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Abstract

With sensor technology gaining maturity and becoming ubiquitous, we are ex-
periencing an unprecedented wealth of sensor data. In most sensing scenarios,
the measurements generated by sensor networks are noisy and usually anno-
tated with some measure of uncertainty. The problem we address in this thesis
is how to estimate the accuracy of the sensor systems based on the probabilis-
tic measurements they provide. This problem is increasingly common in many
settings, such as multiple sensing services are competing for the same group of
users, detecting faults in large scale networks, or establishing trustworthiness
of different individuals in social sensing. It is also challenging in many ways,
for instance, the ground truth of the monitored states is absent, the users often
lack a clear view of the implementation details of the sensor systems, and the

reported accuracy can be misleading.

To address theses challenges, in this thesis we formulate the problem of esti-
mating the accuracy of sensor systems in a general manner that applies to a
broad spectrum of sensing scenarios. We then propose an accuracy estima-
tion framework that breaks the problem into layers, which can be implemented
in different ways. We present a novel inference-based accuracy estimation
approach, which assesses the accuracy of sensor systems by comparing the
reported measurements with the states inferred with the probabilistic measure-
ments from all systems and available prior knowledge. We also propose a new
learning-based approach for accuracy estimation, which employs novel param-
eter learning techniques. The learned parameters are either used to improve
estimating the accuracy of sensor measurements, or to derive the accuracy of
sensor systems directly in certain cases. We perform a systematic experimen-
tal evaluation on two datasets collected from real-world sensor deployments,
where an array of different approaches are juxtaposed and compared exten-
sively. We discuss how they trade accuracy for computation cost, and how this
trade-off largely depends on the knowledge of the sensing scenarios. We also
show that the proposed approaches outperform the competing ones in estimat-

ing accuracy and ranking the sensor systems.
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Chapter 1

Introduction

1.1 Motivation

Wireless sensor networks (WSNs) have become an active topic in both academic and in-
dustrial communities for many years. A wireless sensor network consists of a group of
distributed nodes equipped with sensors, which cooperatively monitor physical or environ-
mental conditions and forward the collected data via wireless links. As sensor technologies
are gaining maturity, sensor networks have been widely used in many application scenar-
ios that need surveillance, detection, monitoring and control [3]. For instance, active RFID
tags [4] and low-frequency magnetic trackers [5] are used to record the activities of wild an-
imals, and help understand their habits and social groups. Environmental sensor networks
have been deployed in glaciers [6], volcanoes [7] and underwater environments [8], where
data are collected for longer periods to facilitate studies in climate variability, ecological
changes and pollution estimation. Sensor networks are also popular solutions for intelli-
gent buildings and smart homes, where they are able to reduce energy consumption [9] and
maintenance costs [10] by exploiting occupancy information of the residents. Equipped
with sensors like EEG [11], ECG [12] and EMG [13], wearable body sensors networks
are essential in many medical and healthcare applications [14, 15], and could potentially
provide novel human-computer interfaces [16].

The above list is not exhaustive: in recent years, mobile devices such as smartphones
and tablets have become powerful sensing platforms. Modern smartphones and tablets are
programmable, and are shipped with a rich set of embedded sensors, such as accelerometer,
gyroscope, magnetometer, camera, microphone, and GPS [17]. Those sensors allow the de-
vices, which are typically carried around by a user, to acquire comprehensive information
of the ambient environments, and therefore open up a broad variety of new sensing appli-
cations, such as social networks [18], smart transportation [19], activity recognition [20],

and indoor positioning / navigation [21, 22]. One can envision that in the next few years,



the sensor systems will be ubiquitously integrated into our daily lives. In certain cases, they
will need to coexist, collaborate and / or compete for users.

The problem that this thesis tries to address is how to estimate the accuracy of the
coexisting sensor systems, and leverage this information to assist decision making.
This is an important and timely problem in a number of different settings. Firstly, knowing
how accurate the measurements of a sensor system are is paramount to deciding whether to
use or pay for the service it offers. For example, if a positioning system consistently places
a target at locations far away from the ground truth, the users should have a way of detecting
the poor accuracy of this sensing service. Secondly, a user may be faced with the choice of
selecting among multiple co-located sensor systems that offer a similar service (e.g. a WiFi-
based vs. an FM-based indoor tracking [23] system in the same building). In this case, they
should be in a position to compare or rank the accuracy of different systems. Thirdly, when
a sensor system is first deployed, the administrator typically assumes a default noise model
for the networked sensors. To detect when a sensor starts malfunctioning, it is critical to be
able to assess when the accuracy of the measurements drops significantly below a certain
threshold. Finally, the emergence of social sensing has raised the challenge of estimating
the trustworthiness of human participants. When people report some observations (say,
estimated air pollution levels), it is key to be able to assess the accuracy of the reported
data.

Besides the accuracy of a sensor system, of course there are many other aspects that the
users are interested in. For example, some sensor systems may impose a monetary cost on
users while others could be offered for free; also the energy consumption of different sensor
systems can vary significantly; and some users may be more sensitive about their privacy
and thus prefer privacy-preserving systems. This thesis assumes that this information is
readily available from other sources, e.g. web services or monitoring tools, and focuses
on estimating the accuracy. We claim that this is a key step towards empowering the users
to choose the sensor systems that can achieve their desired trade-offs between different

quality metrics.

1.2 Research Challenges

We have identified the following main challenges in addressing the accuracy estimation

problem from our exercises in real sensing applications:



e Ground truth of the measured signals is absent: - Sensor systems report measure-
ments of physical signals, such as the positions of a user, or the light intensity of a
room. If the true values of the measured signals were known, evaluating their accu-
racy would be trivial: conceptually, we can always compare a sensor measurement
with the ground truth, and reason about its accuracy based on how different it is from
the true value, given a metric. Unfortunately in most sensing scenarios, it is either
impossible or impractical to obtain the ground truth, and thus the accuracy cannot be

measured directly.

e Sensor systems are black boxes: - With their ever-increasing capabilities and ubiq-
uity, many sensor systems have become general purpose sensing platforms, which
can be accessed by a large number of different users [1]. Due to security and privacy
issues, sensor systems may only provide the users with interfaces for data acqui-
sition, but hide most of the implementation and deployment details, such as sensor
locations or sensor types, which can be clues to understand the accuracy of generated
measurements. For instance, a WiFi-based positioning system with a dense network
of access points (APs) is likely to be more accurate than a system with only a few
APs. In the absence of such information, sensor systems present themselves as black
boxes, and users only subscribe to the sensing services they provide, with little or no
knowledge about how they work. They often lack a clear view of the implementation

details of the sensor systems.

e Sensor measurements are uncertain: - In many sensing scenarios, sensor mea-
surements are noisy and prone to error. In practice, they are typically annotated with
some measure of uncertainty, e.g. a confidence interval or region. For instance, a sen-
sor system that monitors the temperature of a room would report a temperature range
rather than a single value, e.g. 20 £ 3°C; and similarly a positioning system may
associate the estimated user position with an error ellipse, indicating that the user has
a high probability (e.g. 95%) of being within this ellipse at a given timestamp. In
general, sensor measurements can be represented as probability distributions over the
domain of measured signals, and they are hereafter referred to as probabilistic mea-
surements. Those probabilistic measurements are typically harder to manage and
process than the deterministic ones, and therefore evaluating their accuracy requires

more sophisticated approaches.

e Reported accuracy information can be misleading: - For a probabilistic measure-

ment, the annotated uncertainty information, i.e. the error ellipsoid, represents the



reported belief on accuracy. For example, when a positioning system pairs the esti-
mated position of a user with an error ellipse, a smaller error ellipse means that the
system thinks this measurement is more accurate, and vice versa. However, this re-
ported accuracy information is merely a belief provided by the sensor system, and can
often be misleading. Sensor systems can be either too optimistic or too pessimistic
about error in their measurements, and the reported accuracy is not always a reli-
able indicator of the real accuracy. Therefore, we cannot simply rely on the reported

uncertainty information to reason about the real accuracy of the sensor systems.

e The accuracy of a sensor system is context-dependent: - In practice, the accuracy
of a sensor system may vary in different contexts, such as space or time. For exam-
ple, consider an indoor positioning system that uses WiFi signal strength to localise
mobile phones carried by the users. Firstly, the accuracy of this sensor system can
vary significantly across space, e.g. it should be more accurate in open spaces than
in cluttered environments, where most RSSI readings are non-line-of-sight (NLOS).
Secondly, it may work better during the night than at daytime since there is less
wireless signal interference. Finally, the system may perform differently for differ-
ent devices (users) simply because of the heterogeneous WiFi hardware. Therefore
it is not reliable to infer the accuracy from previous experiences when the context
is different; at the same time, training before every use is too labour-intensive and

impractical.

1.3 Illustrative Examples

The problem of accuracy estimation studied in this thesis is important in many scenarios,
and the proposed accuracy estimation techniques can be used in a broad range of sensing

applications:

e Sensor system selection:- For example, it is very likely that in the near future mul-
tiple sensor systems will be co-located and monitor the same physical signals, such
as the environmental variables, traffic volume, trajectories of pedestrians, etc. In
those cases, the users may need to select one or a few systems to use (due to the
limited budget on cost, energy or network bandwidth), to acquire the information
with desired accuracy. Therefore, knowing the accuracy of measurements reported
by coexisting sensor systems is vital for the users to make informed decisions as to

which system to task.



e Fault detection:- Another example could be fault detection in large scale sensor
networks. In most applications, measurements generated by sensors are considered
to be noisy. When firstly deployed, the sensors are usually assumed to have certain
default noise models. However, due to changes in the environment, the actual noise
profiles of individual sensors can vary significantly. Moreover, in some applications
such as social sensing where human participants are reporting measurements, it is not
even possible to have calibrated noise models a priori. For those cases, assessing the
accuracy of the sensors / human participants is the key to determine their reliability
and trustworthiness, and therefore can be used to detect when and where the sensor
network is malfunctioning (e.g. when the measurement accuracy of a node drops

below a certain threshold).

e Sensor fusion:- Finally, understanding the accuracy of sensor measurements is an
important prerequisite for many sensor fusion applications. For instance, autonomous
robotic systems (e.g. self-driving vehicles) are typically equipped with multiple types
of sensors, such as cameras, laser scanners, etc. The sensory data is fused to derive
the view of the world (e.g. the map), which is then used to localise and navigate the
robots through the workspace. In practice, the sensors can behave very differently,
e.g. cameras are prone to low lighting / lens flare, and lasers suffer from ground
strike and wet / frozen conditions. In this case, estimating the sensor accuracy is
paramount: with the accuracy information, the robots can selectively fuse the sensor
measurements to obtain a better knowledge of the environment in different context

(e.g. by assigning different weights according to the sensor accuracy).

Of course there are many other applications that could benefit from the accuracy esti-
mation techniques introduced in this thesis. For simplicity, in the following we consider
two real sensing scenarios as the running examples: a) an indoor positioning scenario, and
b) an environmental monitoring scenario. The two scenarios will be used extensively to
elaborate the proposed accuracy estimation approaches throughout this thesis and in the

experimental evaluation of the proposed approaches.

1.3.1 An Indoor Positioning Scenario

Indoor positioning has become an increasingly active research topic for both industry and
academia. Recently, there is an explosion of indoor positioning techniques that compete
for adoption in the global smart device market, including WiFi / Bluetooth / Zigbee based
localisation, RFID tracking, visible light communications, indoor GPS, localisation with



photo-acoustic signatures, FM radio signals, magnetic fields, etc. In this climate, it is
reasonable to expect that many large indoor venues, such as shopping centres or airports,
will soon be outfitted with multiple indoor positioning systems, which are coexisting and
providing positioning services.

In this emerging ecosystem, the accuracy of the coexisting systems can vary for differ-
ent users, in different areas of the space, or even in different time periods, and it is not clear
which positioning system can provide the best services throughout. On the other hand,
users are likely to prefer the most accurate system, and thus it is crucial for them to under-
stand the accuracy of the systems that are available. With this knowledge, the users will
be able to make informed decisions as to which positioning system to task when moving
across the indoor space, and when to switch from one system to another. For instance, a
user may choose the most accurate positioning system available to use when she first enters
the building. As she moves around, she may prefer to switch to another system which is
more accurate in the area that she is currently visiting.

Estimating the accuracy of an indoor positioning system is a challenging task. The ac-
tual trajectory of the user is unknown, so the accuracy of the system cannot be evaluated
directly. Also we normally have no idea about which localisation modalities or algorithms
are used by the systems, or where the sensing infrastructure is deployed. The only informa-
tion we possess is the reported location measurements. Typically, a position measurement
consists of an estimated user position and the associated error ellipse. As stated above,
the error ellipse represents the reported uncertainty in the measurement. However, this ac-
curacy may not be a faithful estimation of the real accuracy. More specifically, we have

observed the two distinct cases in real indoor positioning systems where this happens:

e The actual locations of a user consistently falls out of the reported error ellipses.
This can happen when the localisation algorithm used by the system fails to cope
with changes of the environment. For instance, in Figure 1.1(a), a positioning sys-
tem that is based on WiFi RSSI triangulation performs well in the straight corridor,
while when the user is moving towards the corner, the system consistently underesti-
mates the error in its measurements. Another example may happen in safety-critical
environments, where one or more positioning systems may be compromised by the
adversary and made to consistently report wrong locations with very high reported

accuracy.

o The size of the error ellipses reported by different positioning systems can lead to
wrong conclusions about which system is more accurate. For example, consider the

