In the following, all estimators were initialized with Fyo = F,. A mismatched
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30 10v3 0 0
10v/3 10 0 0

mis __
=

0 0 13.25 0.1443

0 0 0.1443 13.0833

is used in place of (), in some estimators, possibly along with a mis-specified initial estimate
%%S =To+[0m Om 6m/s 12m/s |

Also, all results were averaged over 200 Monte Carlo runs.

2.7.1 Example 1

In this example, the measurement provided by one type of sensor is described by

z,il) = H,gl)zk + vlil)

z,i?’) = H,gg)zk

where

1 000

v ~ N(0,RD), HY = CHP =12 3 0 0], R = diag{400m?, 400m?}

0100

That is, z,(;’) is a perfect measurement, which is random. It is also known that
To=[0m Om 10v3m/s 10m/s ], By = diag(400m?, 400m?, 10(m/s)?, 10(m/s)?)

Figs. 2.3 and 2.4 show comparison results of LMMSE estimators in Table 2.1, all of
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which use the true @)}, and are initialized with Zjo = Zo.

Table 2.1: LMMSE estimators used in example 1

name

explanation

POEC

with neither perfect observation nor equality constraint

POEC

without perfect observation but with equality constraint

POEC

with perfect observation but without equality constraint

POEC

with both perfect observation and equality constraint

Figure 2.3: RMS position error comparison for example 1. Note that POEC overlaps with
POEC and POEC overlaps with POEC.

As is clear from the simulation results, on the one hand, the update by the equality
constraint is really unnecessary—it does not improve performance. On the other hand, the
update by the perfect observations is indispensable—it leads to a significant performance
improvement. It should be noted that under our problem formulation, both the perfect ob-

servation z,i?’) and the linear equality constraint (2.20) are treated as noise-free measurements.

RMS position error

25

- © -POEC
-+ -POEC
—6— POEC
—+— POEC

10

20

30 40 50

But as demonstrated in this example, their effects are totally different.
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Figure 2.4: RMS velocity error comparison for example 1. Note that POEC overlaps with
POEC and POEC overlaps with POEC.

2.7.2 Example 2

In this example from [66], the measurement provided by another type of sensor is described
by
z,il) = H,gl):vk + vlil)

where

1000
o~ NO, R, HY = | 0 1 0 0|, BRY = diag(400m?, 400m?, 10(m/s)?)

0001

It is also known that
To=[0m Om 10v3m/s 10m/s ], Fy = diag(400m?, 400m?, 10(m/s)*, 10(m/s)?)

Figs. 2.5, 2.6 and 2.7 show comparison results of LMMSE estimators in Table 2.2.
Checking against the condition stated in Theorem 3, it can be easily justified that the

update by the linear equality constraint can be skipped in the LMMSE filter with correct @)
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Table 2.2: LMMSE estimators used in example 2

name explanation
KF true Q, Lojp = Ty, updated only by noisy measurement z,il)

NM-Q Qs Zoj9 = To, updated only by noisy measurement z,il)
NM-EC-Q Qs Zojp = To, updated by z,il) first and then by the equality constraint
EC-NM-Q mis Zoj0 = To, updated by the equality constraint first and then by z,gl)

NM-0 true Q, Top = igiios, updated only by z,gl)

NM-EC-0 | true Qg, Zojo = igﬁf, updated by z,gl) first and then by the equality constraint
EC-NM-0 | true Qy, Zojo = igﬁf, updated by the equality constraint first and then by z,gl)

and Zg|o. In other words, the KF above provides the optimal estimate for this constrained
estimation problem. That is also why we did not consider the two processing orders described
by Theorems 1 and 2 in this example of no model mismatch. Note that Fig. 2.6 is a zoomed-
in version of Fig. 2.5 in that the NM-0 estimator is removed in order to see the difference

among the other estimators more clearly.

600

500 |

N
o
o

300

RMS position error

N
=]
o

100

Figure 2.5: RMS position error comparison for example 2. Note that NM-0 diverges and its
error curve is far above the rest.

It can be seen from the simulation results that the best performance is achieved by the

KF, as analyzed above. If there is () mismatch and the linear equality constraint is not
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Figure 2.6: RMS position error comparison for example 2 without NM-0. Note that KF,
NM-EC-Q and EC-NM-Q essentially overlap with each other.

taken into account in the update step, the NM-Q filter has much worse performance than
the KF. But if there is ) mismatch and the linear equality constraint is fully accounted
for in the update step, the performance of the NM-EC-QQ and EC-NM-Q filters are almost
the same as that of the KF. If Zo|y is mis-specified and the linear equality constraint is not
taken into account in the update step, the NM-0 estimator has the worst performance and
its position RMSE diverges. But if ) is mis-specified and the linear equality constraint is
fully taken into account in the update step, the NM-EC-0 and EC-NM-0 filters have almost
the same performance as the KF during the steady state but are worse than the KF during
the short transient. All these further verify our statements about the contribution of equality
constraints in practical constrained estimation problems. We should take the linear equality
constraint into account when there exists model mismatch. Also note that for performance
there is almost no difference between the NM-EC-Q and EC-NM-Q filters, but there does
exist difference between the NM-EC-0 and EC-NM-0 filters during transient. This means
that the processing order of zlil) and the linear equality constraint does not matter at all
when there exists () mismatch, but it matters when |y is mis-specified. And as expected,

better performance is achieved when the linear equality constraint is processed before z,gl).

37



30

:
KF

- - - NM-Q
|+ - - NM-EC-Q|
ar EC-NM-Q
| —6— NM-0

| -+ NM-EC-0
1 - © - EC-NM-0

201

151

RMS velocity error

10 Ql

1 1 1 1
0 10 20 30 40 50

Figure 2.7: RMS velocity error comparison for example 2. Note that KF, NM-EC-Q and
EC-NM-Q essentially overlap with each other.

2.7.3 Example 3

In this example, the range and bearing measurements provided by a radar located at the

origin are described by

9 = HOae) + of?

where

VXi YR (1)

hz(gl)(fl?k) = , v~ N0, R,(j)), R,(j) = diag((80m)?, (10mrad)?)
tan ™" (yy/xk)

It is also known that

To=[10*/3m 10*m 10°v3m/s 10°m/s |

P} = diag((4000m)?, (4000m)?, (300m/s)?, (300m/s)?)

Figs. 2.8 through 2.13 show comparison results of state estimators in Table 2.3.

All estimators in Figs. 2.8 and 2.9 use the true ()} and are initialized with Zoo = To.
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Table 2.3: State estimators used in example 3

name explanation
BNM | updated only by noisy measurement z,il) (using LMMSE estimator in [130])

updated by noisy measurement z,il)(using LMMSE estimator
in [130]) first and then by the equality constraint
updated by the equality constraint first and then

by z,il) (using LMMSE estimator in [130])

ENM updated only by z,il) (using EKF)
ENM-EC updated by z,il) (using EKF) first and then by the equality constraint
EC-ENM updated by the equality constraint first and then by z,ﬁl) (using EKF)

BNM-EC

EC-BNM

Estimators in Figs. 2.10 and 2.11 have @ mismatch but have no mis-specification on Zo.

Estimators in Figs. 2.12 and 2.13 use correct ) but mis-specified Zo.

900

:
- - —BNM

—6— BNM-EC
—— EC-BNM(|
- = ENM

— © — ENM-EC|
— + — EC-ENM

RMS position error

Figure 2.8: RMS position error comparison for example 3 with correct () and Zojp = Zo. Note
that BNM, BNM-EC and EC-BNM essentially overlap with each other, and ENM, ENM-EC
and EC-ENM essentially overlap with each other.

Due to the nonlinearity of the measurement z,(cl), state estimation in this example is a

nonlinear filtering problem. In general, only suboptimal results can be obtained.
From the simulation results in Figs. 2.8 and 2.9, it can be seen that the BNM, BNM-

EC and EC-BNM filters have almost the same performance. Also, the ENM, ENM-EC
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Figure 2.9: RMS velocity error comparison for example 3 with correct @) and o9 = Zo. Note
that BNM, BNM-EC and EC-BNM essentially overlap with each other, and ENM, ENM-EC

and EC-ENM essentially overlap with each other.

and EC-ENM filters have almost the same performance. This means that the update by
linear equality constraint is still unnecessary even in this nonlinear filtering problem. The
update does not change the filtering results at all, which also implies that the updated
estimate by z,il) already satisfies the constraint. It can also be seen that a direct application
of the LMMSE update for nonlinear measurement z,il) is completely feasible. For nonlinear
measurement z,(cl), the LMMSE update beats the EKF update by far in terms of position RMS
error and transient velocity RMS error. This is mainly due to the nice properties held by the
approximate LMMSE update, as analyzed in detail in [130]. Surely, other approximation
methods, e.g., UF, DD2, GHF, can also be applied. But since nonlinear filtering is not the
focus of this work, they will not be compared here.

From the simulation results in Figs. 2.10 through 2.13, it can be seen that the LMMSE
filter beats the EKF in every case. If there is () mismatch or mis-specification on Z¢, and the
linear equality constraint is not taken into account in the update step, the BNM filter or the
ENM filter diverges in terms of position RMS error and has much worse performance than

their counterparts which take the linear equality constraint into full account in the update

step. This means that the update by linear equality constraint is really helpful when there is
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1000

RMS position error

Figure 2.10: RMS position error comparison for example 3 with () mismatch. Note that
BNM-EC essentially overlaps with EC-BNM, and ENM-EC essentially overlaps with EC-
ENM.

() mismatch or mis-specification on Zg|g in nonlinear filtering. Also note that for performance
there is almost no difference between the BNM-EC and EC-BNM filters, and between the
ENM-EC and EC-ENM filters. This means that the processing order of z,il) and the linear
equality constraint does not matter when there exists ) mismatch or mis-specification on

Zg|o in this nonlinear filtering example.

2.7.4 Example 4

In this example from [105], the on-road vehicle is equipped to measure its ranges relative to

two reference points (Xﬁl), y,(})) and (xg), y$2)) on the road as described by

A" = n (2y) + o (2.21)
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Figure 2.11: RMS velocity error comparison for example 3 with () mismatch. Note that
BNM-EC essentially overlaps with EC-BNM, and except for the small deviation at transient,
ENM-EC essentially overlaps with EC-ENM.

where
(e = xt)2 + (yg — yiV)2
W (2y) = ¢ ;o) ~ N0, RY)

Vo= + (g =y 22

R = diag((30m)2, (30m)?), (x,y) = (0m,0m), (x?,y®) = (10°v/3m, 10°m)

T
It is also known that

To=[0m Om 10v/3m/s 10m/s |; Py = diag(400m? 400m*, 10(m/s)? 10(m/s)?)

Figs. 2.14 and 2.15 show comparison results of the ENM-EC and EC-ENM filters, which
use correct ) but mis-specified Zg|9. The explanation for the names ENM-EC and EC-ENM

are the same as in Table 2.3 except that z,il)

is now defined by Eq. (2.21).
It can be clearly seen from the simulation results that the processing order of z,il) and
the linear equality constraint matters a lot when there exists mis-specification on Zgjp. As

expected, better performance is achieved when the linear equality constraint is processed
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RMS position error

Figure 2.12: RMS position error comparison for example 3 with mis-specified Zo. Note
that BNM-EC essentially overlaps with EC-BNM, and ENM-EC essentially overlaps with
EC-ENM.

before z,(:) .

2.8 Summary

This chapter targets the state estimation problem with both noisy and noise-free measure-
ments. This more general framework has numerous real supports, e.g, state estimation under
linear or nonlinear equality constraints, with correlated or singular measurement noise. Al-
though state estimation with both noisy and noise-free measurements is not a big deal in
theory, computationally efficient ways should be preferred. So two sequential forms of the
LMMSE estimator which are equivalent to the batch LMMSE estimator have been proposed.
How to extend the results to the nonlinear measurement case and how to choose between the
two sequential forms have also been discussed. Numerical examples show that although both
equality constraints and perfect measurements can be treated as noise-free measurements,
they should be handled differently and with caution. It is also shown through numerical
examples that the update by equality constraints is necessary and helpful when there exists

model mismatch and the processing order of noisy measurements and equality constraints

43



70 ‘ ‘
- — —BNM
) —6— BNM-EC
609 —+— EC-BNM[{
\ - — ENM
| - © - ENM-EC
501, - + — EC-ENM
s |e
2 a0t
£
©
S XY
o oF
=
& |
20 t{
KR~ Q@v
10 " T SN T
o DHD ]
0 ‘
5 10 15 20 25 30 35 40 45 50

Figure 2.13: RMS velocity error comparison for example 3 with mis-specified Z)p. Note that
BNM-EC essentially overlaps with EC-BNM, and except very little deviation at transient,
ENM-EC essentially overlaps with EC-ENM.

matters for some filtering problems.
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Figure 2.14: RMS position error comparison for example 4
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Figure 2.15: RMS velocity error comparison for example 4
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Chapter 3
State Estimation with Point and Set Measure-

ments

3.1 Introduction and related research

In this chapter, a point measurement is one that is a single point in the measurement space,
while a set measurement is a subset of the measurement space.

As shown later, set measurements are available in numerous cases, for example, state esti-
mation under linear, nonlinear inequality constraints, with quantized measurements. These
cases of state estimation are much harder than those with point measurements.

Results about inequality constrained estimation are available [13,103,106,107]. The main
idea is to extend the existing results in equality constrained estimation [105] to inequality
constrained problem by utilizing classical optimization techniques (e.g., the active set method
(103,106, 107] and the interior point method [13]). Unfortunately, there are some problems
associated with these methods which will be analyzed in detail later.

State estimation with quantized measurement is an old research topic [28,29], and it has
attracted recent interests [33,58,63] with new developments in hybrid estimation, nonlinear
filtering and numerical computation. For instance, given the quantization rules, [58] applied

the first-order generalized pseudo-Bayesian (GPB1) idea in maneuvering target tracking
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to improve the performance of Sheppard’s method; [63] applied particle filtering; and a
numerically efficient implementation of the state estimator with quantized measurement
in [28,29] was proposed in [33]. Most of the work assumed that the quantization regions
were hyper-rectangles and can not be easily extended to some other shaped regions, e.g.,
ellipsoidal regions. Also, the application of particle filtering to this type of problem is too
costly and not affordable in practice as explained in detail later.

This work is an extension of our recent work in [33,58] to a more general framework—
state estimation with point and set measurements. In this chapter, inspired by the estimation
with quantized measurements developed by Curry [28], under a Gaussian assumption, the
MMSE state estimator with point measurements and set measurements of any shape is
proposed by discretizing continuous set measurements. Possible ways to relax the Gaussian
assumption and to discretize the involved Gaussian and truncated Gaussian distributions
are also discussed. Supporting numerical examples are provided.

This chapter is organized as follows. Sec. 3.2 formulates the problem. Sec. 3.3 gives
some cases with set measurements so as to show our research work in this direction is useful.
Sec. 3.4 explains how huge the computational load by applying particle filtering to this type
of problem can be. Sec. 3.5 presents the MMSE filter with point and set measurements. Sec.
3.6 discusses one possible way to discretize the involved Gaussian and truncated Gaussian

distributions. Sec. 3.7 provides supporting numerical examples. Sec. 3.8 gives summary.

3.2 Problem formulation

Consider the following generic linear dynamic system

Ty = Fy_12p-1 + Gr_qwi—
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with zero-mean white Gaussian noise wy with cov(wg) = Qr > 0 and z, € R™, zg ~
N (Zo, P).
Assuming that two types of measurements of the state are available. The first is the

conventional point measurement

z,(gl) = H,gl):ck + v,(:) (3.1)

with zero-mean white Gaussian noise vlil) with cov(v,gl)) = R,(:) > 0 and z,il) e R™.

(wg) , <v,(€1)) and zo are independent of each other.
Remark: For simplicity, R,(:) > () is assumed although we can still handle it if R,(:) > 0.

The second type is the set measurement:

Ve ={? € 2}, 2, CR™

2) . . . . :
where z,(c ) is a linear or nonlinear function of 2 which may or may not be driven by random

noise, 2, is a subset of the measurement space R"2.

Remark: In this work, the only requirement on Z; is that Z, C R™2. Whether Z is
bounded or not, convex or concave, and how its geometric shape looks like do not really
matter.

Remark: In the extreme case, Z; can be the empty set (), singleton or even 2 = R™2
(the measurement space). Both Z; = () and Z;, = Q are trivial, since they do not provide

any useful information normally and z,(f) can be ignored. If Z; is a singleton, zliz) = Z; is a

point measurement and is the same as z,gl).
Remark: Zj can be either a continuous or discrete set. Only the continuous set case
will be discussed in this chapter. For the discrete set case, we need to either reformulate the

problem with a given probability mass for each set element, or obtain the probability mass

online for each set element based on a filtering procedure.
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In this work, we estimate the state as best as we can in the MMSE sense based on point

1 .
measurement z,(c ) and set measurement Y}, that is,

T " = arg gli‘n GRCARI e
k|k

where i’k|k =T — i’k\k-

3.3 Set measurements

Before getting into the details about how to obtain the best state estimation, let us discuss
some cases with point and set measurements to show that our work is not only meaningful

in theory but also useful for application.