two estimated trajectories of a single user shown in Figure 1.1(b). The top trajectory



~~~~~~~ Ground truth
—&— WiFi-based
—¢ |nertial

—— WiFiISLAM

Figure 1.1: (a) At the bottom left corner, the true locations fall out of the reported error
ellipses. (b) The reported error ellipses are misleading as to which is the more accurate
positioning system.

is provided by a positioning system using inertial sensors and the bottom one is
from the commercial WiFiSLAM system [21]. One can immediately see that the
estimated trajectory on top is far better than the bottom one, but the reported accuracy
is significantly lower. Note that in both trajectories, the real positions of the user are

covered by the reported error ellipses.

In this sensing scenario, the aim is to provide a solution which is able to estimate
the accuracy of the coexisting positioning systems and coordinate access to the systems

accordingly.

1.3.2 An Environmental Monitoring Scenario

The second example considered in this thesis concerns an indoor environmental monitoring
scenario. For instance consider a smart building application, where certain physical signals
such as temperature, humidity or light intensity, are required by multiple parties: e.g. the
building manager may use the temperature or light intensity values to infer the energy
consumption, while a company residing in the building may analyse office occupancy with
similar information. In this case, different parties may deploy their own sensor networks
to monitor the surrounding environment. Those systems can be highly overlapping, and
therefore need to be shared so that users can task the suitable systems to collect useful
information.

One possible approach of sharing the sensing services provided by different sensor sys-

tems is to create a set of unified APIs, which allow the users to query the coexisting systems,
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Figure 1.2: (a) An example of a federated sensor network. The network accommodates
three virtual sensor systems, which are tasked by three different parties respectively. (b)

The architecture of a node in federated sensor networks, which can host multiple sensing
applications (taken from the SenShare system [1]).

e.g. as in the SenseWeb system [24]. Another approach which has recently attracted a lot
of interest, is to deploy shared sensing infrastructure that can host multiple sensing appli-
cations. The SenShare system [25, 1] considers an indoor setting, and proposes the concept
of federated sensor networks, which allow sensing infrastructure to be shared among mul-
tiple virtual sensor systems. The virtual systems are implemented on top of the real sensing
hardware (i.e. the sensor nodes) by virtualisation, and each of them is operated individu-
ally. Therefore in federated sensor networks, the virtual sensor systems and real sensing
infrastructure are decoupled, in the sense that one virtual sensor system can span over an
arbitrary number of sensor nodes, while a node can host multiple virtual sensor systems.
Figure 1.2(a) shows an example of a federated sensor network, and Figure 1.2(b) illustrates
the architecture of a node in the federated network (taken from the SenShare system [1]).

Understanding the accuracy of the coexisting sensing systems is essential in the context
of environmental monitoring. Firstly, it is likely that some sensing systems are monitoring
the same variables, and users would like to choose the one with the highest accuracy. For
instance in the smart building scenario, if multiple sensor systems are offering informa-
tion about the temperature of an area, the users would want to use the most accurate one.
Secondly, some systems may become faulty or inaccurate due to changes in the environ-
ment, and it is important for the users to realise this and avoid using them. Thirdly, some
malicious systems may report inappropriate data on purpose, e.g. generating sensor mea-
surements with unreasonably high reported accuracy to attract adoption, and it is crucial
that the administrator can discover and isolate those systems.

However, assessing the accuracy of the coexisting sensor systems in this scenario is



not trivial. Firstly, the true values of the monitored variables, e.g. the temperature, are
usually not known, and thus the accuracy of measurements reported by different sensor
systems can not be evaluated directly. Secondly, we typically possess little or no knowledge
on how the shared sensor systems work: they only provide APIs or they are running on
virtualised infrastructure, therefore it is hard to estimate how optimistic / pessimistic they
are in estimating uncertainty of their measurements. Finally, as in the previous example,
the reported accuracy generated by those sensor systems, e.g. the confidence intervals of
the measured values, may not be faithful representations of the real accuracy.

To sum up, in the context of environmental monitoring, it is challenging, yet important,
to fairly assess the accuracy of the coexisting sensor systems, and provide the users with

such information to enable decision making.

1.4 Problem Definition

Now that we have motivated the need for accuracy estimation through two illustrative sce-
narios, we are in a position to introduce our model, explain key assumptions, and formulate

the accuracy estimation problem in the context of sensor networks.

1.4.1 Model and Assumptions
1.4.1.1 Monitored states

Let x; be the real value of the signal that a sensor system is measuring at a given timestamp
t. For example, z; could be the temperature of a room, or the location of a user at time .
We assume time is discrete and finite, i.e. the timestamps ¢ = 1 : T are a totally ordered
set. In the following text, we refer to z; as the state, and denote the value domain of x;
with a set (2. Without loss of generality, this thesis focuses on dynamic processes, where
the monitored state evolves over time. Stationary processes can be viewed as special cases
with only one timestamp, i.e. 7' = 1, where the measurements collected during the entire

period are all collapsed to ¢ = 1.

1.4.1.2 Sensor systems

We consider the general case that M coexisting sensor network systems snq, ..., sny; are
monitoring the underlying states x;. They provide sensing services by reporting streams of
sensor measurements. Let 2} be the measurement generated by the m-th sensor system at

time?, 1 < m < M,1 <t < T. Depending on the sensor system, z;" could be either



a single estimated value, or a value paired with certain error bounds. This thesis assumes
that the measurements are probabilistic, i.e. 2" is a random variable defined on (2 with
the observed probability distribution p(z;"). Deterministic measurements can be viewed as

special cases where p(z]") is reduced to a point distribution.

1.4.1.3 Sensing applications

A sensing application is the agent that requires information on the monitored states z;. It
typically selects the sensor systems to task based on its accuracy requirements. We assume
that a sensor application describes its accuracy requirements by providing a pair (f., A).
The first element f. is an accuracy metric, which is a function that maps any given sensor
measurement 2;" to its accuracy. The second element A is a set of attributes that specifies
the accuracy index on which the sensing application would like to aggregate the accuracy
of measurements.

Accuracy metric: Theoretically, the accuracy metric f. provided by the sensing applica-
tion can be any function that takes the measurement 2;"* as input and computes the accuracy
of 2". For simplicity, this thesis assumes that the accuracy of a sensor measurement z;"
is a scalar value, and it is evaluated with respect to the ground truth z; (or an estimate of
the ground truth). Therefore, the accuracy of a sensor measurement z;" is the output of the
accuracy function f.(z}"; x;). Chapter 3 will present two accuracy metrics, and show their
viability in different sensing scenarios.

Accuracy index: The accuracy index is a multidimensional array, where each element is
the aggregated accuracy of multiple sensor measurements. An accuracy index is specified
by the set of attributes A provided by the sensing application, such as time, location, or
user ID. Each attribute A € A uniquely determines one dimension of the accuracy index.
The value assignments of the attributes A are used to group the sensor measurements and
aggregate their accuracy. For instance, the accuracy of a temperature-monitoring sensor
system in room 100 depends on the aggregated accuracy of all the temperature measure-
ments attached to room 100, and the collection of this accuracy for all rooms forms the
accuracy index over the attribute location. Chapter 3 will explain the process of building

the accuracy index for the sensor systems in more detail.

1.4.1.4 Prior state distribution

We assume that in certain timestamps, there may be certain prior knowledge available on
how the state x; is distributed. We refer to such information as the prior state distributions,
or simply priors, and use a random variable p; to represent this knowledge on the state

at timestamp ¢. Consider an indoor positioning scenario where the states are the actual
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locations of the user. Planned events such as calendar entries, or social interactions like
store check-ins, may directly reveal the user location at the given timestamp [26]. For
instance, if the calendar of a user shows that she will be having a meeting in Room 100
at 3pm, then it is very likely that her real location (the state) at 3pm is in Room 100.
Chapters 4 and 5 will explain how to incorporate the available prior state distributions into

the accuracy estimation process.

1.4.1.5 Estimated states

In practice, the real state x; is not known or measured exactly, but needs to be estimated. We
therefore denote the estimated states as a random variable z; defined on €2 with a probability
distribution p(z;). In our context, 7, is evaluated with the observed sensor measurements
and the available priors, and it represents the best guess of the real state z;. We will show
in later chapters that the estimated state z; can have significant impact on the quality of

accuracy estimation.

1.4.2 The Accuracy Estimation Problem

As discussed above, the sensing application needs to sense the physical phenomenon x;.
M coexisting sensor systems offer sensing services by providing probabilistic sensor mea-
surements ", 1 < m < M, 1 <t < T. The accuracy estimation problem studied in
this thesis is to assess the accuracy of the M sensor systems according to the accuracy
requirements (f., A) from the sensing application, given all the observed sequences of
sensor measurements z1.p, ..., M. and the prior knowledge on the monitored states. This
will empower the sensing application to proactively select the systems that offer the best

performance in each context according to (f., A).

1.5 Contributions

To enable the sensing applications to easily assess the accuracy of different sensor systems
and leverage this knowledge to make informed decisions, this thesis presents a class of
novel accuracy estimation approaches for sensor systems, and complements that with a
comprehensive evaluation of them. Concretely, the technical contributions of this thesis

are as follows:
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1. We have motivated the accuracy estimation problem in a wide range of real-world
sensing scenarios. For instance, in the context of pricing sensing services, under-
standing their accuracy if they are competing for the same group of users, detecting
faults in large scale networks, and establishing trustworthiness of different individu-
als in social sensing. We have identified the important challenges in addressing this
problem, namely a) the ground truth is absent; b) the sensor systems are black-boxes;
c¢) the sensor measurements are uncertain; d) the reported accuracy can be mislead-
ing; and d) the accuracy of sensor systems is context-dependent. We have formulated
the important concepts and assumptions, and defined the accuracy estimation prob-

lem in a general manner.

2. We propose a general framework to address the accuracy estimation problem, which
contains four layers: pre-processing, state estimation, accuracy estimation and ac-
curacy indexing. For state estimation, we create a taxonomy of approaches, rang-
ing from simple voting schemes, to inference- and learning-based techniques. For
accuracy estimation, we propose two metrics, one based on proximity and one on
similarity between the probabilistic measurements and the state estimates. Those
metrics evaluate the accuracy of a measurement from different perspectives, and are
thus suitable for different classes of applications. For accuracy indexing, we propose
an accuracy indexing scheme that can build accuracy indices of sensor systems by

aggregating and interpolating the accuracy of measurements over given attributes.

3. Following the proposed framework, we develop a novel inference-based approach to
estimating the accuracy of different sensor systems. We model the monitored signal
as a stochastic process with latent states, which accepts the probabilistic sensor mea-
surements as observations, and takes the prior state distributions into account. We
show how to firstly estimate the latent states given the available measurements, and
then use the estimated states to evaluate the accuracy of the sensor measurements. We
present two cases of this approach, the static and the dynamic. The static inference
approach ignores any temporal correlations between the latent states, while the dy-
namic inference considers the dynamics of the monitored process and uses previous

and future observations to help approximate the current state.

4. We propose a new learning-based approach for the accuracy estimation problem,
which has two variants. The first variant shares the same formulation with the
inference-based approach, but uses learning techniques to re-estimate the model pa-

rameter before inferring state. The second variant is suitable for the cases where the
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accuracy needs to be indexed over the monitored states, where the inference-based
approach fails to work. We show that the proposed approach can estimate accuracy
by jointly addressing the problems of accuracy estimation and indexing. For both
the two variants, we propose novel parameter learning approaches based on the Ex-
pectation Maximisation (EM) scheme, which are able to learn the model parameters
that are the most consistent with the probabilistic sensor measurements and the prior

state distributions.

5. We perform a systematic experimental evaluation of the proposed accuracy estima-
tion approaches in the context of two real-world sensing scenarios. We build a re-
search testbed of indoor positioning, where we implement and deploy a variety of
indoor positioning techniques with different localisation modalities. We collect the
positioning data in two indoor environments for more than 20 days. We also con-
sider the widely used Intel Lab dataset [27], which contains environmental sensor
readings of a lab environment including temperature, humidity and light intensity
for about two months. We evaluate the proposed approaches on the two real sen-
sor datasets, and show that our approaches outperform the baseline and competing
approaches in both scenarios. We also perform a thorough comparison study of the
proposed accuracy estimation techniques, in terms of accuracy estimation quality,
computational cost, sensitivity to the prior state distributions and coexisting sensor
systems, etc. We show that different approaches have their own merits in different
contexts, and by carefully selecting and tuning them, we can achieve the desired

trade-offs in different scenarios.

1.6 Publications

The main contributions of this thesis have already been published at the following interna-

tional conferences:

1. Hongkai Wen, Zhuoling Xiao, Andrew Symington, Andrew Markham and Niki Trigoni.
“Comparison of Accuracy Estimation Approaches for Sensor Networks”. In Pro-
ceedings of IEEE International Conference on Distributed Computing in Sensor Sys-
tems (DCOSS) , 2013.

This paper presents a taxonomy of techniques for accuracy estimation in the context
of multiple coexisting sensor systems and compares inference- with learning-based

techniques.
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2. Hongkai Wen, Zhuoling Xiao, Niki Trigoni and Phil Blunsom. “On Assessing the
Accuracy of Indoor Positioning Systems”. In Proceedings of European Conference
on Wireless Sensor Networks (EWSN), 2013. (Best paper award)

This paper proposes a novel learning algorithm, which is a variant of the Baum-
Welch algorithm for estimating the accuracy of co-located indoor positioning sys-

tems.

The work in this thesis also contributes to the following published papers:

1. Zhuoling Xiao, Hongkai Wen, Andrew Markham, Niki Trigoni, Phil Blunsom and
Jeff Frolik. “Identification and Mitigation of Non-line-of-sight conditions Using Re-
ceived Signal Strength”. In Proceedings of IEEE International Conference on Wire-
less and Mobile Computing, Networking and Communications (WiMob) , 2013.
This paper proposes novel non-line-of-sight (NLOS) identification and mitigation
approaches for WiFi received signal strength measurements. The experiments of this
work are performed on the testbeds built by this thesis, where the indoor positioning

systems created in this thesis are used.

2. Dan Olteanu, Hongkai Wen. “Ranking Query Answers in Probabilistic Databases:
Complexity and Efficient Algorithms”. In Proceedings of IEEE International Con-
ference on Data Engineering (ICDE), 2012.

This paper proposes efficient techniques to rank query answers in probabilistic databases.
The paper is motivated by the idea of using prior knowledge to check the accuracy
of sensor streams discussed in this thesis. However, a different approach is taken to
check for compliance with prior information, inspired by work on query processing

for probabilistic databases.

1.7 Thesis Structure

The rest of this thesis is organised as follows. Chapter 2 provides an overview of related
work. The following three chapters present our proposed approaches. Chapter 3 presents
a general framework for accuracy estimation consisting of four layers: 1) pre-processing,
2) state estimation, 3) accuracy estimation and 4) accuracy indexing. Chapter 4 focuses
on the state estimation layer and proposes and inference-based approach to tackling this
problem. Chapter 5 presents a learning-based approach to state and accuracy estimation

(layer 2 and 3). Chapter 6 presents the experimental evaluation of the proposed approaches
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in real-world sensing scenarios, and provides a comprehensive discussion of the experiment

results. Finally, Chapter 7 concludes this thesis and outlines areas for future work.
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Chapter 2

Background

The work proposed in this thesis draws heavily from two areas of research: state esti-
mation and parameter estimation. Concretely, the proposed inference-based approach for
accuracy estimation falls into the general class of state estimation approaches in sensor
networks, and borrows a lot of ideas from the work on probabilistic inference approaches.
The learning-based accuracy estimation approach is naturally related to the research on
parameter estimation in sensor networks, and is also connected to the learning problems
studied in graphical models. Finally, the work in this thesis is also related to a range of
other research area, including fact finding in information networks, cost-constrained data
acquisition in sensor networks and recommendation systems.

This chapter provides background information and surveys existing work in the related
research areas. The remainder of this chapter is organised as follows: Section 2.1 briefly
explains the related probabilistic inference techniques in machine learning, and describes
the existing sensor network research on statistical inference. Section 2.2 reviews the learn-
ing techniques used in graphical models, and discusses the current work on parameter es-
timation in sensor networks. Each of the sections is concluded with a discussion of how
the proposed approaches are related to existing work. Finally, Section 2.3 discusses a few

other existing research efforts that have close connections with this thesis.

2.1 Inference and State Estimation

The inference-based accuracy estimation approach proposed in this thesis is closely related
to research in inference and state estimation. In the proposed approach, the monitored
signals (which are unknown) and the sensor measurements (reported by the systems) are

modelled with probabilistic graphical models (PGMs). The approach infers the monitored
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signals with the measurements from all the sensor systems, and then estimates the accu-
racy of the measurements with respect to the estimated signals. Therefore in the proposed
inference-based approach, the key step for accuracy estimation is to estimate the latent
states given all the sensor observations, which is directly related to the inference and state
estimation techniques surveyed in the rest of this section. In the following, we first ex-
plain the related inference and state estimation techniques in general graphical models,
then describe their applications in sensor networks, and finally discuss how our approach

is connected to these existing techniques.

2.1.1 Inference and State Estimation in Graphical Models

Inference is one of the fundamental problems in machine learning and artificial intelli-
gence research, especially for graphical models [28, 29, 30]. A probabilistic graphical
model (PGMs) contains a set of nodes connected by edges, where each node represents
a random variable, and the edges denote the probabilistic relationships between the vari-
ables. Depending on whether the edges are directed, the PGMs can be divided into two
types: Bayesian networks (directed graphs) [29] and Markov networks, or Markov random
fields (undirected graphs) [31]. The former are widely used in areas such as signal process-
ing [32], object tracking [33], and data mining [34], while the latter are popular tools for
image reconstruction [35], segmentation [36] and information retrieval [37].

In our context, the physical signal we would like to monitor is typically unknown,
1.e. latent, and can only be measured through a series of sensor observations. Therefore,
this thesis is particularly related to one special type of graphical models, the state space
models (SSMs), or latent process models [38]. The state space models contain two sets of
random variables, the latent states and the evidences, and assume that state variables follow
a stochastic process, which emits the evidence variables at different timestamps. The state
space models have been widely used in many areas, such as speech recognition [2] and
target tracking [19].

As in general graphical models, the process of computing the posterior distributions
of the latent variables given the values of observed variables is called probabilistic infer-

ence [29]. In practice, the basic inference tasks for state space models are as follows [29]:

e Filtering: Given all the observations to date, filtering computes the posterior distri-

bution of the current state;

e Prediction: Given all the observations to date, prediction computes the distribution

of a future state;
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e Smoothing: Given all the observations to date, smoothing computes the posterior

distribution of a past state;

e Viterbi decoding: Given a sequence of observations, the Viterbi decoding computes

the state sequence that is most likely to have generated the observation sequence.

Among those tasks, filtering and smoothing are closely related to the work in this thesis.
For ease of exposition, in the following text we consider the two well studied state space
models: the hidden Markov models (HMMs) and linear dynamical systems with Gaussian
variables (LDSs). HMMs are the simplest form of dynamic Bayesian networks, which
assume the state space is discrete. LDSs are dynamical systems (whose state space is
continuous) with linear evaluation functions, which have closed form solutions for filtering
and smoothing. In the following, we briefly describe the existing filtering and smoothing
algorithms in the context of HMMs and LDSs.

In general, filtering is also referred to as state estimation. The goal of filtering, or state
estimation is to compute the posterior distribution of the current state (latent variables)
given all the previously observed evidence. The filtering problem of dynamic models can
be addressed with both exact and approximate algorithms. For HMMs, the most widely
used exact filtering algorithm is the forward algorithm [2], which is based on dynamic pro-
gramming techniques. For LDSs, the de factor algorithm for exact filtering is the Kalman
filter [38], which takes the noisy observations (corrupted by white noise) as input, and pro-
duces optimal state estimates. For more complex models where no exact filtering algorithm
is available (e.g. nonlinear models), the filtering problem can be addressed by approximate
algorithms, such as the sequential Monte Carlo (SMC) algorithms [39] that use a large
number of particles to approximate the state distribution, or the extended Kalman filter
(EKF) that relies on linearisation, and so on.

Unlike filtering which estimates the current state based on previously observed evi-
dence, the smoothing problem estimates the posterior state distribution given all the pre-
vious and future observations. Therefore typically the smoothing problem in state space
models (SSMs) can be addressed by general inference techniques in probabilistic graph-
ical models (PGMs). For instance, the exact smoothing algorithms include the variable
elimination algorithm [40], belief propagation [41], junction trees [42] and recursive con-
ditioning [43, 44]. Particularly for HMMs and LDSs, the most popular exact smoothing
algorithms are the forward-backward algorithm [2] and the Kalman smoother [45] respec-
tively. As in filtering, for general SSMs which are not subject to an exact smoother, the

problem has to be addressed with approximate algorithms. One of the most widely used
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approximate smoothing algorithms is the particle smoother [46], which however, can be-
come prohibitively expensive when the dimension of the state space is high. There are
also methods that do not suffer from the curse of dimensionality, such as the variational
methods (also known as variational Bayes) [47, 48], which approximate the posterior state
distribution with a tractable distribution that is carefully selected to minimise the difference

between the real and approximated posterior state distributions.

2.1.2 Inference and State Estimation in Sensor Networks

A large body of research in sensor networks has applied statistical inference to monitoring
tasks. In this context, the monitored physical phenomenon, e.g. the temperature, humidity,
light intensity or pollution levels, is typically assumed to vary over time. The measurements
reported by the sensor network provide a noisy view of the instrumented environment. The
inference problem for sensor networks is to reason about the unknown states given the
noisy sensor measurements. It has been defined in various forms for different sensing ap-
plications such as sensor calibration [49], target tracking [50], data modelling and contour
finding [51].

Inferring absent sensor readings: A common approach to address this inference problem
is to use techniques such as Kriging [52] and Gaussian Processes (GPs) [53] to interpolate
between sensor readings and infer the values of the monitored environmental variables.
These techniques take into account the spatial and temporal correlations in sensor readings,
and are able to incorporate the noise encoded in the sensor measurements. Concretely, they
use customized non-linear Gaussian processes to estimate the monitored states over time
and space, particularly in places where there is no sensor, or when sensors have failed or
simply do not generate readings at certain timestamps. For example, the work in [54] uses
Gaussian process regression to interpolate the sensor measurements, and combine informa-
tion from different types of observations to estimate the underlying states. Osborne et al.
have proposed a computationally efficient implementation of GPs for sensor network appli-
cations in the context of environmental sensing [55]. In that work, they use a multi-output
Gaussian process to process the observed environmental data in real-time with minimal
domain knowledge, where the hyper-parameters of the GPs are estimated by a Bayesian
Monte Carlo scheme.

Estimating monitored signals: Besides inferring the latent states by interpolation and
regression, a lot of work has also considered using probabilistic models to estimate the
monitored signals. In those scenarios, the state space models are often used to represent

the dependencies between the latent states and the sensor measurements. A well-studied
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example is that of node tracking, where the physical locations of moving objects are tracked
by fixed and / or mobile sensors, and the task is to estimate real location of the objects (the
states) given the noisy sensor measurements (the observations). Hidden Markov models
(HMMs) are commonly used in this context. A large body of work has investigated HMMs
for map matching, which is the problem of finding the most likely trajectory that accounts
for measurement noise and known map constraints [56, 57, 19, 58, 59]. More specifically,
VTrack uses mobile phones mounted in cars to estimate road travel times using a sequence
of inaccurate position observations [19]. EasyTracker uses HMMs in the context of transit
tracking, and uses the inferred tracks to detect transit stops and predict arrival times [59].
An HMM-based approach is also used in CTrack, where the goal is to associate a sequence

of cellular fingerprints to a sequence of road segments on a known map [60].

Sensor tracking: In addition, Bayesian estimation techniques such as Kalman and par-
ticle filters have also been broadly used for state estimation / inference problems in the
area of localisation / tracking. For example, HMMs-based localisation systems have been
widely used for both outdoor and indoor localisation [61, 62, 58]. The work in [62] uses
the first-order HMMs to track the users, where latent states represent the user locations.
It fuses the WiFi fingerprinting information with inertial measurements to infer the trajec-
tories of the user. The AutoWitness system [61] however, uses the second-order HMMs
where the transitions between pairs of locations are modelled as states. The work in [63]
considers the continuous cases where the location of a user is represented as a continu-
ous random variable. It uses an adaptive Kalman filter to fuse the WiFi signal strength
measurements from multiple access points with the inertial data, and also takes the map
constraints into account. The work in [64] uses particle filters to localise the users in in-
door environments, where inertial information from foot-mounted IMUs and the building
model are combined to produce accurate location. The footSLAM system in [65] applies a
similar technique in the simultaneous localisation and mapping (SLAM) setting, and uses
the Rao-Blackwellised particle filters to build the map of the environment and localise the
users simultaneously. The Zee system in [66] considers an automatic signal strength fin-
gerprinting application, and uses particle filters to fuse information generated by different

users to produce the signal strength database.

Uncertain data management: Inference and state estimation techniques have also been
used in managing uncertain sensor data. For example, the work in [67] proposed an ap-
proach that integrates particle filters directly with database views to support declarative
queries about the estimated states. Underneath the system keeps all the weighted particles
generated by inference and rephrases the user queries in such a way that they could be

executed on the particle sets directly. The system also supports techniques like fixed-lag
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smoothing to improve the inference results. The approach presented by Tran et al. [68] on
RFID object tracking also uses such sample-based techniques but their enhanced approach
with particle factorisation, spatial indexing and belief compression is more scalable for
scenarios that contain large numbers of objects. Different from the above two approaches
which use on-line inference over sensor data, the Lahar system [69] infers the sensor read-
ings in an off-line fashion. The advantage of this approach is that inference over archived
data could produce more accurate results than the on-line approaches, where the later ob-

servations can be exploited to refine the estimation of earlier data.

Distributed inference in sensor networks: Another branch of work on inference problems
in sensor networks is distributed inference [70, 71]. Rather than gathering and processing
data in a central point, e.g. a mobile device or a remote server, those approaches aim to per-
form inference at multiple sensor nodes in the network. The work in [70] uses distributed
particle filters to infer the current system state at distributed sensor nodes while minimising
communication overhead. In this work, each node maintains a local particle set and may
share a small portion of randomly selected particles with the neighboring nodes. When
receiving such particles, the node checks its own cache and broadcasts a set of most infor-
mative particles (chosen by certain distance metrics) to its neighbors, and the information
of the global state can be gradually acquired by all the nodes. The work in [71] forms the
sensor nodes as a junction tree [42] and infers the unknown states by exchanging messages
of local measurements as in the typical junction tree algorithm, where the communication

overhead can be minimised by tuning the topology of the sensor nodes.

2.1.3 Discussion

The proposed inference-based accuracy estimation approach is closely related to the above
discussed inference and state estimation techniques. Firstly, the inference-based accuracy
estimation approach models the physical signal and the measurements from multiple sensor
systems as augmented hidden Markov models or linear dynamical systems, which are es-
sentially special cases of the general state space models. Secondly, the inference-based ac-
curacy estimation approach uses the idea of inference and state estimation as one important
step when estimating the accuracy of sensor measurements: it infers the monitored states
first and then uses the estimated states as pseudo ground truth to evaluate the measurement
accuracy. Finally, in our experimental evaluation, approximate inference techniques such
as particle filters are extensively used in the positioning systems we have built.

However, the proposed inference-based accuracy estimation approach is fundamentally

different from the existing work. The goal of our approach is not to infer the latent states,
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but to estimate the accuracy of the sensor systems. Comparing with the work using Krig-
ing or Gaussian Processes [52, 54, 55] mentioned above, our approach does not use the
regression-based techniques to estimate the states, but includes states and sensor measure-
ments in a probabilistic model. The model developed by our approach is different from
existing ones, such as the linear dynamical systems or hidden Markov models, which have
been extensively used in the map matching techniques [56, 57, 19, 58, 59]. Our model
is able to incorporate multiple sequences of probabilistic sensor measurements, and ex-
ploit the prior state distributions at arbitrary timestamps. Although some existing work
has studied models with multiple observation sequences [2] or missing data [72], to our
knowledge there is little work on models consuming multiple probabilistic observations.
Moreover, there is very limited research on applying inference techniques to the problem

of estimating the accuracy of coexisting sensor systems.

2.2 Learning and Parameter Estimation

Our work is also connected to research in learning and parameter estimation, since the
learning-based accuracy estimation approach proposed in this thesis employs learning tech-
niques to re-estimate the model parameters. Concretely, rather than relying on the model
parameters known a priori, the proposed learning-based approach first learns the parame-
ters that are the most consistent with the observed probabilistic sensor measurements and
available prior knowledge. The learned model parameters are then used to infer the latent
states, which can improve accuracy estimation. In some cases (as we will show in Chapter 5
later), the learned parameters can be used to derive the accuracy of sensor systems directly.
Therefore, the key step in the proposed learning-based accuracy estimation approach is
to estimate the model parameters given the observed data, which is closely related to the
learning and parameter estimation techniques reviewed in the rest of this section. In the
following, we also first explain the related learning and parameter estimation techniques
in general graphical models, then survey their applications in sensor networks, and finally

show how our approach is related to these existing techniques.

2.2.1 Learning and Parameter Estimation in Graphical Models

Besides inference, learning is another vital problem in graphical models, and it typically

involves two tasks: one is finding the model structure, and the other is estimating the model
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parameters. Usually the model parameters are always assumed to be unknown, and de-
pending on whether the model contains hidden variables, learning in probabilistic graph-
ical models (PGMs) involves the following four scenarios [73]: a) the model structure is
known and the variables are fully observable; b) the model structure is known and the vari-
ables are partially observable; c) the model structure is unknown and the variables are fully
observable; and finally d) the model structure is unknown and the variables are partially
observable. Scenario a) is trivial, since in that case there is no hidden variable, and the
Maximum Likelihood (ML) estimate of the model parameters can be directly computed by
various optimisation tools, such as gradient descent [74], Gauss-Newton method [75] and
conjugate gradient [76], etc. Cases c¢) and d) involve learning the model structure, which is
often referred to as the model selection problem. There is a solid body of work focusing on
this problem (we refer the readers to the books [29] and [30] for more details), but in this
thesis, we consider state space models (SSM), whose structure is assumed to be known in
advance.

As discussed in the previous section, a state space model contains two sets of variables,
the latent variables (states) and the evidence variables (or observations / measurements).
The states follow a stochastic process, which is observed through the evidence variables.
Given the structure of the state space models, we typically consider the following model
parameters: a) the initial state distribution, b) the correlations between different states (the
transition model), and c) the dependencies between the states and the evidence (the mea-
surement / emission model). To learn those parameters, the existing learning algorithms
can be broadly divided into exact and approximate approaches. Note that exact learning
algorithms only work on simple models, such as hidden Markov model (HMMs) or lin-
ear dynamical systems (LDSs) with Gaussian variables, while for more general state space
models (SSMs) there is no closed form solution and approximate learning algorithms are
used instead.

Generally, the learning problem in state space models (SSMs) can be addressed by
the Expectation Maximisation (EM) scheme, which iteratively performs the E-step and
the M-step until converging to a local optimum. In each iteration, the current estimated
model parameters are used in the E-step to derive the expected likelihood of the data (often
referred to as the likelihood function), and the M-step finds the new model parameters
that maximise the previously derived likelihood function. Typical convergence criteria
for the general EM scheme are: a) the likelihood of the observed data does not increase
significantly, b) the new parameters stop changing significantly, or ¢) a certain predefined

step count is reached.
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For hidden Markov models (HMMs), the most well-known exact learning algorithm
is the Baum-Welch algorithm [77], which is a special case of the EM scheme. For linear
dynamical systems (LDSs) with Gaussian variables, the Kalman learner which is based on
the standard Kalman filter and smoother [38, 45] is commonly used. For models which are
more complex than the simple HMMs and LDSs, a large number of approximate learning
algorithms have been developed. In fact, as discussed above, the EM framework typically
include inference (smoothing) as a subroutine in its E-step, while the M-step usually incor-
porates suitable optimisation techniques to find the new model parameters. Therefore, most
of the existing algorithms address this problem by fitting approximate inference techniques
into the EM framework. For example, the extended Kalman learners use the extended
Kalman smoother to evaluate the likelihood of data in the E-step [78]. Other approximate
inference approaches, such as the sample-based techniques or variational Bayes, can be
incorporated in the EM scheme in a similarly way [46, 79, 80]. Another alternative of ap-
proximate learning is to combine Gaussian process (GP) with the EM scheme, as shown
in [81].

2.2.2 Learning and Parameter Estimation in Sensor Networks

Learning and parameter estimation has attracted considerable interest in the sensor network
community. While much of the initial work focused on applying parameter estimation
techniques in the context of sensor calibration [82], more recently there have been many
attempts to apply them in a broad range of problems, e.g. sensor node localisation [83],
network topology learning [84], target tracking [85], environmental mapping [86], and

social sensing [87].

Sensor calibration: Sensor calibration has been an active topic since the very beginning
of sensor network research and a solid body of work has been proposed to address this
problem. Unlike most of the work which treats sensors individually and calibrates each
of them separately based on its output, the work in [82] casts the calibration problem into
that of a parameter estimation problem. Concretely, this approach first models the input
/ output of the sensor network with a set of parameters (associated with each node), then
it optimises the response of the entire network with respect to those parameters based on
collected training data. The advantage is that well-established techniques in parameter
estimation can be borrowed to provide a unified sensor calibration framework. The work
in [88] extends this idea to the distributed setting, and calibrates sensors with a consensus-

based parameter estimation algorithm. This algorithm finds the parameters that minimise
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the expected differences in the output of neighbour nodes, so that the majority of well-

behaved sensors will correct the drifted ones (if no external reference is given).

Sensor localisation and target tracking: Another popular class of applications where
learning and parameter estimation techniques have been widely used includes sensor local-
isation and target tracking [83, 89, 85]. It is typically assumed that the sensor nodes are
sparsely distributed, where one or more moving targets are passing the monitored area. The
locations of the stationary nodes are used as references to determine the trajectories of the
moving targets, while the observations of the targets can also provide useful information
on the locations of the stationary nodes. Therefore, most of the existing work addresses the
self-localisation of the sensor nodes and target tracking simultaneously. For instance, the
work in [89] proposes a centralized algorithm, which models the self-localisation and target
tracking problem as the parameter estimation problem in state space models. The locations
of the sensors are considered as model parameters, while latent states are the locations of
the targets. It uses a sequential Monte Carlo technique (the auxiliary particle filter) to in-
fer the target locations, while simultaneously estimating the locations of the sensors with
on-line Expectation Maximisation (EM) scheme.

The work in [83] addresses the same problem in a distributed way. It casts the sensor
self-localisation problem into a parameter estimation problem for Hidden Markov models
(HMMs), and proposes both a distributed recursive maximum likelihood (ML) algorithm
and a distributed Expectation Maximisation (EM) algorithm to estimate the parameters.
Those distributed algorithms rely on a message passing scheme which exchanges the belief
between different nodes to achieve the consensus state. During the parameter estimation
process, the trajectories of the tracked targets can be determined simultaneously. For non-
linear cases, [83] uses a distributed learner based on the extended Kalman filter (EKF),
which relies on the local linearisation of the model and approximates the model parameters
accordingly.

Learning the network topology: The work in [84] considers the problem of learning the
topology of the network in the context of camera networks, whose sensors are completely
non-overlapping. It assumes that the camera network is tracking multiple agents, whose
movements are modeled by semi Markov processes. The camera network is modeled as a
directed graph, where the vertices indicate the locations of the sensor nodes and the edges
represent the connectivity between them, i.e. the topology of the network that needs to be
learned. This work includes such network topology, as well as the expected duration be-
tween state transitions, as the parameters of the semi hidden Markov model, and proposes
an algorithm that combines the Markov chain Monte Carlo techniques and the expecta-

tion maximisation (EM) scheme to estimate those parameters. More recent work [86] also
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considers the problem of simultaneous localisation and environmental mapping, which es-
timates the location of the sensors by looking at the values of the environmental variables
monitored by the network. It assumes that the variables such as temperature, are spatially
correlated (the correlations depend on the geographical distances), and change smoothly
over time. It models the environmental variables as the correlated latent states, and the
locations of the sensors as the model parameters. It then uses the EM scheme to iteratively
find the model parameters, i.e. sensor locations, that can best explain the sensor measure-

ments.

Truth discovery in social sensing: Recently, the techniques of learning and parameter
estimation are also used in the context of social sensing and crowd sourcing [87, 90]. For
example, the work in [87] considers a sensing scenario where a large number of users
report a physical phenomenon, e.g. litter in a park. It tries to address the problem of
estimating both the correctness of the measurements and the reliability of the participants.
It fits this problem into the EM framework, and considers the correctness of measurements
and the reliability of the participants as parameters of a Bayesian model. The reliability
of a participant is represented by the likelihood of the participant reporting an event given
the fact that it actually has happened, i.e. the probability of genuine report, while the
correctness of observations is the posterior distribution that the event happens given that
it has been reported. Then it iteratively finds the parameters that maximise the likelihood
of the observed data until convergence. Note that this approach works off-line (in a batch
fashion), in the sense that the EM algorithm needs to process the entire set of observed data
when estimating the model parameters.

On the other hand, the work in [90] considers a stream setting in a similar social sensing
scenario, where the observations reported by different users are generated continuously. It
tries to address the problem of estimating the correctness of observations and the reliability
of the participants on-line. Similar to [87], this approach also represents the two quanti-
ties as parameters in a Bayesian model. The main difference of [90] compared to [87] is
that, rather than operating the Expectation Maximisation (EM) scheme in a batch mode,
i.e. waiting until all data has been observed, this approach uses a recursive version of
EM scheme: the parameters are updated continuously based on the previously evaluated
parameters and the newly observed data. A vital assumption of this approach is that the
parameters, particularly the participant reliability, only change slowly over time, otherwise
it would be difficult for the EM scheme to converge. Another major difference is that when
a new observation arrives, this approach only runs the EM scheme for one iteration rather

than multiple times to avoid over-fitting the new data.
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2.2.3 Discussion

The proposed learning-based accuracy estimation approach has many connections with the
learning and parameter estimation approaches discussed above. Firstly, the model used by
the proposed learning-based approach is an extension of standard state space models, e.g.
HMMs or LDSs: particularly in how it represents the conditional dependencies between the
monitored states and the sensor observations. Secondly, our learning-based approach uses
the idea of parameter estimation to perform the task of accuracy estimation. In particular,
our approach estimates the model parameters, and uses the learned parameters to either a)
improve the state estimation and thus further improve the quality of accuracy estimation, or
b) directly reason about the accuracy of sensor systems. Thirdly, the learning algorithm we
use in the proposed approach follows the classic EM framework, which has been widely
used in existing work. Finally, our approach falls into the class of maximum likelihood esti-
mation (MLE) approaches to ascertaining sensor reliability, which bears close resemblance
to the truth discovery techniques in social sensing [87, 90].

However, the proposed learning-based accuracy estimation approach is also quite differ-
ent from the above surveyed existing work. Unlike existing work, which uses the parameter
estimation techniques to perform sensor calibration or learn the static properties of sensor
networks (e.g. node topology and locations, or sensor noise profiles) [82, 83, 84, 86], the
goal of our learning-based approach is to evaluate the accuracy of multiple sensor sys-
tems. In that sense, the truth discovery approaches [87, 90] share similar objectives with
the proposed learning approach, where both approaches try to estimate the reliability of the
information sources (e.g. human participants in their social sensing scenarios, and sensor
systems in our cases) based on the observed data. However, the proposed learning-based
approach is different from the existing truth discovery approaches in many ways.

Firstly, the problem formulation of the two approaches is very different. The truth
discovery approaches consider a simple Bayesian model which ignores the temporal cor-
relations between the states, while our approach uses augmented state space models to
exploit the underlying dynamics. Also, our approach assumes that the information sources
(sensor systems) provide uncertain measurements (probability distributions), which is nat-
urally more general than the truth discovery techniques, which only consider deterministic
binary observation (i.e. true or false). Moreover, the proposed learning-based approach
exploits prior knowledge on state distributions, which is not considered in the truth discov-
ery approaches. Secondly, the truth discovery techniques assume that the source reliability
changes slowly over time and space, while our approach does not make such limiting as-
sumptions, and exploits the fact that the accuracy of a sensor system can vary greatly in

different contexts. Thirdly, the truth discovery approaches typically tend to work well
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when a large number of sources are used, e.g. in the social sensing scenario, whereas
our approach can work well in scenarios where only a few coexisting sensor systems are
available (e.g. less than five). Finally, although both approaches are built on the general
Expectation Maximisation (EM) framework, the derivation of our algorithm is very dif-
ferent from the truth discovery approaches: they consider the standard EM algorithm on
Bayesian models, while our approach extends existing EM algorithms for dynamic models

with probabilistic observations.

2.3 Other Related Work

In this section, we overview other research efforts that are closely related to our problem
of estimating the accuracy of sensing systems, but do not fall in the general classes of state

inference or parameter learning.

Indoor positioning: This thesis uses indoor positioning as one of the running examples
to explain and evaluate the proposed accuracy estimation approaches. Particularly, the
proposed work is related to three categories of positioning systems: a) systems that use
RSS (Received Signal Strength) -based approaches; b) systems that adopt motion sensing
techniques; and c) systems that fuse both motion and RSS information to infer positions.
Here we mainly review the existing work in classes a) and b), where systems belong to
class c) has been already discussed in inference-based sensor tracking (Section 2.1.2).
RSS-based positioning systems have become popular solutions due to the wide avail-
ability of wireless access points (e.g. WiFi APs), and the cost benefits of not deploying ex-
tra infrastructure. There are mainly two classes of RSS-based positioning techniques [91].
One is based on radio propagation models, and the position of a target is determined by
calculating the distances (with the propagation models) between the target and multiple
APs with known locations, such as [92], [93] and the SNAP-WPS system [94]. The main
disadvantage of this class of approaches is that radio propagation in indoor environments
is very difficult to model due to the mixture of LOS (Line-of-sight) / NLOS (Non-line-of-
sight) signals, and our recent work (e.g. [95]) has proposed a machine learning technique
to identify and mitigate the NLOS conditions. The other class of approaches is finger-
printing, which does not rely on radio propagation models, but leverages the mapping
between RSS measurements and coordinates obtained from a training phase. Early sys-
tems include Radar [96], PlaceLLab [97] and Horus [98]. Recent techniques have been pro-

posed to improve fingerprinting performance, e.g. by incorporating heterogeneous wireless
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clients [99], or exploiting additional features of the environment, such as FM signals [100],
sound, light and color [101]. However, one limitation of this class of methods is that they
typically require labour-intensive training phases to generate the radio maps, while recently
a number of techniques have been proposed to automatically build the radio map by fusing
RSS measurements with motion sensor data, such as [66], [62] and [102].

Another category of positioning techniques that is closely related to this thesis is mo-
tion sensing, which calculates the current position of the tracked person based on odometry
data. The data could be measured by either the Inertial Measuring Units (IMUs) mounted
on the feet of a pedestrian [103, 64, 104], or the on-board inertial sensors of the mobile
device carried by the person [105]. Most of the existing motion sensing techniques include
the following three steps: 1) motion mode recognition, which detects different modes of
movement (e.g. stationary vs. walking) [105]; 2) displacement estimation, which uses
the acceleration data to estimate the distance traversed during a given period (e.g. step
length estimation [106]); and finally 3) orientation tracking, which uses data from mag-
netometer, accelerometer and optionally, gyroscope to estimate the orientation of the de-
vice [107, 108]. A major challenge for motion sensing is that the error in the inertial
measurements accumulates over time, and can also be exacerbated by many factors, e.g.
different walking styles or magnetic field distortions. Recent work tries to tackle this chal-
lenge and improve the quality of motion sensing: e.g. [109] and [110] exploit encounter
information between a group of tracked users to correct the drifted trajectories, while the
work in [111] has proposed an inertial tracking technique using mobile phones, which is
robust to the variability in position / orientation of the phones and walking profiles of dif-

ferent users.

Estimating the accuracy of sensor data: In most existing work, the accuracy of sensor
data is evaluated with the knowledge of ground truth, e.g. the accuracy of a positioning
system is typically defined as the Root-Mean-Square error (RMSE) of the estimated tra-
jectories with respect to the actual trajectories ([112] has provided a thorough discussion
on the accuracy of various existing positioning systems). One area of research which is
closely related to this thesis, is to reason the accuracy of sensor data without possessing the
ground truth. There has been a solid body of sensor network research along this line. For
instance, early work [113] considers the scenarios where multiple sensors are monitoring
the same signal, and proposes a statistical approach to detect the inaccurate measurements.
However it does not explicitly quantify the accuracy of sensor data. The work in [114]
assesses the accuracy of sensors with simple majority voting scheme, while [115] uses the
sensor noise profiles and known characteristics on monitored signals to estimate the accu-

racy. On the other hand, the work in [116] considers social sensing applications where the
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reliability of human participants are not available, and proposes both real and asymptotic
accuracy bounds of the reported measurements. Recent work [117] proposes a model-based
approach to estimate the accuracy of environmental sensors, which can detect systematic
and transient sensor errors. The work in accuracy-energy aware localisation [118, 119]
is also related to our work, which seeks the best trade-off between localisation accuracy
and energy consumption when tracking a mobile device. However, it is different from our
work since their accuracy models of the sensors are either derived from prior knowledge or

provided by the underlying Android operating system.

Fact finding in information networks: The accuracy estimation approaches proposed in
this thesis are also closely related to the quality estimation approaches, e.g. fact finding
techniques in information networks [120, 121, 122]. In these networks, sources and asser-
tions are represented as nodes, and each fact “source ¢ made an assertion j” is represented
by a link. Nodes are then assigned credibility scores in an iterative manner: for example,
in a basic fact finder [120], an assertion’s score is set to be proportional to the number of
its sources, weighted by the sources’ scores; similarly, a source’s score is set to be pro-
portional to the number of the assertions it made, weighed by the assertions’ scores. A
Bayesian interpretation of fact finding is offered in [123] that allows quantifying the actual
probability that a source is truthful or that an assertion is true. Whereas we share the
same goal of assessing the credibility of different data sources, we cannot directly apply
fact finding techniques. The key reason is that fact finding techniques tend to work well
when a large number of sources are used to report on the same state (e.g. social sensing),
and is therefore not suitable for traditional sensor networks, where only very few sensors

typically detect and report the same event.

Cost-constrained data acquisition in sensor networks: Another related area of research
is cost-constrained data acquisition in sensor networks. Most work in this area explores
the trade-off between the quality of information and the costs incurred in retrieving the
sensor data, and it can be broadly divided into two branches. The first branch assumes
that sensor readings concern the same variable of interest and are typically correlated over
space. The goal is then to place sensors, or select sensors to be active, at informative
locations, e.g. using Gaussian Process (GP) models of the sensed phenomenon [124, 125,
126, 127]. The second branch of cost-bounded data acquisition considers heterogeneous
sensors, and applications where the variable of interest may not be directly measured by a
sensor, but rather derived from a variety of sensor measurements using a prediction model.
An example is the study of selecting suitable regression models to minimise the prediction
error given a cost budget [128]. Our work is different from the above cost-constrained data

acquisition techniques in two ways. Firstly, the sensor systems in our context are typically
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black boxes, and we have little or no knowledge on where the sensors are placed, and thus
cannot use this information to build the Gaussian process models. Secondly, in our work
the ground truth is assumed to be absent, and therefore we cannot use knowledge on the

real states to train the regression models.

Recommendation systems: The accuracy estimation approaches proposed in this thesis
also share some common ideas with recommendation systems, which have been widely
used in on-line retailer systems such as Amazon or eBay. A recommendation system lever-
ages the information on the previous behaviour of the user (content-based filtering [129]),
or the experiences from other users (collaborative filtering [130]), or a combination of them
(hybrid filtering [131]), to infer the preference of the user and provide recommendations
accordingly. The recommended items are listed with different weights / scores, typically
in descending order of how relevant they are. The proposed accuracy estimation approach
is similar in the sense that it considers the accuracy of the coexisting sensor systems as
their scores, and recommends the more accurate system for the sensing application to task.
However, our work is different because the accuracy of sensor systems is evaluated based
on information provided by all available systems, where as recommendation systems typi-
cally compute scores based on relevance between the experiences of the user and the feature
of items. In fact, our work can be potentially extended to incorporate the ideas of recom-
mendation systems, where previous experiences on using the sensor systems may help the

sensing applications to decide which system to use in the near future.
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Chapter 3

The Accuracy Estimation Framework

This chapter proposes an accuracy estimation framework, which lies between the sensing
application and the underlying sensor systems, and estimates the accuracy of the sensor
systems given the requirements of the application. The proposed framework provides a
general solution for accuracy estimation, and can be applied to a broad spectrum of sensing
scenarios. The framework is also flexible in the sense that its layers can be easily modified
or merged to adapt to various settings, and each of the layers can be implemented with dif-
ferent techniques. We begin with an overview of the proposed framework in Section 3.1,
then Sections 3.2 ~ 3.5 explain the individual layers of the framework in more detail, and in
Section 3.6 we show how the framework can be implemented with the running example of
an environmental monitoring scenario. In Chapters 4 and 5, we discuss the inference-based
and learning-based accuracy estimation approaches, which are two different implementa-

tions of the proposed framework.

3.1 Overview

In the presence of multiple systems providing sensing services, the task of the accuracy
estimation framework is to estimate their accuracy based on the accuracy requirements
(fe, A) provided by the application, as discussed in Chapter 1. Intuitively, the accuracy of
a sensor system should depend on the accuracy of its measurements, and the accuracy of
a given measurement z;" is defined by the accuracy metric f., with respect to the ground
truth z,. Therefore, the real accuracy of a sensor measurement z;" is the output of the
function f(z;"; ;). In our context, since the state x; is unknown, the real accuracy of a
measurement f.(2}"; x;) cannot be evaluated directly. However, if the state z; in f(2]"; z;)

can be fairly estimated, the accuracy of a sensor measurement can be approximated by
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Figure 3.1: The architecture of the proposed accuracy estimation framework, where mea-
surements reported by the sensor systems are passed through four layers: pre-processing,
state estimation, accuracy estimation, and accuracy indexing. The output of the proposed
framework is the accuracy indices of the sensor systems, as specified by the requirements
(fe, A) of the sensing application.

feeding the estimated state 7, into the accuracy function f.. Following this intuition, the

proposed accuracy estimation framework contains four layers:

e Pre-processing layer:- This layer takes the raw measurements generated by the sen-
sor systems as input, and processes them so that they conform to the same clock,

metric system and probabilistic form.

e State estimation layer:- This layer takes the output of the pre-processing layer as
input, and computes the estimated states z; given the pre-processed measurements

from all sensor systems and the available prior knowledge on state distributions.

e Accuracy estimation layer:- This layer estimates the accuracy of the sensor mea-
surements z;", given the estimated states z; (computed by the state estimation layer)

and the accuracy function f. provided by the sensing application.

e Accuracy indexing layer:- This layer aggregates the accuracy of sensor measure-
ments z;"* (evaluated by the accuracy estimation layer) and builds the accuracy index
for each sensor system sn,, according to the attributes A specified by the sensing

application.
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Figure 3.1 illustrates the layers of the proposed framework. As discussed in Chapter 1,
the sensing application on top requires information on some physical signals, e.g. the tem-
perature of a building or the locations of a user, and would like to select one sensor system
to task. The sensing application poses corresponding queries to the proposed framework,
and also specifies an accuracy metric and a set of attributes, which will be used to evalu-
ate and index the accuracy of the reported measurements. The proposed framework firstly
activates all the coexisting sensor systems that can provide measurements on the queried
states for a short period of time. The raw sensor measurements pulled from the systems are
synchronised and resampled through the pre-processing layer. Then the processed mea-
surements from all available systems are forward to the state estimation layer, where the
queried states are estimated based on the sensor observations and available prior knowl-
edge on states. The next accuracy estimation layer takes the estimated states together with
the pre-processed sensor measurements as input. In this layer, the accuracy of sensor mea-
surements is evaluated with respect to the estimated states (computed by the previous state
estimation layer), given the accuracy metric provided by the sensing application. The eval-
uated measurement accuracy is then forwarded to the accuracy indexing layer, where an
accuracy index is built for each sensor system, according to the accuracy of its measure-
ments and the attributes specified by the sensing application. Finally, the accuracy indices
of the sensor systems are reported as the output of the accuracy estimation framework,
which empowers the sensing application on top to choose the desired system to use in dif-
ferent context. The proposed framework will initiate this process periodically to keep the
accuracy indices updated. Now we are in a position to describe the individual layers of the

proposed framework in more detail.

3.2 The Pre-processing Layer

The input of the pre-processing layer is the raw sensor measurements collected from the
coexisting sensor systems, and it outputs the processed measurements to the next state es-
timation layer. This layer is optional but usually necessary in practice. Raw measurements
from different sensor systems are typically heterogeneous, for instance they may not con-
form to a global clock, or they may be generated at different time or space granularities.
Moreover, some sensor systems may only be able to provide deterministic measurements
without any error bounds. To address this, the pre-processing layer processes the raw sensor

measurements through two steps: a) the synchronisation step, and b) the resample step.
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Figure 3.2: (a) A snapshot of the raw sensor measurements on light intensity generated
from two sensor systems sn; (on the left) and sno (on the right). (b) A snapshot of the
pre-processed light intensity measurements from sn; (on the left) and sny (on the right) by
Gaussian process non-linear regression.

3.2.1 Synchronization

In the synchronization step, the measurements from different sensor systems are firstly re-
timestamped according to the global clock provided by the proposed framework. If the
measurements are generated in different metric systems, e.g. some temperature readings
may be reported in Celsius scale while others could be in Fahrenheit scale, they are con-
verted into the same metric system. For measurements without error bounds reported, this
step also generates the corresponding error estimations and thus parses the deterministic
measurements into probabilistic ones. This can be achieved by various existing techniques,
such as model-driven approaches [117, 132], or approaches that leverage prior knowledge

on sensor noise characteristics [115].

3.2.2 Resample

After the synchronization step, the resample step further subsamples or interpolates the
measurements so that measurements from different sensor systems have the same time and
space granularity. There is also a solid body of techniques that can be used in this context,
and in our experiments, we use Gaussian process non-linear regression [53] to interpolate

the sensor data over time and space. Figure 3.2(a) shows the raw sensor measurements on
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Figure 3.3: The taxonomy of state estimation approaches for sensor networks. For each
line of approaches, several representative techniques are listed.

light intensity, generated by two coexisting sensor systems used in our experiments. Note
that each system only generates deterministic measurements at the locations where they
have sensors. Figure 3.2(b) shows the pre-processed sensor measurements, which have the

same space and time granularity, and are annotated with confidence intervals.

3.3 The State Estimation Layer

Given the pre-processed sensor measurements and the prior state distributions as input,
the state estimation layer estimates the actual states x;, which are forwarded to the next
accuracy estimation layer together with the sensor measurements. Formally, we assume
that after pre-processing, at any given timestamp ¢, each sensor system sn,,,, 1 < m < M,
provides a probabilistic measurement z;"* of the state x;, where z;" is a random variable
with probability distribution p(z;"). We also assume that certain prior distribution p; on the
state may be available at some of the timestamps, as defined in Section 1.4.1.4.

The state estimation layer can be implemented in various ways, and we design a taxon-
omy consisting of three main classes of approaches: voting, state inference and learning.
The inference-based and learning-based approaches can be further divided into two sub-
classes: static and dynamic, depending on whether the dynamics of the monitored process
are taken into consideration. Figure 3.3 illustrates the taxonomy, along with specific exam-
ples of techniques under each class. In the following text, we provide an overview of the
taxonomy, and describe the high level ideas for each of the approaches. The detailed deriva-
tions of the inference-based and learning-based approaches will be explained in Chapters 4

and 5 respectively.
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Figure 3.4: Comparison of different state estimation approaches. (a) Voting merges sensor
measurements at ¢ with equal weight to estimate z;. (b) Static inference infers z; with
measurements at ¢ and the known model parameters ¢, which determine the weights of
different measurements (indicated by the weighted arrows in the figure). (c) Dynamic
inference estimates z; with the full sequence of measurements and model parameters 6,
which also include the transitions between states. (d) Static learning re-estimates the model
parameters with the measurements at ¢, and uses the learned O, (indicated by the weighted
arrows at the bottom, which are different from those in (b)) to infer ;. (e) Dynamic learning
learns the model parameters with the full sequence of sensor measurements, and estimates
2, with the new parameter éML.

3.3.1 Voting-based approach

Voting is a widely used approach, which aggregates the preferences from multiple informa-
tion sources to achieve a collective decision. In the context of state estimation, the voting
approach works on one timestamp at a time. It treats the sensor systems as individual
voters, and a probabilistic measurement 2;" is the voting plan of the system sn,,, which
distributes a fixed amount of scores (the probability mass) across the sample space €2 ac-
cording to the measured distribution p(z;"). The probability distribution of the estimated
state 7, is then evaluated by combining the measured probability distributions p(z;"*) from
the M coexisting sensor systems (using equal weights) according to certain voting rules,
such as cumulative voting [133]. Figure 3.4(a) shows the basic idea of the voting-based

approach.

3.3.2 Inference-based approach

The inference-based approach models the monitored states, the measurements from one or
more sensor systems, and the prior state distributions as probabilistic models. The parame-
ters of the model are assumed to be known a priori, and the latent states are estimated based

on the observed measurements and prior distributions on the states. Depending on whether