3.3.1 Linear inequality constraint

In this case, a linear inequality constraint is placed on the estimand (quantity to be esti-
mated):

where matrix D and vectors dj, a, and by are all known. And the vector inequalities are
interpreted componentwise.
Let

z,(f) = Dz,

It can be easily seen that the inequality constraint defines a set measurement. So state
estimation with linear inequality constraint is indeed a special case of the one with point
and set measurements.

The one-sided linear inequality constraint of (3.2) has been widely studied [103,106,107].

The two-sided linear constraint case was also considered in [14,94]. For example, [103, 106,
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107] tried to extend the existing results of [105] for state estimation with linear equality
constraints to the linear inequality constraint case by utilizing the active set method in
optimization. There are problems with this extension. First, a search based numerical
optimization technique is mandatory, which may be time consuming. Second, the objective
functions are inconsistent before and after using the constraint. Specifically, the objective
function before using the constraints is MSE, while afterwards it becomes fitting error in
the least-squares sense, in which the estimate was treated as data. Thus, in what sense is
the final estimate optimal? The two-sided linear inequality constraints were handled in [94]
in an ad hoc way, while [14] proposed to treat them as the a priori information about the
estimand for the special case of D = I, where the determination of the prior distribution of

the estimand is the key.

3.3.2 Nonlinear inequality constraint

In this case, a nonlinear inequality constraint is placed on the estimand:

c(zg) <0orap <c(xg) < by

where vectors ay and by, are both known and ¢ (-) is some vector-valued nonlinear function.
Let

27 = c ()

We can easily see that state estimation with nonlinear inequality constraint is indeed a
special case of the problem with point and set measurements.

Some relevant results were reported in [13,94]. Those of [13] are not free of the problems
discussed above either and the nonlinear inequality constraints were handled in an ad hoc
way in [94].

Remark: 1t should be noted that when the inequality constraints are treated as set mea-
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surements, there will be no measurement noise (i.e., noise-free) in the measurement equation
z,(f) = Duxy, or z,(f) = ¢(zg). This may complicate the corresponding state estimation, to be

explained later.

3.3.3 Quantized measurement

In this case, only a quantized measurement is available:

D g,

ue = Q=)

where y; € R™ is the quantized measurement with a quantization operator @ (-) and z,(f) is
the measurement before quantization.

The quantizer @ (-) is a nonlinear mapping and the quantization can be uniform (e.g.,
midrise or midtread [63,120]) or nonuniform (e.g., u-law companding or A-law companding
[96,97]). In general, with the help of a quantization rule y;, = Q(z,(f)), the only thing we can
infer from a quantized measurement y; about the measurement before quantization z,(f) is

that z,(f) € Z;, for some Z,C R™ where the set of all quantization regions { Z;} is a partition

of R™2. One simple example is the rectangular regions Z; defined by

Z. = {z,(f) eR™ :q < z,(f) < b}

where the vector inequalities are interpreted componentwise, i.e., ag; < z,(“) < by, for Vi =

1, .., Mo
Clearly, z,(f) € Z;, inferred from the quantized measurement y;. is exactly a set measure-
ment. That is, state estimation with quantized measurement is a special case of the problem

with set measurement only.
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3.4 Particle filter

As a close approximation to the recursive Bayesian filtering, particle filter significantly im-
proves estimation accuracy at the cost of a heavily increased computational burden. It has
many variants. In this work, the bootstrap particle filtering (BPF) is chosen as an example
to analyze its feasibility for state estimation with point and set measurements.

Let z, = {zlil),Yk}. Then the BPF [76] for the given problem in one cycle can be

summarized as follows:

e Initialization: :cgi) ~ foo (), i=1,2,-+- N.

Proposal distribution:

w2\ |, z) = plalzl )

Sampling:

o = Foawl) | + Gl

where w,(;zl ~ Py, (W).

e Weighting:
ay) = plale”) = N B o RO P(zY € 2o = )
_ ~(
O‘k _ak /ZJ L !
e Resampling:

{2 1/N}Y, = Resample({z{™), o{"}X )
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e Measurement update:

. IV )
Tlk = N i1 k

1 N i . i .
Pk|k = N j:l(xk) — {Ek|k)(:l?k) — fEk|k)/

Remark: In the above, p () denotes pdf and/or pmf, while P{-} denotes probability only.
Also, N is the number of particles.
As can be seen from the above, by introducing the set measurement, one main difficulty

is that at each time, for every particle, we need to calculate the following likelihood
P{sz) € Zylry = :)3,(;*)} = /\/'(z,(f); H,g)x,(f*), R,gz))dz,(f)
Z

which is a multivariate integral. It is well known that for multivariate integration, if it can
not be obtained analytically, numerical quadratures usually are time consuming unless some
efficient ways can be utilized. For numerical quadrature at each time for every member
of the thousands of particles, the computational burden is huge and can not be affordable
for practical applications. So in the sequel, particle filtering is only used as a reference for

estimation performance comparison.

3.5 MMSE filtering with point and set measurements

Due to the introduction of the set measurement, state estimation with point and set mea-
surements is essentially a nonlinear filtering problem. Although nonlinearity destroys Gaus-
sianality in general, to simplify derivation, we will still make Gaussian approximation to the
updated state estimate at each time step. A similar idea can be found in the Gaussian filter

developed for general nonlinear filtering problems in [57].
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3.5.1 General form of MMSE filter

As was discussed above, state estimation with quantized measurement is a special type of
the one with point and set measurements. Inspired by the ideas dealing with quantized
measurements in [28,29], we develop an approximate MMSE filtering algorithm with point

and set measurements.
Define

Zk - {217227”' 7Zk}

It is well known that the MMSE filter is
i’k|k = E[$k|zk] (33)
Using the total expectation theorem, we have

Ty = Elay|2"] = E[E[xk|zl(€2), 2F]| 2] :/ E[:Ek|z,(€2),zk]p(z,(€2)|zk)dz,iz)
p

_ / Ela]2®, 241 2D ]p(z2)|24)d=? (3.4)
Z
with

Py = MSE (&) = ElTupiyl 2] = ElEErpdiyl 2, 212"
- / Bl 22, Mp(2]2)do?
Zy

— [ Blauudiodf?, o1 35)

Z
That is, @y, and Py are the means of E[mk|z,£2),zk_1,z,9)] and E[ikw%'k\zf),zk_l,z,il)]

(functions of z{” given 2*) w.r.t. the distribution p(z\"|2*).
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From the definition of 2*, it follows that

2 2 _ 1 1 2 _ 1 2
p(z0|2) = p(z2 |25 20, V) = = p(2? 125 2 ) 15, (28

z

where

1 if 22 € 2,
(") = o= [ plef o a?
0 otherwise Zk

That is, p(z,(f)|zk) is nothing but a truncated version of p(z,(f)|zk_1, z,(cl)).

In general, it is hard to solve (3.4) and (3.5) analytically except in some special cases
due to several difficulties. First, it is hard to obtain the trunctated distribution p(z,(f)|zk)
exactly. Second, it is also hard to find an analytical form for the nonlinear filtering

problem E[a:k|z,iz),zk_1,z,il)] and E[fsk‘k%'“zliz),zk_l,zlil)] if z,iz) is a nonlinear function

of xg. Third, even if we have an analytical form of p(z,(f)\zk), E[mk\z,?),zk_l,z,gl)] and

By, k|zl£2), 2kt zlil)], to evaluate the involved integrals in a closed form is not easy and
only numerical quadrature can be done in practice.

Given

Tp_qjp—1 = Elzg_q|2"1, Py g1 = MSE(!%k—l\k—1|Zk_l)

assume that

p(2p_1|2"Y) = N (g1 Th—1k—1, Pr_1jk-1) (3.6)
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Then the state at time & can be estimated as follows

Erp—1 = Elrg|2" ) = Beoadi-1p (3.7)
Pyjp—1 = MSE(Zgp1|2") = Fe1 Pecap1 Fi_y + Gro1Qu1 Gy (3.8)
80 = Elag ™, 2] = dygor + KO (2" — HPgpcn) (3.9)
Pl = MSE(i |, 57) = Pogoy — KLV S (KDY (3.10)

K = Py (HVY (S0)

{9 = B Py (1) + R

This is nothing but an application of the Kalman filter.

2)

Depending on whether zli is a linear or nonlinear function of xy, we discuss next how

to solve (3.4) and (3.5) approximately in an efficient way.

Linear case

When z,(f) takes the linear form

z,(f) = H,gz):vk + v,(f) (3.11)

where v,(f) is zero-mean white Gaussian noise with cov(v,(f)) = R,(f) > 0 and uncorrelated

with (wg) , <v,(€1)) and zg, it follows from the Kalman filter that

Ak — 1 2 ~(1 2 ~(2
Tgle = Elay|2* 1vzl(c )7Zl(c )] = xz(gu)f + Kk(zl(c ) Zziu)g)

Pl = NS4 0, o) = Y - K
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where

(2 2 k-1 _(1 2) (1
Zi(@u)g = E[Zzi )|Zk 1a21(f )] = H/i )5’31(@“1

1 2 2
K, = PUHP) (S2)F

2 ~(2 — 1 2 1 2 2
S& = MSE(s01 ", 5Y) = BP PY(HP) + B

Note that :%](:',)C, K} and H,f) have nothing to do with zliz). Substituting I}, into Eq. (3.4)

yields
B = &) + Kn(Bl2Y)24 - 20) (3.12)
Since
T = T — Lpje = Tk — Ly + Ty — Thp = T — Tpppe + Ki(z” = E[5”]2"])
we have

Blewsdilay” 2 2] = P+ Ki(5” — Bl |27) (2 — Bl |M) K
Note that Py, and K} have nothing to do with z,(f). Substituting this into Eq. (3.5) yields
Pyi = Py, + Eyeov(2? |2 K}, (3.13)

These are exactly the formulas for state estimation with quantized measurements in
28,29,33|, except that now we have both point measurement 2 and set measurement Y.
k
1)

Remark: The reason why z]i is processed first and z,(f) is processed later is that the

update by z,il) is optimal and it is better to put the approximation step as close to the

output of final result as possible.

It follows from the Gaussian assumption (3.6) that p(z£2)|zk) is a truncated Gaussian
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distribution

2 1 ~(2 2
p(571") = —N (s 400, 57) 2, (27)

4
where

N( B k|k7S(2))le(c2)

Clearly, the key to this MMSE filter is to compute the mean and covariance matrix of
the truncated Gaussian distribution p(z,(f)\zk). For the scalar case, i.e., my = 1, they can be
obtained analytically [33] in terms of the error function ® (-) and the density function of the
standard Gaussian distribution. For the multi-dimensional case, i.e., my > 1, their compu-
tation usually relies on multi-dimensional integration over the truncation region without a
closed form and only numerical quadrature can be done in practice.

There are several difficulties associated with the numerical quadratures for E [z,(f) | 2] and
cov(z,i2)|zk). For example, the Gaussian distribution A (z,iz); él(jl)ﬁ, S,EQ)) may be singular! in
some cases, e.g., due to \R(2)| = 0. As we know, the density function for a singular Gaussian
distribution is not defined, let alone the quadratures based on it. Even if N/ (zk ; k| k, Sy 2) )
is nonsingular, the following two aspects may still complicate the quadratures in general.
First, due to the high dimensionality, the curse of dimensionality may occur. Second, the
numerical quadrature may be over a truncation region not in a regular shape. Recall that
in the problem formulation, the truncation region is only required to be a subset of the
meo-dimensional measurement space, so it can be of any shape depending on the problem.

Now let us use two examples to illustrate how irregular the shapes of the truncation region
can be for the case my = 3. For example, the domain of integration can be unbounded in a

three-dimensional space like

—00 < zg < by, as < z,(f% < by, a3 < z,(f?)) < 400

!The Gaussian distribution N(zk ; k‘k, S 2)) with |S’(2 | = 0 is called a singular Gaussian.
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Another example is that the domain of integration may be an ellipsoid [126] like

Zf:1<<zé?3 —a;)/b)? =1

where z,izl) is the ¢-th component of the vector z,(f), a; and b; are constants.

If the quadratures used to evaluate E [z,(f)\zk] and cov(z,i2)|zk) are well defined, we may
consider to use a mature numerical quadrature rule like the Newton—Cotes rule, which in-
cludes the rectangle rule, trapezoidal rule and Simpson’s rule as special cases, and the
Clenshaw—Curtis rule, but they are mainly for integrations over a one-dimensional bounded
region and can not be easily extended to other cases. Efficient numerical quadrature rules
like the Gaussian quadrature can indeed handle integration over unbounded domain, but
they are still mainly for the one-dimensional case. There do exist exceptions, for instance,
the Gaussian-Hermite quadrature can be applied in the high dimensional case because the
domain of integration is from —oo to +o00, which is kept the same after changing variables
through decoupling to the original ones. The other Gaussian quadratures are not so lucky
because after decoupling of the original variables, the domain of each new variable may be
strongly coupled, which will complicate the quadrature greatly and the existing Gaussian
quadrature rules can not be applied. To handle multi-dimensional integration, Monte Carlo
and sparse grid methods are usually suggested. The sparse grid method is based on a one-
dimensional quadrature rule, but performs a more sophisticated combination of univariate
results. It is mainly for integration with a hyper-rectangular domain. Monte Carlo integra-
tion may yield better accuracy for the same number of function evaluations than repeated
integrations using one-dimensional methods, but the computational complexity is usually
too high to be affordable online.

Next, a new way to obtain F [z,i2)|zk] and cov(z,i2)|zk) without resorting to any conven-

tional quadrature rules is discussed, which is more general in the sense that it can be applied
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to set measurements of any shape, of any dimension, regardless if the involved truncated

Gaussian distribution is singular or not.

Suppose that there exists a discrete random vector z,?t) ; Which is an approximation to the

conditional distribution p(z,(f) | 25— z,il) , Yy):

2z 7 .
Pzl =20 =u =12, M

where
() - M- i) _
py, >0, E z‘:1’uk 1

Then it follows that

2k = B[P, 2, Vi) ~ Z Mk )Y

M DA D) A
cov(57 2471, A7, Vi) cov(zn) = 30 (57 = ) (20 — 2w’

M N (24 9. o
= Zizlu;(f)zzi A2 — Zapli
How to discretize a truncated Gaussian distribution will be discussed in detail later.

Nonlinear case

If z,(f) takes a nonlinear form

z,?) hy(xy, v,(f))

even under the Gaussian assumption (3.6), we do not have p(z,(f) Ei z,il)) = J\/’(z,(f); 227,1, S,(f))

and it is usually hard to obtain the exact distribution p(z,iz)|zk‘1, z,gl)), let alone p(z,(€2)|zk),
which is a truncated version of p(z,(f) Eia z,(cl)). Thus the MMSE filter with a nonlinear z,(f)

is much harder to obtain than the one with a linear z,(f).
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Under the Gaussian assumption (3.6), we have p(xk\zk_l,z,il)) = N(:ck,ig,)f,Péi,z)

Suppose that there exists close discrete approximations to p(xk|zk_1,z,(€1)) and p(v,(f)) =

N (570, RY)

P{l’k,d :$IEZ)} = al(gi)? 1= 1a2>"' aMx

_ .
Pl = vy =87, j=1,2,-- . M,

where

>0, Z =1, gY >0, Zﬁﬂj)zl

Then a close discrete approximation to p(z,(f)|z zp') is

2 % 2, % j
P = o) ) =54 = 05

where i =1,2,--- , M,, j=1,2,---, M,.

Selecting only those hk(:c,(€ ,v,(f’J ) € Z;, and normalizing their corresponding probability

masses yield a close discrete approximation to the truncated distribution p(z,(€2)|zk) which

has the pmf

P{Zl(jl‘?d = 21(6271)} = Clgl)7 [ = 1727 e 7L

with
URS ZL o _
k= O? l:lck 1

Then we can approximate Ty, and Py, by

Ty ~ Zl . k|k Ck) (3.14)
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L - . ! _ 1
Py = Z E xk\ka7;g|k|zl(jt)d = 21(927 ) 4, Zl(cl)] Y

1) I%) A ~ (I A
= Zl 1< ](i“k: I(ﬂk) |Zk 4d = Z( ) + Zz 1<k Ik|k xk\k)(xl(ﬂk) )
% A A A l
- Zl 1 k|k xl(f\k) i’fklk)(i’f;(qk) _xk\k)/]czg)
1) N A
= Zl 1< k|k + Z C k|k I(c\k) 5Ek|k$;c|k (3.15)
where
Ty = T — Tk, f;(fﬁ) =Ty — 93",?[2
N 20) k-1 (1
xl(c\k) = [$k|2k td = Zl(c )a 2, Zl(c )]
Pk|k MSE(z k|k)
Note that i’,(f"; = Elag|z"® = 2*Y 21 2] is a standard nonlinear filtering problem.

Existing nonlinear filtering methods for point estimation can be applied here. As an illus-
tration, only the general form of state estimator that is optimal in the sense of LMMSE is
listed here:

i’(l*) (2.0 Sh=1 (1)]

_ (20) ~(2,])
klk = [xk‘zk td = Fk 1 Pk k|k + Ky k|k

1% 1 2,1) (2.1 2,1
Plg|k) = Pzguf) - K/i )Szi )(Kzg ))/

where

2,1 1) ~(2, 2,1 2,1 ~(2,1
Kt )—cov(x,i‘ll, ,g‘;)(s; Nt s ):cov(z,i‘k))
20 = — Y 2

Remark: Due to the nonlinearity of z,(f), we do not have an elegant analytical form for

E* [z£2)|zk_1, z,gl)] cov(x,(:“l, ZlE:|k ) and S]iz’l) in general, but they can be approximated by the
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extended Kalman filter, unscented filtering [60], DD2 [89], Gaussian Hermite filter [57] or
even from the original definition of LMMSE estimation, as in [130].

Remark: If COV({Z’I(:“)C, Zﬁg)) and S,f’” do not depend on zliz’l), then (3.14) and (3.15) are
equivalent to (3.12) and (3.13), which is more preferable due to its efficiency in implemen-

tation.

3.5.2 Some discussions on set constrained estimation

As was done in [35] to handle equality constraints, the set constraint
cr(wg) € 2y, (3.16)

can be treated as another piece of set measurement information. In this way, state estimation
with set constraints can be solved simply by direct application of the general form of the
approximate MMSE filter developed in the above subsection. Although set constraints can
be treated as set measurements, they do have their own characteristics. For example, Zj is
nonrandom and the validity of set constraints is known beforehand. Next, we provide another
way to solve state estimation with set constraints by the use of this speical characteristic.

Define

From the definition of 2*, it follows that

_ 1 -
planl) = planl ™ 57, V) = Zplanls ™, 40 I (@)

xT
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where

1 ifx, € & be1 (1)
[/\’k (LL’k) = , Xk = {S(Ik : Ck(l’k) - Zk}, Cp = p(:ck\z ) 2L )dl’k
0 otherwise X

That is, p(xx|2*) is nothing but a truncated version of p(x|zF 1, z,(cl)). Furthermore, since

it can be easily seen that %y, and Py are nothing but the mean and covariance matrix of
the truncated distribution p(xy|2*).

Remark: This was also pointed out in the so called pdf truncation approach of [104] for
linear inequality constrained state estimation, where the mean and covariance matrix of the
truncated Gaussian distribution is obtained based on Jordan canonical decomposition and
Gram-Schmidt orthogonalization procedure. But unfortunately, after consideration of the
first constraint, all subsequent computation relies on an incorrect assumption that the state
satisfies untruncated Gaussian distribution, which is actually truncated, after the application
of all past constraints.

Remark: When Zj is random, the above analysis still holds. This is the case when
z,iz) = cx(z) is noise free.

In general, it is very hard to obtain (3.3) and (3.17) analytically except in some special
cases. But as is analyzed next, for constrained estimation problem, if the estimation before
update by the set constraint can be done optimally, then the update by set constraints can

be skipped and all estimates satisfy the constraints automatically.
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Suppose that we can obtain the following estimates optimally

Zrp—1 = Elg| 2" Y, Pop—1 = MSE(Zgp_1|2")

~(1) _ E[$k|zk_1>zlil)]a pL _ MSE(i'(l)|zk_l, Z}({U)

Tilke = k| k|

Since it is known beforehand that the ground truth satisfies the set constraints (3.16), it
follows that

P{SL’k GXk}:l

That is, xp outside X} will never occur. Also, the fact that the ground truth really satisfies
the set constraints (3.16) is independent of the measurements: whether we observe it. No
matter what kind of measurement is observed, the reality that the ground truth satisfies the

set constraints (3.16) can not be changed. This implies that
Plag € Xz} =1, P{ap € X2 2V =1
Now it can be easily seen that

#1) = Blog|s, 2] = / rep(al 7, 2)day, = / wip(wil2t 2
Xy

= /a:kp(xk|zk_1, Z](gl),l’k - Xk)dl’k = /:ka(xk|zk_1, Z](gl), Yk)dxk = E[xk|zk] = Zi’k|k

That is, set measurement information from the set constraint is imposed implicitly. From
orthogonal projection, we know that il(j,)f satisfies the set constraint (3.16) for sure.

Similarly, it can be shown that for one-step ahead prediction Zy;_;, the set constraint
(3.16) is also imposed implicitly and Zj,—; satisfies it automatically.

Remark: Although we treat the set constraint as set measurement information in this

work, there is significant difference between the set constraint and traditional measurement.
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As stated above, the set constraint is known beforehand but the traditional measurement is
never known before the sensing process takes place. Also the set constraint stays the same
from run to run of the dynamic system, while the traditional measurement is random and
thus changing from run to run.

Now that the update by set constraints can be skipped in the MMSE filter, so why do
we still need to study the constrained estimation problem? Why do we still bother with set
constraints? Note that in the above analysis, a strong assumption is that we can obtain the
estimates before update by set constraints optimally. This is not always true in reality. For
example, in practice, we may have model mismatch, nonlinearity from dynamic system or
measurement equation, etc. In these cases, it is hard to obtain the unconstrained estimates
optimally. If we still treat set constraints as pieces of set measurement information and take
them into account in the practical estimation procedure, the estimation performance can be
improved due to the use of more pieces of information.

Clearly, the key to set constrained state estimation is to compute the mean and covariance
matrix of the truncated distribution p(zx|2z*). There are several difficulties associated with
this computation. First, it is hard to obtain this trunctated distribution exactly in some
cases even if we have the exact form of p(z;|z*71, z,gl)). Second, even though the analytical
form of p(x|2*) is available, to evaluate the integrals for E[zy|2*] and cov(zy|2*) in a closed
form is not easy and only numerical quadrature can be usually done in reality. Then all
those difficulties discussed above concering the numerical quadratures for E[z,g2)|zk] and
cov(z£2)|zk) may exist again. To develop a more general approach, a similar way by the use
of a discretization method for E[z|2*] and cov(x;|z¥) is discussed next.

Under the Gaussian assumption in (3.6), p(z;|2*) will be truncated Gaussian. Suppose

that for the truncated Gaussian distribution p(zy|2*) there exists a close discrete approxi-
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mation which has the pmf
{zk,td Ty, } nk y J ) Sy )

where

Then it follows that

Gy = Elog|2"] Z 'z
N
cov (x| 2*) ~ Zj (@) — ) (@) — i)’ Z 77k 2D () = iy,

Remark: For linear set constrained state estimation, we now have two choices: (a) to
directly apply the general form of the approximate MMSE filter and (b) to compute the
mean and covariance matrix of the truncated version of p(xy|2*1, z,gl)) directly. As is clear
from above, when applying the general form of the approximate MMSE filter to the linear
set constrained case, the key is to compute the mean and covariance matrix of p(z,(f)\zk). So
in practice, if ms is less than n, the mean and covariance of p(z,iz) |2%) will be relatively easier
to compute than that of p(z;|2*), as shown in the illustrative example below. In this case,
the general form of the approximate MMSE filter should be chosen. Otherwise, we should
compute the mean and covariance matrix of the truncated version of p(zy|2*1, z,gl)) directly.

Remark: For nonlinear set constaints, if the nonlinear filters i,(gﬂ}?, l=1,2,---,L can not
be obtained efficiently, it is preferable to compute the mean and covariance matrix of the
truncated version of p(x|2*71, z,il)) directly.

Remark: If the framework of state estimation with both point and set measurements
is used for state estimation with set constraints, then one natural theoretical question is
whether the final estimate satisfies the given constraints. It should be noted that the opti-

mality criterion used in this work is MMSE conditioned on all measurement information up

67



to the current time. Since the given set constraints are already included in the conditioning,
Ty, and Py, should have achieved this goal approximately. If Zj, satisfies the given set
constraints (e.g., due to projection when #y, and Py, are obtained precisely without any
approximation), then it is what we are looking for. Unfortunately due to approximation
and computational error, this may not be the case. In this case, we have to make a choice
between the MMSE optimality criterion and the inequality constraints. If the criterion is
chosen, then &y, is what we are looking for, otherwise we need to project ) to the closest

point in the constraint subspace.

3.5.3 Relaxation of Gaussian assumption

Clearly, the key to the above derivation of the approximate MMSE filter is the Gaussian
assumption (3.6). In reality due to the involvement of set measurements, this assumption
is not true in general. An idea is to use a Gaussian mixture to approximate p (xk_1|zk_1)

after each cycle of filtering as

P(xk—1|zk ZZ 15 (- 1’xk)1|k 17P1§Z)1|k )

This is supported by the fact that any distribution can be approximated as closely as desired
by a Gaussian mixture distribution [57].

For the next filtering cycle, the approximate MMSE filter is applied to each component
to obtain the corresponding updated estimate N (zy; itlg?k, P,i‘ ]1) autonomously. The weight

ﬁk of each component in the Gaussian mixture can be updated as follows when z,g takes
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the linear form (3.11)

ﬁk 1p(zk|xk‘k 1)

1,3) 2 2 2,1 2,1
= BN (25 200 S PLY € 242 ~ N (503200 1, S20))

(i) _ 30) 36
k _ﬁk /ijl/@k ) Z_1a27 >m

where
- (%) NG
L1 = P12y
Plg\lk 1 Fk_lpk(?uk—lFl;—l + G-1Qr-1G)_,

20— gU)

klk—1 k|k 1

S0 = ) P (HYY + R, j =12

Remark: If a set measurement is available, the computation of the likelihood P{z,(f) €
Z,,C|,z,(f ~ N(zk ; k|k 1 5(2’ )} in the above weight update is really a headache. It is sug-

gested to use our proposed discretization method to get this probability as

2) 2) @), 520 g2y e
P{z" € Zylz, NN(k?k\k ) } le z(y")

where

1 if y(” € Zy

il
Izk( I(c )) -

0 otherwise
and { (2 2), e ,,uk } is the set of probability masses of a discrete random vector y,(c)
over the space {y(z 2 ,y,(; 2), e ,y,(; ) }, which is an approximation of the Gaussian distribu-

~(2,1 2,1
tion N (217 ,(ﬂk)l,S,(c N

Remark: The other forms of weight update in [57], derived under different optimality
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criteria, can also be applied here similarly.

3.6 Discretization of Gaussian-related distribution

In summary, we met two types of discretization problems above. One is for a Gaussian
distribuiton, and the other is for a truncated Gaussian distribution. Next we discuss how to
find a close discretization method for each type.

From [80], it is known that a continuous random variable can be approximated by a
discrete random variable as closely as desired, as described by the following lemma.

Lemma 1 [80]. Given a distance metric tolerance € and a scalar continuous random
variable z with range X’ and cdf F} (t), the scalar discrete random variable y characterized
by range Y* (with minimum cardinality L = [1/2¢] = smallest integer not smaller than
1/2¢) and pmf p*, which is closest to = in the sense of minimum distribution mismatch, is

given by

y* = {y(l)uy(2)7 e 7y(L)}

2) (L)}

pr={p

teX

p =Ply=yPye Y} =1/L

Unfortunately, we do not have such a nice result for the vector case. Now let us discuss
how to discretize a general singular or nonsingular multivariate Gaussian distribution.

Given an m-dimensional Gaussian distribution

p(2) = N(z pe, R)
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it follows from singular value decomposition that there must exist a unitary matrix U such

that

UR U/ . Rg’#) Orx(m—r)

Om—ryxr  Om—r)x(m—r)
where R is an r x r diagonal matrix with R > 0 and r = rank(R,).
Let
a = [((RF)'2b), 01— (3.18)

where b € R™ and b ~ N (0,41, I, x). It can then be easily verified that
Ua+ p, ~N(u,, R,) (3.19)

The discretization of a Gaussian distribution can then be summarized as follows.

Step 1: Following Lemma 1, obtain the optimal discrete approximation to the standard
Gaussian distribution and get L mass points in the one-dimensional space, each of which has
a probability mass 1/L. Construct r copies of these L mass points w.r.t. r component of
b and then obtain the L" mass points in an r-dimensional space simply through combining
points in the r copies, which are a close approximation to the distribution of b, each having
probability mass 1/L".

Step 2: Transform all L" mass points through Eqgs. (3.18) and (3.19) to get a close
discrete approximation of the Gaussian distribution p(z) = N (z; u,, R.).

Remark: As L increases, the approximation accuracy becomes better, to be shown next
in the illustrative example part.

Remark: Since our set measurement formulation includes the linear inequality constraint
as a special case, it follows that S 22) > (0 may not always be true. In this case, the untruncated
distribution p(z,(f)\zk_l, z,gl)) may be a singular Gaussian distribution. That is exactly why

we have the block forms above.
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Remark: In essence, this discretization method is a quasi Monte Carlo method and it
samples deterministically rather than randomly as in the Monte Carlo method.

Remark: The optimality criterion above for distribution approximation is the minimum
distribution mismatch. The other criteria in [80], e.g., minimum distance and moment-
matching, can also be applied.

In order to discretize a truncated Gaussian distribution, we can discretize the untrun-
cated Gaussian distribution first, and then reject all those mass points located outside the
truncation region Z and renormalize the probability masses of all those mass points within
the truncation region to sum up to the unity. Note, however, that this rejection method is

not efficient, although it works in general. An efficient way was proposed in [67].

3.7 Illustrative examples

3.7.1 Example 1—Mean and covariance of truncated Gaussian

distribution

As can be seen above, the truncated Gaussian distribution plays a key role in state estimation
with point and set measurements. In the following, through a scalar truncated Gaussian
distribution, we compare the accuracy, efficiency and stability of the Monte Carlo approach
and our discretization approach in obtaining its mean and covariance.

For any scalar truncated Gaussian distribution

p(z) = l/\/’(z7 frzy R2)1z(2)

z

where

Z={z:<z<w}

72



from [68], it is known that its mean and covariance can be calculated analytically by

z (1‘(/_%) -7 Gbﬁ?ﬂ) VR. (3.20)

E[Z] = He Up—p b—p
q’(@)—@(m)

and
b () - maez (s) (2 (%) -2 (%))
cov(z) = [1+ l l R,
v() o () () o (k)
(3.21)
where

Z() = \/%_Wexp {-f} () = \/%_W/_;exp {—%SZ} ds

The Monte Carlo approach used to obtain the mean and covariance of the above scalar
truncated Gaussian distribution are the same as the discretization approach except that we

need to randomly sample from the untruncated Gaussian distribution first as
2D~ N, Ry, i=1,2,-+, L

where L is the number of samples. Then select only those 2" € Z and denote them as 20 ),

j=1,2,---, L, where L is the number of selected samples from {zq(f) L |, and thus

For the case u, =0, R, =1, l, = —1, u, = 2 and L = 10,20, 30, - - - , 600, the comparison
results of the estimates of the mean and covariance of z obtained from the analytical approach

(using (3.20) and (3.21)), discretization approach and Monte Carlo approach (MC) are as
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follows

0.45 T T T T

— = analytical
discretization
0.4 - — —MC N

Estimate to the mean of z

0.1 . . . . .
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L

Figure 3.1: Comparison of estimate to the mean of z in one run
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1 — - — - analytical
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Estimate to the covariance of z

0 100 200 300 400 500 600
L

0.25

Figure 3.2: Comparison of estimate to the covariance of z in one run

From (3.20) and (3.21), it is known that the analytical solutions to the mean and covari-

ance of z are

E[z] = 0.2296, cov(z) = 0.5198

As can be seen clearly from the above plots, both the estimates from the discretization
approach and the Monte Carlo approach fluctuate around these analytical solutions. By

taking all L’s into account, the overall estimation accuracy of the discretization approach is
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Figure 3.3: Comparison of estimate to the mean of z in another run
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Figure 3.4: Comparison of estimate to the covariance of z in another run

much better than that of the Monte Carlo approach. Also, as L increases, the estimation
accuracy for both the mean and covariance of z are getting better. It can also be seen that as
L increases, the estimates from the dicretization approach converge to the analytical solutions
in a much faster rate than the Monte Carlo approach. When L = 200, the estimates from the
discretization approach are already very close to the analytical solutions, while even when
L = 600, there are still significant difference between the estimates from the Monte Carlo
approach and the analytical solutions. From run to run, the estimates from the discretization

approach demonstrate no change at all, while the estimates from the Monte Carlo approach
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change substantially. This is because the discretization approach uses deterministic sampling
while the Monte Carlo approach uses random sampling. In summary, in terms of estimation
accuracy, convergence rate and stability, the discretization approach beats the Monte Carlo

approach. That is also the reason why we chose to use the discretization approach above.

3.7.2 Example 2—Quantized estimation

As summarized above, the quantized measurement is a special case of set measurements.
In the following, we illustrate the feasibility, accuracy and efficiency of applying our pro-
posed approximate MMSE filter to state estimation with quantized measurements through
a numerical example.