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we exploit the temporal correlations between states, the approach can be further divided

into static and dynamic inference.

3.3.2.1 Static inference

Static inference ignores any temporal correlations between the latent states, and only ac-
cesses the measurements and prior distributions at single timestamps. Given the sensor
measurements z;** and prior p; observed at ¢, it computes 7, as the posterior state estimate
given the observed data, i.e. p(2;) = p(x:|2/*M, p;). If we assume the measurements from
different sensor systems are conditionally independent and ignore any external noises, the

distribution p(Z;) can be computed as:

M
p<33t OCP pt7$t Hp ]:ct 3.1
m=1

where p(z;"*|z;) (1 < m < M) is the probability of observing the probabilistic measure-
ment z;" given ;. We assume that p(z]"|z,;) is determined by the observed probability
distribution p(z}") and the model parameters #, which are assumed to be known a priori
in this case. Note that the form of 6 depends on the structure of the model, and Chapter 4
will describe the parameters 6 for different types of models we use in more detail. For
now we just assume that 6 is a set of parameters which controls the probability distribution
p(2"|z¢) given the measurement z;". Conceptually, static inference involves the weighted
fusion of the sensor measurements, where the weights are specified by the model param-
eters, as shown in Figure 3.4(b). If there are prior state distributions available at time ¢,

p(pt, z¢) can carry such knowledge and bias the estimated state.

3.3.2.2 Dynamic inference

Dynamic inference assumes the monitored states are temporally correlated, and estimates
the states with all the observed measurements and priors. Let the states be a time-varying
sequence: xy.7, with M measurement sequences z{.y, . . . , 224, from the sensor systems. In
practice, the dynamics are usually assumed to be Markovian for simplicity, i.e. p(z¢|x14-1) =
p(z¢|z¢—1), and the measurements at different timestamps are considered to be independent
conditioned on the states. Under those assumptions, the distribution of the estimated state
2y, 1.e. the posterior state distribution given all the observed sensor measurements and

priors, can be represented as:

p(i‘t) X p($t|zié\/la pl:t)p(zg—zyj\f;Ta Pt+1:T|fEt) (32)
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where p(z:|21;, pr+) and p(2{iY 1, pes1,r|2:) can be evaluated iteratively:
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where p(z}*™|x;) can be factored as shown in the static case, and is determined by the
observed probability distributions p(2}), ..., p(2) and the model parameters 6. Typically,
the probability distributions p(z;,1|z;) that links states at two consecutive timestamps are
also considered as parts of the model parameters #. Therefore in the dynamic case, the
model parameters 6 determine both the transitions between states, and the likelihood of
observing sensor measurements given the state. Note that the priors are incorporated in
the term p(p;, z¢|x;_1), which biases the state transition governed by model parameters ¢
towards the priors p;. Figure 3.4(c) shows a simple case with two timestamps, where Z;,
241 are estimated with measurements from three sensor systems and the model parameters
6.

3.3.3 Learning-based approach

Unlike the inference-based approach, the learning-based approach does not assume any
prior knowledge on the model parameters . In the static case, the parameters 6 contol
the likelihood of observing the probabilistic measurements given the state, while in the
dynamic case, 6 also govern the correlations between adjacent states. The learning-based
approach starts with an estimate of the parameters 6, and iteratively refines this estimate
to be more consistent with the sensor measurements and prior state distributions. The
estimated states 7, are then inferred with the learned model parameters and the observed
data.

3.3.3.1 Static learning

Static learning first tries to find the model parameters ¢ that are the most consistent with
the data observed within each timestamp, given by the maximum likelihood (ML) estimate
éML, as shown in Figure 3.4(d). As in general latent variable models, éML can be computed
by the Expectation Maximisation (EM) approach [134]. The basic idea of the EM approach
is that we firstly “guess” the unknown model parameters ¢, and use this set of 4 to evaluate

the likelihood of the observed data. Then we try to see if there is another set of parameters
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0’ that can better explain the observed data, i.e. increase the likelihood of data, and perform
this for multiple times until we find the best set of parameters 6u.. Therefore in practice,

the EM scheme works iteratively with the following two steps until convergence:

1. The E-step, which computes the expected log likelihood function Q(6', #) of the new
parameters ¢’. The expectation is taken with respect to the conditional distribution of

the observed data given the states, under the current parameters 6:

Q(9,7 9) = Emt|zt1:M,pt,9[logp(Ztl:M7 Pt xt"gl)]

:/mm&%mmmm#%mmmmt

Tt

(3.4)

2. The M-step, which finds the new parameters ¢’ that maximise the () function: ¢’ =
arg max, Q(0',0). It can be proved that by the parameters ¢’ that maximise the )
function will always increase the likelihood of data [135].

Figure 3.5(a) shows the idea of the EM scheme. Note that the EM scheme only con-
verges to a local optimum, and there is no guarantee that the global optimum can be
reached. Figure 3.5(b) illustrates this situation, where from a starting point on the sur-
face of data likelihood (p(z}*™, p;, ;|0") in this case), the EM scheme only converges to a
local optimum after a number of iterations. Since this surface can be very complex in prac-
tice, we typically assume the converged parameters are the ML estimate Ovi. The static
learning approach then evaluates the distribution of the estimated state z; with the learned

model parameters )y as in static inference.
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3.3.3.2 Dynamic learning

Similar to dynamic inference, dynamic learning also assumes the hidden state varies over
time. But instead of relying on the model parameters known in advance, it firstly takes
all measurements and prior state distributions into account and learns the parameters ¢
accordingly, as shown in Figure 3.4(e). Note that in the dynamic case, the model parameters
0 that need to be learned include two parts, one that controls the state transitions, and
one that governs the likelihood of observing sensor measurements given states. Dynamic
learning also uses the EM scheme, but the derivation of the expected likelihood function ()
is different from the static case. We make identical assumptions as in dynamic inference,
and the likelihood function Q(#’, #) becomes:

Q. 0) = EzliT\z};%pLT,e[lng(Z%f% prr; T1r|0)]

. , 3.5
= / p<x1:T’Z%;é\’/la pl:T‘e) Ing(Z%§W7 P1:T, xl:Tlel) dJ:lzT
T1.T

Note that here we integrate over all possible state sequences x1.p. The maximisation step
is the same as in the static case. In both static and dynamic learning, the priors p; are
incorporated in each learning iteration when the () function is evaluated, and thus bias both

the estimated parameters and states.

3.4 The Accuracy Estimation Layer

The state estimation layer discussed above approximates the latent states with all observed
sensor observations and the prior knowledge on state distributions. The estimated states and
the processed sensor measurements are then forwarded to this accuracy estimation layer,
where the accuracy of the sensor measurements is evaluated with the metric specified by the
sensing application. As defined in Chapter 1, given a measurement z;" and the estimated
state 7, the estimated accuracy of z]" is given by f.(2}"; Z;), which is assumed to be a scalar
value. The choice of f. plays an important role in accuracy estimation, and in this thesis we
propose two accuracy metrics, a proximity-based and a similarity-based accuracy metric,
which can be applied in sensing applications with different types of accuracy requirements.
We introduce the two accuracy metrics in Sections 3.4.1 and 3.4.2, and compare them in
Section 3.4.3.

41



‘Measurement z'

: )
Measurement 2 i || Measurement z',
3 Estimated state X

™~

Estimated state X;

, I ‘ , I
___-Measurement z*, Measurement z% Measurement z%,

Nl '

0 50 100 150 200 AQl 0 50 100 150 200 AQI
Good Moderate Unhealthy Very unhealthy Good Moderate Unhealthy Very unhealthy

(@) (b) (©)

Figure 3.6: (a) An indoor positioning scenario where three position measurements are
reported. Under the proximity-based accuracy metric fP the measurement 2} is the most
accurate, while 2} is more accurate than z}. (b) An air pollution monitoring scenario where
the air pollution level is determined by the AQI measurements. Under the proximity-based
accuracy metric fP measurement z;! is more accurate, while under the similarity-based
accuracy metric f* measurement 27 is more accurate. (¢) Under both proximity-based and
similarity-based accuracy metrics, measurement 2! is more accurate than z2.

3.4.1 The proximity-based accuracy metric

The proximity-based accuracy metric defines the accuracy of a measurement based on its
distance from the estimated state. For instance, one can simply use the Euclidean distance
between the mean of reported sensor measurement and the mean of estimated state as the
measure of accuracy. This thesis considers a more general metric, where the accuracy of a
sensor measurement depends on its expected Euclidean distance from the estimated state.
For a measurement z;", its estimated proximity-based accuracy is defined as: fP(z}"; ;) =
E[C(]|z™ — 2¢]])], given the estimated state Z; and a cost function C(-). The cost function

C(+) can take various forms, such as the quadratic cost function ||z]" — i;||%, and in this

thesis, we consider the simplest form ||z;* — ||, where the estimated accuracy of z]" is

given by:
FE(E ) = ElllA" — 2]

— [ ple )l - a dap diy 5o
2 gy
From the definition, this accuracy metric f”(z]"; ;) tends to favour the sensor measure-
ments whose probability mass is geometrically close to the ground truth, and is normally
used in sensing scenarios that prefer such proximity. Figure 3.6(a) shows an example in
the context of positioning systems, where given the estimated state &, the proximity-based
accuracy of sensor measurements z; is higher than that of 2? since it has smaller variance

(note that the means of z;} and z? have the same distance to the mean of the estimated state
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#;). On the other hand, although the measurements 22 and z} have the same variance, 27 is

more accurate than 2} since the probability mass of z? is closer to Z;.

3.4.2 The similarity-based accuracy metric

The similarity-based metric defines accuracy as the divergence between the sensor mea-
surements and the estimated states. There are many statistical divergence metrics that can
be used in this context, and in this thesis we consider the widely adopted Kullback-Leibler
(KL) divergence, which is a special case of the f-divergences. For a probabilistic measure-
ment z;", its estimated similarity-based accuracy is defined as the KL divergence between

the distributions of the measurement and the estimated state:
fE(="2) = Dxr(p(2) || p(2"))

pi, (w) (3.7
= 1 s, (u)d
[ o P

where p;,(u) is the probability density (probability mass in discrete cases) of distribution
p(2¢) at w € €, and p.m (u) is the density of p(z") at u. f? indicates how well the mea-
surement distribution p(z;*) can be used to approximate the estimated state distribution
p(z;). This accuracy metric is particularly useful when the sensing application would like
to discourage measurements with unreasonably high confidences. Figure 3.6(b) shows an
example in an air pollution monitoring scenario, where the air pollution level is determined
by the air quality index (AQI) measurements. Under the similarity-based accuracy metric,
the measurement z; which is over-confident is less accurate than the measurement 2?2, since
most of the probability mass of z; lies in the category of “moderate” while the estimated

state is in the “unhealthy” category.

3.4.3 Discussion on accuracy metrics

Of course many other functions can be used as accuracy metrics, and there is no universal
accuracy metric that is suitable for all sensing scenarios. In practice, different sensing
applications are likely to prefer different accuracy metrics, even if they are monitoring the
same physical signal. For example, consider the air pollution monitoring scenario shown
in Figure 3.6(b), where the sensor systems are monitoring the air pollution levels. If a
sensing application would like to rank the measurements based on how close they are from
the state, e.g. when calibrating the sensors, the proximity-based accuracy metric should
be used: in Figure 3.6(b), z} is more accurate than z? under the proximity-based accuracy

metric.
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On the other hand, if a sensing application would like to classify the pollution level
based on the reported measurements, the proximity-based accuracy metric may lead to
wrong conclusions. In Figure 3.6(b), the proximity-based accuracy metric would prefer
measurement z; since it is geometrically closer to the estimated state. However, it is un-
desirable for this application because as mentioned previously, z; puts the majority of its
belief in the “moderate” (AQI 50-100) category, whereas the estimated state is actually
“unhealthy” (AQI 100-150). This may cause serious false positives in practice, and the
similarity-based accuracy metric can avoid this by favoring the measurement z? that re-
ports a relatively “flat” distribution without concentrating its belief wrongly.

To generalize, the proximity-based accuracy metric cares more about the distances be-
tween the measurements and the estimated states, weighted by their probability distribu-
tions. Intuitively it would always reward a measurement whose mean value is closer to
the estimated state and with a smaller variance, e.g. measurement z; in Figure 3.6(a). On
the other hand, the similarity-based accuracy metric is more sensitive to the differences in
the distributions, and is more suitable for applications that need to make certain decisions
based on the distributions of the measured variables. It would prefer the measurements
whose probability distributions (the way of distributing their probability mass) are more
similar with those of the estimated states, i.e. share more mutual information. However,
the two metrics are not necessarily always opposite. Figure 3.6(c) shows a similar scenario
as in Figure 3.6(b), but in this case the measurement z; is considered to be more accurate

under both proximity-based and similarity-based accuracy metrics.

3.5 The Accuracy Indexing Layer

The above accuracy estimation layer evaluates the accuracy of the individual sensor mea-
surements, and this accuracy indexing layer further aggregates the estimated accuracy to
reason about the accuracy of sensor systems, given the requirements from the sensing ap-
plication. Intuitively, the accuracy of a sensor system should depend on the accuracy of
all the measurements it generates. In practice, however, it is usually more meaningful to
investigate the accuracy of a sensor system in a given context, e.g. accuracy during a cer-
tain period of time or at a particular location. In this thesis, we assume that the context
information is specified by value assignments of a finite set of attributes. For instance, time
is an important attribute for various types of sensor measurements; a position measurement
from a localisation system is normally associated with a particular user, while a temper-

ature reading is typically referred to a certain location. The proposed accuracy indexing
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Figure 3.7: The accuracy indices over locations built for three sensor systems in the indoor
positioning scenario, under the proximity-based accuracy metrics fP. The lighter blocks
indicate smaller averaged f? values, i.e. the systems are more accurate at those locations.
(a) After the accuracy aggregation step, the accuracy indices of the sensor systems only
contain the averaged accuracy at the parts that have been visited by the user. (b) The
accuracy indices after the accuracy interpolation step.

layer builds the accuracy indices in two steps: a) the accuracy aggregation step, and b) the

accuracy interpolation step.

3.5.1 Accuracy aggregation

The accuracy aggregation step groups the sensor measurements by attributes A provided
by the sensing application, and for each non-empty group it computes the average accuracy
of all measurements in this group.

Let A be an attribute, such as time, user id, or location, etc. In this thesis we assume
that the attributes associated with sensor measurements are discrete and with finite value
domains. Let a € dom, be a value defined in the domain of attribute A. We define
the event that attribute A is assigned to value a as an attribute assignment, denoted as
A = a, where A = null indicates that there is no information known about this attribute.
In practice, a sensor measurement is often associated with multiple attribute assignments,
e.g. a temperature reading is typically annotated with both the timestamp and the location
where it is observed. Therefore for a set of attributes A, the event that A is assigned to a
value tuple @ € dom 4 is defined as the conjunction of the assignments of each attribute
A € A, denoted as A=a.

For a given sensor system sn,,, its accuracy under the attribute assignment A = a is
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the expected accuracy of the measurements that satisfy the assignment A = a. We denote
this accuracy as I"(A=a). Conceptually, this accuracy I""(A=a) describes the expected
behaviour of the sensor system given the specified context, e.g. the expected accuracy of the
temperature measurements at a room, while in practice, I/"(A = a) is typically evaluated
with the set of measurements observed during the time period 1 : 7. For sensor system
sn.,, we refer to the subset of measurements whose attribute A is assigned to value a as the
measurements grouped by the assignment A = a, denoted as 2;_,. For example, it could
be all the temperature measurements observed for a particular location, or during a certain
period of time. Then given the measurements observed until time 7', the accuracy of the
system sn,,, under A=a is approximated as:

[M(A=a) = g(J(z" 1)), 2" € 20, (3.8)

€

where ¢ is the mean function that averages the accuracy of the sensor measurement and
in this thesis we use the arithmetic mean. Then for all values a € dom 4, the collection of
accuracy values under all possible assignments forms the accuracy index, which in this case
is an array of length |dom 4|. Each element in the accuracy index is I™(A=a). In the case
where multiple attributes are considered, the accuracy index becomes a multidimensional
array, or equivalently a cube, where each element is the accuracy of the sensor system sn,,
under assignment A =a.

As a special case, if the value domain of the monitored states x; is discrete and finite, it
can be used as a special attribute to index the system accuracy as well. This is particularly
useful when we want to profile the accuracy of a sensor system according to the ground
truth of its measurements. For example, consider an indoor positioning system that reports
the discrete locations of a user, i.e. the rooms or corridor segments that she is in. The
performance of this positioning system can vary significantly over space, and it is crucial
for the users to understand its positioning accuracy when they are moving across the indoor
environment. In this scenario, the goal is to assess the accuracy of this positioning system
in different locations, i.e. to profile the accuracy of the positioning system according to the
real trajectory of the user.

However, unlike the other attributes, the ground truth of the measurements can not be
determined exactly when the measurements are made. Therefore, in practice it is not pos-
sible to build the accuracy index by averaging the accuracy of measurements that shares
the same ground truth. This thesis proposes a novel method that solves the joint problem
of accuracy estimation and indexing with learning techniques, which is presented in Chap-

ter 5. Figure 3.7(a) shows an example, where the sensing application would like to build
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the accuracy indices of three positioning systems over the state space, i.e. the set of all pos-
sible discrete locations. Each block in Figure 3.7(a) represents the average accuracy of the
observed measurements grouped by the particular location, where lighter blocks indicate

higher accuracy.

3.5.2 Accuracy interpolation

However in some cases, the average accuracy computed by the aggregation step may not
be sufficient to build the complete accuracy indices. For instance in the example shown in
Figure 3.7(a), since the accuracy estimation process only runs for a limited period of time,
the computed accuracy information may not be able to cover the entire environment, but
only the parts that have been visited by the user. The accuracy interpolation step addresses
this by filling up the unknown accuracy based on computed accuracy information. This
step can be implemented by various techniques, such as linear/spline interpolation [136],
wavelets [137], or Gaussian processes [53]. Figure 3.7(b) shows the complete accuracy
indices after the interpolation step, where each location is annotated with the estimated

accuracy.

3.6 Implementation Example

In this section, we discuss an illustrative example to show how the proposed accuracy es-
timation framework can be implemented in practice. Let us consider the environmental
monitoring scenario introduced in Section 1.3.2 (this example will also be used to evaluate
the proposed accuracy estimation approaches, and the detailed experimental setup will be
discussed in Chapter 6). We assume that a sensing application is interested in certain envi-
ronmental variables of an indoor environment, and here we only consider the light intensity
for simplicity. The goal of the sensing application is to collect the most accurate light in-
tensity measurements at different locations, e.g. in each room, under the similarity-based
accuracy metric. On the other hand, two sensor systems sn; and sny, whose nodes are
deployed in different parts of the environment (as shown in Figure 3.8), are able to pro-
vide measurements on light intensity. For simplicity we assume that the two systems are
synchronised to a global clock, and the measurements are in the same metric system (e.g.
lux). In this scenario, we assume the sensor measurements are deterministic, 1.e. at a given
timestamp a light intensity measurement reported is a scalar value, e.g. 500 lux. We also

assume that some prior knowledge on the light intensity is available, for instance we may
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Figure 3.8: Node locations of the sensor system sn; and sns. sn; has more nodes on the
left part of the environment, while sny, dominates the right part.

know that the server rooms are typically very dark (say 10 ~ 200 lux), and the seminar
rooms will be very bright (around 1500 lux) when meetings are in progress (according to
the schedules of the rooms).

In this example, the sensing application poses queries on the light intensity to the ac-
curacy estimation framework. It also specifies the similarity-based accuracy metric to use,
and the attribute location (rooms) for accuracy indexing. In response, the proposed frame-
work pulls data from both the two sensor systems sn; and sns, whose accuracy is evaluated

and indexed as follows.

Pre-processing layer: In this particular example, the pre-processing layer is necessary,
because a) the raw measurements from the sensor systems have different space granular-
ities (each sensor system sn; and sns only generates measurements at locations where it
has sensors deployed as shown in Figure 3.8); and b) the reported raw measurements are
deterministic and without any error bounds. Therefore, the goal of pre-processing layer
is to a) resample the measurements into the same space granularity; and b) convert the
deterministic measurements into probabilistic ones, which are annotated with confidence
intervals. In our experiments, we use Gaussian process non-linear regression [53] tech-
niques to pre-process the raw sensor measurements, so that at any given location both the
systems snq and sns are reporting probabilistic measurements on local light intensity (the
implementation details will be discussed in Section 6.1.2).

In practice, the implementation of this layer may vary, depending on different scenarios.
From this example, we can see that the pre-processing layer can be omitted only if the
measurements from all the coexisting systems are time synchronised, have the same space
and time granularity, and conform to the same metric system and probabilistic form. It is
possible for some sensing scenarios to not having this pre-processing layer, but typically

this layer is needed when implementing the accuracy estimation framework.
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State estimation layer: In this example, the state estimation layer takes the processed sen-
sor measurements from systems sn; and sn, and the available prior knowledge as input,
and estimates the actual light intensity at different locations. As discussed in Section 3.3,
this state estimation layer can be implemented in various ways, from simple voting scheme,
to more sophisticated inference-based and learning-based approaches. Suppose that in this
example the state estimation layer is implemented with dynamic inference. In this case,
the actual light intensity of a given location is considered as a stochastic process which
evolves over time, and at each timestamp two probabilistic observations are reported from
systems sn; and sns respectively. Then the estimated states given all sensor measurements
and priors, i.e. the estimated light intensity in this case, can be computed by Equation (3.2)
and Equation (3.3) in Section 3.3.2.2. It is also worth pointing out that for different sens-
ing scenarios, given that the reported sensor measurements are pre-processed properly, the

implementation of this state estimation layer can be quite similar.

Accuracy estimation layer: The accuracy estimation layer takes both the estimated states,
i.e. the estimated light intensity values and the pre-processed measurements as input, and
evaluates the accuracy of the reported sensor measurements. In this example, the sensing
application choose to use the similarity-based accuracy metric, which is defined as the KL
divergence between the distributions of the measurement and the estimated state, as in-
troduced in Section 3.4.2. In this case, the light intensity measurements that share more
mutual information with the estimated states are considered to be more accurate. Therefore
in practice, the implementation of this layer mainly depends on the accuracy metric spec-
ified by the sensing application, which maps the reported measurements to their accuracy

given the states estimated by the previous layer.

Accuracy indexing layer: The output of the previous accuracy estimation layer is the ac-
curacy value of each measurement reported by sensor systems sn; and sns. This accuracy
indexing layer further indexes the computed accuracy values for individual sensor systems,
according to the attributes provided by the sensing application. In this example, the ap-
plication has specified the attribute location to index accuracy. Therefore for each sensor
system (sn; and sn, in this example), this layer aggregates the accuracy of measurements
observed in the same locations, and uses the aggregated accuracy at all locations to build
accuracy indices of the systems. This layer then outputs the built accuracy indices, based
on which the application can select the desired system (sn; or sns) to task.

In practice, the implementation of the accuracy indexing layer depends largely on the
scenarios. For instance, in this example of environmental monitoring, this accuracy in-
dexing layer does not need to include the accuracy interpolation step (discussed in Sec-

tion 3.5.2), since the evaluated measurement accuracy is sufficient to build the complete
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accuracy indices over locations for all systems. However, consider another positioning
scenario where the sensing application would like to estimate the accuracy of coexisting
positioning systems at different locations. In this case the accuracy interpolation step may
be necessary, because typically we do not know the accuracy of the positioning systems at
locations that haven’t been visited by the users. Moreover, in this scenario, the attribute
that used to index accuracy is the ground truth, whose values are unknown when the po-
sition measurements are observed. As discussed in Section 3.5.1, for this special case
the proposed framework can be implemented by combining the state estimation, accuracy
estimation and accuracy indexing layers, and addressing the joint problem of accuracy es-
timation and indexing. In Chapter 5, we will present novel techniques to address this joint

problem in more detail.

3.7 Discussion

In this chapter, we have proposed a general accuracy estimation framework, which can be
applied in various sensing scenarios. The proposed framework accepts queries from the
sensing application, pulls data from the underlying sensor systems and estimates their ac-
curacy based on the received sensor measurements. The proposed framework contains four
layers: pre-processing, state estimation, accuracy estimation and accuracy indexing, where
the accuracy estimation problem is addressed step by step. We have shown that raw sensor
measurements are firstly cleaned in the pre-processing layer to have the same granularity
and probabilistic form, and the states are estimated with measurements from all systems
and available priors in the state estimation layer. The accuracy of the sensor measurements
is then evaluated with respect to the estimated states in the accuracy estimation layer, and
further aggregated to build the accuracy indices according to the requirements of the sens-
ing application in the accuracy indexing layer.

We have shown that the layers in the proposed framework can be implemented in dif-
ferent ways. Particularly, for the state estimation layer we have created a taxonomy of state
estimation approaches, ranging from the simple voting approach, to more sophisticated
inference and learning techniques. We have explained the high level ideas of those state
estimation approaches, and shown that inference and learning can be further divided into
static and dynamic variants, depending on whether the dynamics of the monitored states
are taken into account. We have also shown that the prior knowledge on the monitored

states can be incorporated into both the inference and learning techniques, in both static
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and dynamic cases. For the accuracy estimation layer, we have proposed two distinct ac-
curacy metrics, a proximity-based and a similarity-based accuracy metric, and shown that
they can be used in sensing applications with different types of accuracy requirements.

In practice, of course, the accuracy estimation problem can take various forms in differ-
ent contexts, and the proposed framework provides a general solution to estimate the accu-
racy of multiple coexisting sensor systems. It relies on the fact that the accuracy of sensor
systems depends on the accuracy of the measurements they report, while the accuracy of a
sensor measurement is a function of the monitored state. Therefore the key idea of the pro-
posed framework is to firstly infer the monitored states with all the available information,
and then estimate the accuracy accordingly. In the next chapter, we will present a novel
inference-based accuracy estimation approach which implements the proposed framework,

and show how this approach works in practice in both discrete and continuous cases.
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Chapter 4

Inference-based Approach for Accuracy
Estimation

In this chapter, we present the inference-based approach for accuracy estimation, which
implements the general framework proposed in the previous chapter. We follow the no-
tations defined in Section 1.4 and consider the general scenario where M sensor systems
sny, ..., Snys are monitoring the physical signal x;, e.g. the temperature of a room or the
location of a user. In this context, x; is assumed to be a stochastic process, which evolves
over discrete timestamps ¢ = 1 : 7. At any given timestamp ¢, we assume that after the
pre-processing layer, each sensor system sn,,, 1 < m < M, generates a probabilistic
measurement z;" of the state x;, which is a random variable with probability distribution
p(z"). Both the monitored states and sensor measurements are assumed to be defined on
the sample space (). We also assume that at certain timestamps, some prior information
about the distribution of the states x; may be possessed, which is referred to as prior state
distributions or priors, as defined in Section 1.4.

As discussed in the previous chapter, the accuracy estimation framework contains four
layers, namely a) the pre-processing layer, b) the state estimation layer, c) the accuracy es-
timation layer, and d) the accuracy indexing layer. The proposed inference-based approach
follows this framework, and casts the accuracy estimation problem into that of a state in-
ference problem. Concretely, the raw sensor measurements are firstly cleaned through the
pre-processing layer. In the state estimation layer, the proposed approach models the real
signals and the sensor measurements with probabilistic models, and estimates the states
with the observed measurements, priors and known model parameters (in this chapter we
always assume the model parameters are known a prior, and we will explain how they are
initialised with the observed data in the next chapter). With the estimated states, the accu-
racy of the measurements is evaluated in the accuracy estimation layer, and then aggregated

to build the accuracy indices in the accuracy indexing layer. Therefore in this chapter, we
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focus on the state estimation layer and assume the other layers are implemented by existing
techniques.

Particularly, we consider two different inference techniques: the static inference and
the dynamic inference, depending on whether we exploit the temporal correlations between
the latent states. Static inference does not consider the correlations between states, and
its estimates of the states are only based on the data observed at single timestamps. On
the contrary, dynamic inference treats the latent states as a dynamic process with temporal
correlations, and estimates the hidden state with the full set of observed data, including
measurements made in both the past and future. The technical contributions of this chapter

are as follows:

e We demonstrate how to model the monitored states and observed sensor measure-
ments with probabilistic graphical models. We show how the proposed inference-
based approach can augment the existing models to accommodate the probabilis-
tic measurements reported by multiple sensor systems, and the prior knowledge on
states.

e We propose two different variants of the inference-based approach for the augmented
models, the static inference and dynamic inference. We show that the proposed static
and dynamic inference can work in both the discrete and continuous cases, where the
latent states are estimated with the observed probabilistic sensor measurements and
available priors.

e We also show that the quality of the inferred states can significantly influence the
quality of accuracy estimation. We demonstrate that under the proximity-based ac-
curacy metric, the difference between the estimated accuracy and the real accuracy

can be bounded by the distance between the estimated state and the real state.

The rest of this chapter is organised as follows. Section 4.1 presents the proposed
inference-based approach in the discrete case, where we show the static and dynamic in-
ference, and highlight the novel contributions. Section 4.2 explains the proposed approach
in the continuous case, where we show how to modify the existing Kalman smoother to
accept probabilistic measurements and priors. Section 4.3 discusses how the quality of
state estimation may influence that of accuracy estimation, and Section 4.4 concludes this
chapter. The two motivating examples introduced in Section 1.3, the indoor positioning
scenario and the environmental monitoring scenario, will be intensively used throughout

this chapter.
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4.1 Inference-based Approach for Discrete State Space

We first consider the case where the physical phenomenon monitored by the sensor systems
is discrete, and assume the sample space of the states 2 is a finite discrete set. Without loss
of generality, we assume that the sensor measurements are discrete as well; in practice
continuous measurements can be always discretised according to the discrete state space
). In this section we use the indoor positioning scenario introduced in Section 1.3.1 as the
running example, where multiple indoor positioning systems are providing measurements
on the locations of a user, and the proposed techniques can be applied to more general