Consider the following scalar dynamic system [63] with quantized measurements only

Tp = Fap_1 +wp—q
2 = T + Uk

yr = Around(z/A)

where

F =095 w,~N(0,Q), Q=012 A=5

v ~ N (0,R), R=058% x9g~N(0,P), Py=20

and the function round(-) rounds the input argument to the nearest integer.

Fig. 3.5 shows comparison results of our proposed approximate MMSE filter (AMMSE,
using (3.12), (3.13) and our discretization approach), the ideal Kalman filter with the
measurements before quantization (iKF), bootstrap particle filter (BPF) and the poste-

rior Cramer-Rao lower bound (PCRLB). The results are averaged over 100 Monte Carlo
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runs. The cardinality of the discrete random variable which approximates the untruncated

Gaussian distribution is 100 and the number of particles is 3, 000.

14
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Figure 3.5: RMS error comparison for quantized estimation

It can be seen from the simulation result that our proposed approximate MMSE filter
has very close performance to that of the particle filter but with much less computation, as
shown in Table 3.1. There is a gap between the performance of our proposed filter and the
PCRLB. We do not know whether the PCRLB for this problem is tight or not. The big
difference between the PCRLB and the performance of the ideal Kalman filter is due to the

quantization, which actually reveals the information loss caused by quantization.

Table 3.1: Comparison of computational burden

AMMSE  BPF
1 82.9822

The PCRLB 1/J, for this problem can be recursively calculated as follows [32,118§]

Jk—i—l — DzZ _ D21D12/(Jk + Dll)

where

Jo = E[=A7 log p(zo)] = 1/ Fy
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D' = E[-AZ log p(wys1|zk)] = F?/Q
D' = E[-AZ+ log p(zgi|z)] = —F/Q

D* = E[-AF:, log p(zg1a|2x)] = D'

Tp41

Dy = E[=Ar log p(pa )] + E[= AL log p(yis i)

Th+1 Th+41

=1/Q + E[-A7F ! 1og p(Yr+1|Trt1)]

That is

Jer1 = 1/Q + E[= A log p(yr |[tn)] — F2/(Q*(Jx + F?/Q))

= (Q+ F?/Jy)"' + E[-AZ+1 10g p(yYri1|Trs1)]

Th+41

Clearly, to calculate PCRLB for this problem, the key is then to calculate E[—AZ* log p(y|zk)].
Since y € {--+, —2A, —=A,0A, A, 2A, - - -} we have

‘ ) A . A
p(yklar) = Plyr = jA|xy) = P{jA — 3 STt < JA 5|93k}

1 1 (G+3)A-ze 2
= P{(j - i)A —xp <wvp < (J+ §)A — xR} = o T exp{—ﬁ}dt
J—3)A-w V
4+ 1A — LA
_ q;((] + 2) ifk) _ qj((] 2) $k}
VR VR
Thus
8p(gk\xk) _ 1 (6_<<j+%>2§wk)2 B e_((j*%)QIAzka)z
Lk V2T R
82]9(%\3%) 1 o1 (G Ha-ep)? 1 (G-Ha-ap)?
3% - _\/%R% (7 + i)A — xp)e 2 —((4 - §)A —xp)e”  =E
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?p(yx|zr) Op(yk|zr)
9*log p(yklzr) P(yklzk) pai% “ - (e )*

&Ei B Pz(yk|$k)

9% log p(yk|zk)

can be calcu-
ami ]

From the Monte Carlo simulation, E[—AZ* log p(yx|7x)] = E|

lated approximately by

E[- A2 log p(ysloi)] ~ %Zfi o logz»a%gguk(z'))

where y;(7) and z () are the realizations of y; and xj on the i-th Monte-Carlo run, respec-

tively, and M is the number of runs.

3.7.3 Example 3—Inequality constrained estimation

As stated above, under certain conditions, the update by the set constraints is redundant.
We also pointed out that if there exists model mismatch or nonlinearity or if z,ﬁz) is random,
two-step update will improve performance in general. In the following, we verify these
findings through numerical examples.

Consider the following dynamic system?, which describes the motion of an on-road vehicle
[66]:

T = Frxp_1 + Gr_1ug—1 + wi_q (322)

2This is the same dynamic system used in the illustrative examples part of chapter 2. For convenience,
its description is repeated below.
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where

xk:[Xk Yk Xk yk ],a wkNN(()?Qk)a xONN(j())PO)) jOZ[O 0 10\/§ 10 ],

1 07T 0 0 30 10v3 0 0

010 T 0 10v/3 10 0 0
Fk: 7Gk: 7Qk:

0010 T'sin 0 0 0 10 10v3/3

00 0 1 T cos 0 0 10v3/3 10/3

Py = Nidiag{400, 400, 10, 10} Ny, Ny, = I, — (HP) (HP (HP))~ 1P

(2) 1, if k is odd
H7=[0 01 —tang ], 0=7/3, T =2, up =

—1, if £ is even
The state satisfies the following linear equality constraint [66]
HP 2 =0 (3.23)

This is because the angle between the y axis and the road (treated as a straight line without

width) is 6. For the filter, it only knows the following linear inequality constraint
~1<HYz,<1 (3.24)

Figs. 2.1 and 2.2 show the true vehicle trajectory and velocity in one run in the two-
dimensional Cartesian coordinate plane. It can be seen that the implicit linear equality
constraint (3.23) is satisfied, and thus the linear inequality constraint (3.24) is also satisfied.

The measurement is described by

2V =1z 4+ 0V (3.25)
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where

1000 400 0 0
v~ NORDY), HY =10 10 0|, BR”=| 0 400 0
000 1 0 0 10

We want to estimate the state in the MMSE sense based on the measurement z,il) and
linear inequality constraint (3.24). In the following, all estimators were initialized with

Pojo = Fy. A mismatched Qy:

30 10v3 0 0
10v/3 10 0 0

znis —
0 0 13.25 0.1443

0 0 0.1443 13.0833

is used in place of (), in some estimators, possibly along with a mis-specified initial estimate
iy =2+[0 0 6 12

Also, all results were averaged over 200 Monte Carlo runs.

Figs. 3.6 through 3.11 show comparison results of estimators in Table 3.2.

Since the noisy point measurement z,gl) is linear in z, under the given knowledge and with
correct () and Zop, the KF updated only by noisy measurement is optimal. Checking against
the condition stated above, it can be easily justified that the update by the linear inequality
constraint can be skipped. In other words, the KF updated only by noisy measurement
provides the optimal estimate for this constrained estimation problem. It can be seen from
Figs. 3.6 through 3.11 that the best performance is achieved by the KF, as just analyzed.

From Figs. 3.8 and 3.9, it can be seen that if there is () mismatch and linear inequality

constraint is not taken into account in the update step, the PM-Q filter has much worse
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Table 3.2: Estimators used in inequality constrained estimation example

name explanation
KF true Q, Lojp = To, updated only by point measurement z,il)
IEC true Qy, Zojo = Zo, upfiated by p'oint measur(?ment z,il) first
and then by the inequality constraint (3.24) using (3.12), (3.13)
PM-Q WS o0 = To, updated only by point measurement z,(:)
IEC-Q QPS, oo = 3?'"0, updz‘Lted by poi'nt measurerpent z,il) first
and then by the inequality constraint (3.24) using (3.12), (3.13)
PM-0 true Qg, Top = igiios, updated only by point measurement z,(cl
EC-0 true Q, Lop = igl‘g)s, updated by point measurement z,(cl) first

and then by the inequality constraint (3.24) using (3.12), (3.13)

Figure 3.6: RMS position error comparison with correct ¢ and Zgo = Zo. Note that KF

: : :
—e—KF
2h —+— IEC|]

RMS position error

10
0

1 1 1 1
20 40 60 80 100

overlaps with IEC.

performance than the KF. But if there is () mismatch and the linear inequality constraint
is fully accounted for in the update step, the performance of the IEC-Q filter is almost the
same as that of the KF. From Figs. 3.10 and 3.11, it can be seen that if 2|y is mis-specified
and the linear inequality constraint is not taken into account in the update step, the PM-0
estimator has the worst performance and its position RMSE diverges. But if Zg is mis-
specified and the linear inequality constraint is fully taken into account in the update step,

except during the initial short transient, IEC-0 and KF have comparable position RMSE and

82



75 : : : :
—e—KF
7k —+— IEC|]

6.5

RMS velocity error

1 1 1 1
0 20 40 60 80 100

Figure 3.7: RMS velocity error comparison with correct ¢ and o9 = 7. Note that KF
overlaps with TEC.

almost identical velocity RMSE. All these verify our statements about the contribuiton of set
constraints in practical constrained estimation problems. We should take the set constraint

into account when there exists model mismatch.

3.7.4 Example 4—Noise-free measurements

As discussed above, set constraints can be treated as noise-free set measurements. Also,
under certain conditions, update by set constraints is redundant. Through the following
numerical example, we want to point out that this argument is not true for all types of noise-
free set measurements. That is, not all types of noise-free set measurements are redundant
in the update step of state estimation. They should be handled with care.

In this example, the dynamic system considered is the same as the one described by
(3.22). The measurement provided by another sensor consists of two types. The first type
is the noisy point measurement described by (3.25), and the other type is noise-free set

measurement which is described by

2B = HVz € 2, (3.26)
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Figure 3.8: RMS position error comparison with ¢ mismatch. Note that KF and TEC-Q
have no noticeable difference.

where
Zo={2P B2, - A, <2V <HY 2, +A), HY=[2 3 0 0], A.=6

For the filter, it only knows the interval Z; in the real line but not how Z; was generated.

We want to estimate the state in MMSE sense based on the noisy point measurement z,(gl)
described by (3.25), linear inequality constraint (3.24) and the noise-free set measurement Zj
described by (3.26). In the following, all estimators were initialized with 2oy = Zo, Fojo = Fo

and the true Q). Also, all results were averaged over 200 Monte Carlo runs.

Figs. 3.12 and 3.13 show comparison results of estimators in Table 3.3.

Table 3.3: Estimators used in noise-free measurement example

name explanation

KF updated only by noisy point measurement z,(;)

updated by noisy point measurement z,il) first and then

NFSM
by noise-free set measurement Z, using (3.12) and (3.13)

As was already illustrated in the above inequality constrained example, the update by the

linear inequality constraint (3.24) is redundant. This means that even if the KF and NFSM
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Figure 3.9: RMS velocity error comparison with ) mismatch. Note that KF and TEC-Q
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Figure 3.10: RMS position error comparison with mis-specified Zoj

filter were also updated by the linear inequality constraint (3.24), their performance should
stay the same. But as is clear from the simulation results, the update by the noise-free set
measurement Z is indispensible—it leads to a significant performance improvement. That is,
under our problem formulation, although both Zj and the linear inequality constraint (3.24)

are treated as noise-free set measurements, their effects are totally different, as demonstrated

in this example.
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Figure 3.12: RMS position error comparison for example 4

3.8 Summary

This chapter targets the state estimation problem with point and set measurements. The
main difficulty and intractability for solving this type of problem comes from the uncertainty
associated with set measurements. The key idea proposed in this work is to approximate a
continuous set measurement by discrete point measurements under a Gaussian assumption.
Possible ways to relax the Gaussian assumption and to discretize the involved Gaussian and

truncated Gaussian distributions are discussed. Numerical examples show that in terms of
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accuracy, efficiency and stability, the proposed discretization method should be preferred
when compared with the Monte Carlo approach. It is also shown that the estimator with
quantized measurements with the proposed discretization method has very close performance
to that of the particle filter but with a far less computational load. For state estimation
subject to inequality constraints, under certain conditions, the update by them is redundant.
Also, although set constraints are redundant for the update in some filters, this is not true

for all types of noise-free set measurements.
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Chapter 4
Lossless Linear Transformation of Sensor Data

for Distributed Estimation Fusion

4.1 Introduction and related research

Estimation fusion [81], or data fusion for estimation, is the problem of how to best uti-
lize useful information contained in multiple sets of data for the purpose of estimating a
quantity——a parameter or process. It has widespread applications in military and civil-
ian fields, e.g., target tracking and localization, air traffic control, guidance and navigation,
fault diagnosis, surveillance and monitoring. Estimation fusion is used for potential im-
proved estimation accuracy [43], enhanced reliability and survivability, extended coverage
and observability, etc.

There are many difficulties facing estimation fusion. For example, in wireless sensor
networks, the computational resources, communication bandwidth and power consumption
are usually limited. Also communication delay is inevitable. One well-known phenomenon
about communication delay is the so-called out-of-sequence measurement [4,7-9,127,129].
In reality, multiple sensors often work asynchronously [1,55, 56,74, 82,88, 122] instead of
synchronously, which is widely assumed in the literature. Multiple sensors may also have

different sampling rates and communication rates. Some other difficulties include multiple
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targets and multipaths, which may need the introduction of measurement or track associa-
tion, etc.

Two basic fusion architectures are well known [81]: centralized and decentralized / distributed
(also referred to as measurement fusion and track fusion in target tracking, respectively),
depending on whether the raw measurements are sent to the fusion center or not. In central-
ized fusion, all raw measurements are sent to the fusion center, while in distributed fusion,
each sensor only sends in processed data. They have pros and cons in terms of perfor-
mance, channel requirements, reliability, survivability, information sharing, etc. Although
many practical issues do exist, theoretically, centralized fusion is nothing but estimation
with distributed data. Distributed fusion is more challenging and has been a focal point
of most fusion research. With regard to communication, there is an unresolved dispute
about which of these two basic architectures is a better choice. For example, some argue
that standard distributed fusion (where local estimates are transmitted) should be preferred
since sending raw measurements is usually more demanding. This argument seems reason-
able. Unfortunately, to obtain the cross-correlation of the estimation errors across sensors,
extra communication of filtering gain, measurement matrix, etc., are also needed. Then it
is doubtful that distributed fusion can still beat centralized fusion communicationwise. But
as will be shown in this chapter, there does exist a distributed fusion algorithm which can
beat the centralized one in terms of communication while having the same performance.

Distributed fusion has been researched for several decades and numerous results are
available. Two general approaches were used [75]. One is the equivalence to centralized fusion
23,25, 32,35,53,111]. This approach is more popular but it is much harder to follow. The
other is the estimation approach that converts an estimation fusion problem to a standard
estimation problem by treating whatever is available to the fuser as data in a standard
estimation problem [6,21,22,24,32,64,81]. For example, [6] and [21] proposed a two-sensor

track-to-track fusion algorithm based on the maximum likelihood (ML) method for the
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Gaussian case. For more than two sensors, [24,64] proposed a track-to-track fusion algorithm
based on the ML (for the Gaussian case) and weighted least-squares (WLS) methods. [25,53]
proposed a decentralized structure to reconstruct the optimal centralized estimate when the
measurement noises across sensors are uncorrelated, and [111] for the correlated case. [81]
proposed unified fusion rules in the sense of best linear unbiased estimate (BLUE) and WLS
for all fusion architectures with arbitrary correlation, which includes distributed fusion as
a special class. [22] proposed a distributed fusion algorithm which is optimal in the sense
of maximum a posteriori (MAP). [117] proposed a distributed fusion algorithm which is
optimal in the sense of MMSE for the Gaussian case or linear MMSE by the additional use
of local predicted estimates when compared with [22].

Most existing distributed fusion algorithms, e.g., the ones based on the information form
of the Kalman filter and the optimal WLS estimator, presume the existence of the inverses
of error covariance matrices. Theoretically speaking, the error covariance matrices are only
at least positive semi-definite, not necessarily invertible. For example, some measurement
components may be accurate enough to be reasonably assumed perfect, i.e., they have no
error [17,44,45,47,54,59,90,91]. This is of practical importance [47] since it is often the case,
e.g., in many industrial control systems [91]. In this case, the measurement noise and the
error covariance matrix will be singular. This means that we can not always use the existing
distributed fusion algorithms directly. One simplest solution is to replace the matrix inverse
when it does not exist by some generalized inverse (e.g., the MP inverse). But in this way,
the original distributed fusion algorithm is not necessarily optimal any longer.

Considering communication constraints (e.g., on communication bandwidth or power
consumption or both) and affordable computational resources at the fusion center (e.g., in
sensor networks), it is more beneficial for local sensors to send in compressed data. There
has been some discussion [33,101,110,111,128,133] in the literature about compression in

the hope of reducing the communication requirements. They mainly differ in the following
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aspects. For example, where are the compression rules constructed, the fusion center as a
whole or at each sensor separately? Which of the distributed fusion approaches mentioned
above is used? Does construction of the compression rule at one sensor need information from
other sensors? Some of the existing methods may be questionable: besides the transmission
of compressed data, information necessary for the construction of compression rules also
needs to be transmitted over the communication network. This may run counter to the
motivation for compression if all these transmissions are taken into account although the
results are indeed optimal in some sense.

In this chapter, by taking two linear transformations of the raw measurement at each
sensor, two optimal distributed fusion algorithms are proposed. Compared with the existing
fusion algorithms, they have three nice properties which make them attractive. Pros and
cons of these two new algorithms are analyzed. Sequential processing of the transformed
data is discussed, which is intended to reduce the computational complexity of the proposed
algorithms. Compression along time in the case of reduced-rate communication for some
simple cases and an extension to the singular measurement noise case are also discussed.

This chapter is organized as follows. Sec. 4.2 formulates the multi-sensor distributed
fusion problem. Sec. 4.3 briefly reviews the background of this research work. Sec. 4.4
describes two new linear transformations of the raw measurement at each sensor. Sec. 4.5
presents distributed fusion algorithms with the transformed data. Sec. 4.6 analyzes their
optimality. Sec. 4.7 provides one way to reduce their computational complexity. Sec. 4.8
discusses compression along time in the case of reduced-rate communication for some simple
cases. Sec. 4.9 discusses extension to the singular measurement noise case. Sec. 4.10 gives

summary. Sec. 4.11 provides proofs to all theorems.
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4.2 Problem formulation

Consider the following generic dynamic system
Ty = Fy1xp + Gro1wi— (4.1)

with zero-mean white noise wy with cov(wg) = Qx > 0 and x, € R", E[zo] = %y, cov(zg) =
B,.

Assume that altogether N, sensors are used to observe the state simultaneously

A) = H o+, i=1,2,- N, (42)
with zero-mean white noise v,ii) with cov(v,ii)) = R,(f) > 0 and z,fj) e R™. (wy), <vlii)), and
o are uncorrelated with each other. It is also assumed that the measurement noises across
sensors are uncorrelated.

Remark: The assumption R,(;) > (0 is not restrictive in our framework, as explained in
Sec. 4.9.

In distributed fusion, the fusion center tries to get the best estimate of the state with the
processed data received from each sensor.

In this chapter, by distributed fusion, it is meant that data-processed observations, not
necessarily the local estimates, are available at the fusion center. Systems with only local
estimates available at the fusion center, referred to as the standard distributed fusion in [81],

are not the focus of this chapter.
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4.3 Review of existing distributed fusion algorithms

Before introducing our proposed approaches, we first give a brief review of three existing
popular distributed fusion algorithms in terms of optimality, communication requirements,
and dependence on the inverses of error covariance matrices to explain the necessity of our

work.

4.3.1 Information matrix fusion

Denote the previous fused updated estimate as fsi_l‘k_l, P,f_l‘k_l and the current local
predicted and updated estimates as igl_l, P15|i1)f—1v k|k, P,E‘Zk, = 1,2, ) N,. [25] first
proposed the information matrix distributed fusion algorithm, which is equivalent to the
centralized one.

There are two different but equivalent forms. The one without feedback is

(Plgl\k) Pk|k DT+ Z k|k (Plgrl)f—l)_l)

Nﬁ 2 2 z 7

and the other one with feedback is

Né - -
(Plgl\k) Pk|k D Z k|k - (Plj|k—1> D)

Nﬁ 7 7
(Plgl\k) %\k— (Pk|k 1 $k|k 1+Z P;f\k 2 ](g\k (Pk\k 1) lxg\k 1)

As we know, this algorithm came from an ingenious equivalent transformation of
the optimal centralized fusion algorithm, in which all the raw measurements are re-
placed by their corresponding local predicted and updated estimates. It can be seen

that, to make this algorithm work and to guarantee its optimality, all the involved in-
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verses (Pyy) ™" (Pip_1)™ (Pé@)_l, (Pé@_l)_l (needed only when there is no feedback),

1 =1,2,---, N, should exist. Sensor i needs to transmit 93",(;‘2 € R" and Pér; e R™" to

the fusion center. When there is no feedback, it also needs to transmit i,(g?k_l € R” and
P1§|i1)g—1 € R™". The communication is one-way in this case and the total communication
requirements from each sensor to the fusion center are 2(n + n?). When there is feedback,
the fusion center also needs to feedback iz‘ w1 € R" and P,f‘ w1 € R™™ to each sensor. The

communication will be two-way then, but the total communication requirements between

each sensor and the fusion center are still 2(n + n?).

4.3.2 Simple convex combination

The key idea of the simple convex combination method [10,26,87] is to ignore the cross-
correlation of the local estimation errors across sensors, so it is usually worse compared with
other distributed fusion methods, let alone with centralized fusion. Under this idea, the

fused estimate can be simplified to

Ns D)y —1 (i
xg‘k = Plglk . Ziﬂ(Pk(UZ) 1:5,(€|)k

Pl = (3 Py

i=1

Clearly in this method, sensor ¢ only needs to transmit :ﬁ,(g?k and Pk(r,l to the fusion center
and the total communication requirements from each sensor to the fusion center are just

n + n?. This method also requires the existence of (Plif,)f)‘l.

94



4.3.3 WLS fusion

For any two given sensors ¢ and j, denote the cross-covariance between their state estimation
errors at time k as P,i‘il;j ). From [3,10], it is known that P,i‘il;j ) can be obtained by
(i.3) _ () 7 (i) p(isg) @) @)y — p@pi) \=1pld) (pl) =1 pl)
Pk|k] = (I - K" H; )Pk|kj—1(l - Kkj ij ) = Pk|k(Pk|k—1) Pk|kj—1(Pk|jk—1) Pk|jk
PIST}?L - Fk—lplii—’?\qulg—l + Gr1Qir-1Ghy
When there is feedback from the fusion center to local estimators, the calculation of Péf,;j )
can be simplified to

Py =1 - K HO) P (I - K HPY = PP ) PY)

The WLS fusion [24,64] can then be described as

)—1AN5

~d _ d / N
i = P Iy (PN IR

kl|k

Py = (T (PY) "Iy

where

sN, . " ~ (N
I = [ en Tn T 15 R = L0 B -+ (@)
Ne Tnxn
[ s (12) (LN,) ]
Pk\k Pk|k T Pk|k
(2,1) (2 (2,Ns)
Ne Pk|k Pk|k e Pk|k
P
klk —
(Ns,1) (Ns,2) (Ns)
_Pk\k Pk\k Pk\k ]

Compared with centralized fusion, the WLS fusion algorithm is suboptimal. For any
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sensor ¢, it needs to transmit ijl(;\)k and P,E‘Z; to the fusion center. If P1§|i1)g_1 is invertible,
then it also needs to transmit P;i\izi_ﬁ otherwise it also needs to transmit K ,gi) € R™ ™ and
H ,ﬁ“ e R™>*™ With the feedback, the fusion center also needs to feedback ii| p_q and P,f‘ Ry
If P,gl‘ x_1 1s not invertible, then sensor i also needs to transmit K ,f’ and H ,gi) to the fusion
center. In sum, the total communication requirements for all cases are larger than n + n?.
Also, clearly this algorithm requires the existence of (PkN|Z)_1.

In the following, we will discuss two new optimal distributed fusion algorithms which are
equivalent to the optimal centralized one and are still applicable even if the error covariance

matrices may not be invertible. Meanwhile, it is expected that the communication between

local sensors and the fusion center can be reduced to some extent.

4.4 Sensor measurement transformation

4.4.1 Transformation I

Let
1Y) = (=Y (RY)™ (4.3)
20 =10 ¢ R (4.4)

Then from Eq. (4.2), it follows that

20 = 70 100, 4 7O
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Furthermore, let

) =1 = (1)) (R i) e R (4.5)

@S) _ Téi)v,(f)
Then the above equation can be rewritten as
2 =HD%, + 00 i=1,2,-- N, (4.6)
with zero-mean white noise (17,(3)) with
R = cov(@!) = LVR)(T) = B (4.7)

uncorrelated with (wy) and g, uncorrelated across sensors.

Remark: For the multi-sensor measurement system (4.2), if ngi) and R,(j), i=1,2,---, N,
are time-varying, then in centralized fusion, sensor ¢ may also need to transmit R,(f) to the
fusion center besides z,(f) and H li"). But for our new transformed measurement equation (4.6),
although it has a similar form of the original measurement equation (4.2), there is no need to
transmit R,(j) to the fusion center at all, even when it is time-varying, due to its equivalence
to H L(:). This will certainly help reduce communication from each sensor to the fusion center
and is a nice property of our new algorithm.

In distributed fusion, each sensor sends the processed data zfj) and the corresponding
measurement matrix [ ,Fj) to the fusion center. In all, the communication requirements from
each sensor to the fusion center are n +n? at any time instant. This is equal to or less than
what is required by most existing distributed fusion algorithms.

Remark: Clearly the new transformed data Z,(j) = T,y)z,(:) is actually the so-called infor-

mation state in the information form of the Kalman filter. That is, originally we are handling
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the estimation fusion problem in the measurement space with dimension m;, ¢ = 1,2,--- | N;.
The linear transformation (4.4) converts it into the estimate space.
Remark: For any sensor i, if (Péf,l_l)‘l and (P,i‘ili)‘l exist, then it follows from the

information form of the Kalman filter that

(P a0, — (PR ey = (Y ()

This is exactly where our idea for the transformation (4.4) comes from.

4.4.2 Transformation I1

In distributed fusion with compressed data, a mapping g,ii) (1),1=1,2,--+, N, is applied to
compress local raw measurement first:

2](;) _ g](;) (Z](;))
where dim(é,(f)) < dim(z,(f)). Then the compressed data z,i“ is sent to the fusion center for

estimation.

In this work, only a linear compression rule is considered:

zlii) _ C}gi)zl(:)
Also, it is required that the compression rule at each sensor be constructed locally based on
local information only and there is no feedback from the fusion center to sensors.

Given

rank(ngi)) =r;, r; < min(m;,n)
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from full rank decomposition, we have
1Y = MY N (4.8)

where M ,gi) € R™ix"i ig of full column rank and NV, ,gi) € R"*" is of full row rank.

Substituting H,gi) of Eq. (4.8) into Eq. (4.3), we have
T = (N 01y (R

Since N,gi) is of full row rank, if both sides are premultiplied by ((N,gi))’ )™, we have an

intermediate transformation matrix
70 = (M) (RY)

Finally, let
G = (Y (D) g ) 2T (49)

Then from Eq. (4.2), it follows that
29— 0040 — CORO gy 4 COu) — P, + 1) (4.10)
where

a»=cVu? (4.11)

1_)1(:') _ C,gi)v,(f)
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with zero-mean white noise (17,(:)) with
RY = cov(ty)) = C'RY(CYY = Ly, (4.12)

which is uncorrelated with (wy) and xq, uncorrelated across sensors and Z,(j) € R", and

D = (MDY (R TMAND € R (4.13)

is of full row rank.

Remark: Since Méi) is of full column rank and Rlii) > 0, (M,ii))’ (R,gi))_lM,gi) is always
invertible.

Remark: Similar to the above analysis for transformation I, even though the multi-sensor
measurement system (4.2) is time-varying, there is still no need to transmit R,(;) to the fusion
center at all since R,(f) = I, xr;. This will certainly help reduce communication from each
sensor to the fusion center and is a nice property of our new algorithm.

In distributed fusion, each sensor sends the processed data 218) and the corresponding
measurement matrix H ,gi) to the fusion center. In all, the communication requirements from
each sensor to the fusion center are r; + r; X n at any time instant. This beats centralized
and most existing distributed fusion algorithms since r; < min (m;,n), which also means
that the local raw measurements are compressed before transmission.

Remark: The introduction of full rank decomposition may be computationally demanding

at each sensor. For efficient ways to calculate full rank decomposition, see [92].

100



4.5 Distributed fusion with transformed data

Let

where for transformation I

E [vl] = Onunxa

R = cov(vf) = diag(A", Y, -, H™)
and for transformation II

E [v,ﬂ =0px1, 7= ZZ\:U

Rd = dia‘g<l7‘1><7‘17 IT2><7‘27 e 7ITN5 X?‘N5> = ]7“><7‘

(4.14)

(4.15)

(4.16)

Then the stacked measurement equation at the fusion center with respect to (w.r.t.) the

transformed data from all N sensors can be written as

d d d
2z = Hywg + oy,

Given the previous fused estimate fi"g_nk_p P]j—1|k—1> in the sense of LMMSE [73,74,81],

the LMMSE Distributed Fusion with Transformation I can be computed recursively
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as follows:

s = Feadf_ s (4.17)
Plgl\k—l = Fk—lplg—uk—lFi;—l + Gk—le—lG;c—l (4-18)
B = By + K (2 — Hizh, ) (4.19)

Ky = Pl (H;)'(S{)"
Piguf = P]g|k‘—l - Pﬁk—l(Hg),(Sg)JngPigm—l (4-20)

Sy = Hy Py (Hy)' + Ry

and the LMMSE Distributed Fusion with Transformation II is the same as that with

transformation I except that

Ky = Py (H)' ()™

Plgl\k = P]?Ui‘—l - Plg\k—l(ng)/(Sg)_ngPIg\k—l (4.21)

Remark: It can be seen that the only difference between distributed fusion with
transformations I and II is that (S{)* is used in the former and (S¢)~' in the lat-
ter. For transformation I, we only know that Fl,gi) = (H,gi))’ (R,(:))_lH,gi) > 0 and RY =
diag(}_],gl), HE), e ,H,EM)) > 0 in general, and that is why we use the MP inverse. While
for transformation II, we know that Rg = I+, > 0 for sure, and so we use the inverse.

Remark: For transformation I, in some special cases, we do have H,ﬁ“ > 0, 1 =

1,2,---, Ny, e.g., when all ngi)’s are of full column rank. In these cases, R¢ > 0 and

(SHF reduces to (S¢)~L.
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4.6 Optimality of proposed algorithms

Although the above distributed fusion algorithms are already optimal with the transformed
data, we still want to know whether they are equivalent to centralized fusion. For convenience

of comparison, centralized fusion is described first.

Let
c 1 2 s
=), DY, )Y
c 1 s
HE = [(HY, (HY, - (HN)T (4.22)
c 1 2 s
vf = [, @), @)Y
where
c Ns
E ['Uk] — lel, l — i:1mi
Rf = cov(vf) = diag(Ry, R, -+ | R{"™) (4.23)

Then the stacked measurement equation at the fusion center w.r.t. the raw measurements

from all N, sensors can be written as

C (& C
Zk - szk _l_'Uk

Given the previous centralized fused estimate 9:"2—1\ o1’ P,f_l‘ x_1, the LMMSE Central-
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ized Fusion can be computed recursively as follows:

Tip—1 = Fro1Z5_qjp—1 (4.24)
Plg\k—l = Fk—lpkc—uk—lFi;—l + Gk—le—lG;c—l (4.25)
The = Thpp—r + Kz — HiZg—) (4.26)

K§ = Pgy_(H)'(Sp)™
Piw = P — Pkc|k—1(HE),(SE)_lﬂgPIS\k—l (4.27)

Sk = Hi Py (Hy)' + By (4.28)

Compared with the LMMSE centralized fusion, it is found that the following theorems
hold for the above proposed distributed fusion algorithms.
Theorem 1 If P,f_” o1 = P,j_l‘ w_1» then for the LMMSE distributed fusion with trans-

formation I, we have

(HR)' (SO Hy = (HE)' (Sp) ™ Hj

Proof: See the Appendix.
Theorem 2. If P,f_l‘k_l = Pkc_”k_l, then for the LMMSE distributed fusion with trans-
formation II, we have

(H3)' (S0~ Hy = (Hy)'(Sp)~ Hj

Proof: See the Appendix.

Theorem 3 If i:i_”k_l = % _yp_y and P,f_l‘k_l = P¢ y_y» then the above LMMSE
distributed fusion algorithms are globally optimal in the sense that they are equivalent to
the centralized one, that is,

~d __ ~c d c
Ll = Li|ks Pk\k = Pk|k

Proof: See the Appendix.
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Remark: Tt should be noted that the compression rule for transformation II is not unique
for two reasons. First, the full rank decomposition of H ,gi) is not unique and they all lead to
the same result (equivalent to centralized fusion). Second, any transformation in the form
of

O = (AP LYY (D) M ALY AT Y (R

is optimal if A,(f) € R"*" is an invertible matrix.

In summary, our proposed distributed fusion algorithms have three nice properties:

e They are globally optimal—they are equivalent to centralized fusion.

e In terms of communication requirements from each sensor to the fusion center, fusion
with transformation I just requires n+n?, which is the same or better than most existing
distributed fusion algorithms; fusion with transformation II just requires r; + r; X n,

which beats centralized and most existing distributed fusion algorithms.

e They do not need the inverses of error covariance matrices, which are assumed in most
existing distributed fusion algorithms but can not be guaranteed to exist, so they can

be applied in more cases.