cases.

Formally, we assume that the indoor environment can be represented as a finite set L,
with N discrete locations [y, ..., [y, e.g. different rooms or corridor segments. At a given
timestamp ¢, a probabilistic measurement z;" reported by the m-th sensor system can be
represented as a vector of probabilities [2]*(1), ..., z/*(N)], where 2} (j) is the belief of the
system that the user is in location /;, 1 < j < N. We use the same representation for the
estimated state Z; and the priors p;, where the distribution of Z; is represented as [Z;(1),
e Z4(N)], and [p(1), ..., pt(N)] for p;. We also assume that the prior p; exists at each
timestamp: if prior information on the state x; is available at time ¢, the distribution of p;
can carry such knowledge; otherwise p; is uniformly distributed. Finally, we assume that
the initial state can be known exactly, e.g. in this case the initial position of the user can be
obtained from the card swipe at the main entrance. The rest of this section will explain in

detail the proposed static and dynamic inference techniques for the discrete case.

4.1.1 Static inference

Static inference ignores any temporal correlations between the monitored states, and as-
sumes the latent states at different timestamps are independent. Therefore conceptually,
static inference operates on “slices” of the observed data: at a given timestamp ¢, proba-
bilistic measurements from the M coexisting sensor systems and prior knowledge on the
state are combined to estimate the unknown ;. To achieve this, the proposed static infer-
ence approach augments the classic Bayesian models, and develops new inference algo-
rithms accordingly. In the following text, we first assume there is only one sensor system
reporting deterministic measurements, which is trivial and can be addressed by the existing
techniques. Then we show how the proposed approach can take probabilistic measure-
ments into account. Finally, we explain how prior state distributions and measurements
from multiple coexisting sensor systems can be incorporated to help approximate the states

in our approach.
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Figure 4.1: (a) A deterministic sensor measurement z; at time ¢, which is a single location
E3, represented by the black block. The black dot indicates the actual position of the user.
(b) The model with deterministic measurements used in static inference. (c¢) The emission
probabilities used in this model. For instance, bc3(E3) is 0.05, which means given the state
is C3, the system has 0.05 probability of reporting a measurement E3.
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Figure 4.2: The distribution of the estimated state Z; computed by static inference on the
naive model shown in Figure 4.1, where darker blocks indicate more probability mass. The
distribution can also be represented as a vector of probabilities, as shown on the right.

4.1.1.1 Single sensor system with deterministic measurements

Let us first consider the simplest case where a single sensor system monitors the states and
reports deterministic measurements. This case can be addressed by an existing model and

inference algorithm, and in the rest of this subsection we briefly explain how they work.

Probabilistic model: Let x; be the monitored state at timestamp ¢, which represents the
actual location that the user is in, and z; be the measurement reported by the sensor system,
which is a single location in this case. Figure 4.1(a) shows such a deterministic measure-
ment z;, where the user is reported in location E3 at time ¢. Intuitively, 2, is correlated
with the state z;: at each timestamp ¢, the observed location z; should depend on the real
location ;. Such conditional dependency can be captured by the well-known Bayesian
network [29], which is a special type of probabilistic graphical models.

For a set of random variables V', a Bayesian network is a pair B = (G,0). G is a
directed acyclic graph with nodes representing the random variables V', and edges show-

ing the dependencies between the variables. 6 represents the parameters of the Bayesian
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network, where 0(v;) = p(v;|Parents(v;)) is the conditional probability distribution of
variable v; given the set of its parent variables Parents(v;). Therefore, the Bayesian net-

work B describes the joint probability distribution of the random variables in V':

VI V|
p(V) = Hp(vi]Parents(vi)) = H 0(v;) 4.1)

i=1 i=1
In our context, we consider a special form of Bayesian network, as shown in Fig-
ure 4.1(b). The unknown state x; (the actual position of the user at time t) is modelled
as a random variable with probability distribution p(z;), which in this case is a vector of
probabilities [x4(1), ..., x:(/N)]. The sensor measurement z; is also considered as a random
variable, but at time ¢ the sensor observation is the event that z; is assigned to a single
(deterministic) location [, 1 < k < N, as shown in Figure 4.1(a). The conditional depen-
dency between the variables z; and z; is captured by the directed edge from the node z; to
2z, as shown in Figure 4.1(b). Particularly, the conditional probability of observing a loca-
tion [;, given the fact that the actual position of the user is [}, is referred to as the emission
probability. In practice, we often assume the emission probabilities are time-independent;
we denote them as b; (k), 1 < j,k < N, and regard them as known model parameters. Fig-
ure 4.1(c) shows the emission probabilities of this model, which from a probability matrix:
for instance, bc3(E3) is 0.05, which means given the state is in location C3, the system has

0.05 probability of reporting a measurement E3.

Inference algorithm: Given the probabilistic model and the sensor measurements, our task
is to compute the estimated state z;, which approximates the actual state x;. As stated in
Chapter 3, we assume that the distribution of Z, is given by the posterior state distribution,
which is a vector of probabilities [z;(1), ..., Z;(/N)]. Assuming at time ¢ the sensor system
reports that the user is at location [, then we have: 2;(j) = P(x; = l;|2;), which is the
probability that the user is actually in location /; given measurement z;. To avoid confusion,
we use P(-) to represent the probability that an event happens, while p(-) is the probability
distribution of a random variable. According to the Bayes rule, the probability Z;(7) can be
evaluated as:

#(j) = Pz, =1;,2) _ P(z|z = 1) Pz = 1))

P(z) P(z)

4.2)

where P(z, = ;) is the prior belief that the user is at location /;. We typically assume a uni-
form distribution in the absence of other information. Given that z; is [y, P(z|z; = [;) is in
fact the emission probability b;(k), which is the likelihood of reporting the user at location

l;, while she is actually at location /;. The denominator P(z;) is the marginal probability
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of the measurement z; (I, in this case), which can be evaluated via the marginalisation

process, i.e. by summing out the latent variable x; from the joint distribution:

N

P(z) =Y Pz, =1lj,%) =Y Pz, =1)P(z|r, =1)

j=1 j=1

<
Il

4.3)

] =

Pz, = 1;)b; (k)

1

<.
Il

Complexity: Equations (4.2) and (4.3) have already given an inference algorithm for this
model, which enumerates all possible locations in L for z;. In fact, they depict the key
idea of the widely used variable elimination algorithm [29] for Bayesian models. Given
the structure of our model, the complexity of this inference algorithm is O(T'N), where T’
is the total number of timestamps and /N is the size of L, since at each timestamp we only

need to enumerate N possible locations.

Example: Given the measurement 2; (a single location E3) and the model parameters
(emission probabilities) shown in Figures 4.1(a) and (c), Figure 4.2 shows the distribution
of the estimated state z;. In fact, the distribution of z; is computed as in Equation (4.2). For
example, according to Equation (4.2), the probability that 2, is location E3 (i.e. [; is E3 in
this case) is given by the product of the emission probaiblity bg3;(E3) (0.20 in this example)
and the prior probability that the state is in location E3, which is assumed to be uniform.
From the result in Figure 4.2, we can see that the majority of the probability mass of z; is
concentrated around the reported location E3, since in this case the only information we
possess is the reported location E3 and the model parameters b;(k), which are shown in
Figure 4.1(c).

4.1.1.2 Single sensor systems with probabilistic measurements

Now we consider the case that the measurements of a sensor system are probabilistic, a
case not captured by the existing techniques discussed in the previous subsection.

This is common in practice, since sensor systems usually pair the estimated values of
the monitored states with a certain measure of uncertainty, such as confidence intervals
or error ellipsoids, to indicate the belief about the reported measurements. For example
in the indoor positioning scenario, a positioning system typically provides the estimated
positions together with the areas in which the user is likely to lie in. As stated at the
beginning of this chapter, the probabilistic measurement 2, at timestamp ¢ is a random
variable with distribution p(z;) over the locations L. Unlike the deterministic case where

the sensor system only reports a single location [, 1 < k < N at time ¢, in this case the
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Figure 4.3: (a) A probabilistic sensor measurement 2; at time ¢, which is a distribution over
locations represented by the grey blocks (darker blocks indicate more probability mass).
The black dot indicates the actual position of the user. z; can also be represented as a
vector of probabilities (on the right), each of which is the belief of the system that the
user is in that particular location. (b) The model with probabilistic measurements used in
static inference. (c¢) The emission probabilities of this model have a different meaning. For
instance, now bc3;(E3) means the expected probability that a measurement z; has location
E3 given the state is C3, which is 0.05.
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Figure 4.4: The estimated state computed by static inference on the model with probabilis-
tic observations (shown in Figure 4.3).

sensor observation is the whole distribution p(z;), as shown in Figure 4.3(a). This cannot
be described by the simple Bayesian models discussed in the previous section, and now we

show how we address this with a new model.

Probabilistic model: In the discrete case, the probability distribution of a random variable
can be represented as a vector of probabilities. Therefore, to accommodate probabilistic
sensor measurements, we augment the simple model to accept vector observations: at time
t, a measurement z; is a probability vector [2;(1), ..., z;(/N)], where z;(k) indicates the be-
lief of the sensor system that the user is in location /. In other words, rather than observing
a single location [, at a time, the augmented model observes NV locations, (1, ..., {7, associ-
ated with the probabilities (or weights) z;(1), ..., z;(/N). Figure 4.3(a) shows such a vector
observation, where each entry is a pair (Loc, p), e.g. (D3,0.15) indicates that the system
believes the user has 0.15 probability of being in location D3 at time ¢. Figure 4.3(b) illus-

trates the augmented model, where the state z; and x;,, emit probabilistic measurements
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zy and z;, 1 respectively.

Inference algorithm: For this augmented model, now we introduce a new inference algo-
rithm which is able to consume this type of observations. In this case, the distribution of

the estimated state 7, i.e. the posterior state distribution, is given by:

P(th = lj,Zt) _ P(zt\:ct = lJ)P(LUt = l])
P(z) P(z)

() = (4.4)
Unlike Equation (4.2), note that here P(z;|z; = [;) is the probability of observing the prob-
abilistic measurement z;, i.e. the vector, given the fact that the user is actually in location
l;. P(z) is the marginal probability that the probabilistic measurement z; is observed.

To compute P(z;|x, = l;), consider the extreme case where at time ¢ the measurement
z¢ 1S missing, or unobserved. In that case, since the variable z; becomes hidden, it is equiv-
alent to regarding z; as a uniformly distributed variable. Then given the fact that x; is [,
the probability P(z;|z; = [;) can be computed by summing over all possible locations I

for the variable z;:

1
Plale =) = 5 D Plee = e = 1) (4.5)
k=1
where < is the normalising constant to make P(z;|z; = [;) a valid probability measure. It
can also be viewed as the weight of each location /. Since z; is missing, the weights are
the same (i.e. %) for all the locations /. We extend this to a more general case where the

observed probabilities [z;(1), ..., z;(N)] are used as the weights:

P(zlzy =1;) =Y z(k)P(z = Iz, = 1)) (4.6)
k=1

Here the term P(z; = [;|x; = [;) is the expected probability of having location [;; in
measurement z; given the user is actually at location [;. We also refer to this probability
as the emission probability b;(k), and assume it to be a known model parameter. However,
note that the emission probability in this augmented model has a different meaning from
that in the deterministic case discussed previously. In the deterministic case where the
observation is a single location, the emission probability b;(k) determines the likelihood
of making an observation 1}, given the state [;, as shown in Figure 4.1(c); however in this
case, b;(k) indicates the expected probability allocated to [;; in a probabilistic measurement
given the state /;. For instance, Figure 4.3(c) shows the emission probabilities used in our
context. Here the emission probability bcs3(E3) represents the expected probability that

location E3 is reported in a measurement given the state is C3.
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As shown in Equation (4.6), the likelihood of making an observation is determined
by both the emission probabilities and the probabilistic measurement observed. Feeding

Equation (4.6) into Equation (4.4), we have:

Pler = 1) 52 (k)b (k) 47

where P(z; = [;) is again the prior belief. The marginal probability P(z;) can be computed

by enumerating all possible locations for the state x; as shown in the deterministic case:

! N (4.8)
= 3 [Plac= 1) 32 (b (h)

Complexity: Therefore, to compute the distribution of the estimated state z;, we need to
enumerate all possible locations twice: one is for the latent state x;, and the other is for
the probabilistic measurement z;. Note that the second enumeration is weighed by the
probability distribution of z;, which carries the knowledge of the observed probabilistic
measurement. This means the complexity of our algorithm is O(T'N?) due to the presence
of probabilistic measurements. However in practice, the probabilistic measurements can
be sparse (only a few locations have non-zero probabilities), and with some optimisations

our algorithm is not prohibitively expensive.

Example: Consider the probabilistic measurement z; shown in Figure 4.3(a), which is
a probability distribution over 30 discrete locations. The model parameters, i.e. emis-
sion probabilities are shown in Figure 4.3(c). For instance, the value 0.05 represents the
probability of having the location E3 in the probabilistic measurement given that the ac-
tual location is C3. Figure 4.4 shows the posterior state distribution of z, after observing
the probabilistic measurement z;. The probability Z;(j) is computed according to Equa-
tion (4.7). For example, to compute the posterior probability that the state in location E3,
we need to compute the summation of products: z;(Al)bg3(Al)+ ... +2;(F5)bgs3(F5) for
all locations (A1 to F5), while the prior distribution P(z; = E3) and marginal probability

P(z;) can be viewed as normalising factors.

4.1.1.3 Multiple sensor systems with prior state distributions

The previous subsection shows how our approach can incorporate probabilistic observa-

tions by augmenting the existing model and inference algorithm. Now we consider an even
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Figure 4.5: At time ¢, the probabilistic sensor measurements z;}, z2 and z} reported by

three sensor systems. Each of them is a distribution over locations (vector of probabilities),
visualised by the grey blocks where darker blocks indicate more probability mass. Note that
ztl is the measurement considered in the previous subsection, and the black dot indicates
the actual position of the user.

more complex case, where multiple sensor systems report probabilistic measurements, and
prior knowledge on state is available. In this case, we assume at time ¢, M sensor systems
SNy, ..., Sy report probabilistic measurements ztl, e zf” , and a prior state distribution p;
is available, e.g. from the calendar information of the user. Figure 4.5 shows an example
where three probabilistic measurements are reported by the positioning systems, each of

which is a vector of probabilities.

Probabilistic model: In the presence of multiple sensor measurements, the model pro-
posed in the previous subsection needs to be further augmented. Intuitively, all the mea-
surements should depend on the state, e.g. the location measurements in Figure 4.5 are
noisy observations of the actual user position (the black dot). Here we make an important
assumption, that given the state x;, the sensor measurements z;"* are conditionally indepen-
dent. For instance, given the user is actually in location /; at time ¢, the observed location
measurements ztl, .y z,f” are independent of each other. This assumption is valid when
there is no external noise and interference to the sensor systems, or in the cases where it
can be ignored. Incorporation of the prior p; is straightforward: from the Bayesian point
of view, p; is the prior information on the state x; before any measurement is observed.
Figure 4.6(a) shows the augmented model used in this case, where at a timestamp there are
multiple probabilistic measurements, and the priors are represented as the parent nodes of

the states.

Inference algorithm: Given multiple probabilistic sensor measurements and prior on state,

our inference approach uses the assumption of conditional independence discussed above,
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Figure 4.6: (a) The model used in the static case where probabilistic measurements from
multiple sensor systems and prior state distributions are incorporated. (b) The estimated
state ; computed by static inference on this model. Comparing with that in the previous
case (shown in Figure 4.4), since here we have multiple measurements at a timestamp that
can validate each other, more probability mass of 27 is concentrated in locations that are
close to the ground truth.

and estimates the posterior state distribution as follows:

M
Pl =ty pratny D=l IL PG =00 g )

P(Ztl:Mvpt) B P Ztleapt)

It(j) =

where the term ]]\_4[ P(z"|xy = lj, p) computes the likelihood of observing the M prob-
abilistic sensor :Illzellsurements, since they are independent conditioned on the state. Note
that P(z]"|z; = l;, pt) is actually P(z]"|z; = [;), since the measurements are assumed to
be independent of the prior given the state. Using the marginalisation approach introduced

in Equation (4.6), Z;(j) can be computed as:

P(xt = ljapt)

=E

N
1]{;’% (k) (Zt lk"xt l]) (410)

P(Ztlea pt)

xt(]) =

where z]"(k) is the k-th probability from the probabilistic sensor measurement z]". Recall
that P(z]" = ly|x, = [;) is the expected probability of having location /;, in measurement
z{" reported by system sn,, given that the user is at location /;. As in the previous case, we
also refer to it as the emission probability, and denote it as b}’ (k). Note that here the emis-
sion probabilities b;”(k) are defined for each system sn,, independently, and are assumed
to be model parameters known a priori. P(x; = [;, p;) represents the prior belief on state

carried by the prior p;, i.e. P(z; = lj, pr) = pe(j), where p,(j) is the j-th probability in
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the distribution of p;. Plugging these in Equation (4.10), the distribution of estimated state

becomes:

y metict 0 (4.11)

where the normalising factor P(z}*™ p;) can be computed in a similar way as in Equa-
tion (4.8), but with multiple probabilistic sensor measurements and priors, as shown in
Equation (4.11).

Complexity: From Equation (4.11) we can see that the complexity of this algorithm is now
O(TM N?), since we have to marginalise the probabilistic observations from M systems.
Note that in practice M is typically much smaller than NV (say 3~5 coexisting systems),

and therefore this factor will not increase the cost of our algorithm significantly.

Example: Consider the probabilistic measurements 2/, z? and 2z} received from three sen-
sor systems, as shown in Figure 4.5. We assume the emission probabilities are the same
as in Section 4.1.1.2, as shown in Figure 4.3(c). For simplicity we use uniform prior
in this example. Figure 4.6(b) shows the state estimated with the multiple probabilistic
sensor measurements. Comparing with that in the previous case where only one proba-
bilistic measurement z; is considered (shown in Figure 4.4, here to compute the poste-
rior state distribution (j), we need to compute the summation of products for each of
the three sensor systems, and multiply the results together as shown in Equation (4.11).
For instance to evaluate z,(E3), we compute the following three summations of prod-
ucts: 2 (A1)bis(A1)+ ... +2}(F5)bis(F5), 22(A1)bE;(A1)+ ... +22(F5)b;(F5), and
22 (A1) (A1) + ... +23(F5)b3;(F5) for all three systems, and then multiply them together.
We also need to multiply the prior state distribution (if it is not uniform) to take the prior
information on the state into account. As shown in Figure 4.4(b), the probability mass of
the estimated state here is concentrated to locations that are closer to the ground truth (D3
and D4), since now we have multiple measurements that are fused to estimate the true user

location.

4.1.2 Dynamic inference

We now present the dynamic inference-based approach in the discrete case. Unlike the
static inference, dynamic inference models the states x1, ..., 7 as a random process. As
stated in Section 3.3.2.2, we assume that the temporal correlations between the states are
Markovian, i.e. p(xi|z1.4—1) = p(z¢|xi—1). The Markovian assumption indicates that the

current state x; depends only on the immediately previous state z;_;, and is independent
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Figure 4.7: (a) The transition probabilities a;;. (b) For a given location C3, the transition
probabilities acs3; indicates the probabilities of moving from C3 to another locations.

of the states further before. In the positioning scenario, it requires that the current position
of the user only depends on her previous position, which is reasonable. For simplicity, we
also assume that the distribution p(x;|z;_1) is independent of time ¢, i.e. the Markovian
process 1, ..., T is stationary. For given locations [; and [;, 1 < ¢, 7 < N, the probability
P(xy = lj|lx—y = ;) is referred to as the transition probability, denoted as a;;, which
indicates the probability of transiting from one location /; to another /;. In the proposed
approach, the transition probabilities a;; are regarded as model parameters, and assumed to
be known a priori. Figure 4.7(a) shows an example of the transition probabilities, which is a
probability matrix. The probability 0.2 indicates the likelihood of transiting from location
C3 to D3 at time ¢ and ¢ + 1. Figure 4.7(b) shows the transition probabilities ac3; for
location C3, where we can see that in this case, given the current state is C3, the user is can
only transit to the nearby locations.

We also assume that the proposed approach works in an off-line manner, which per-
forms inference only when data at all timestamps 1 : 7" have been received. We follow the
structure as in static inference, and firstly explain the simple case with deterministic sensor
measurements, which can be addressed by an existing technique. Then we show how the
proposed approach can incorporate probabilistic measurements in this dynamic setting, and
finally demonstrate how multiple sequences of probabilistic measurements and priors can

be taken into account.

4.1.2.1 Single sensor system with deterministic measurements

We first consider the simplest case where only one sensor system reports a sequence of de-
terministic measurements z1.p. This can be addressed by the existing model and inference
algorithm, and we explain the key ideas here to set up the scene before introducing our

approaches.
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Figure 4.8: (a) The deterministic sensor measurements 2, (a single location E3) and 2, (a
single location C2) observed at time ¢ and ¢+ 1. The black dots indicate the actual positions
of the user. (b) The model used in this case, which emits deterministic measurements and
the states are correlated (the directed edge between x; and x;,1) (c) The estimated states
Z; and ;11 computed by the existing forward-backward algorithm [2]. Comparing ; with
that in static case (shown in Figure 4.2), the location D3 (closer to the ground truth) is
assigned with more probability mass, while location E3 (far away from the ground truth) is
less, indicating that the state estimate computed by dynamic inference is better even with
deterministic observations.

Probabilistic model: In this case, at a given time ¢ the measurement z; reported by the
positioning system is a single location [;. Figure 4.8(a) shows an example where at time
t and t + 1, the user is moving from one discrete location D3 to another D2, while the
measurements observed are locations E3 and C2. In this dynamic case, the states at time ¢
and ¢ + 1 are correlated, as shown in Figure 4.8(b). In fact, this model is the classic hidden

Markov model (HMM), which is a special case of state space models.

Inference algorithm: As discussed in the background chapter, the inference task in HMMs
can be addressed by the widely-used forward-backward algorithm [2]. In our particular

case, the distribution of the estimated state z; is given by:

P(xy =1, z1.7) _ P(xy =1, z14) P(ze11|2e = 1)
P(ZliT) P(leT)

based on the Markovian assumption and the fact that measurements at different timestamps

T(j) = (4.12)

are independent given the states. In the forward-backward algorithm, both terms P(x; =
lj, z14) and P(z¢41.7|ze = [j) are computed iteratively. They are denoted as the forward

and backward variables, which are defined as follows (assuming that the measurements z;,
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2111 observed at time ¢ and ¢ 4 1 are locations [ and [ respectively):

i (j) = P(x, = lj, z1:4) = [Zat_l(i)ai‘j] b;(k) (4.13a)
Bi(j) = P(arprr|ee = 1) = Z [ajibj(k,)ﬁt-kl(i)} (4.13b)

i=1
where a;; is the transition probability of the user moving from location /; to /;, and b; (k) is
the emission probability indicating the likelihood of reporting location [/;, when the user is
at location /;, as shown in Figure 4.1(c). Concretely, the forward variable o (j) represents
the joint probability of observing all the previous measurements and landing at location
l;, while the backward variable f3;(j) is the probability of having all future measurements
given the fact that the current state is at location /;. Then substituting Equation (4.13) into

Equation (4.12), the estimated state distribution Z;(j) can be computed as:
n g Oy (j )51: (j )

2(j) = ~
;O‘t<j)5t(j) (4.14)

Note that the normalising factor P(z;.7) in Equation (4.12) is computed by summing over

all possible locations /; the product of the forward and backward variables.

Complexity: From the definition of the variables, we can see that the complexity of this
algorithm is O(T'N?): at each time ¢ there are N o, (j) and (3;(j), each of which needs to

sum over N locations.

Example: Figure 4.8(a) shows an example of two deterministic measurements observed at
timestamps ¢ and ¢ + 1. The state transition probabilities are shown in Figure 4.7, while
we assume the emission probabilities are the same as the static case (Section 4.1.1.1). Fig-
ure 4.8(c) shows the estimated states at time ¢ and ¢ + 1 computed by the above dynamic
inference algorithm. If we compare the estimated distribution of , with that in the static
case (shown in Figure 4.2, we can see that the location D3 which is closer to the ground
truth is assigned more probability mass, while the further location E3 has less. This shows
that dynamic inference can provide better state estimations even with deterministic mea-
surements, since it takes the sequence of measurements into account, where previous and

future measurements can “correct”’ the current estimation of the state.

4.1.2.2 Single sensor system with probabilistic measurements

Now we consider the case where the measurements from a sensor system are probabilis-

tic. In this case, it is not possible to model the probabilistic sensor measurements with
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Figure 4.9: (a) The probabilistic sensor measurements 2; and z;,, observed at time ¢ and
t + 1. The black dots indicate the actual positions of the user. (b) The augmented model
with probabilistic measurements and state transitions (the directed edge between x; and
Z¢+1) used in dynamic inference. (c) The states estimated by the proposed dynamic infer-
ence algorithm. Comparing with that in the deterministic case (shown Figure 4.8(c)), the
estimated states allocate more probability mass to the locations that are close the ground
truth, because the probabilistic measurements considered in this case can carry more infor-
mation about the user locations. The estimated state at time ¢ is also better than that in the
static case with probabilistic measurements (shown in Figure 4.4) since here we consider
the sequence of measurements rather than just one.

the existing hidden Markov models, and the inference task cannot be addressed by the
classic forward-backward algorithm either. In the following, we show how the proposed
approach incorporates the probabilistic measurements into the model, and estimates states
accordingly.

Probabilistic model: In this case, at time ¢ the sensor observation z; is a vector [z(1), ...,
z¢(NV)], where for each location I, 1 < k < N, the probability z;(k) is the belief of the
system that the user is in location [;. Figure 4.9(a) shows an example of two probabilis-
tic sensor measurements observed at time ¢ and ¢ + 1, where each of them is a vector of
probabilities. We augment the standard hidden Markov model discussed in the previous
subsection: instead of observing a single location [, at a timestamp our model emits a vec-

tor observation, which is a distribution over all the locations L, as shown in Figure 4.9(b).

Inference algorithm: Now we explain the dynamic inference algorithm proposed for this
augmented model. It follows the similar forward-backward framework, but is able to in-

corporate the sequence of probabilistic measurements. As in the deterministic case, the
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distribution of the estimated state Z; can be represented as:
A P(It = lj,let)P(zt—l—l:T‘xt = ly) - at(])ﬁt(j)
l't(j) - - N
21 e (4)Be(4)
§=

P(z1.1) (4.15)

However, here the meanings of P(x; = [, z14) and P(zy1.7|z: = ;) are different, since
21, and z;, 1.7 represent sequences of probabilistic measurements. Factors a,(j) and £;(7)
here are the augmented forward and backward variables, which take the probabilistic mea-
surements into account. The augmented o (j) represents the probability of observing all

the probabilistic measurements until time ¢ and landing at location /;, which is defined as:

i (j) = Pz = lj, 21.) = [Zatl %] (z|ze = 1) (4.16)

where «;_4(i) is the previous augmented forward variable. The term P(z|xz, = [;) is the
probability of observing the probabilistic measurement z; given that the state is in /;. Recall
that in the static case with probabilistic measurements (Section 4.1.1.2), P(z;|z; = [;) can
be computed by summing over all possible locations [, for the probabilistic measurement
2. For notation simplicity, we denote this probability with the variable r;(j), which is
defined as:

11(j) = P(z|ze = 1)

a(k)P(z = lle = 1) = Y zu(k)b; (k)
1 k=1

(4.17)

[
WE

b
Il

where b; (k) is the known emission probabilities, as defined in the static case (Section 4.1.1.2).
With the above 7(j), the augmented forward and backward variables can be represented

as:

= [iat_l(i)aij} r(j) (4.18a)

N

=2 [%Tm )Bria(i )] (4.18b)

=1
Substituting Equation (4.18) into Equation (4.15), the distribution of the estimated state can
be computed.

Complexity: If we take a closer look into Equation (4.18) in above and Equation (4.13) in
the previous subsection, we can find that the augmented forward and backward variables

here have a similar form to those in the deterministic case: the major difference is how the
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likelihood of a sensor observation is evaluated. In the deterministic case, this likelihood
can be fully determined by the emission probabilities b;(k), but in the probabilistic case
considered by our approach, the likelihood of observing a measurement is the weighted
sum of the emission probabilities b;(k), where the weights come from the measurements
(see the definition of r;(j) in Equation (4.17)). Note that in our case it is not possible
to model the likelihood of observing a probabilistic sensor measurement with any finite
distribution. Therefore, due to the presence of probabilistic measurements, the complexity
of our algorithm is O(T'N?): the backward variable f3;(j) needs an extra summation over
all possible N locations when evaluating 71 (7).

Example: Figure 4.9(a) shows an example of two probabilistic measurements observed
at timestamp ¢ and ¢ + 1. We assume that the transition probabilities are the same as the
previous deterministic case, while the emission probabilities are identical to the static case
discussed in Section 4.1.1.2. Figure 4.9(c) shows the estimated states at time ¢ and ¢ + 1,
computed by our dynamic inference algorithm. Comparing with those in the deterministic
case (shown in Figure 4.8(c)), we can see that the states estimated by our algorithm have
more probability mass assigned to locations closer to the ground truth, and thus are bet-
ter. This is because the probabilistic measurements can carry more information than the
deterministic ones, which are merely single locations. Similarly, the estimated state Z; is
also better than that in the static case (shown in Figure 4.4), because the full sequence of

probabilistic measurements are taken into account rather than just one.

4.1.2.3 Multiple sensor systems with prior state distribution

The previous subsection has explained how the proposed approach can incorporate proba-
bilistic measurements in the dynamic case, and now we consider the final case, that multiple
sensor systems report sequences of probabilistic measurements, and prior information on

states is available.

Probabilistic model: We assume that M/ sensor systems are providing probabilistic mea-
surements for the time period ¢t = 1 : T, where 27}, is the measurement sequence reported
by the m-th sensor system, 1 < m < M. Figure 4.10 shows the probabilistic measurements
reported by three coexisting positioning systems at two timestamps ¢ and ¢ + 1 respectively,
where measurements z; and z;,; are the same as in the previous subsection. We also as-
sume that the measurements from multiple sensor systems are conditionally independent
given the state, and the priors p; exists at every timestamp ¢: if there is any prior knowledge
on the state, the distribution of p; will carry such information, otherwise p; is uniformly
distributed.
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Figure 4.10: The probabilistic sensor measurements reported by three systems snq (a), sns
(b) and sn3 (c) at time ¢ and ¢ + 1. Note that 2} and z} ,, are the same as in the previous
subsection, and the black dots indicate the actual positions of the user.

We further augment the model proposed in the previous subsection, to incorporate mul-
tiple probabilistic measurements and the priors, as shown in Figure 4.11(a). Comparing
with the previous model (Figure 4.9 (b)), this model now emits multiple probabilistic ob-
servations at a timestamp, and the distribution of state z;,; depends on both the previous
state x; and the current prior p;, 1. Also, unlike the model used in the static case (see
Figure 4.6(a) in Section 4.1.1.3), this model considers the temporal correlations between
states. Now we show how to further augment the inference algorithm to take those extra
elements into consideration.

Inference algorithm: The inference process on this model also follows the forward and
backward framework, where the distribution of the estimated state 2, is given by:
P(xy = lj, pra, 200 VP (2N, prrrlee = 1) ow(5)Be())

T4(j) = 1M X
P(zi7") ;Ozt(j)ﬁt(j)

(4.19)

where we further augment the forward and backward variables to take the multiple se-

quences of probabilistic measurements and the prior into account:

N
(i) = [ D2 et ()P = by, play = 6)| PG = 1. ) (4.20a)
i=1
Bi(j) = Z [P(Itﬂ = L, prya1|my = lj)P(ZtljrAﬂ%H = li, pr41) Br+1(2) (4.20b)
i=1
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Figure 4.11: (a) The dynamic model with multiple probabilistic measurements and prior
state distributions used in this case. (b) The estimated states 2; and Z;,; computed by
dynamic inference on this model, which are better than those in the previous case with
only one sequence of measurements (shown in Figure 4.9 (c)) since more information is
considered. The estimated state Z,¢ is also superior to that in the static case (shown in
Figure 4.6(b)), because the previous and future measurements can influence the estimation
of current state through the model dynamics.

Here P(z;M|z, = 1, p;) is actually P(z}/™|x, = [;), which is the probability of observing
the M probabilistic measurements given the state is at location /;, since the measurements
are assumed to be independent of the prior. This probability can be computed by extending

the variable () in the previous subsection (see Equation (4.17)):

ri(f) = P(z Ml = 1) = [ D 2"k (k) (4.21)

where 2;"(k) is the k-th probability from the probabilistic measurement z;"* reported by
system sn,,, and 07" (k) is from the emission probabilities of system sn,,, 1 < m < M.
In the presence of prior p;, the term P(x, = [, ps|z—1 = [;) in Equation (4.20) is the
probability of transiting from location /; to [; with the knowledge of p;. Since the prior
pq¢ is independent of the previous state x;_1, this probability can be evaluated as: P(x; =

l;, pileis = 1) = aijpt(j). Taking all elements into account, we now have the final
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forward and backward variables for this model:

:[Zatl asipu(j)|re(s) (4.222)

N
Z [%Ptﬂ )rega (i )ﬂtﬂ(i)] (4.22b)

=1

Complexity: In this case, the forward variable «;(j) represents the probability of observing
all the probabilistic measurements from the M systems and priors until time ¢, and landing
at state /;. The backward variable /3;(7) is the probability of having all the M sequences of
future probabilistic measurements and priors from time ¢ + 1, given that the current state is
l;. Therefore the complexity of this algorithm is O(T'M N?), since we have M sequences

of probabilistic measurements.

Example: Figure 4.10 shows an example of probabilistic measurements reported by three
sensor systems at timestamps ¢ and ¢ + 1. We use identical transition probabilities as in
the previous subsection, and the emission probabilities of the three systems are the same
as in the static case (Section 4.1.1.3). Figure 4.11(b) shows the estimated states at time ¢
and ¢ + 1 produced by the above dynamic inference algorithm, given the measurement se-
quences from three positioning systems. Comparing with those in the previous case where
only one sequence of probabilistic measurements is available (shown in Figure 4.9(c)), we
can see that the measurements from the additional two systems can improve the state es-
timation significantly, by putting more probability mass to the locations near the ground
truth. Similarly, the estimated state z; is superior to that in the static case (shown in Fig-
ure 4.6(b)), because the previous and future measurements can influence the estimation of

current state through the model dynamics.

4.2 Inference-based Approach for Continuous State Space

Now we consider the case where the state space is continuous. Without loss of generality,
we assume that in this case the sensor measurements are also continuous. Throughout this
section, we use the environmental monitoring scenario discussed in Section 1.3.2 as the
running example, and assume that multiple coexisting sensor systems are monitoring the
light intensity of the environment. We assume that the sensor measurements are proba-
bilistic, and for simplicity, at a given timestamp ¢, the sensor measurement reported by the

m-th sensor system z;" is Gaussian z;"* ~ N (ji,m, ¥.m). In the example of light intensity
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Figure 4.12: (a) The probabilistic sensor measurements 2} and z? on light intensity reported
by two sensor systems sn; and sno at time ¢. Note that here the distribution of the prior p;
here is very “flat”, indicating that we do not possess strong prior knowledge on the state.
(b) The model with probabilistic measurements and prior state distributions used in static
inference. (c) The estimated state ; computed by static inference on this model.

which is one dimensional, the measurement z;" is reduced to 1D Gaussian over R: however
in the following text, we keep the vector notations N/ (ji.m, ¥.m) to represent the general
case over R". As in the discrete case, we assume that at some timestamps ¢, prior state
distributions p; are available, which are also assumed to be Gaussian p; ~ N (1,,, 2,,).
Now we explain the proposed static and dynamic inference techniques for continuous state

space in more detail.

Static inference: In the continuous case, static inference also assumes the latent states at
different timestamps are independent, and only accesses the measurements and prior state
distributions observed at a single timestamp ¢. Figure 4.12(a) shows two light intensity
measurements z; and z? reported by systems sn; and sn, which are probability distri-
butions over R. Note that the existing models such as linear dynamical systems do not
explicitly accept probability distributions as observations, but assume the measurements
are deterministic values corrupted by certain noise. Typically in those models, an observa-
tion 2" at time ¢ is a deterministic value, which is a linear transformation of the state x;
with additive white noise: z;* = H"z, + v;". H[" is a matrix that maps the state space to
the measurement space, and v;* ~ N(0, X,) is the noise controlled by the model. Both
H;™ and v;" are considered as the model parameters.

In our approach, we also assume that the correlations between measurements and states
are linear, but we augment the model by assuming the observation z;" to be probabilis-
tic. This can be achieved by setting the covariance of v;" to the covariance > of the
observed distribution, i.e. in our case v;"* ~ N(0,3.) is no longer a model parameter,
but represents the uncertainty in the probabilistic sensor measurement z;". We also assume

that the measurements 2} reported by the M coexisting sensor systems at a timestamp ¢
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are conditionally independent given the state x;, since no external noise or interference is
considered. The prior knowledge on states is incorporated in the same way as in the dis-
crete case, where at time ¢, the prior p; represents the prior belief on the distribution of the
state x; before any measurement is observed: Figure 4.12(a) shows an example of a prior
pt, whose distribution is very “flat” since here we do not possess strong prior knowledge
on the state. Therefore in this case, a measurement observed at time ¢ only depends on the
state x;, while x; is influenced by the prior p;, as shown in Figure 4.12(b): the dependencies
between the variables are indicated by the directed edges between the nodes.

Based on this augmented model, given the observed measurements 2} and the prior

pt, the distribution of the estimated state 7, is:

M
p(e) = pad 2™, po) o< plae, pi) [ o |2 p1) (4.23)

m=1
Since all the variables are assumed to be Gaussian, the estimated state 7, is naturally Gaus-
sian. Therefore, the inference process can be performed fully on the Gaussian parameters,
and in that sense inference for the continuous case is actually easier than that in the dis-
crete case. In Equation (A.1), under the linear assumption, p(z]"|z;, p;) is in fact a Gaussian
N (H]"j1g,, ¥zn) (note that 2" is independent of p, given x;), and the term p(z, p;) is the
state distribution in the presence of prior p;, which is also Gaussian. In practice, if p; is
available at time ¢, we assume that p(zy, p;) = p(p;), otherwise p(z;) is assumed to uni-
form.

In our case, the estimated state 2; can be computed by modifying the standard Kalman
smoother as follows a) the variable v;" takes the covariance Y. of the observed measure-
ment, and b) the distribution of the prior p; is multiplied by the estimated state before any
measurement is considered. The detailed derivation is included in Appendix A.l. Fig-
ure 4.12(c) shows the distribution of the estimated state computed by this static inference
algorithm. We can see that as in the discrete case, fusing measurements from multiple
systems can improve state estimation: the estimated state is closer to the ground truth than

either of the reported measurements.

Dynamic inference: Unlike static inference, dynamic inference assumes the monitored
states are temporally correlated, and estimates the states with all the observed measure-
ments and priors. For simplicity, we assume the correlations between the states at different
timestamps are linear: x; = Fyx;_1 + wy, where F; is the transition matrix and w; is the
process noise, w; ~ N (0,%,,). Both F; and w, are assumed to be model parameters
known a priori. F}; controls the transition from previous state x;_; to the current state, and

w; determines the uncertainty associated with this state transition.
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Figure 4.13: (a) — (b) The probabilistic sensor measurements on light intensity reported by
two sensor systems sn; and sns at time ¢ and ¢ 4 1. (b) The model with probabilistic mea-
surements and prior state distributions used in dynamic inference, where the correlations
between states are indicated by the directed edges. (d) — (e) The estimated states at time ¢
and ¢t + 1 computed by dynamic inference on this model. Note that the estimated state z;
is better than that in the static case, since previous and future measurements are taken into
account.

As in the static case, we also assume that a measurement z;* observed at timestamp
t linearly depends on the state x;: 2;* = H™x; + v;*. But unlike the existing linear
dynamical systems which consider v;"* as a model parameter, in our model v;" represents
the uncertainty in the observed measurement z;", v;* ~ N(0,¥.m). Figures 4.13(a) and
(b) show the light intensity measurements reported by two sensor systems sn; and snq at
timestamps ¢ and ¢ + 1 respectively, where all the measurements are 1D Gaussian. The
priors p; and p;,, are also available, as shown in Figures 4.13(a) and (b). Figure 4.13(c)
shows the proposed model used in this dynamic case, where the future state z,; depends
on the current state x; (indicated by the directed edge between x; and x;,1), and both states
are influenced by the corresponding priors p; and p; 1.

As in the static case, our dynamic inference algorithm extends the standard Kalman
smoother, and uses the variables v;" to carry the uncertainty in the measurements rather
than using them as fixed model parameters. Also at each timestamp ¢, the distribution of
the prior p; is incorporated before any measurement to bias the estimated state. We leave
the detailed derivation in Appendix A.2. Figure 4.13(d) and (e) show the estimated states

computed by the proposed dynamic inference algorithm at time ¢ and ¢ 4+ 1. Comparing
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the estimated z; with that in the static case (shown in Figure 4.12(c)), we can see that the
2, estimated by dynamic inference is closer to the ground truth, since measurements from

previous and future timestamps are taken into account to improve state estimates.

4.3 Impact of State Estimation on Accuracy Estimation

In this section, we discuss how state estimation may influence the quality of accuracy esti-
mation. By definition, an accuracy metric f, is an error function that maps a probabilistic
measurement z;" to its accuracy, with respect to the estimated state z;. In other words,
fe takes two distributions as input, and produces a scalar value, indicating the distance or
difference between them. Then a natural question arises: if we have an estimated state z;
which is close enough to the ground truth x; (assuming x; is known) under this function
fe, is the approximated accuracy f.(z;; ;) with respect to Z; also close to the real accuracy
fe(zy; ) with respect to z;?

Let us first consider the proximity-based accuracy f?, which is defined as the expected
Euclidean distance between the measurement and the estimated state: fP(z;;&;) = El||z —
Z||] in Section 3.4.1. Given a probabilistic sensor measurement z;, an estimated state i,
and the ground truth z; (x; can be viewed as a random variable with point distribution here),

we consider the following two propositions:

Proposition 1. There exists a positive constant c so that:

|2 (2t 1) — [P(20, 30)| < cfP (24, 24) (4.24)
Proposition 2. For two estimated states &, and T}, if fP(&y, ) < fP(Z}, x1), then:
| fE (265 20) — [P (25 20)| < [fE (25 31) — f2 (20 20)] (4.25)

Proposition 1 indicates that the difference between the accuracy approximated by 1
and x; can be bounded by the distance between Z; and x; under the metric f”. This means
if the estimated state 7 is close enough to the ground truth z,, the estimated accuracy with
respect to this z; will not be too different from the real accuracy. We can prove this by

exploiting the properties of Euclidean distance.

Proof. We only show the discrete case; the proof for the continuous case is similar. Ex-
panding the left hand side of Equation (4.24) and assuming it is positive without loss of

generality, we have:

[Pz d0) = fPzia)] = DY plan ez — ol = YD p(z @)z — &| (4.26)

ezt Tt
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Rearranging the order of summations, we have:
| f2(2584) = f2 (205 0) | = Z Z Z[p(zt, Tty o) || 26— 2el| = p(28, Toy ) || 20— 2e][] (4.27)
Tt Ty 2t

Note that for any fixed z;, ; and x;, the triangle inequality ||z; — || — ||zt — Z¢|| < ||Z¢ — 24|
holds for the Euclidean distance. Substituting this into Equation (4.27) and summing out

the variable z;, we have:

PG @) = fPzsa)| <0 > (e & w0 |8 — ]

T Tt 2t

=3 (@ m) & — 2]

Tt Bt

(4.28)

which is exactly the expansion of the right hand side of Eqn. (4.24) in the case of c = 1. [

Proposition 2 is actually stronger than Proposition 1. It requires that the difference be-
tween the estimated accuracy fP(z;, #;) and real accuracy fP(z;, x;) can be monotonically
determined by the expected Euclidean distance between the estimated state «; and x;. Un-
fortunately, this is not always true, and we can prove this by finding the following simple

counterexample, even for the deterministic measurements:

Proof. Let the sample space (2 be the 2D Euclidean space.
Consider the special case where the measurement z;, the 3t

<
X

ground truth x,, and two different state estimates #; and Z,  ,| , 2
are points on the 2D plane, where they have the following /
coordinates: z, = (5,1), 2, = (1,1), & = (2,1), and [ g

t

2, = (1,3), as shown in Figure 4.14. Then in this case, we

have: fP(d;a0) = 1 < f2(E ) = 2. buts [P (z;2,) —

TPz )| =1 > | fP(252,) — [P (25 2)| = /20 — 4. [0 Figure 4.14: A counterex-
ample to Proposition 2

0 1 2 3 4 5 X

Thus for the proximity-based accuracy metric, it is possible to have an estimated state
Z; which is closer to the ground truth x; than another estimate Z}, but the accuracy estimated
with respect to Z; is worse than that of ;. Unfortunately, for the similarity-based accuracy
metric f° neither of the two properties holds, since KL divergence itself is not a true metric:
e.g. it is not symmetric and does not satisfy the triangle inequality. Therefore, there is no
guarantee that the difference between the accuracy estimated with respect to z; and x,
Le. | f(z 8e) — f2 (20 2)

between the state estimate 2, and ground truth z;.

, can be monotonically determined, or bounded by the distance
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4.4 Discussion

In this chapter, we have proposed a novel inference-based accuracy estimation approach,
which implements the general accuracy estimation framework discussed in the previous
chapter. We have shown that by inferring the latent states, one can reason about the accu-
racy of sensor systems accordingly. Unlike the existing work, we have considered a new
setting, where multiple coexisting sensor systems report probabilistic measurements, and
at certain timestamps we may possess prior knowledge on the states. Existing models and
inference algorithms fail to work in this context, because they only accept deterministic
observations, and do not consider prior knowledge on states other than at the beginning.

We have proposed augmented models for both discrete and continuous cases, to capture
the new elements in our context. The proposed models can accept multiple probabilistic
sensor measurements, take prior knowledge on states at arbitrary timestamps, and have
parameters with new semantics. Based on the proposed models, we have designed novel
inference algorithms, which are able to estimate the latent states with multiple sequences of
probabilistic observations and priors, in both discrete and continuous cases. Concretely, the
proposed inference algorithms process the probabilistic measurements by marginalisation
(in discrete case) or redefining the model parameters (in continuous case), and for multiple
probabilistic measurements at a timestamp, the proposed algorithms incorporate them by
assuming conditional independence between measurements from different systems. In ad-
dition, the proposed inference algorithms can bias the estimated states by taking the priors
into account before any measurements are considered.

We have also demonstrated two different variants of the proposed inference approach,
the static inference and dynamic inference, depending on whether we exploit the temporal
correlations between the states. The proposed static inference algorithms estimate states
with measurements and priors within single timestamps and ignore any correlations be-
tween adjacent states. On the other hand, the dynamic inference algorithms consider the
states as a stochastic process, and estimate the states with the full sequences of observed
measurements and priors. We have discussed the complexity of the proposed algorithms in
all cases, and shown that they are not prohibitively expensive compared to existing ones.

We have shown that for the inference task, a) dynamic algorithms are generally better
than the static counterparts since they consider the data observed at different timestamps;
b) incorporating probabilistic measurements is beneficial since they typically carry more
information than the deterministic ones; and c) measurements from multiple sensor sys-

tems can validate each other, and thus improve state estimation significantly. Chapter 6
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will confirm the above findings with extensive experiments performed on two real sen-
sor datasets. Finally, we have illustrated that the quality of the estimated states can have
substantial impact on the quality of accuracy estimation.

However, the inference-based approach proposed in this chapter estimates the states
with observed sensor measurements and priors under certain model parameters, which are
assumed to be known a priori. In discrete models the parameters are the transition prob-
abilities a;; and emission probabilities b7’(k), while in continous models the parameters
are the transition matrices F}, covariance of the process noise >,,, and the measurement
model H]". As we can see from the derivations of the proposed approach in different cases,
those parameters actually play a vital role when estimating the latent states. Therefore, the
performance of the proposed inference-based approach may be limited by the quality of
model parameters (Chapter 6 will show experimental results that confirm this). In the next
chapter, we will propose a learning-based accuracy estimation approach, which is able to
learn the appropriate model parameters from the observed data, and thus improve accuracy

estimation.
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Chapter 5

Learning-based Approach for Accuracy
Estimation

In this chapter, we present the learning-based approach for accuracy estimation. The
learning-based approach also considers the monitored states, the sensor measurements and
the prior knowledge on states within a probabilistic model. However, unlike the inference-
based approach discussed in the previous chapter, the learning-based approach does not
rely on any model parameters known a priori, but uses learning techniques to address the
accuracy estimation problem. We consider the same setting as discussed in Chapter 4,
where multiple sensor systems snq, ..., Sy, are monitoring the underlying states. The
states x; are random variables defined on sample space €2, and indexed with discrete times-
tamps t = 1 : T'. At a given timestamp ¢, the m-th sensor system reports a probabilistic
measurement z;", which is also a random variable with observed probability distribution
p(2;") defined on €2, e.g. an estimated position with error ellipse, or an estimated tempera-
ture value with confidence interval. We assume that at some timestamps ¢, we may possess
prior knowledge on how the state z, is distributed. For instance, personal calendars may
reveal the likely positions of a user during a certain period, e.g. joining a group meeting or
attending a talk. In this thesis, such information is denoted as a random variable p;, whose
distribution p(p;) can carry such information.

The proposed learning-based accuracy estimation approach has two different variants.
The first variant is designed for the case where the sensing application aims to index the
accuracy of sensor systems over attributes other than the monitored states. In this case,
the learning-based approach follows the four-layer accuracy estimation framework intro-
duced in Chapter 3. However different from the inference-based approach, in the state
estimation layer, the proposed learning-based approach firstly learns the model parameters

that are the most consistent with the observed sensor measurements and priors, and then
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uses the learned parameters to estimate states. The accuracy of the sensor measurements is
evaluated and then aggregated as discussed in Chapter 3.

On the other hand, the second variant of the proposed learning approach is designed for
the case where the sensing application seeks to assess the accuracy of the sensor systems
indexed over the monitored states, which cannot be addressed by the inference-based ap-
proach. In this case, the proposed learning approach jointly solves the problems of accuracy
estimation and indexing, and casts them into that of a parameter estimation problem. The
problem is then solved by the proposed parameter learning algorithms based on the Expec-
tation Maximisation (EM) scheme (we have briefly explained the EM scheme in Chapter 3,
and will provide more details later in this chapter). Concretely, the technical contributions

of this chapter are as follows:

e We propose a novel learning-based approach for accuracy estimation. The proposed
approach is able to implement the general accuracy estimation framework, and by
employing learning techniques, it improves the estimation of accuracy compared to
the inference-based approach. We also show that in the case where accuracy is re-
quired to be indexed over the monitored states, where the inference approach fails to
work, the proposed learning approach can estimate this accuracy by jointly address-

ing the problems of accuracy estimation and indexing.

e We propose new parameter learning algorithms for both variants of the learning-
based approach. The proposed algorithms can incorporate multiple sequences of
probabilistic measurements, and take prior knowledge on arbitrary states into ac-
count. We show two different types of parameter learning algorithms, the static learn-
ing and dynamic learning, depending on whether the temporal correlations between

the states are considered.

e We discuss several important implementation details of the proposed learning-based
approach. We show that the initial model parameters can be estimated empirically
with the observed data by trusting the reported sensor measurements. We also show
how to address the common problem of insufficient training data and model over-

fitting.

This chapter is organised as follows. Section 5.1 provides an overview of the proposed
learning-based accuracy estimation approach, and explains the two variants of the approach
in more detail. We show that for both variants, the core task is to learn the parameters of the
model. Then Section 5.2 discusses the problem of parameter learning for the discrete case,

which includes both the static and dynamic parameter learning algorithms designed for
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Figure 5.1: The workflow of the two variants of the proposed learning-based accuracy
estimation approach, where the highlighted parts show their differences. (a) The variant
in which the accuracy is indexed over attributes A other than the monitored states. This
variant implements the four-layer accuracy estimation framework. (b) The variant in which
the accuracy is indexed over the monitored states. The state estimation layer is skipped,
and accuracy is estimated directly from the learned model parameters.

our context. Section 5.4 explains how to modify the existing learning algorithms, e.g. the
Kalman learner for continuous models, The detailed derivation is included in Appendix B.
Section 5.4 discusses several important implementation issues of the proposed learning-

based approach, and Section 5.5 concludes this chapter.

5.1 Overview of the Learning-based Approach

As stated above, the proposed learning-based accuracy estimation approach has two dif-
ferent variants, designed for the cases where a) the sensing application seeks to index the
accuracy of sensor measurements over attributes other than the monitored states, and b)
the sensing application would like to index the accuracy of sensor measurements over the

monitored states. Subsections 5.1.1 and 5.1.2 will explain the two variants in more detail.

5.1.1 Accuracy indexed over non-state attributes

We first consider the case that the sensing application requires the accuracy of sensor mea-
surements to be indexed over non-state attributes. As discussed in Section 3.5, an attribute

is a property attached to a sensor measurement, such as the timestamp when it is reported,
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the location where it is observed, etc. This thesis assumes that the attributes are discrete
and with finite domains. The event that an attribute A is assigned to a particular value in its
domain a € dom 4 provides information on the context in which the sensor measurement
is made. We have shown in Section 3.5 that such an attribute assignment A = a can be
used to group multiple sensor measurements, and the accuracy of a sensor system under
assignment A = a is evaluated as the average accuracy of the measurements grouped by
A=a.

In this case, the problem of accuracy estimation can be addressed by the inference-
based accuracy estimation approach, as shown in Chapter 4. However, as we discussed at
the end of the previous chapter, the inference-based approach relies heavily on the model
parameters known a prior, and may perform badly when the parameters are poor (we will
show this with experiments on real sensor datasets in Chapter 6). Therefore, the proposed
learning-based approach addresses this limitation by incorporating learning techniques to
find the appropriate model parameters, and thus improving the estimation of accuracy.

Concretely in this case, the proposed learning-based approach implements the four-
layer accuracy estimation framework, where the reported sensor measurements are firstly
cleaned through the pre-processing layer. In the state estimation layer, the proposed learning-
based approach does not rely on the known model parameters, but firstly tries to learn the
parameters that are the most consistent with the reported sensor measurements and ob-
served priors. It then uses the learned parameters to estimate the latent states as in the
inference-based approach. With the estimated states, the accuracy of the measurements is
computed by the accuracy estimation layer, and further aggregated over the given attributes
to build the accuracy indices in the accuracy indexing layer, as discussed in Chapter 3.

Figure 5.1(a) shows the workflow of the proposed learning-based approach for this case.

5.1.2 Accuracy index over monitored states

The second variant of the proposed learning-based approach is designed for the case where
sensing application seeks to index accuracy over the monitored states (for simplicity, this
thesis only allows the accuracy to be indexed over discrete states). This is common in
practice: consider the example of indoor positioning, where multiple positioning systems
track a given user. The accuracy of the positioning systems can vary significantly over
different locations, e.g. a system may be very accurate in the atrium, while another system
can perform well at the corridors. In this case, the sensing application may want to know
how the accuracy of a positioning system varies over space, and with this knowledge it
can make informed decisions as to which system to task when the user moves across the

environment. Therefore the goal here is to build accuracy indices of the positioning systems
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over the actual locations of the user, which are the monitored states. However, this is
not straightforward since the real states (the actual trajectories of the user) are not known
exactly when the measurements are made. The inference-based approach cannot address
this, because although the accuracy of sensor measurements can be evaluated with respect
to the estimated states, it is still impossible to build the accuracy indices over the unknown
ground truth.

One possible approach is to use the estimated states to build the accuracy indices. For
instance, one can always use the means of the estimated states ; as if they were the ground
truth, and aggregate the evaluated accuracy over them. This approach will introduce new
errors, since the means may not accurately represent real state. A better approach is to com-
bine the error-in-variable regression techniques (e.g. the methods surveyed in [138, 139])
with the inference-based approach, in order to incorporate the uncertainty in the estimated
state 2; when indexing accuracy. However, the drawback is that the accuracy metrics (e.g.
the proximity-based accuracy metric proposed in this thesis) can be highly non-linear, and
thus this approach may not have a closed form solution, but needs to use computationally
expensive approximation techniques. The proposed learning-based approach avoids those
limitations, and considers a joint problem of accuracy estimation and indexing, which is
then solved by learning the model parameters. Figure 5.1(b) shows the workflow of the pro-
posed learning-based approach for this case, where the step of state estimation is skipped,
and the accuracy indices are derived from the learned model parameters directly. Now we
explain why the model parameters are key to estimating accuracy.

Let us consider the indoor positioning example, and assume that the sensing application
seeks to index the accuracy of positioning systems over discrete locations. At a time ¢, the
m-th positioning system generates a probabilistic measurement z;": [2"(1), ..., z/*(N)],
where 2] (k) indicates the belief of the system that the user is at location [, 1 < m < M,
1 < k < N. Recall from the previous chapter, that the expected probability a location [, is
reported in measurements given the state is /; is defined as the emission probability b} (k),
and is regarded as a model parameter. Now we explain under the two different accuracy
metrics, the proximity-based and the similarity-based, how the emission probabilities 07" (k)

are related to the accuracy of sensor systems.

Proximity-based accuracy metric: The proximity-based accuracy fP(z}"; ;) of a mea-
surement 2;" is defined as the expected Euclidean distance between the measurement and
estimated state ;. Let us first assume that the state x;, i.e. the actual position of the user at
time ¢ is known: z; = [;, 1 < j < N. Then given 2", its real accuracy f”(z]";x;) can be

computed as follows (note that x; is a known single location /; while 2;" is a distribution of
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Figure 5.2: The real emission probabilities b, (k) for location C3 (computed with the
ground truth) of three sensor systems sn; (a), snq (b) and sns (c). Grey blocks indicate
the value of b (k) for different locations [, where darker blocks indicate more probability
mass. b (k) are also shown in the conditional probability tables on the right.

the NV locations):
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k=1
where ||l —(;|| is the Euclidean distance between the location /;; in the measurement 2} and
location z; = [;, while 2} (k) is the probability assigned to [;, by z;". Given that the ground
truth x; is known in this case, the accuracy of sensor system sn,, at location z; = [; is the
average accuracy of all measurements z;" with ground truth equal to /; (see the definition
in Section 3.5). Let us denote the accuracy of system sn,, at location /; as I'™(j). It is

evaluated as follows:

N

T
Z [Zz E) Tk — L] (5.2)

t=1 k=1
s.t. t:l]

QI»—t

where c is a normalising constant, i.e. the number of timestamps that x; = [;. Changing

the order of the summations, I”(j) can be represented as:

() = i[ iz )|l = 1) (5.3)

k=1 t:l
1; :

[

where for a given k, the inner summation is in fact the average of the k-th probability of
all z*(k) when the ground truth x, is ;. As the time period 7" increases, this probability
can be viewed as the expected probability of reporting location /; in the measurements
given that the real position is at /;, which is exactly the emission probability 07" (k) defined

in our augmented model in Chapter 4. Therefore in the case when the ground truth x; is
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unknown, the accuracy of system sn,, at location /; can be approximated with the emission

probabilities as follows:

I"(5)

N
> b (k) — 1l (5.4)
k=1

Note that given the map of the indoor environment, ||l — [;|| is constant for any j, k,
and thus the accuracy of the system at location [; is fully determined by the emission
probabilities b7'(k). In fact, I™(j) can be viewed as a weighted sum of the distances
between the reported location /;, and the ground truth /;: the more weights assigned to
locations that are close to the ground truth, the more accurate the system is. Figure 5.2
shows the real emission probabilities of three different systems for location C3 (computed
assuming knowledge of the ground truth). As we can see in Figure 5.2(b) when the state
is at location C3, the emission probabilities b2, (k) are distributed quite uniformly, which
means sny has similar probability of reporting different locations when the state is in C3.
On the other hand, as shown in Figure 5.2(a), we can see that system sn; is more likely
to report locations that are close to the ground truth, and according to Equation (5.4), sn,
should be more accurate than sny at location C3. Figure 5.2(c) shows when the ground
truth is C3, system sng has a very large probability (0.7) of reporting this location C3
in its measurements, and thus is the most accurate among the three systems. Therefore,
under the proximity-based accuracy metric, the problem of indexing accuracy over the
monitored states can be solely addressed by learning the emission probabilities b7 (k) of
the coexisting systems. Figures 5.3 (al) and (a2) confirm this: Figure 5.3 (al) shows the
real proximity-based accuracy of a positioning system at different locations (computed
with the ground truth), while Figure 5.3 (a2) shows the accuracy derived from the learned
emission probabilities (computed by the proposed dynamic learning algorithm, which will
be explained shortly). We can see that they are very similar, which means the learned

emission probabilities can be used to approximate the real accuracy.

Similarity-based accuracy metric: Now we show that under similarity-based accuracy
metric f, it is also possible to use the emission probabilities b}(k) to approximate the
accuracy I"(7). The similarity-based accuracy f*(z]"; ;) of a measurement z}" is defined
as the KL divergence between p(z;") and the distribution p(Z;) of the estimated state. Let
us also assume the state x; is known, and in this case 2; = [;, then the accuracy of a

measurement z;" is given by:

fe(=" @) = Dxw(p(x)||p(2"))

okl Pl =1) = = og(:1"0) o
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Figure 5.3: The accuracy of a positioning system indexed over different locations, where a
lighter block means more accurate. (al) The real proximity-based accuracy evaluated with
respect to the ground truth. (a2) The approximated proximity-based accuracy evaluated
using the learned emission probabilities b7 (k). (bl) The real similarity-based accuracy
evaluated with respect to the ground truth. (b2) The approximated similarity-based accu-
racy evaluated using the learned emission probabilities b7 (j).

Note that here P(x; = [;) = 1 since z; is known to be ;. Similarly, in this case the
accuracy of system sn,, at [; is given by the average accuracy of all measurements whose

ground truth z, is [;:

T

Z —log(2"(j)) = —1og[gux,—1, (2{"(4))] (5.6)

t=1
s.t.xt= lj

olr—‘

where c is the number of timestamps when the state x; is [;, and g,,—;, (2]"(j)) is the ge-
ometric mean of the measured probabilities z;"(j) of those measurements whose ground
truth x; is ;. In the case where x; is unknown, we can also approximate the accuracy

I(j) with the emission probabilities as the time period 7" increases:

I"(j) = —log(b7(5)) (5.7)

which only depends on the elements b7"(j) of the emission probabilities. Therefore, under
the similarity-based accuracy metric, the problem of estimating the accuracy of sensor
system sn,,, indexed over monitored states can be also cast into that of learning the emission