Now let us make a comparison between the fusion algorithms with transformations I
and II. Transformation II beats transformation I in communication because r; +1r; X n =
ri(n+1) <n(n+1) =n+n% It is hard to say which is better in computation. On the
one hand, transformation [ is relatively easier, as can be seen from (4.3) since H ,S') itself is
directly involved, while transformation II involves the full rank decomposition of H ,gi) and
the inverse square root matrix (M"Y (RW)=10{")=1/2 as can be seen from (4.9). On the
other hand, the computation at the fusion center is slightly harder for transformation I due
to the involvement of the Nyn x Nyn MP inverse (S¢)*, while transformation IT uses the r x r
inverse (S¢)~!. In sum, transformation I has better local computation but transformation 11

has better computation at the fusion center.
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Remark: After the results of this work had been worked out, we found that a similar idea
given in the appendix of [111] to reduce the dimensionality of the raw measurements also
uses full rank decomposition of the measurement matrix at each sensor. By comparison, it
can be seen that the distributed fusion algorithm of [111] is based on the information form of
the Kalman filter and its optimality (equivalence to the centralized fusion) was proved also
based on this form, which requires the existence of the inverses of error covariance matrices
and this may not be satisfied in more general cases. Also, one goal of this work is to
eliminate the transmission of the covariance matrix of the compressed measurement noise to
save communication, as was made clear in the above, which is not the case for the algorithm

of [111]. Therefore, our distributed fusion with transformation II is more applicable.

4.7 Reduction of computational complexity

The above three nice properties make the proposed algorithms attractive. But for imple-
mentation, the computational complexity seems a little bit large due to the involvement of
the Nyn x Nyn MP inverse (S¢)™ and r x r inverse (S¢)~! in the two algorithms, respectively.

In the following, we show that in the proposed algorithms, transformed data from different
sensors can be sequentially processed without loss of fusion performance. In this way, the
computational complexity can be reduced to a certain degree.

Theorem 4 (Sequential LMMSE Distributed Fusion) For the proposed algorithms,
the fused estimate can be equivalently computed in a sequential way as follows.

Prediction:

i’/(f(\]i)g = fZUg—l = Fk—liz—l|k—1

Pk(|0k) = Plglk—l = Fk—lplg—l\k—lFli—l + Gk—le—1G;€_1

106



Update by sensor ¢, 1 =1,2,---, N,:

0 = a0 4 KOG — AP

Tilke = Tkl
i—1 1) o [
P = Bl — KEOSO LY
7 i—1 ali
K = PSS

SY = alpl-

v (HDY + Y

Finally,

”\(Né) d _ (N.s)
xk\k = Tig > Pk\k = Pk|k

Proof: See the Appendix.

Due to sequential processing, the original Nyn x Nyn MP inverse (S¢)T in transformation
I is now replaced by Ny n x n MP inverses (Slii))ﬂ i = 1,2,---, N, and the original
r X r inverse (S¢)~1 in transformation II is now replaced by N,  r; x r; inverses (5’,8))_1
1=1,2,--- , N,. The computational complexity is indeed reduced to some extent.

Remark: The key to our proof of the feasibility of sequential processing is the uncorre-
latedness of the transformed measurement noises across sensors. There is a major difference
between this proof and the conventional proof, which is based on the information form of the
Kalman filter that requires the error covariance matrices and measurement noise covariance
matrices to be invertible. Our proof is based on the recursibility of the LMMSE estimation
proposed in [73] which is more general in theory.

Remark: In general, performance of the sequential LMMSE estimation depends on the
order in which the data are processed and it may differ from that of the batch LMMSE
estimation. As is clear from the above, however, our sequential LMMSE distributed fusion
is equivalent to the batch LMMSE distributed fusion and the data processing order does not
matter at all.

Remark: Tt is assumed above that all Ny sensors work synchronously. But in practice,
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most sensors may work asynchronously [1, 71,82, 88,122] due to different sampling rates,
different initial times, etc. Following a similar sequential processing idea, the optimal asyn-
chronous distributed fusion algorithm which uses the transformed data in Eq. (4.6) or (4.10)
can also be easily obtained. The key to this optimal asynchronous distributed fusion algo-
rithm is to describe the state transition from one arbitrary time instant to another. For

more details, the interested reader is referred to [55, 56, 72].

4.8 Extension to reduce-rate communication

In the above, it is assumed that the local sensors have full rate communication with the
fusion center. However, in some applications, due to communication constraints, it is more
meaningful for the sensors to send in processed data in a reduced rate. In the following, it
is assumed that the sensors send their compressed data to the fusion center at every N time
instants and then the fusion center fuses correspondingly.

Depending on whether a dynamic system is driven by process noise or not [30] and its
state transition matrix (STM) is invertible or not, we can divide dynamic systems into four
classes. Due to the increased complexity, only two simpler classes are discussed here. The

other two classes are left for future work.

4.8.1 With invertible STM and no process noise

In this case, for j =1,2,--- /N — 1,

N-1_
Thyj = - Feameen
l=j +

OO N-1_ 0
Pkt = Hk—i—jHl:j Fk+1$k+]v + e
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Then it follows that

Zoan = Hiy NTrin + Uy
where
; i i i i i i N-1__
then = [N Gln)s - G Hiw = (G- L] DY
Vien = (000 Wy ) ()T Rigy = cov(vhy ) = diag(Ry) -+, R, > 0

For transformation I, at sensor ¢, its local raw measurements from k+ 1 up to £+ N can

be transformed losslessly to

S _ i i
Zoyn = Hpy NThan + Uy

where

=1 . 7 7 [7t . 7 7 7 . 7 / 7 —1
ZeeN = LhiNZrins Hk—i—N = Tk—i—NHk—i-Nv Tiin = (Hk—i-N) ( k—i—N)

Ry = cov(Bn) = (Hipw) (Bhn) " Hin
For transformation II, given the full rank decomposition
Hli—i-N = Mli—i—NNli—i-N

at sensor i, its local raw measurements from k+ 1 up to k+ N can be compressed losslessly

to

i i i
Zpan = HpyNTran + Uiy
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where

Zlic—i-N = Cli-i-NZIic-i-N’ HIi-i—N = Oli-i—NHli—i-N
CIQ-&N: ((Mli-kN)/( Z+N)_1M11+N)_1/2(M12+N),( Z+N)_l

Rl(clj—N = COV(@Iic—i—N) = IdiXdi? dl = rank(Hli—i-N)
Note that in this case, the prediction at the fusion center is N steps ahead:

d _ NF d
LetnNie = ], T R+N=1Tk|k

N N
PlirN\k = lelFk+N—lP]g|k(Hl:1Fk+N—l),

Then it can be updated by the locally transformed data Z,ZJFN, 1 =1,2,---, N, to obtain

- d
Lkt N|k+N and Pk+N|k+N‘

4.8.2 With not necessarily invertible STM and no process noise

In this case, for j =1,2,--- | N,

J
Thtj = lele-i-j—ll'k
i i J i
Zl(fj-j - nglellekJrj—lxk + Uzilj
Then it follows that
z = Hjzy + v},
where
=) (Be) s @ T Hi = (G FY - (] Fren-d)T
vh = [(0p)) (i) (0w Ry, = cov(uy) = diag(Ry),, -+ RyLy) >0
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For transformation I, at sensor ¢, its local raw measurements from k+ 1 up to £+ N can
be transformed losslessly to

5 = Al + 17,
where
5 = Tig, Hi=TUH} Ti= (H) (B RY = cov(sy)) = () (Ry) ™ Hj
For transformation II, given the full rank decomposition
Hj = I N

at sensor i, its local raw measurements from k+ 1 up to k+ N can be compressed losslessly
to

i (i i
Zk - Hk$k _I_ ,Uk

where

%, = Gz Hi = CiHj, Cp = ((M)(R},) ™ M)~ (M}) (R},) ™

Ry = cov(0y)) = Lixa,, di = rank(H})

In this case, iz“f and P]ﬁk are first updated by the locally transformed data zi, i =

1,2,---, Ny, to obtain the smoothed estimate :EZ“HN and P,f‘kJrN, and then:

d 1y I d
LetNe+N = 11, SN =1Tk+ N

P 11" F P Y F )
k+N|k+N — joq L RN = R N joq RN

Remark: For the cases with process noise, the problem becomes much harder due to the
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correlation between common process noise if we still try to align the measurements obtained

at different time instants w.r.t. the state vector at one fixed time instant as done above.

4.9 Extension to singular measurement noise case

In the above, it is assumed that R,(f) >0,1=1,2,---, Ng, which may limit the application

of the proposed algorithms. We now extend it to the singular case, i.e., \RS)\ =0.

If |RS)| = 0 and suppose rank(R,(;)) = a; < m,, then it follows from the singular value

decomposition that there must exist a unitary matrix U, ,gi) such that

i) (i i Rl(cl)l Oa, xb,
O
ObiXai ObiXbi

where b, = m; — a; and R,(;)l > () is an a; X a; diagonal matrix.

Let
Z,(:) _ U,gi)Z,(f)

Then from Eq. (4.2), it follows that

20— YO HO 2, + U0 = A0, + 3

20 = (20, (2T, BY = (@), (=@ =0 1Y, o = [
2,(;)1 c R% 22)2 € RY. H,g’)l € R%*n, H,g’; € Rb*n, ?718)1 € R*, ?718)2 c Rb
o), ) ) =0as.

COV(@(;,D = Rz%a COV(%,pvk,z) =0, 171(;,2 =

Since U ,5") is unitary and thus invertible, 2,(;) = U,gi)z,(:) is sufficient in that the LMMSE
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estimation based on z,(:) is equivalent to the one based on Z,(:). That is, the original measure-

ment equation (4.2) is equivalent to the following:

zor = Hiyaon + 9
zn = Hy
Here, the noisy measurement _S)l = H ,S)lxk + 17,8)1 can be losslessly transformed to an
n-dimensional new measurement in transformation I or rank( _lgf)l)-dimensional new mea-
surement in transformation II. The noise-free measurement 2,(62)2 =H ,ggxk, by the following
theorem, can also be compressed losslessly. One disadvantage of this extension is that we
need to use MP inverse in general, instead of just matrix inverse, especially to handle the
noise-free part.
Theorem 5. The noise-free measurement 2]8)2 = H ,Fj)zxk can be compressed losslessly
to a rank(H ,gg)—dimensional new measurement by simply selecting a maximal set of linearly

independent row vectors of H, 18)2

Proof: See the Appendix.

4.10 Summary

By taking linear transformation of the raw measurement at each sensor, two optimal dis-
tributed fusion algorithms have been proposed. Three nice properties make them attractive.
First, they are globally optimal in that they are equivalent to centralized fusion. Second,
in terms of communication requirements from each sensor to the fusion center, distributed
fusion with transformation I is the same or better than most existing distributed fusion al-
gorithms, and distributed fusion with transformation II is better than centralized and most
existing distributed fusion algorithms. Third, they do not need the inverses of error covari-

ance matrices, which are assumed in most existing distributed fusion algorithms but can not
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be guaranteed to exist, so they can be applied in more general cases. Pros and cons of the two
new algorithms have been analyzed. Sequential processing of the transformed data to reduce
the computational complexity of the proposed algorithms has been discussed. Extensions to
reduced-rate communication for some simpler cases and to the singular measurement noise

case have also been discussed.

4.11 Appendix

4.11.1 Proof of Theorem 1

Since Pg_l‘k_l = Pkc—1|k—1> it follows from Eqs. (4.18) and (4.25) that P,f‘k_l = Pkc|k_1.
Let
F[k = dlag(ngl)a HIEZ)a U aHIgNS))

Then from Eqgs. (4.15) and (4.5), we have
Ry = diag(H”, HY - HM) = Hi ()™ Hy
Furthermore, it follows from Eqs. (4.14) and (4.5) that
Hi = [ Yo B = (R~ H
Then

(HR)'(S{)" Hy

= (Hy) (Ry) ™ Hy(Hy(R) ™ H{ Py (Hy) (Rg) ™ Hy + Hy(Rg) ™ Hy) " Hy(R;) ™ H

= (H{)'(Rg) ™ Hy(Hy(Ry) ™ Hy Pty (Hy) (Rg) ™ Hy, + Hy(Ry) ™ Ri.(Ry) ™ Hy) T Hy(Ry) ™ H
= (Hy) (Rg)™ Hi(Hy(Ry) ™ SE(Ry) ™ Hy) " Hy(Ry) ™ H
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It can be easily seen that
(Hp)'(RY) ™ Hy = (H})'(Sp) ™' Sp(Rp) ™ Hy
Also, from matrix inversion lemma [74], we have
(S0~ = (RO~ — (Rp) ™ HyU Py (HR) (R) ™

where

Ur = Pijey () (RY) T HE + 1

Thus

() (SR) ™" = (H) (R) ™ — (HE) (RR) ™ H{U Py (H)' (Ry) ™ = Ap(HE)' (Rp)™!

and

(HY)(Rg) ™ Hy, = Ap(HP) (RE) ' SE(Ry) ™ H,
where

Ay =1 — (Hy) (Ry) "H{U Py
Note that

(Hp) = [(HY, (HPY, - (HNY] = 1y,

where
INS = [[nXTLv [TLXTH T 7[TL><TL]

Thus

(H)'(Rg) ™ Hy = Ay, Hy(R) ™' SE(RY) ™ H,
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Taking transpose on both sides, we have

Hy(RY) ™' Hf = Hj(Rg)'S¢(Rg) ' H,Iy By

where
Vi = (Hp)(Ry)'HiPf, +1, Be =1 — P, V7' (H}) (R;) ™" H
Then
(HYY (SHTHY

— ALy, Hy(Rg) ™ Sg(Ry) ™ He(H (Ry) ™' Sp(Ry) ™ Hy) " Hy (Ry) ™" Sg(R;) ™ Hiy, By
= A Iy, Hy(Rg) ™' Sp(R;) ™ Hy Iy, By

— AR(Hy) (Ry) ™" Sg(R;) ™ Hi By

= (H)'(S5) " Sp(Sp) " Hy

= (H{)'(55) B

This completes the proof.

4.11.2 Proof of Theorem 2

Since P,f_l‘k_l = Pkc_”k_l, from Eqs. (4.18) and (4.25), it follows that P]f'k_l = P,f‘k_l.
Let
Tk = dlag<clgl)7 C]?)v T C]gNS))

Then it follows from Eqs. (4.16), (4.12), (4.23), (4.14) and (4.11) that
R = I, = T RT), HY =T,H;
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Thus
(HY)'(S{) ™ HY = (Hp) Ti(To Hy Pl (H)'Ty, + To Ry TY) ™ T Hy = (Hp) Ty(TuS{T) ™ T H
Furthermore, let

My, = diag(MV, M .. M)

Ly = M (R$)™ M,

Then
Ty = Ly, P M (Rg)™

(HY (S~ Hy
= (Hp) (Rg) My Ly (L My(RG) 1 SE(Re) My Ly, ) L, 2 My (Rg) ™ Hy

= (H) (RR) ™ M (M (RR) ™ SR (Ry) ™ M) ™" My (Ry) ™ H
It can be easily seen that
(HR)'(Ry) ™" My, = (Hp)'(Sp) ™" Sp(RR) ™ M
Also, from Eq. (4.28) and matrix inversion lemma, we have
(S0~ = (RO~ — (Rp) ™ HyU Py (HR) (R) ™
where

U = Py (HE) (RO ™ HE + 1

117



Thus
(Hg)'(Sg) ™' = A(H)' (Rg)™

and
(Hp) (Ry) ™' My = Aw(HE) (R~ SE(R;) ™ M,

where

Ap =T — (Hy)(Ry) " H{U; ' Py

Note that
(H)' = Ni.Mj

where

Ne = (Y, (V) (V)Y
Thus

(HP) (Rg) ™' M), = AN M (RS) ™ Sg(Re) ™' M,

Taking transpose on both sides, we have
Mi(Ry)™ Hf, = Mi(Ry) ™ Sp(Rf) ™ M Nj By

where

Vi = (H{) (R) ™ H{P{j—y + I, By =1 — Py, Vi (H) (Rp) ™ H,
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Then

(HY)' (S~ HY!

= AN M (R;) ™ SE(RE) ™ M (M (Rg) ™ SE(Rg) ™ M) ™ My (Rg) ™" Sg(Rg) ™" My, N By
= AN My (R;) ™ Si(R;) ™ My N, By

= (Hp)'(Sp) ™ Si(Sp)~ Hy,

= (H{)'(55) B

This completes the proof.

4.11.3 Proof of Theorem 3

Since "i'g—uk—l = i’i—uk—v from Eqs. (4.17) and (4.24), we have :i'g‘k_l = :i'z‘k_l. Also,
since P,f_l‘k_l = P,j_l‘k_l, from Eqs. (4.18) and (4.25), it follows that P,flk_l = P,flk_1
and Theorems 1 and 2 hold. Thus from Egs. (4.20) and (4.27), we have P]f'k = Py,
for distributed fusion with transformation I; and from Eqs. (4.21) and (4.27), we have
P,f“c = P,j‘k for distributed fusion with transformation II. Finally, from the almost sure
uniqueness of the LMMSE estimators that two LMMSE estimators of the same quantity to
be estimated using the same set of data are almost surely identical if and only if their MSE

matrices are equal [79], we also have £g| = iil - This completes the proof.
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4.11.4 Proof of Theorem 4

In the sense of LMMSE, it is easy to get the predictor of x; at the fusion center as

~(0) A ok d _d
Tpip = T = L (k] 2, 25, - 2i0] = Fra@i 1lk—1

P/.E\Ok Plgl\k—l = MSE@ZW—J = Fk—lplgl—l\k—lFlg—l + Gk_l@k_lG;f—l

Given Z,(cl), the updated LMMSE estimator of z;, is

~(1 * ~ (1 ~(1 _(1 (1) ~
i) = Brlaelef o2t 20 = it - PG DY (SO D - AV, )

(0 1,1 0
:i”i(cu)ﬁ‘Kig)(Zi(@)—Hii) I(ﬂ])c)

(1 ~(1 (1 0 1) /(1 1
P = MSE(#)) = Py — P (A) (S AP, = B — KV SO (KDY

Let
={a".2% a2 A = 5 A0
for i = 2,3,--+, N,. Since the LMMSE estimator E*[xy|2¢, 24, .- 28 | 7] always has the

quasi-recursive form [73], we have

o (z) d d —i]

* d d d -1 ()
Trlk = Er[wg|ay, 25, -+ s 21, 2 ]

o * d
= E*[ay|2], 29, -+, 2 1Rk Rk

=%
= xk“f )+ Ciq ZC’ i
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where

350 w150 ,d d d = zi-1 (1) (0 d  zi—1
Zili—1 = Ak — B[z ), 20, 2 2y =2 — F [H $k|21,22,"' Zh_1: 2y, ]

—(2 7(2) ~(1—1 (7 ~ )
—z,g) —ng)x,(f‘k ) :Hé)(xk—a?lgm ))+v()

Cé%‘- COV( Zili— l) 518)

ili—

~(i-1) s i~1) ;i
Cic1i= COV(ipz(guf g Zijio1) = Pli\k )(ng ))/

that is,
~(2 * —1 (1) ~(1—1
B = Erlanlaf 8,2 A = a0 + KO @) - 108
Also,
i—1) 7 ()
Py, = MSE(iy),) = MSE(i}, V) = Cin1,C% €y =P Y = KPS (KLY

'L\i 1

This is actually also the recursive LMMSE estimator with transformed data 2z, ' and Z,ii)
since xk‘k depends on z only through :Ek|k
Repeating the same procedure until the transformed data from sensor Ny is also used,
we have
i = a0 — G0N | N () Nz
Plglk _ pWs) _ pNs=1) KlgNS)SIgNS)(KlgNS)),

k|k k|k

This completes the proof.
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4.11.5 Proof of Theorem 5

Premultiplying a series of elementary row transformation matrices to H ,gZ)Q that the final
transformed measurement matrix is only composed of a maximal set of linearly independent
row vectors of H ,gZ)Q and zero row vectors. Since elementary row transformation matrices are
invertible, the LMMSE estimation based on Z,(:é must be equivalent to the LMMSE esti-
mation based on the final transformed measurement. Furthermore, since except a maximal
set of linearly independent row vectors of H ,gg, all the remaining rows of the final trans-
formed measurement matrix are zero row vectors and the final transformed measurement is
noise-free, premultiplying a series of those aforementioned elementary row transformation
matrices to H ,gZ)Q is equivalent to simply selecting a maximal set of linearly independent row
vectors of H Igl)z From linear algebra, we know that the rank of H Igl)z is also its row rank,
which is defined to be the maximal number of linearly independent rows of A ,gg So the final

transformed measurement is rank(H ,gg)-dimensional.
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Chapter 5
Optimal State Estimation in the Presence of

Multiple Packet Dropouts

5.1 Introduction and related research

With the emerging of sensor networks, traditional estimation problems are facing new chal-
lenges. For example, due to unreliable communication between local sensors and the pro-
cessing center, packet transmission delay [4,86,112,115,129] and multiple packet dropouts
[98-100, 113, 114] are usually inevitable.

In this chapter, we deal with state estimation in the presence of multiple packet dropouts.
As in [98-100,113,114], by multiple packet dropouts, it is meant that the received data is
either the current raw measurement or the last received data in a probabilistic manner.
If the time stamp for the corresponding raw measurement is available for each received
packet, then this estimation problem reduces to one with intermittent measurements [109]
or missing data [74] by comparing the time stamp of the received packet with the current
time. Correspondingly, existing methods can be applied directly. What may make the
problem harder is that the time-stamp information may not be available in some cases (see
the formulation in [98-100, 113,114]) and what is known to the estimator is only the data

arrival probability.
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In [98-100], in order to have a similar form as the system used by the Kalman filter, the
original system with multiple packet dropouts is converted to a stochastic parameter system
by augmentation. Then by defining the stochastic Hs-norm of the system with stochastic pa-
rameter, the optimal Hs filters were designed through the linear matrix inequality approach.
In [114], by the innovations approach, the LMMSE estimation in the presence of multiple
packet dropouts was obtained completely from the same stochastic parameter system as
in [98-100]. In [113], for a time-invariant system, by designating the optimal estimator to be
of a specific linear form and from the unbiasedness and minimum error covariance properties
of the optimal estimator, the associated coefficient matrices were obtained. This sequential
LMMSE estimator is based partially on the same stochastic parameter system as in [98-100].
The characterization of its measurement residual part is not clear. The relying on a higher
dimensional stochastic parameter system increases the computational load of the estimators
of [114] and [113]. Also, both of their optimal initializations depend on information about the
past two pieces of received data before the first physically received data. This dependency
seems to be too much for real implementation.

To overcome the shortcomings of the existing LMMSE estimation methods with multiple
packet dropouts, an alternative form is derived first in this work. Then under a Gaussian as-
sumption, the MMSE estimation is also derived by hard decision, which without the Gaussian
assumption is LMMSE w.r.t. the raw measurement sequence without the unarrived packets.
This MMSE estimation method has two nice properties. First, unlike the proposed LMMSE
estimation method, its performance does not depend on the value of the initial data at the
processing center. Second, it does not depend on the probability of the data arrival events.
Numerical examples are provided to compare performance of the proposed estimators.

This chapter is organized as follows. Sec. 5.2 formulates the problem. Sec. 5.3 summa-
rizes two existing forms of LMMSE estimation in the presence of multiple packet dropouts.

Sec. 5.4 derives an alternative form of the LMMSE estimation. Sec. 5.5 discusses the MMSE
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estimation and its further relaxation. Sec. 5.6 provides numerical examples to compare per-

formance of the proposed estimators. Sec. 5.7 gives summary.

5.2 Problem formulation

Consider the following generic dynamic system:

Ty = Fy12p1 + Gro1wi—q (5.1)

where z € R", (wy) is zero-mean white noise with covariance Qr > 0, E[zo] = o, cov(zg) =
Py, and xg is uncorrelated with (wy).

The raw measurement observed by a generic local sensor is given by

2 = Hyxp +op, k=1,2,--- (52)

where 2z, € R™, (vy) is zero-mean white noise with covariance Ry > 0, and (v;) is uncorre-
lated with xy and (wy).

Instead of estimating the state locally by using (zj) directly, they are transmitted to an
estimator through an unreliable network where packet dropouts are possible. It is assumed

that the data received by the estimator can be modeled by:

Ye = W2k + (1 — )Yk (5.3)

where v, has Bernoulli distribution with P{y; = 1} = py, and P{v, =0} =1 — px = @&, W
is uncorrelated with all the other random variables, and (7;) is a white sequence.
Remark: The data arrival probability py is a measure of the reliability and transmission

quality of the network. In [98-100,113,114], it was assumed that py is known to the estimator.
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But as shown later, there is no need to make this assumption for some estimators.

Remark: The assumption that 7, is uncorrelated with all the other random variables
seems reasonable for many situations. But as shown later, whether this assumption is valid
does not matter for some estimators.

Remark: Tt is assumed that y,_; is still available when g is received. This is also the
case in [98-100,113,114].

In this work, given only the first two moments, we first try to obtain the LMMSE state

estimation in the presence of multiple packet dropouts. That is,

“ A o 1 7
NP S B oy = arg | min, | MSE(a)

Tp|x=ar+Bk Yk

where
v ={y, ok Y=yl uk)'s MSE(&ye) = El(vr — Zs) (vr — Tagr)’]

and ay, By do not depend on Y.
Also we try to obtain the MMSE state estimation in the presence of multiple packet
dropouts

iy = Blzely’]

for some special cases.

5.3 Summary of two existing forms of LMMSE esti-

mation [113,114]

First, in order to have a similar form as the system used by the Kalman filter, the original

system (5.1), (5.2) and (5.3) is converted to the following stochastic parameter system by
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augmentation:

X1 = B X + GWa (5.4)

yr = HpXi + ion (5.5)

where

. F}, 0
Xp=[a yJER™ Wi=[w, v,], Fr=
Yl (1 —9%)Im

~ G, O .
G = s Hio=[yHy (1 =)L ]
0 fyk]m

Under the given assumption and from (5.4), it follows that

/

_ 0 0 0 0
Cip1 = FrerFy + prqr Ck + Uk (5.6)
Hk _[m Hk _]m
where
_ - F 0 GrQrG, 0
vy qpln, 0 iRy
and it is assumed that
Py + 2oz 0
Co =
0 0

In [114], for the augmented stochastic parameter system (5.4) and (5.5), the sequential

LMMSE estimate of X, was obtained as follows through the innovations approach.
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Prediction:
Xk-i—l\k = Fka|k

R 0 _ . _
MSE(Xg41k) = Prqe Ch + FRMSE (X ) Fy, + Uy

Update:

Xk+1|k+1 = Xk-i—l\k + Kyy1€k41
Ek4+1 = Yk4+1 — I—_Ik+1Xk+1\k
Ky = MSE(Xk—i-l\k)Hllc-i-lSk_—i}l
Hyiy = E[Hy] = | [ONRY; (N Ry
Skt = Perr@hri| Hyyr —Iy lowni] Hyry —I )+ Heot MSE(Xya) Hyyy + s Riet

MSE(Xjos1541) = MSE(Xps 1) — Kis1 1K

with the initial conditions

A Py, 0O

Xoaa=Tlz o, MSE(XO\—l) —

Finally,

Fen =11, 01 Xkiie Ersiprs = [ I, 0 1 Xks1jers

Poye =1, 0MSEXypw)[ I, 01, Popipsr =11, 0 MSEXprips)l I, 07
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In [113], it was further assumed that

Fo.=F G,=G, H=H, Q. =Q, Ry =R, pr=p, g =q=1—p

By designating the optimal of x;,; to be of the form

R . 1 2
Topr1 = PoZipe + Kpyrgr + Ky

and from the unbiasedness and minimum error covariance properties of £ 1441, it was found

that

Py, = FPk‘kF' + GG

Ay = p(HPyy1H' + R) + ¢HGQG'H' 4+ ¢ pH — HF ql,, Jckl pH — HF ql,, |

+pi?| H -1, Jeel H -1, ]+ (1 —pH)R

Pt = Pryip — DKL AR(KL)
The one-step ahead prediction is
Tpgae = Fpp

with the initial conditions

Tojo = To, Pojo = o

Remark: As can be clearly seen from the above, the LMMSE estimator of [114] is purely

and the LMMSE estimator of [113] is partially based on the augmented stochastic parameter
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form (5.4) and (5.5) of the original system. Compared with the original system described
by (5.1) — (5.3), the dimension of the state vector is increased from n to n + m, so the
computational complexity is increased also.

Remark: The final form (5.7) of the LMMSE estimator in [113] is not similar to that of
the Kalman filter, so it is not easy to analyze the measurement residual of this estimator. For
example, how big the measurement residual is and what about its statistical characteristics
are not clear. As we know, information about the measurement residual is useful for some
hypothesis testing problem, e.g., data association in target tracking.

Remark: To initialize the LMMSE estimator in [113], (besides Zg0 = o and Py = Fp)
yo as well as E[xgy’ ] and E[y_1y’ ], both assumed zero therein, is needed. To initialize the
LMMSE estimator in [114], (besides @g_1 = %o and Fy_1 = Fy) Elzoy_ ], Ely-1y"1], J-1)-1,

MSE(§-1-1), E[(xo — Zoj-1)(y-1 — ¥-1)-1)'], all assumed zero therein, and y, are needed.

5.4 An alternative form of LMMSE estimation

From the appendix of [130], it is easy to verify the following two lemmas for LMMSE esti-
mation.

Lemma 1 For a scalar-valued ~, if v is uncorrelated with x and z, then

Eyz|2] = By E*[z]2]

Lemma 2 For the LMMSE estimate & of x, we have

E[44'] = Elzr'] — MSE()

With these two lemmas, besides the two forms of LMMSE estimation obtained in [113]

and [114], an alternative form is given in Theorem 1.
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Theorem 1 (LMMSE estimation). Given pg, #x_1j4—1 = E*[x5_1|y* Y], Pec1jp—1 =
MSE(Z;-1jk—1), an alternative form of the LMMSE estimate of x;, for system (5.1)-(5.3) is:

Prediction:

Trper = E¥z]y* Y = Fro1@p1pa

Pyk—1 = MSE(&g3—1) = Fro1Peipp—1Fi_y + Gro1Qi1Gl_4
Update:

A . * k1 _ ~ + ~
Lklk = E [l’k|y ] = Tklk—1 T ka\kfhﬂk\kﬂngk‘k,lyk\k—l

ct

klk—1Yklk—1""Uk|k—1 ~ Tk|k—1,Uk|k—1

Py = MSE(Zkk) = Prje-1 — Cs
Uklk—1 = Yk — PeHrTrp—1 — QeYr—1
s = PePrp—1H},
Chur = PeHiPrr—1Hy, + pr Ry + pean(HyCrHy, — HyEy, — ELHy, + Dy, y)
Cr = F1Cp 1 F_ + Gpo1Qr1 Gy
Dyt = pr—1(Hp1Cr1Hj,_ | + Rp—1) + qr—1Dy—2

Ey =pp1Fp1Cr1Hy_y + qe-1Fr1Ex1
with the initial conditions

A = —
Tojo = To, Pojo = Po, Co = Py + ToZ

Dy = Elyoyo), Er = FoElwoyg] + GoElwoys)

Proof:

Given Zj_1x—1 and Py_j;_1, it follows easily from the property of LMMSE estimation
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that

A~ * k—1 * k—1 -,
Tpp—1 = E¥[zp]|y" ] = B [Fro1tp—1 + Grorwp—a |y 7] = Fro1Zr—1p—1
k-1 = Tp — Tpjh—1 = Fr1ZTp—1p—1 + Gro1Wi—1

Pyjk—1 = MSE(&g3—1) = Fro1Peipp—1 F_ 1 + Gro1Qi-1Gl_4
The LMMSE estimator E*[x;|y*] always has the following quasi-recursive form [73]

"i'k\k = E*[xk|yk] = E*[$k|yk_la yk] = iklk—l + Oik\kq,@k\kﬂc—'—

Qk\qumk—l

cr

klk—1:Yk|k—1 " Uglk—1 ~ Tk|k—1>Uk|k—1

Py = MSE(Zy) = Prje—1 — Cs
From Lemma 1 above, we have

Tkt = Yo — E*luuly" ™" =y — E* ez + (1 — ) yn—1|y* )
= yp — Elv) B*[Hyay, + vg|y* ] — E[1 — v E*[ys—1]y" "]

= Yr — DeHETr—1 — QrYr—1

Furthermore, gjx—1 can be rewritten as

Uklk—1 = Yr — PeHpTrp—1 — Q-1
= Vi(Hpwr + vi) + (1 = Ye)yr—1 — PeHeZrp—1 — (1 — i) Yr—1
= Vi zr — PR HpTrp—1 + Uk + Pk — i) Yr—1
= Vi zr — Ve i Zpe—1 + Ve HeZrjp—1 — PrHrTrp—1 + vk + Pk — o) Y1

= Ve i Trk—1 + (Ve — Pe) HiZrp—1 + Yk + (Pk — ) Yr—1
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By the principle of orthogonality, Zyx—1 is orthogonal to Z4x—; and y;_;. Thus

. - ~ . '
Crrperdnn—1 = COV(Trik—1, k1) = prLrr—1Hj,

Corppor = COV(Grk—1) = ElGrir—17Tkjp—1]
= Bl (Hi Pojp—1Hy + Ri) + E[(v — pr)*)(Hi ElZrjp—1 2351 | Hy — HeE[Zeje-195 1]
- E[Z/k—li’;c\k—l]ng + Elyr-1Y 1))
= pe(Hy Pur—1Hy, + Ri) + (0 — p) (He B [Zrp—1 231 | Hy — HeE (2 — Trp—1) Vi)
— Blye1(xr — Tapp—1) 1 Hy + Elyr-195-1])
= pr(Hy Pup—1 Hy, + Ry,) + (i — ) (Hy(Cr — Pyp1)Hy, — Hy By — ELHj + Dy 1)

= piHiPrji—1Hy, + prRy + pear(H CrHy, — HiEy, — EyHj, + Dy_1)
where we have used

E[iklk—lf’:";c\k—l] = E[iﬂkl';g] - Pk\k—l =Cj — Pk\k—l

Ck 2 Elxgz)] = E[(Fy_125-1 + Gr_1wg_1) (Fy_12-1 + Gr_1wi_1)']

= Fp 1Cx 1 F_ 1+ Gr1Qk 1G4
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Dy = Elyyi]

= El(mze + (1= ) yr—1) ez + (1 = ) yr—1)’]

= Bz + Elve(l = v) 2] + Bl = y)yr-12] + Bl(1 = ) Yr-195-1]
= prE[zr2) + a1 Dy

= prB[(Hyzy + o) (Hyzy + )] + gDy

= pe(HyCrH}, + Ry.) + qxDi—1

Ey = Elzyy) ]
= E|(Fy—12p-1 + Gr_1wi—1) (Ye—126-1 + (1 — Ye—1)Yr—2)']
= E[(Fy—125—1 + Gr_1wi—1) (Ve—1 (Hp—125—1 + k1) + (1 — Y1) yr—2)’]

= pr—1Fp1Cro1 Hy_y + (1 — pe—1) Frm1 Eja
with the initial conditions

Co = Elxozy] = cov(xg) + Exo|E'[x0] = Py + ToTy

Do = Elyoyo], Er = Elr1yy] = E[(Fowo + Gowo)ygl = FoE[woy,] + GoElwoyy)

OJ

Remark: 1t can be easily seen that when p, = 1, this LMMSE estimator reduces to the
Kalman filter.