probabilities. Figure 5.3(b1) shows the real similarity-based accuracy evaluated with the
ground truth, while Figure 5.3(b2) shows the accuracy approximated by learning b7 (j)
as discussed above. We also observe that Figure 5.3(b2) resembles Figure 5.3(b1), which
indicates the real similarity-based accuracy can be effectively approximated by the learned
emission probabilities.

To sum up, in both cases, where the accuracy of sensor systems is required to be indexed
over the non-state attributes (as discussed in Section 5.1.1), or over the monitored states (as

discussed in Section 5.1.2), the key task of the proposed learning-based accuracy estimation
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approach is to find the appropriate model parameters. In Sections 5.2 and 5.3, we will
explain the proposed parameter learning techniques for the discrete and continuous cases

respectively.

5.2 Parameter Learning for Discrete State Space

We first consider the task of parameter learning in the case where the state space is discrete.
We assume the sample space {2 of both the monitored states and the sensor measurements
is a finite discrete set. Throughout this section we consider the indoor positioning sce-
nario as the running example, and of course the proposed techniques can be used in many
other application scenarios. We use the identical settings as in Section 4.1, where multiple
indoor positioning systems provide measurements on the locations of a user. The indoor
environment is represented by a finite set L of NV locations, e.g. different rooms or corridor
segments.

As discussed in Section 3.3.3, the parameter learning problem of the general latent
variable models can be addressed by the Expectation Maximisation (EM) scheme. Let X
be the set of latent variables, i.e. the states in our case, and O be the set of observed data, i.e.
the sensor measurements and priors. The goal of the EM scheme is to find the maximum
likelihood estimate (MLE) of the model parameters ¢, which maximise the likelihood of
the observed data O. To achieve this, the first step is to formulate the likelihood function
L(0;0,X) = P(O, X|#), so that the ML estimate of the model parameters fyy_ is given by

summing out all latent variables X in the likelihood function L:
Oy = argmaxZL(@;O,X) (5.8)
0 X

Given the derived likelihood function, the EM scheme iteratively performs the follow-
ing two steps to find the maximum likelihood estimate of the parameters (see Figure 3.5 in
Section 3.3.3):

e The E-step, which derives the expected log likelihood function Q(¢’,6) of the ob-
served data. The expectation is taken with respect to the conditional distribution of

the states X given the observed data O, under the current parameters 6:

Q(0,0) = Ex|o4log L(0'; 0, X)] (5.9)

e The M-step, which finds the new parameters #’ that maximise the derived likelihood

function of the observed data.
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Figure 5.4: The model used in static learning. At time ¢, the state x, is influenced by the
prior p;, and emits three probabilistic measurements 2/, z2 and 27, each of which is a prob-
ability distribution over the locations. The model parameters are the emission probabilities
bj (k) b3 (k); and b?(k), of the three sensor systems.

It can be shown that in each iteration, the parameters ¢’ that maximise the () function al-

ways increase the marginal likelihood of data: i.e. maxy Q(6, 0) implies > L(0'; O, X) >
X

> L(0;0, X). Therefore, the above EM scheme will eventually converge to a local opti-

X

mum; however, there is no guarantee that it will converge to the global optimum. In prac-
tice, the converged values are typically used as the learned parameters. In this chapter, we
consider two different parameter learning techniques, the static parameter learning and the
dynamic parameter learning, depending on whether we exploit the temporal correlations
between the states. The next two subsections will explain the proposed static and dynamic

parameter learning techniques in more detail.

5.2.1 Static parameter learning

Static parameter learning ignores any temporal correlations between the monitored states,
and operates on single timestamps (slices) of the data. At a given time ¢, static learning
exploits the probabilistic measurements z!** reported by the M sensor systems and the
prior p;, and learns the model parameters that are the most consistent with the observed data
at time ¢. Figure 5.4 shows the model used in static learning. Unlike the standard Bayesian
networks, at time ¢ the state x; in our model emits multiple probabilistic measurements,
and is also influenced by the prior p; (as indicated by the directed edge between p; and z;).
We now show how to formulate and address the static parameter learning problem based

on the Expectation Maximisation (EM) framework discussed above.
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Observed data: Unlike the existing learning techniques which re-estimate the model pa-
rameters only based on deterministic observations, the observed data O; considered in our
case includes multiple probabilistic measurements 2} and priors p;: O; = {2}'*M p;}. In
the positioning context, a measurement z;" is a vector [2]"(1), ..., z{"(N)], where z]"(k)
is the belief of the system that the user is in location [;. The prior p, represents the prior
knowledge about the monitored state z;, which is also represented by a vector of probabil-
ities [p(1), ..., ps(N)]. The term p,(j) is the prior belief that the user should be in location

[; at time {.

Model parameters: In this case, the model parameters ¢ that need to be learned are the
emission probabilities b}”(k:)t at each timestamp ¢, as shown in Figure 5.4. In our model,
the b7*(k); is the expected probability of having I in the measurements from system sn,,
given that the state is [; at time ¢. Note that the 7" (k); here has a different meaning from
that of the standard Bayesian networks, which typically consider deterministic observations
(as discussed in Section 4.1.1.1). In those models, the emission probabilities represent the
likelihood of making an observation given the state, and therefore the probability of observ-
ing a measurement given the state can be fully determined by the emission probabilities.
However in our case, such probability cannot be solely captured by the emission probabil-
ities, since now the measurement z;" is a vector, and P(z]"|z;) cannot be modeled by any

finite distribution.

Likelihood function: Given the observed data O, and the state x;, the likelihood function

is formulated as:
L(e, Ot, .flft) = P(Ztle, Pt xt]9)

M
(5.10)
= P(phxt) H P(Z?|pt71’t,¢9)

m=1
under the assumption that measurements from different systems are independent condi-
tioned on the state x;. The term P(p;,z;) is in fact the prior belief of state x; before
observing any measurement, which is specified by the prior p;. The term P(z}"|p;, x¢,0)
is the probability of observing measurement z;"* given the state z; under the current pa-
rameters 0 (note that ;" and p; are independent), and can be evaluated with the observed

distribution p(z;") and the current emission probabilities b7 (k);.

E-step: As we explained above, when both the states and the model parameters are un-
known, the EM scheme firstly “pretends” to know the parameters and uses them to evaluate
the states. The estimated states are then used to derive the expected log likelihood function

) (we will show how the new parameters are computed by maximising the ) function
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shortly). Given the likelihood function L(6; Oy, z;), in each learning iteration the E-step

evaluates the () function as follows:
Q(0',0) = Ey, 0, 0llog L('; Oy, x;)]
(5.11)

J/ . v

N
= ZP(Z‘t = l]’Zth,pt,Q) 10g[P<Ztl:M,pt,l't = l]‘el)]

~~

= 20 A
where we sum over all possible locations /; for the latent state ;. Recall that in the previous
chapter, for a given [;, the term P(z; = l;]2}/*", p;, 6) here is the j-th probability in the
distribution of the estimated state z;, which is denoted as 7;(7). Note that Z;(7) is evaluated
with the current model parameters #. On the other hand, the term A is the joint probability
of the measurements, prior and state under the new model parameters &’.

Let us first consider the simple case where the measurements are deterministic (sin-

gle locations), and no prior is available. Then the term A can be evaluated as the product
M
of the emission probabilities: [] b7'(2;");. Note that here b7'(2;") represents the likeli-
m=1
hood of observing the measurement z;" given the state [;. However, in our case where the
measurements are probabilistic and prior p; is available, the term A becomes:

M N
P(™ prae = 1100 = po() T] D (k)b (K, (5.12)

=1 k=1

~

where the emission probabilities b7 (k); have a different meaning than those in the case
of deterministic measurements (as we discussed in static inference): here b7"(k); is the
expected probability that location [, is reported in measurements of sn,,, given the state is
l;.
M-step: The derived Q(#',0) is actually a function of the new emission probabilities
b7 (k);» and the estimated state #; computed with the old parameters b7 (k);. Then the goal
of this M-step is to find the parameters b (k); that maximise the @ function: b7'(k); =
arg maxym (r; Q(¢,60). In other words, the EM scheme estimates the latent states with the
“guessed” model parameters in the above E-step, and in the M-step, it re-calibrates the

model parameters with the estimated states. In this case, taking the stochastic constraint
N

> bl'(k); = 1 into account, the new parameters 6’ = {b7*(k);} that maximise the @
k=1

function are given by:

st (4, k)

=G

(5.13)

where the denominator Z(j) is the posterior probability of being in state /;, estimated

based on measurements from all systems and the prior under current model parameters.
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The nominator s}"(j, k) on the other hand, is the probability that the state is /; and the
system sn,,, reports .

In the simple case where the measurements are deterministic (assuming 2;" is [;, and
M
uniform prior distribution for ), s7*(j, k) is actually b7 (k), ~H1 b7 (2{")t, ™ # m. Here
m=
bi*(k): represents the probability that system sn,, reports [, when the state is [;, and the
product is the marginal probability of having all observations from other systems when state

is [;. However in our case, s}"(j, k) is different since the observations are probabilistic, and

s7*(j, k) is given by:

s, k) = pe(3) 2 (T (k) [T D 2 ()6 (6)e, 12 # m (5.14)

M 171:1 i=1

B

J/

-

C

where p,(j) is the prior. Term B is the probability that system sn,, associates with [ in
the measurement when the state is /;. 2} (k) is the observed probability assigned to [;,, and
bi* (k)¢ here represents the expected probability that I, is in the measurement given the state
is ;. Term C'is the marginal probability of having all observations from other systems when
state is [;. Note that unlike the deterministic case, here we have to enumerate all possible
locations ;.

Intuitively, in each iteration static learning firstly estimates the state with all mea-
surements and prior, and then uses the estimated state and observed measurements to re-
estimate the emission probabilities for each system. The new emission probabilities are
evaluated based on counting: given the states estimated under the current model parame-
ters, we count the expected probability that a system sn,, reports a location [, when the

state is [;, and divide it with the total probability of being in state /;.

Complexity: As explained above, the proposed static learning algorithm is different from
the existing EM-based learning algorithm on standard Bayesian networks, in the sense that
it considers multiple probabilistic observations at a timestamp, and uses prior knowledge
on state to bias the learned model parameters. Therefore, it is more expensive: the com-
plexity of this static learning algorithm is O(IT M N?) (existing algorithms are typically
O(ITN)), where [ is the number of learning iterations, 7" is the number of timestamps, M
is the number of sensor systems, and NV is the number of locations. This is because each
learning iteration needs to evaluate the distribution of 2, which is in fact performing static
inference on the augmented model (as discussed in Section 4.1.1.3), which has O(T' M N?)

complexity.
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Figure 5.5: The initial emission probabilities at location C3 (on top) and the new emission

probabilities learned by static learning (on bottom). The learned emission probabilities

are clearly influenced by the measurements z;, 27 and 2} observed at time ¢ (shown in

Figure 5.4).

Example: Let us consider a simple example of static learning in the context of positioning.
We assume the emission probabilities have been already initialised, where the way we ini-
tialise them will be explained later in Section 5.4. For simplicity here we only show some of
the emission probabilities b (k);, which control the likelihood of having location [, in the
measurements given that the actual state is location C3. Those initial emission probabilities
are shown in the top row of Figure 5.5. We consider three probabilistic measurements as
shown in Figure 5.4. Given the measurements observed, the new emission probabilities are
evaluated by iteratively applying Equation (5.13), and the learned emission probabilities
are shown in Figure 5.4. We can see that in this static case, the learned emission proba-
bilities are clearly influenced by the measurements observed at time ¢: they actually reflect
the uncertainty pattern in measurements (the typical way the measurements distribute their
probability mass) reported by different systems. For instance, if the observed measurement
is very uncertain (e.g. z? in Figure 5.4), the learned emission probabilities will become
more uniformly distributed (see Figure 5.5(b)). Also given the state, we can observed that
the learned emission probabilities tend to favour the locations that are assigned with more
probability mass in the reported measurements (comparing the learned bg,(k):, b2;(k); and
be; (k) in Figure 5.5 with the measurements z}, 27 and 23 in Figure 5.4). This is expected,
since the only information considered by static learning is the data observed at a single

timestamp .
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Figure 5.6: The model used in dynamic learning. At time ¢ and ¢ + 1, the model emits
multiple probabilistic measurements, each of which is a probability distribution over the
locations. The current state is influenced by both the prior and the previous state, where
the correlations are governed by the transition probabilities a;;. The model parameters in
this case are the transition probabilities a;; and the emission probabilities b7 (%), which are
assumed to be time-invariant.

5.2.2 Dynamic parameter learning

We now consider dynamic parameter learning, which assumes the monitored states evolve
over time and takes the full sequences of the measurements into account. We use the same
setting as in dynamic inference, where the states 1, ..., x7 form a stationary Markov pro-
cess, i.e. p(x¢|r1.4-1) = p(x¢|xs_1), where the probability distribution p(x;|x; ;) governs
how the current state transits to the next state. In the positioning context, the probability
P(zy = lj|xy—y = 1;) is typically refereed to as the transition probability a;;, which spec-
ifies the probability that the user moves from location /; to [;. We also assume that the
starting point of the user, i.e. the initial state distribution p(x1), can be known exactly, e.g.
from the card swipe at the main entrance when the user firstly enters the building.

Figure 5.6 shows the model used in dynamic learning. At timestamps ¢ and ¢ + 1, the
model emits multiple probabilistic measurements, each of which is a probability distribu-
tion over the locations. The state z;; is influenced by both the prior p;.; and the previous
state x;, where the correlations are governed by the transition probabilities a;;, as indicated
by the directed edge between x; and x;;. In this case, the model parameters that need to
be learned are the transition probabilities a;; and the emission probabilities b7 (k) for each
sensor system. Both a;; and b7 (k) are assume to be time-invariant (unlike static learning,
here the parameters b7 (k) are the same for all the timestamps). Existing learning algo-
rithms, e.g. the Baum-Welch algorithm for standard hidden Markov models (HMMs), fail

94



Initial bgs(k) Initial bZ,(K) Initial b2,(k)

ABCDEF [w]] o ABCDEF [w]o] o ABCDEF [w]ew] o
1 c3|B2/0.12] 1 c3[B2[0.11] 4 C3|B2[0.05
c3lc2/0.13 c3|c2/0.09 c3lc2lo.10
2 c3p2[0.05| 2 c3|D2/0.10] 2 c3/p2[0.09
3 O c3|B3[0.13] 3 O c3/B3/0.09] 3 u c3|B3/0.12
4 cslclois| cslcsloa2| , c3|c3l0.25
c3|Dp3/0.10 C3|D3/0.09 C3|D3]0.10

(a1 (b1) (c)

Learned bgs(k) Learned bZ,(K) Learned bZ(k)

1 c3|B2/0.08] 4 c3|B2[0.03] 1 c3/B2/0.01
c3|c2/0.12 c3|c2]0.02 c3|c2/0.03
2 c3|p2/0.02] 2 c3|p2l0.01] 2 c3/p2[0.01
3 O 'c3a[B3[0.11] 3 0O C3!B3/0.03| 3 a 'c3/B3[0.10 |
4 cslcslois| , c3/c3005| , c3|c3lo.70
C3|D3/0.19 C3|D3/0.06 c3|p3/0.12

(@) (b2) (c2)

Figure 5.7: The initial emission probabilities of location C3 (on top) and the new emission
probabilities learned by dynamic learning (on bottom). We can see that comparing to the
parameters learned in static learning (shown in Figure 5.5), dynamic learning changes the
emission probabilities significantly.

to work in this context because the emission probabilities 07" (k) of our model have different
meaning than those in standard HMMs (as explained in dynamic inference). Now we show

how the proposed dynamic learning algorithm works.

Observed data: Unlike static learning, here the observed data O includes the whole se-
quences of probabilistic sensor measurements 2137, and priors p1.7. At time ¢, a measure-
ment 2;" from the m-th sensor system is a vector [z]"(1), ..., 2/*(NN)], where z;*(k) is the
belief of the system that the user is in location [}, at time ¢. Similarly, the distribution of the
prior p; is also a vector [p;(1), ..., p;(IN)], where p;(7) is the prior belief we possess that the
user is at location [; before observing any measurements. We denote the observed data as
O = {7, prr}.

Model parameters: In the dynamic case, the model parameters 6 that need to be learned
include both the state transition probabilities a;; and the emission probabilities b (k) for
the coexisting sensor systems. We denote the parameters as 6 = {a;;, b7'(k)}. The state
transition probabilities a;; represent the probabilities of transiting from a location /; to
another /;. Unlike the standard HMMs, in our context the emission probabilities b7 (k) for
system sn,,, represent the expected probability of having location /; in the measurements

of sn,, given the state is /;.

Likelihood function: Given the observed data O and a state sequence x1.7, the likelihood
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Figure 5.8: (a) The initial transition probabilities ac3;, where transitions from location C3
to all the nine nearby locations have equal probabilities. (b) The new transition probabilities
learned by dynamic learning. Now the transitions from location C3 reflect the movement
patterns of the user: when at C3, she is more likely to move along the corridor.

function of the parameter 6 is:

M
L(6; O, 21.1) = P(prr, a1210) | [ P |prr, 217, 6) (5.15)

m=1
where the term P(py.r, z1.7|0) is the probability of the sequences of state x;.7 and prior

p1.7,» Which can be determined by the current transition probabilities and priors p;:

T
P(prr, w1rl0) = pr(21) [ | pe(@r)aa, a0 (5.16)

t=2
where a,, ., are the transition probabilities between state x;_; and x;. p;(z;) is the prior
belief that the state is x;. On the other hand, the term P(z}"|p1.7, 1.1, 0) can be evaluated

with the techniques discussed in dynamic inference (Section 4.1.2.3):

T N
P(ZTT‘pliTa 1T, 8) = H |:pt('rt) Z Z?‘(k“)bz (k>i| (517)
t=1 k=1

where we sum over all possible locations /;, reported by the m-th sensor system with proba-
bility z;"(k). b7 (k) are the emission probabilities of having location /;, in the measurements

of system sn,,, given that the state is z;.

E-step: With the formulated likelihood function L(6; O, x;.7), the E-step in each learning
iteration evaluates the expected log function Q(6', f) with respect to the new parameters 6’

that need to be learned:

Q(ela 9) = E:rlleO,H[lOg L(elv 07 $1:T)]

M
, - (5.18)
= Z P(r1.7|0,0) [10g P(prr, z10)0') + Z log P(217| prers 1.7, 9,)]

z1.1 m=1
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where the terms P(p1.7, x1.7|0") and P (2% |p1.7x1.4,0") can be further expanded as shown
in Equations (5.16) and (5.17), with the new model parameters a;; and b7'(k)’. The term
P(z1.7|0O,0) is the posterior probability of a state sequence x1.7 under the current model
parameters, and can be evaluated with the dynamic inference technique discussed in Sec-
tion 4.1.2.3.

M-step: Given the current model parameters and the observed data, the derived Q(¢’, 6) is
in fact a function of the new parameters a;; and b7 (k)". As in static learning, we optimize
the @ function with respect to each parameter, and the new parameters a;; and 07" (k)" that

maximise the () function are given by:

T
Yo a1 (Dagp(§)re(5)Be(4)
a. = =2 (5.19a)

s k) + 30 | 20 cum(d)aig | 877 (4, k) Be(d)
(k) = e (5.19b)
tzzlsfrt(j)

where Z;(j) is the posterior probability that the state at time ¢ is /;. It is computed by
the proposed dynamic inference algorithm as in Section 4.1.2.3. «; and [3; are the ex-
tended forward and backward variables: «(j) represents the probability of observing all
the probabilistic measurements from the M systems and priors until time ¢, and landing at
state /;, while 3,(j) is the probability of have all the M sequences of future probabilistic
measurements and priors from time ¢ + 1, given that the current state is /;, as defined in
Equation (4.22). r,(j) represents the probability of observing the M probabilistic mea-
surements given the state is /;, which is defined in Equation (4.21). Finally, s;*(j, k) is the
probability that the system sn,, has location /;, in measurement when state is /;, as defined
in the static case (Equation (5.14)). Note that all the above probabilities are evaluated with
the current model parameters 6.

Now we explain the intuition behind the re-estimation formulas in Equation (5.19). The
nominator in Equation (5.19a) is actually the total probability that the state transits from
l; to l; during ¢ = 1 : T', while the denominator is the total probability that the state is /;
until time 7" — 1. Therefore, the new transition probability a,; is the expected number of
transitions between location /; and /;. Similarly, the nominator in Equation (5.19b) is the
total probability that [;, is reported by the system sn,,, until time 7" when state is /;, and the
denominator is the total probability that the state is [;. Thus the new emission probability

is the expected probability with which location [}, is included in the measurements of sn,,
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given the state is in [;. Note that this is consistent with the ideas of the re-estimation
formulas in standard HMMs: the new parameters are essentially re-calibrated by counting
the number of transitions / emissions, divided by the number of times staying in a given

state.

Complexity: As discussed above, at each iteration dynamic learning uses the proposed
dynamic inference algorithm to evaluate the estimated state sequence Z;.7, and thus the
complexity of this algorithm is O(IT M N?3), where [ is the number of iterations, 7" is the
number of timestamps, M is the number of sensor systems, and NV is the number of discrete
locations. Our algorithm is more expensive than the standard Baum-Welch algorithm which
is O(IT N?), since we have M sequences of probabilistic observations rather than a single
sequence of deterministic observations. However, as we motioned in Chapter 4, in practice
we only have a few coexisting systems (M is 3 ~ 5), and the probabilistic measurements
(observed distributions) can be sparse. Therefore, with some optimisations our algorithm

is not prohibitively expensive comparing to the Baum-Welch algorithm.

Example: We consider a similar example as in static learning. The top row of Figure 5.7
shows the initial emission probabilities of location C3 (i.e. the b (k)) for three sensor sys-
tems snq, sne and sn3, which are identical to those in the static case. Figure 5.8(a) shows
the initial state transition probabilities of location C3 (i.e. acs3;), where transitions from
location C3 to the nine nearby locations have equal probabilities. Figure 5.6 shows the
probabilistic sensor measurements reported by the three systems at time ¢ and ¢ + 1 respec-
tively. Given the sequences of measurements, in each learning iteration the new transition
probabilities are computed as in Equation (5.19a), while the new emission probabilities are
evaluated as in Equation (5.19b). Figure 5.8(b) shows the learned state transition proba-
bilities. We can see that dynamic learning reshapes the transition probabilities (note that
the initial transition probabilities are uniform), so that they represent the typical movement
patterns of the user (e.g. the user tends to move along the corridor rather than entering
an office). Similarly, the bottom row of Figure 5.7 shows the learned emission probabili-
ties of the three sensor systems sny, sns and sn3. We can observe that dynamic learning
changes the emission probabilities significantly comparing to static learning (Figure 5.5).
Also, the influence of measurements at one timestamp on the learned emission probabil-
ities is smaller than static inference (see the measurements shown in Figure 5.6). This is
because in the dynamic case we considered the full set of observed data, which provides

more information on the behaviour of the model.
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Figure 5.9: (a) The model with continuous variables used in static learning. At a given
timestamp ¢, the state x; is influenced by the prior p, (here we assume uniform prior for
simplicity), and emits multiple probabilistic sensor measurements (in this case two mea-
surements z; and z?). The model parameters are the measurement model H]™ for sensor
systems at each timestamp. (b) The initial and learned model parameters ,;". Note that
here the state vector includes the real light intensity value ¢, and A¢;, which represents the
changing rate of light intensity (we will explain this in the dynamic case shortly). We can
see that static learning can improve the initial parameters (which are trivial) based on the
measurements observed in time ¢.

5.3 Parameter Learning for Continuous State Space

Now we consider the parameter learning problem for the case where the states and sensor
measurements are continuous. We follow the same setting as in Section 4.2, and use the
environmental monitoring scenario (introduced in Section 1.3.2) as the running example,
where multiple sensor systems report light intensity measurements of an indoor environ-
ment. We assume that the sensor measurements are normally distributed: at a given times-
tamp ¢, the light intensity measurement z;" is Gaussian over R: 2" ~ N (pizm, X.m). We
also assume that at certain timestamps we possess some prior knowledge on the state x;,
e.g. from another trusted sensing service or crowd sourcing application. We denote the
prior knowledge on the state x; as p, which is also Gaussian: p; ~ N (1,,,%,,).

As in the discrete case, here we also consider both the static and dynamic parameter
learning, where the former learns the parameters with data observed at single timestamps,
and the latter uses data observed over an entire sequence to re-estimate the model parame-
ters. Now we explain how to extend the existing Kalman learner to re-calibrate the model

parameters in both static and dynamic cases.

Static parameter learning: Static learning assumes no correlation between the monitored
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states at different timestamps, and operates on slices of the observed data, i.e. the mea-
surements and priors received at single timestamps ¢. Figure 5.9(a) shows the model used
in static learning for the continuous case, where at time ¢, the state x; is influenced by the
prior p; (as indicated by the directed edge from p, to x;), and emits multiple probabilistic
measurement 2], 1 < m < M, each of which is Gaussian N/ (f1zm, X2m) over the sample
space. As in static inference, the correlation between the measurements and the state is
assumed to be linear: 2" = H;"x; + v;", where H;" is the measurement model.

However, unlike the standard linear dynamical systems which only accept deterministic
measurements, in our model the variable v;" carries the uncertainty in the observed mea-
surement z;": vy ~ N(0, X ). In this case, the observed data O, at each timestamp is the
M probabilistic sensor measurements 2} from the coexisting sensor systems and prior
on state py, i.e. Oy = {z}*M p;}. The prior p; is also assumed to be normally distributed,
which represents the prior belief on the real light intensity z; before any measurement is
reported. The model parameters # that need to be learned are the measurement models
H[™ at each timestamp ¢, which describe the measurements reported by sensor system sn,,
given the actual state x;. We initialise the parameters H;" with trivial values (as shown
in Figure 5.9(b1), and the goal is to learn the new H]" that are most consistent with the
observed data O,.

As in static inference for the continuous case (discussed in Section 4.2), here we modify
the standard Kalman learner by: a) using the variable v;" to carry the uncertainty in the
observed measurements, and b) multiplying the prior distribution p(p;) to the estimated
state before any measurement is incorporated. Then the new measurement model H;™ in
each learning iteration is given by (the detailed derivation is included in Appendix B.1):

= Mt (5.20)

M bz, + 2z,

where u%t and Y;, are the mean and covariance of the estimated state Z;, computed by
static inference under the current model parameter /;". Note that the priors p, are taken
into account during the evaluation of the p;, and 2;,, and thus can bias the learned model
parameters. Figures 5.9(b1) and (b2) show an example of the initial and learned model
parameters H;" computed by this static learning algorithm. We can see that static learning
can improve the initial parameters (which are trivial) based on the measurements observed
in time ¢: it detects that measurements from system sn; typically underestimate the real

state z,, while measurements from sn, overestimate x;.

Dynamic parameter learning: Dynamic learning assumes the states are temporally cor-

related, and learns the model parameters with all the observed measurements and priors.
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Figure 5.10: The model with continuous variables used in dynamic learning. At a given
timestamp ¢+ 1, the state x;, 1 is influenced by both the prior p;; and the previous state x,
and emits multiple probabilistic sensor measurements (in this case two measurements z;
and z7,,). The model parameters are the measurement model H™ for each sensor system,
the transition model F' and the covariance of the process noise ..

Figure 5.10 shows the model used in dynamic learning. At a given timestamp ¢ + 1, the
state ;1 is influenced by both the prior p,,; and the previous state x;, and emits multiple
probabilistic sensor measurements. As in dynamic inference, we assume the correlation
between the states at different timestamps are linear. In the example of light intensity mon-
itoring, we assume the state vector contains two elements: the actual light intensity value

¢y, and the current changing rate, i.e. velocity of the light intensity A¢;. Then the state

vector at time ¢ 4+ 1 is given by: (Az:) = Fy 1 <Azz> + wyy1, where Fiiq is the

transition model, and w;, 1s a vector of the process noise. As in the static case, we also
assume that a measurement z;" observed at timestamp ¢ linearly depends on the state x;:
2t = H["z, + v}", where H, is the measurement model, and v;" carries the uncertainty in
the observed measurement z;".

In dynamic case, the observed data O includes the M sequences of the probabilistic
measurements 213/, and the sequence of priors py.7, i.e. O = {21 p.r}. The model
parameters ¢ that need to be learned include three elements: the transition model F}, the
covariance of the process noise vector »,,,, and the measurement model H;". F;, maps
the current state vector to the next, >, governs the inflated uncertainty in the state vector
during state transitions, and H;" controls how the measurements of the m-th sensor system
are correlated with the actual states. Since dynamic learning operates on the full sequences
of observed data, here for simplicity we assume the model parameters F}, >, and H" are

independent of time ¢, and denote them as F', >.,,, and H™.
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Figure 5.11: (a) The initial and learned model parameters F’, 3., and ™. The state vector
includes ¢; and A¢,, which represent the actual light intensity and its changing rate. We
assume the next state x, is a function of the current state x;, while the measurements z;"
only depend on the current state x;. We can see that dynamic learning changes the initial
parameters significantly, and detects that a) system sn; consistently underestimates the real
state; b) system sns typically overestimates the real state; and c) the initial process noise
for both ¢, and the velocity A¢; is underestimated.

As in the static case, we modify the standard Kalman learner, where we use v;" to
represent the uncertainty in the observed measurement, and consider the priors p; at each
timestamp. Then the new parameters F”, ¥/ , and H ™" in each learning iteration as follows

(the detailed derivation is included in Appendix B.1.1):

T—1
Z (:u;i’t+1 :u%; + Zit)
F = t;il (5.21a)
21 (#:&tﬂgt + Ei‘t)
t—
1 T
= D i, + Sa — Fl(pagi, , +3a,)") (5.21b)
t=2
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T
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Here 11z, and X;, are the mean and covariance of the estimated state %, which is computed
by using dynamic inference as discussed in Section 4.2, under the current model parameters
F, >, and H™. The priors p; have been taken into consideration during the evaluation of
1z, and X, , and thus can bias the learned model parameters.

The above parameter re-estimation formulas actually share the same intuition with that
in the discrete case. The new transition model F” can be viewed as the expected number of

transitions from current state x; to the next state x; 1, divided by the total number of times
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of being in the current state z;, while the new measurement model H™ for the m-th sensor
system is in fact the number of times of being at state x; and observing measurement
2", divided by the total number of times of being in state z;. Figures 5.11(a) and (b)
show the initial and learned parameters, computed by this dynamic learning algorithm.
We can see that dynamic learning changes the initial parameters significantly, and is able to
detect that: a) system sn; consistently underestimates the real state; b) system snq typically
overestimates the real state; and c) the initial process noise for both ¢, and the velocity A¢,

1s underestimated.

5.4 Implementation Details

In this section, we discuss several important implementation details of the proposed learning-

based accuracy estimation approach.

Initialisation of the model parameters: As discussed above, the general Expectation
Maximisation (EM) scheme only converges to a local optimum, and there is no guarantee
that the globally optimum can be reached. One important issue is how to initialise the model
parameters so that the EM scheme is likely to produce the global optimal estimates of the
parameters. There are various existing techniques of selecting initial model parameters in
state space models [2]. This thesis considers a simple approach that produces the initial
model parameters using the observed measurements and certain physical constraints. We
explain the techniques in the context of the discrete case (positioning scenario), noting
that they also apply to the continuous case. In our experiments, the indoor environment is
divided into blocks, where each block represents one discrete location. For the initial state
transition probabilities a;;, .., we define them as follows: if the user is currently in location
l;, then she has equal probabilities (we actually add tiny random noise to those probabilities
to avoid tie situations) of transiting to the nine adjacent blocks (including /; itself). Note
that here we implicitly assume that the user is not able to move very fast.

To evaluate the initial emission probabilities bg’”‘(k)init, we consider all measurements
reported by system sn,,,. For a measurement z;", we find the location [ that has the largest
reported probability and consider it as the pseudo ground truth. Then b7 (K )iy is computed
as the average of the probabilities z;"(k) for all measurements from sn,,, whose [is ;. In
other words, for a sensor system sn,,, we assume that the real states are [ and use them to

initialise the parameters b7 (k) empirically.
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It is also worth pointing out that the inference-based approach discussed in Chapter 4
also uses the above procedure to initialise the model parameters. However, different from
the learning-based approach proposed in this chapter, the inference-based approach directly
uses those parameters to infer the latent states, without further re-estimating them with the