Remark: It can be clearly seen that to calculate Zy;, we do need both y; and y,_;. That
is why we assume that y_; is still available when y;, is received in the problem formulation
part. This is similar to what is done in difference measurement method [11,74] for estimation
under autocorrelated measurement noise.

Remark: Since two forms of the LMMSE estimation in the presence of multiple packet

134



dropouts are already available in [113] and [114], why derive still another one? There are
three sources of motivation. The first is from computational consideration, the second is from
the angle of measurement residual characterization and the third is from the initialization
perspective. Compared with the two existing forms, a system of a higher dimension like the
one in (5.4) and (5.5) and matrix operation with a higher dimension like the one in (5.6) are
never used, so the computational burden is reduced. The LMMSE estimator of Theorem 1 is
in a similar form as the Kalman filter and its measurement residual is well characterized by

Uklk—15 Ci'k\kflvgk\kfl and Cj To initialize the LMMSE estimator of Theorem 1, besides

Tkolh—1°
Zojo = To and Fyo = Py, we need Elyoyg], Elzoyy], Elwoyg] and yo itself, which is clearly
easier to obtain than what is required by the two existing forms.

As we know, LMMSE achieves the smallest MSE within the linear class w.r.t. y*. Given
only the first two moments of other random quantities except 7, can we do better than the

LMMSE estimator of Theorem 1 in terms of MSE? The answer is yes, as shown in the next

section.

5.5 MMSE estimation

For an estimation problem involving intermediate decision, hard decision may be worse
than soft decision. That is also one of the reasons why soft decision based algorithms,
e.g., interacting multiple model (IMM) algorithm [16], are popular in maneuvering target
tracking, as opposed to hard decision based algorithms, e.g., variable dimension filter [5]
and input estimation (IE) algorithm [20]. But as will be shown in the following, the best
state estimation performance in the presence of multiple packet dropouts is achieved by hard
decision. Note that in this case hard decision is equivalent to soft decision and hard decision
can be done without any decision error.

Consider system (5.1)—(5.3). If we further assume that zy, (wy) and (v;) are Gaussian
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distributed, then the MMSE estimation can be simply done as in Theorem 2.

Theorem 2 (MMSE estimation)'. If zg, (w;) and (v;,) are Gaussian distributed and
given &y_1—1 = Elzp_1|y*], Pe_1jz—1 = MSE(Zj_1j5-1), then the MMSE estimate of z,
for system (5.1) — (5.3) is:

Prediction:

Thik—1 = E[$k|yk_1] = Fp1Tp—18-1

Pyjp—1 = MSE(&g—1) = Fro1Pocijp—1Ff_1 + Geo1Qr1GY_4

Update:

If yx = yx—1, then

i"k\k = E[Ik|yk] = i?k|k—1

Py = MSE(Zkk) = Prji—1

Otherwise (i.e., if yr # yr_1)

T = E[SL’k\yk] = Tpk—1 + Prupp—1 H,(Hy Pop—1 Hj, + Ri) " (y — HyZgjp—1)

Py = MSE(Zxk) = Prjp—1 — Prjp—1 Hy,(Hi Pop—1 Hy, + Ri) " Hy Pyjp—1

Proof:
The prediction follows easily from the property of MMSE estimation.

From the total expectation theorem, the MMSE estimate of x;, can be written as:

Elzily*] = Elzelve = Ly"|P{v = 1|y*} + Elzg |y = 0, "] P{y = 0]y}

'On Apr. 11, 2010, i.e., three days before the defense of this dissertation, it was found that the same
idea to obtain MMSE estimation was published in [85]. We worked out this result in September 2009 and
presented it publicly in the ISL group seminar of UNO on November 6, 2010.
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From the property of a continuous distribution, it follows that

P{z=yr1} =0

With this, we can easily see that if y, = y,_1, then

P{y =0y} =1, P{w =1ly*} =0

and in this case the updated MMSE estimate of x;, simplifies to

Blzily"] = Blaxlw = 0,y"] = Blaxly"™]

which is nothing but the one-step ahead prediction of x.

If Y # Yx—1, then

Y = 21, P{y=1y"} =1, P{y=0[y"} =0

and in this case the updated MMSE estimate of x; simplifies to

Elxily*] = Elzilve = 1,y") = Elzwly*™ ", 21 = vl

And since the LMMSE estimation turns out to be the MMSE estimation under the Gaussian

assumption, it follows easily that

Elz|y*] = Elzg|y* ", 21 = yi) = Erpp—1 + Prp—1 Hy(Hy Pepp—1 Hy, + Ri) " (yp — HyZgjp-1)

if yr # Yr—1-
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Remark: From Theorem 2, the test of the equivalence between y;, and y,._; clearly has
nothing to do with the distribution of xq, (wy) and (vy), so even if only the first two moments
of xg, (wy) and (vy) are available, we can still use Theorem 2 to obtain an estimate of xy.
The simple hard decision between vy, = yr_1 and yx # yr_1 is a nonlinear operation and
is not allowed in LMMSE estimation. It can help reduce the uncertainty associated with
Yk, so the MMSE estimator should have better performance than the LMMSE estimator of
Theorem 1. This is further verified by the illustrative examples in the next section. In this
case, the estimator is still optimal in the LMMSE sense, but not w.r.t. y* any more. Instead,
it is optimal w.r.t. the raw measurement sequence (z;) without the unarrived packets.

Remark: Tt is clear from Theorem 2 that the test of the equivalence between 1 and y;_1
has nothing to do with the distribution of ;. That is, we do not need to know the exact
value of py if (vx) is a Bernoulli distributed white sequence. Also (%) can be any binary
random sequence, e.g., a Markov chain.

Remark: It can be easily seen that performance of the LMMSE estimation algorithms
in [113,114] and the LMMSE estimation algorithm of Theorem 1 all depend on the value
of yo. But for the MMSE estimator of Theorem 2, its performance does not depend on the
value of gy, because yq is used only for comparison when y; is received.

Remark: As is clear from Theorem 2, state estimation in the presence of multiple packet
dropouts as formulated by system (5.1)—(5.3) is easy since the MMSE estimate can be ob-
tained based on the simple hard decision by comparing 3, and y;_;. For problems for which
this comparison is legitimate, our simple solution by Theorem 2 largely nullifies the existing
work on this problem.

Remark: Taken into account of the finite word length effect, performance loss will occur
in the implementation of Theorem 2 when a digital quantity is utilized in place of an analog
one. This is due to the many-to-one mapping from analog to digital. However, performance

loss should be small for modern digital equipment based implementation.

138



5.6 Illustrative examples

5.6.1 Example 1—(~;) is a Bernoulli distributed white sequence

In this example, we verify the effect of yy and data arrival probability p; on the performance
of our proposed LMMSE and MMSE estimators through numerical examples.

Consider the system (5.1)—(5.3), where

F, =095 Gy =1, wpy ~N(0,Q1), Qv =1, k=0,1,2,---,50
zo ~ N (Zo, By), To =0, Py =20

UkNN(O,Rk), szg, k:1,2,"' ,50

It is also known that

yo ~ N (o, 0,), Jo =0

and yq is uncorrelated with xy and wy.
All results in the following are averaged over 1000 Monte Carlo runs.
Figs. 5.1, 5.2 and 5.3 show comparison results of estimators listed in Table 5.1 for

pr = 0.8, 0.5 and 0.2, respectively.

Table 5.1: Estimators used in Fig. 5.1 to Fig. 5.3

name explanation
KF Kalman filter without packet dropouts
MMSE-a MMSE estimator with o, = 100
MMSE-b MMSE estimator with o2 = 900
LMMSE-a LMMSE estimator with ¢ = 100
LMMSE-b LMMSE estimator with ¢ = 900

As is clear from the simulation results, the KF achieves the best performance since

there is no loss in the raw measurement information. The difference between the LMMSE-a
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—*— MMSE-a
4t —6— MMSE-b |
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Figure 5.1: RMS error comparison with py = 0.8. Note that MMSE-a and MMSE-b overlap
with each other.

filter and LMMSE-b filter verifies that the LMMSE estimator of Theorem 1 depends on the
distribution and value of yy. The overlap of MMSE-a and MMSE-b verifies that the MMSE
estimator does not depend on the value of yg and it is only used for comparison. Also, it
can be seen that the MMSE estimator outperforms the LMMSE estimator, as expected.
The gap between the MMSE estimator and the KF discloses the effect of packet dropouts
over network transmission. As p, decreases, the gap increases. Also, as py decreases, the
performance of LMMSE and MMSE estimators becomes worse and their convergence rates
become slower. All these are because as p, decreases, raw measurement packets will arrive
at the estimator less frequently. Correspondingly, the estimators will rely on the prediction

more and more.

5.6.2 Example 2—(~;) is a Markov chain

In this example, the case in which (~,) is a Markov chain is considered. We verify the effect
of the parameters of the Markov chain on the performance of our proposed MMSE estimator
through numerical examples.

Consider still the system (5.1)—(5.3) with the same parameters as in example 1 except
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RMS error
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Figure 5.2: RMS error comparison with py = 0.5. Note that MMSE-a and MMSE-b overlap
with each other.

that

o2 =100

and (k) is a homogeneous Markov chain described by initial probabilities
Plyi=1t=p, Pim=0=qa=1-p
and transition probabilities

P{vis1 =1 =1} =pu, P{yks1 =0l =1} =po=1—pu

P{ves1 = 0|7 = 0} = poo, P{ve+1 =17 = 0]} =po1 =1 — poo

where 7, is uncorrelated with all the other random variables.

All results in the following are averaged over 1000 Monte Carlo runs.

Figs. 5.4 and 5.5 show comparison results of estimators listed in Table 5.2 for two extreme
cases where (p11,poo) = (1,1) and (0.5,0.5), respectively.

For the case of p;; = 1, poo = 1, it means that if v; = 1, then 7, = 1, Vk > 2; otherwise

if 73 = 0, then v, = 0, Vk > 2. That is, if z; is received at k = 1, then all z;’s, k = 2,3, -,
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Figure 5.3: RMS error comparison with py = 0.2. Note that MMSE-a and MMSE-b overlap
with each other.

Table 5.2: Estimators used in Fig. 5.4 and Fig. 5.5

name explanation
KF Kalman filter without packet dropouts
MMSE-a | MMSE estimator with initial probability p; = 0.8
MMSE-b | MMSE estimator with initial probability p; = 0.5
MMSE-c | MMSE estimator with initial probability p; = 0.2

will also be received; otherwise if z; is dropped at k = 1, then all z;’s, k = 2,3, - - -, will also
be dropped. Thus p; will control the performance of the MMSE filters and these filters with
different p; values will have different performance.

For the case of p;; = 0.5, poo = 0.5, it means that regardless of py, for £k = 2,3,---, we

always have

P{y, =1} =05, P{y, =0} =05, ¥k >2

This is equivalent to having (yx), & = 2,3,--+, as a Bernoulli distributed white sequence
with pr = 0.5 (7% = 1 and ~, = 0 have an equal chance of occurrence). That is, except py,
probabilistically there is no difference among the three MMSE filters listed in Table 5.2 in
terms of pg, k = 2,3,---. Correspondingly, on the average, except during the initial short

transient, the three MMSE filters should have very close performance.
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Figure 5.5: RMS error comparison with p1; = 0.5, pgo = 0.5

As is clear from the simulation results, the KF achieves the best performance among all
filters since there is no loss in the raw measurement information. For the case of p;; = 1,
poo = 1, MMSE-a has the best performance among all three MMSE filters and MMSE-c
has the worst. For the case of p;; = 0.5, pgo = 0.5, except for the noticeable difference
during the initial short transient, all three MMSE filters do have very close performance.
The simulation results are completely in accordance with the above theoretical analysis. The
reason is that the hard decision involved in our proposed MMSE filter has no decision error

and it can capture each realization of the binary sequence () exactly.
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5.7 Summary

In network based applications, communication between local sensors and the processing cen-
ter is usually not perfectly reliable, so packet dropouts may happen. Two existing forms of
the LMMSE estimation in the presence of multiple packet dropouts are based on a stochastic
parameter system constructed by augmenting the original state and measurement. Concern-
ing the computational load, measurement residual characterization, and requirements on
initialization, these two forms are not preferred. We have first derived an alternative form
of the LMMSE estimator. Then under the Gaussian assumption, we have also derived the
MMSE estimator. The MMSE estimator has two nice properties. First, unlike the LMMSE
estimator, its performance does not depend on the value of the initial data at the processing
center. Second, it does not depend on the distribution of the data arrival events. These
have been verified by numerical examples. The MMSE estimator is obtained based on a
hard decision by comparing the measurement values at two consecutive time instants. If this
comparison is legitimate, our simple optimal solution largely nullifies the existing work on

this problem.
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Chapter 6

Conclusions and Future Work

This dissertation addresses state estimation with two types of unconventional measurements
and two types of network-induced estimation problems. The two types of unconventional
measurements are noise-free measurements and set measurements. The two types of network-
induced estimation problems are optimal state estimation in the presence of multiple packet
dropouts and optimal distributed estimation fusion with transformed data.

State estimation with noisy and noise-free measurements has been formulated in a gen-
eral setting. It has numerous real supports, e.g., state estimation under linear or nonlinear
equality constraints, with correlated or singular measurement noise. Two sequential forms
equivalent to the batch LMMSE estimator have been obtained to reduce the computational
complexity. The contribution of update by treating equality constraints as noise-free mea-
surements has been analyzed especially. This work has been documented in [35,37].

State estimation with point and set measurements has also been formulated in a gen-
eral setting. It has numerous real supports, e.g., state estimation under linear or nonlinear
inequality constraints, with quantized measurements. Inspired by the estimation with quan-
tized measurements developed by Curry [28], under a Gaussian assumption, the MMSE state
estimator with point measurements and set measurements of any shape has been proposed
by discretizing continuous set measurements. The contribution of update by treating set

constraints as noise-free measurements has been analyzed especially. This work has been
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documented in [32,33,42,58].

State estimation in the presence of multiple packet dropouts originated from unreliable
communication between local sensors and the processing center. To overcome the shortcom-
ings of two existing LMMSE estimators, an alternative form of LMMSE estimation has been
proposed first. Then under a Gaussian assumption, the MMSE estimation with multiple
packet dropouts has also been obtained based on a hard decision by comparing the mea-
surements at two consecutive time instants. It is also pointed out that if this comparison
is legitimate, our simple MMSE solution largely nullifies the existing work on this problem.
This work has been documented in [39,40].

By taking linear transformation of the raw measurements received by each sensor, two
optimal distributed fusion algorithms have been proposed. They have three nice properties.
First, they are globally optimal in that they are equivalent to centralized fusion. Second,
in terms of communication requirements from each sensor to the fusion center, distributed
fusion with transformation I is the same or better than most existing distributed fusion
algorithms, and distributed fusion with transformation II is better than centralized and
most existing distributed fusion algorithms. Third, they do not need the inverses of error
covariance matrices, which are assumed in most existing distributed fusion algorithms but
can not be guaranteed to exist, so they can be applied in more general cases. This work has
been documented in [34, 36, 38].

In our work on distributed fusion with transformed data, the compressed dimension for
each sensor is the rank of the measurement matrix. Whether this is the minimal compressible
dimension for the problem is a topic for future work. Also, for the extension to reduced-rate
communication, we have only considered the case without process noise. Extension to the
case with process noise is another topic for future work.

I am also interested in constrained parameter estimation, e.g., constrained least-squares

estimation. We have successively solved isoform proportion estimation problem in next
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generation gene sequence analysis where it is required that the isoform proportions sum up
to one and they are nonnegative. One key to solve this problem is the constrained least-

squares estimation.
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