observed data.

Insufficient training data: Since the observed data is always finite, another issue of the
learning-based approach is how to deal with the problem of insufficient training data, es-
pecially for the static learning approach. In our experiments we only have few coexisting
systems (three in the discrete case and two in the continuous case), and therefore the learned
parameters from static learning can be biased. In our implementation of static learning, we
address this with the following method. Consider the indoor positioning example, where
the model parameters in static learning are the emission probabilities b7 (k). As discussed
above, the initial values bT(k:)init are evaluated by counting the expected number of times
that location [}, is reported and the pseudo ground truth [ is location /;, divided by the total
number of times when the pseudo ground truth [ is location l;. Therefore at the beginning
of the learning process, we set the parameters b}“(k:)(o) as b7 (k )inir- Then in the i-th learning
iteration, we firstly compute the emission probabilities 07" (k) based on the observed data as
in Equation (5.13), and the new emission probabilities b;”(k)(”l) for the next learning iter-
ation are evaluated as a weighted average of the current emission probabilities b;”(k)(i) and
the computed b7 (k)": b7 (k)Y = b7 (k)Y + c ™ (k)', where ¢ is the innovation factor
(in our experiments, we use constant values based on the size of the observed data set). In
this way, the contribution from the learned model parameters (evaluated with data observed
in single timestamps) is controlled by the factor c. This can prevent abrupt changes of the
model parameters caused by insufficient training data, and provides a smooth improvement

in parameter estimation.

Over-fitting: Finally, a common problem for all learning techniques is over-fitting. The
Expectation Maximisation (EM) scheme used in this thesis is an iterative approach, where
in each learning iteration it finds the parameters that increase the likelihood of the observed
data. However, this can cause problems because a) the parameters that have higher like-
lihood may not necessarily be closer to the real ones, and b) given the limited amount of
observed data, the parameters learned on this dataset may not work on others. We observe
this over-fitting problem in our experiments, and here we explain the problem in the indoor
positioning scenario. Figure 5.12(a) shows the accuracy estimation performance (under the
proximity-based accuracy metric f?) of dynamic learning as we increase the number of
learning iterations. The z axis is the number of iterations, while the y axis is the accuracy

estimation error, which is defined as the squared difference between the estimated accuracy
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Figure 5.12: (a) The performance of accuracy estimation in dynamic learning, as we in-
crease the number of learning iterations (in the positioning scenario). (b) Log likelihood of
the observed data (both training and test) as the number of learning iterations increases.

and the real accuracy evaluated with the knowledge of the ground truth (we will further ex-
plain this metric in the next chapter). As we can see, the error in accuracy estimation first
drops sharply at the beginning, but then starts to increase as more learning iterations are per-
formed. Note that smaller estimation error means better accuracy estimation performance:
the estimated accuracy is closer to the real accuracy. This clearly indicates the over-fitting
problem, and in this thesis, we address this by randomly selecting a subset of the observed
data as a training set that we use for learning, and another subset of data as a test set that
we used to detect when to terminate the learning process. Then we run learning process
on both the training and test sets simultaneously, and terminate the learning process when
the learned parameters decrease the likelihood of the test set. As shown in Figure 5.12(b),
we terminate learning in the third iteration when the log likelihood of the test set starts to

decrease, which can effectively prevent the problem of over-fitting.

5.5 Discussion

In this chapter, we have proposed a novel learning-based accuracy estimation approach,
which employs parameter learning techniques to improve estimating the accuracy of coex-
isting sensor systems. We have proposed two different variants of the learning-based ap-
proach, depending on the accuracy requirements of the application. The first variant works
in general cases, where the sensing application seeks to index the accuracy of the sensor
systems over non-state attributes. In this case, the proposed learning-based approach im-

plements the four-layer accuracy estimation framework proposed in Chapter 3. However,
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unlike the inference-based approach discussed in the previous chapter, in the state estima-
tion layer the proposed learning-based approach firstly re-estimates the model parameters
based on the observed measurements and priors, and then uses the learned parameters to
infer the latent states. On the other hand, the second variant is designed for the cases where
the accuracy of sensor systems needs to be indexed over the monitored states, which cannot
be addressed by the inference-based approach. In this case, the proposed learning-based
approach skips the state estimation layer, merges the accuracy estimation and indexing
layers, and derives the indexed accuracy from the learned model parameters directly.

We have shown that for both variants of the proposed learning-based approach, the
key step is to learn the model parameters that are the most consistent with the observed
data. Existing parameter learning algorithms, such as the Baum-Welch algorithm [135]
for standard hidden Markov models fail to work in our context, since they only consume
one deterministic observation at a timestamp, and do not consider prior knowledge on states
other than at the beginning. We have proposed new parameter learning algorithms based on
the Expectation Maximisation (EM) scheme for both discrete and continuous cases, which
can accept probabilistic measurements from multiple sensor systems and incorporate prior
knowledge on arbitrary states to improve parameter estimation. We have also proposed
two different types of parameter learning algorithms, static learning and dynamic learning,
depending on whether we exploit the temporal correlations between the states in the learn-
ing process. We have shown that static learning can re-estimate the model parameter based
on data observed in single timestamps, while dynamic learning considers the states as a
stochastic process, and learns the parameters with the full set of measurements and priors.

We have shown that static learning can improve the estimation of model parameters,
but the improvement is limited, due to the fact that it only considers the measurements
and prior observed at a single timestamp. On the other hand, dynamic learning changes the
model parameters significantly, since the new parameters are learned with the full sequence
of observed data, which can provide more information on the behaviour of the model.
We have also discussed several important implementation issues of the proposed learning
approach, and provided techniques to address the problems of insufficient training data and
over-fitting.

Compared to the inference-based approach, the learning-based approach has its own
merits. First of all, it does not rely on any prior knowledge of the model parameters: even
the initial parameters are trivial (as we discussed in Section 5.3), the learning-based ap-
proach can recover useful knowledge from the observed data to learn better parameters.

Secondly, when we possess some prior knowledge on the model parameters (e.g. in the
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Figure 5.13: The estimated state at time ¢ computed by different algorithms in the posi-
tioning scenario, where the models and measurements at time ¢ are shown in Figures 5.4
and 5.6.

positioning scenario the initial emission probabilities are estimated from the reported mea-
surements), the learning-based approach can iteratively refine the model parameters, and
thus improve the estimation of states. Figure 5.13 shows an example of the estimated states
computed by different algorithms in the positioning scenario. The static and dynamic mod-
els and measurements at time ¢ are shown in Figures 5.4 and 5.6. We can see that static
inference fuses measurements from multiple sensor systems and can produce reasonable
state estimate at time ¢. Dynamic inference improve the state estimate, and assigns more
probability to the location C3 which is the ground truth. Static learning further refines the
estimate state, and reduces the probability assigned to location D4 which is actually far
away from the ground truth. Dynamic learning produces the best state estimate, where the
ground truth location C3 and the locations nearby (D3 and C4) are assigned with the ma-
jority of the probability mass. Finally, the inference-based approach fails to work when the
sensing application seeks to index the accuracy over monitored states, while the learning-
based approach can address this by deriving accuracy from the learned model parameters
directly.

However, the learning-based approach is inherently more expensive than inference.
This is because learning typically involves multiple runs of inference when evaluating the
expected likelihood function (the () function). In the next chapter, we will perform a sys-

tematic experimental evaluation of both the inference- and learning-based approaches on

107



two real sensor datasets, and compare them extensively in terms of accuracy estimation and

computational cost.
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Chapter 6

Evaluation

This chapter provides a systematic experimental evaluation of the proposed accuracy esti-
mation approaches in the context of two real-world sensing applications. We introduce our
experiment setup in Section 6.1, which includes two different sensing scenarios: an indoor
positioning scenario and an indoor environmental monitoring scenario. We show how we
build the research tesbeds, collect the sensor readings and pre-process them for further ex-
periments. Then in Section 6.2 we explain the competing algorithms and the metrics against
which the algorithms are evaluated. Section 6.3 presents the results of our experiments, and
shows that the proposed approaches outperform the competing ones in both scenarios, and
different approaches have their own merits in different contexts. We conclude this chapter

with further discussions on the experimental evaluation in Section 6.4.

6.1 Experiment Setup

We consider two different experiment scenarios, one is an indoor positioning scenario and
the other is an indoor environmental monitoring scenarios. In both scenarios, data is col-
lected from hardware deployments, where multiple sensor systems run in parallel and mon-
itor certain physical signals. In the following text, we explain the experiment setup of the
two scenarios in more detail, including the sensor deployments, data collection procedures

and pre-processing techniques.

6.1.1 Indoor positioning scenario
6.1.1.1 Testbeds

We have built two indoor positioning testbeds in a multi-storey office building:
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Figure 6.1: (a) The 4th floor (4F) testbed, which has 12 WiFi access points deployed. (b)
The basement testbed (OF), which has 14 WiFi access points deployed.

The 4th floor (4F) testbed: The first testbed is built on the 4th floor of the Department
of Computer Science, University of Oxford. This testbed is a typical office environment,
with a few meeting rooms and kitchens. The dimensions of the 4th floor are approximately
65m x 45m, and it is mainly occupied by research staff and students. We have deployed
a total number of 12 WiFi access points (APs) at different locations of the floor, which
periodically broadcast WiFi beacons. Figure 6.1(a) shows the floor plan of the testbed and
the deployment locations of the WiFi APs (we will explain shortly how the APs are used
by different sensor systems).

The basement (0F) testbed: The second testbed is built in the basement of the Department
of Computer Science, University of Oxford. This testbed is smaller than the 4th floor, and
includes mainly seminar rooms, lecture theaters and other common areas. The size of the
testbed is approximately 30m x 40m. We have deployed a total number of 14 WiFi APs at
different positions of the floor, which also broadcast WiFi beacons at fixed time intervals.
Figure 6.1(a) shows the floor plan of the testbed and the deployment locations of the WiFi
APs.

6.1.1.2 Sensor systems

We have built and tested multiple indoor positioning systems based on two different posi-
tioning modalities: a) the WiFi beacons sent by the deployed access points, which are then
picked up by the mobile devices carried by the users, such as cellphones or tablets; and
b) the inertial information received from the inertial measurement units (IMU), which are
mounted to the feet of the users. Figure 6.2 shows a WiFi access point and a foot-mounted

IMU used in our experiments. As shown in Figure 6.2(a), in our experiments we use an-
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Figure 6.2: (a) A WiFi access point used in our experiments, which is an android phone
(Huawei U8160) attached to the wall. (b) An IMU used in our experiments, which is
mounted to one foot of a user.

droid phones (Huawei U8160) attached to the walls as WiFi access points, whose WiFi
hardware is configured to ad-hoc mode by an application (with root access). The WiFi
channels of the phones are set to 11 to avoid potential signal interference with the existing
WiFi infrastructure in the building (APs for OWL and eduroam networks), which mainly
operate on channels 1 and 6.

The foot-mounted IMU used in our experiments are the off-the-shelf product x-IMU
from a UK-based company x-io [140]. The x-IMU contains a rich set of on-board sensors,
including a 16-bit gyroscope, a 12-bit accelerometer, a 12-bit magnetometer and a ther-
mometer. It runs its own IMU and AHRS algorithms [141] to provide real-time inertial
measurements (i.e. the position and orientation changes of the IMU in 3D space) at vari-
able data rates up to 512 Hz. The x-IMU also comes with an on-board SD card for data
storage, and can stream the measured inertial data via USB or Bluetooth connections. In
our experiments, we attach the x-IMUs to the feet of the users as shown in Figure 6.2(b),
and set the data rate to 128 Hz. The generated data are stored in the SD card and retrieved
later for processing, to extend the battery life.

Based on the positioning modalities discussed above, we have built the following three
classes of indoor positioning systems: the WiFi-only systems that only use WiFi beacons,
the IMU-only systems that only use the inertial measurements, and the WiFi+IMU systems
that combine the two modalities.

WiFi-only systems: The WiFi-only systems estimate the positions of a user solely based
on the WiFi beacons broadcast by the deployed WiFi access points (APs). A WiFi-only
system owns a subset of the APs, and receives WiFi beacons from those APs when the
mobile devices carried by the users are close to them. In our experiment, a received beacon

is a triple (¢, SSID,RSSI), where ¢ is the timestamp when this beacon is received. We
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Figure 6.3: (a) WiFi signal strength triangulation with three access points AP1, AP2, and
AP3 (black squares). The estimated location is indicated by the black dot, which minimises
the residual squared distance (rd;)* + (rds)? + (rds3)?. (b) A trajectory estimated by the
WiFi-only system with all the 12 APs (as shown in Figure 6.1(a)), where the black dots
indicate the ground truth.

assume that all the access points and mobile devices are time synchronised beforehand,
and in our experiments the WiFi beacons are received at a rate of approximately 1~2 Hz.
The SSID indicates the origin of the beacon (i.e. the AP that has emitted the beacon), and
RSSI is an integer ranging from -90 to 0, representing the received signal strength of this
beacon. Typically at a given timestamp ¢, a mobile device of a user can receive multiple
beacons from different access points, and the WiFi-only systems determine the positions
of the user using signal strength triangulation. This is a widely used technique, and in
our experiments we implement the WiFi signal strength triangulation based on our work
in [95]. The WiFi triangulation has two steps: 1) given a received beacon, calculate the
distance between the receiver (i.e. the mobile device carried by the user) and the access
point who has sent this beacon; and 2) with the calculated distances with three or more
access points, estimate the position of the user.

For the first step, the relationship between the received signal strength of a beacon
and the distance with the AP can be described by the propagation model in the indoor
environment, which depends on many factors of the indoor environment, such as the walls,
the structure of the floor, the number of windows, etc. In our experiments, we consider a

simple log-normal indoor propagation model:
d
P(d)[dBm] = P(dy) + 107 log T +WAF + X, (6.1)
0

where P(d) is the received signal strength value (in dBm) in a location that is d meters
away from the access point, and d; is the reference distance (say 1m). -y is the distance
power loss coefficient, W AF is the wall attenuation factor, and X, is a white noise with

variance o. This model explains how the received signal strength value varies over distance.
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Figure 6.4: (a) The basic idea of inertial navigation is to estimate the current position based
on the cumulated changes in position and orientation. (b) Workflow of the pedestrian dead
reckoning (PDR) algorithm implemented in our experiments. (c) The trajectory generated
by an IMU-only system, where the dashed ellipses indicate the uncertainty in the position
measurements.

Therefore, given a received beacon, one can estimate the distance between the user and the
AP that emits this beacon based on the received signal strength. In our experiments, the
parameters of the propagation model, i.e. P(dy), 7, WAF and o are learned through a
training phase before doing the experiments over the entire testbed.

For the second step, the WiFi-only systems estimate the user position with the estimated
distances to at least three access points. Figure 6.3(a) shows an example of WiFi triangu-
lation used in our implementation (with three APs). As shown in Figure 6.3(a), given the
estimated distances to the access points AP1, AP2 and AP3, one can draw three circles
with those distances (Figure 6.3(a) only shows parts of the circles). In our implementation,
the WiFi-only systems find the optimal position that minimises the overall residual squared
distance (rd;)? + (rds)? + (rds)? to all the borders (indicated by the black dot in Fig-
ure 6.3(a)). Figure 6.3(b) shows an estimated trajectory of a WiFi-only system deployed on
the 4th floor testbed. We can see that the trajectory produced by this system is very noisy,
and without any uncertainty information associated with the estimated positions.
IMU-only systems: The IMU-only systems estimate the position of the user only based
on the inertial measurements from the IMUs mounted on the feet of the user. In our exper-
iments, the IMU-only systems implement the pedestrian dead reckoning (PDR) algorithm
in [103] to estimate positions. With a known starting point, conceptually the PDR algo-
rithm estimates the current position of the user by tracking the relative displacement and
angle changes of the user’s feet. The PDR algorithm has two important components: a) the
inertial navigation (IN); and b) the zero-velocity updating (ZV). In the following text we

briefly explain how the PDR algorithm works in our context.
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The inertial navigation (IN) evaluates the feet position of the user by considering the ac-
celeration and angular velocity measurements reported by the accelerometer and gyroscope
respectively. For acceleration measurements, IN subtracts the gravity from the vertical
axis, and integrates the measured acceleration twice to get the velocity and the displace-
ment from the previously known position. Similarly, IN integrates the measured angular
velocity reported to calculate the orientation changes. Figure 6.4(a) shows the basic idea
of inertial navigation (IN). At each timestamp, IN calculates the position changes Ax; and
the orientation changes A¢; from the IMU measurements. Given the known initial position
Zo, the current position and orientation can be evaluated based on the accumulated position
and orientation changes.

However, due to the noise in the measurements, the position estimates produced by IN
can drift several meters in just a few seconds. The second component of the PDR algo-
rithm, the zero-velocity updating (ZV) addresses this by exploiting human gait to clamp
the odometric drift to a reasonable level. The idea of the zero-velocity update is that when
one foot hits the ground during walking, which is often refereed to as the stance phase,
its velocity should be zero. If the estimated velocity is not zero, the drift in velocity is
known. Since the errors in velocity are correlated with the errors in both the orientation
and position, this zero-velocity observation can be used to update the current estimation of
orientation and position as well.

In our experiments, the PDR algorithm is implemented with a complementary extended
Kalman filter (EKF), where the states include the errors in velocity, orientation and po-
sition. Figure 6.4(b) shows how our implementation of the PDR algorithm works. We
initialise the EKF with the velocity vy = 0, a known starting position x( and the initial
orientation ¢y which is computed from the magnetometer readings. In each iteration, the
algorithm estimates the current velocity v, position x and orientation ¢ with the inertial
measurements, as explained above. It also propagates the covariance > of the states (the
errors in velocity, position and orientation dv, dx, d¢) as in normal EKF. Then the algorithm
decides whether there is a zero-velocity update by checking the gyroscope reading: if the
angular velocity of the foot is below a small threshold, the foot is considered to be in stance
phase, and the algorithm needs to perform a zero-velocity update. During the zero-velocity
update, the algorithm updates the states, i.e. the errors dv, dx, d¢, and the covariance -
in the errors, and then uses the updated errors to correct the current estimate in velocity,
position and orientation for the next filtering iteration. On the other hand, if there is no
zero-velocity update, the algorithm just proceeds to the next iteration.

Figure 6.4(c) shows a trajectory generated by an IMU-only system in our experiments.

The ellipses show the estimated covariances of the position estimates. As the user moves
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Figure 6.5: (a) The position update step. The particle filter samples according to the current
position estimate, and weights the particles with respect to the signal strength value of the
received WiFi beacon. (b) The orientation update step. The orientation of the user is
updated based on the last known position.

counterclockwise, we can see that the position estimates are very accurate at the beginning
(respect to the ground truth), but start to drift quite heavily after several turns. Note that the
estimated covariances towards the end of this trajectory (the left part) are very large, which
means that the system is very uncertain about the estimated positions.

WiFi+IMU systems: As discussed above, both of the WiFi-only and IMU-only systems
have their drawbacks: the WiFi-only system typically can not produce accurate trajecto-
ries (as shown in Figure 6.3(b)), while trajectories estimated by the IMU-only systems
drift heavily after a short period of time (as shown in Figure 6.4(c)). Therefore in our
experiments, we designed a new class of positioning systems, which fuse the inertial mea-
surements from the foot-mounted IMUs and the WiFi beacons from the access points to
estimate the position of the user. The idea of our implementation is similar with existing
work in [142], which incorporates WiFi signal strength measurements in pedestrian dead
reckoning (PDR) based SLAM.

The main idea of our implementation is that we use the received signal strength of the
WiFi beacons to correct both the position and orientation estimates produced by the PDR
algorithm. The signal strength of a beacon can be converted to the approximate distance
between the user and the AP who has sent this beacon, with the propagation model as
explained in the WiFi-only systems. This indicates the possible positions of the user, and
can be used to update the estimates in the filtering process of the PDR algorithm. In our
implementation, we do not directly feed this to the EKF in the PDR algorithm because the
state in the EKF is the errors in velocity, position and orientation, while a signal strength

measurement is essentially the distance to a known point (the AP position). Instead, we
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use another particle filter on top of the PDR algorithm, which treats the output of the PDR
algorithm and the received WiFi beacons as measurements, and updates the position and
orientation of the user accordingly.

When the user receives a WiFi beacon with strong enough signal strength (in practice
we find that the propagation model we use is more accurate for larger signal strength val-
ues), the WiFi-IMU system works in two steps: 1) it updates the estimated position with
the particle filter; and 2) it updates the estimated orientation with the last known position
and the current estimated position. In the first step, the particle filter first samples the cur-
rent estimation of the position. Then it weights the generated particles according to their
distances to the known AP position. Those particles whose distances to the AP are more
consistent with the distance estimated from the actual received signal strength have larger
weights. Then the filter re-samples the weighted particles to estimate the current position
and the uncertainty associated with it. Figure 6.5(a) shows an example of this step.

In the second step, we use a simple approach for orientation update. As shown in
Figure 6.5(b), we connect the estimated positions before and after particle filter update
with the last known position (e.g. the position updated by the previous WiFi beacon). We
calculate the angle 6 between the two lines, and offset the current orientation by 6, which
essentially “rotates” the drifted orientation back on track.

The WiFi+IMU systems work well in our settings, and can produce reasonable indoor
positioning services, which are consistently superior than the WiFi-only and IMU-only
systems. Therefore in our experiments, we choose the WiFi+IMU systems as the research
vehicles to evaluate the proposed accuracy estimation approaches. We create different
WiFi+IMU systems, each of which has access to a subset of the WiFi access points in
different locations of the floor. The systems estimate positions of the user by combining the
inertial measurement and the WiFi beacons received from the APs they own, as discussed
above. Figure 6.6 shows three different WiFI-IMU systems ps;, pss and ps3 used in our

experiments, and the example trajectories generated by them.

6.1.1.3 Data collection and pre-processing

Data collection: We run multiple WiFi+IMU systems in parallel on both the 4th floor and
basement testbeds, and track two different users (research students). Two x-IMUs are at-
tached to the feet of the users, and they carry two different mobile devices, a Nexus S and
an Asus TF201 tablet with them all the time. For the 4th floor testbed, we create 4 differ-
ent WiFi+IMU positioning systems psi, pss, ps3 and ps, (example trajectories generated
by psi~ ps3 are shown in Figure 6.6), and track the users for 20 days. For the basement

testbed, we create 3 different WiFi+IMU systems pss, psg and psy, and track the users for

116



m APs of psy B e+« Ground truth

® APs of ps; i : |=— Trajectory of ps;
A APs of psg — Trajectory of psy |
— Trajectory of ps | =

Figure 6.6: Three different WiFi+IMU positioning systems ps;, pss and ps3 deployed on
the 4th floor testbed. Each of the systems owns a subset of the APs at different locations,
and the trajectories of the user are estimated by combining the inertial measurements from
the foot-mounted IMUs and the WiFi beacons received from the APs.
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Figure 6.7: (a) The WiFi access points deployed for 4 different WiFi+IMU positioning
systems psi, psSa, pss and ps4 on the 4th floor testbed. APs shared by different systems are
marked with the rectangles. (a) The WiFi access points deployed for 3 different WiFi+IMU
positioning systems pss, psg and ps; on the basement testbed. APs shared by different
systems are marked with the rectangles.

4 days. The access point locations of different positioning systems are shown in Figure 6.7.
During each day, we ran the experiments for approximately 3~4 hours, due to the lim-
ited battery life of the IMUs. The ground truth is collected by the users: the map of the
floor is displayed on their mobile devices, and they tap the positions the are in to log their
coordinates.

Pre-processing: The collected data is firstly cleaned to retrieve the meaningful trajecto-
ries (the timestamps that the users are actually moving) by thresholding the accelerometer
readings, subsampled at a rate of 0.5 Hz. We assume space is discrete, i.e. it is a finite set
L = {l} with N discretized locations. In our experiment, the size of a discrete location
1s 3m x 3m. For the 4th floor testbed, the total number of locations N = 209 and for the

basement testbed N = 132. The trajectories are then discretized according to the discre-
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Figure 6.8: (a) The 51 nodes used in our experiments, where the black blocks indicate the
sensors whose data is used for test, while the circles indicate the sensors whose data is used
as ground truth. (b) Node locations of the created sensor system sn; and sny. sn; has
more nodes on the left part, while sny, dominates the right part. Sensors that are virtually
“shared” by the two networks are grouped by rectangles.

tised set of locations L. For a given timestamp, the measurement from a positioning system
is a probability vector of length N, where the j-th probability represents the belief of the

system that the user is at location ;.

6.1.2 Indoor environmental monitoring scenario

Data collection: The second experiment scenario considered in this thesis is an indoor
environmental monitoring scenario. The data is collected from the widely used Intel Lab
dataset [27], which contains temperature, humidity and light data received from 54 sensors
(Mica2Dot sensors with weather boards) deployed in the Intel Berkeley Research lab for
more than a month. The sensors reported data once every 31 seconds, and the data was
forwarded by the TinyDB system [143] running on TinyOS. In our experiments, we con-
sider the light intensity measurements, and select the readings of 5 consecutive days. We
divide the 51 sensors (three sensors are omitted since they failed midway) into two groups
randomly, where 26 of them are used to create the virtual sensor systems as explained be-
low, and the rest of them are used as the ground truth to verify the proposed approaches.
Figure 6.8(a) shows the locations of the nodes.

Sensor systems: Based on the collected dataset, we create two virtual sensor systems sn;
and sno, which are coexisting and overlapping in space. sn; has 17 nodes, which are
densely deployed in the left part of the environment. On the other hand, sns has 18 nodes,
where the majority of them are deployed on the right. The locations of the nodes belonging
to each system are shown in Figure 6.8(b).

Pre-processing: The collected data is firstly processed as discussed in the pre-processing

layer of the accuracy estimation framework (Section 3.2). In the original dataset, each
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Figure 6.9: (a)The raw sensor measurements from systems sn; (top) and sns (bottom),
where the systems only report light intensity reading at the locations where they have nodes
deployed. (b) The measurements generated by Gaussian process non-linear regression.
Now measurements from systems sn; (top) and sno have the same space granularity, and
are converted into the probabilistic form.

node reports a light intensity measurement (Lux), which is a deterministic value between
0 to 100,000 every 31 seconds. The data from all sensors is synchronised to UNIX time,
but the starting time of the nodes is different, and some sensors may fail to report data
occasionally. At a given timestamp, in the raw dataset typically only readings from a
subset of sensors are available. Therefore in our experiments we consider a re-sample step,
which has two objectives: a) ensure the sensor measurements have the same time and space
granularity; and b) convert the deterministic measurements to the probabilistic ones. For
time granularity, we consider a linear interpolation approach. We interpolate the reported
raw measurements from each sensor, and then subsample the interpolated data at a fixed
interval of 5 minutes (we find that the light intensity dose not change very much within that
amount of time).

Based on this data, we use the Gaussian process (GP) non-linear regression [53] to fur-
ther interpolate over space. We perform this step for the two sensor systems sny and sno
independently. At a given timestamp, the sensor systems (sn; and sny) only report light in-
tensity readings at the locations where they have nodes deployed, as shown in Figure 6.9(a).
Therefore the task is to use the reported readings as training points, and evaluate the light
intensity values and the uncertainty associated with them over the entire space.

We assume that the light intensity values at different locations are correlated, and can
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be modeled as a Gaussian process GP. GP is defined as a distribution over the functions
f (), which map an input vector x to a real value in R. For a given x, the function value
f(x) can be viewed as a random variable, and any finite subset of those variables follow a
joint Gaussian distribution. In our case, we assume that light intensity is a function of the
location, i.e. « is the 2D coordinates of the location, and f () is the light intensity value
of that location. Then the Gaussian process GP is defined in the 2D space, where at any
given subset of locations the light intensity values are assumed to be normally distributed.

A Gaussian process can be fully determined by its mean function m () and covariance

function k(x, '), which are defined as:

m(x) =E[f(x)]; (6.2a)
k(z, z') =E[(f(z — m(=))(f (2" — m(z'))] (6.2b)

where the mean function describes the expected function values for the given input vector
x, i.e. the expected light intensity at a given location. The covariance function governs
how the function values for two input vectors x and x’ are correlated, i.e. the correlations
between the light intensity values at two different locations. In our experiments, we use
a simple mean function m(x) = ¢, where c is a constant learned from the observed data.
For the covariance function, we consider a summation of two radial basis function (RBF)
kernel:
k(z,x') = ki(z, ') + ko(x, ') + ¢
2 2

= o7 exp(—;—l%) +03 exp(—;—l%) +e ©
where r = (x — ') (xz — '), and in our case r is the squared Euclidean distance between
xand x': r = ||z — x'||?. 02, 0 are the scale factors, [1, [, are the characteristic length-
scale, and c is a constant. In our experiments, the two kernels k; and k, are used to model
correlations between near and far locations, i.e. the parameters /; and [, are set differently.
Given the dimension of the environment (45m x 35m), we set [; = 3 and [, = 9. The other
parameters o3, o2 and c are learned from the training data with the maximum likelihood
approach discussed in [53].

Under the above setting, for each timestamp we run the Gaussian process non-linear
regression for sensor systems sn; and sny, and an example of the results is shown in Fig-
ure 6.9(b). We can see that after this step, the measurements from the two sensor systems
have the same space granularity. Also since the estimated values produced by this process
are in the form of Gaussian, i.e. the estimated light intensity value at a give location is
normally distributed, the deterministic measurements are now converted into probabilistic

ones.
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6.2 Competing Algorithms and Evaluation Metrics

In our experiments, we consider the following competing algorithms for accuracy estima-
tion, note that they will all be evaluated on the pre-processed datasets:

Oracle Algorithm (OA): This algorithm has access to the real state x; (i.e. the ground
truth), and for a given measurement z;", the accuracy it computes is the real accuracy, i.e.
Jeo (21") = fe(2{"; x¢). The computed accuracy of measurements can be indexed over given
attributes or the monitored states, which is known in this case.

Report-based Algorithm (RA): This algorithm trusts the uncertainty reported by the sensor
systems, and uses the mean z;" of the measurement as the estimated state to evaluate the
accuracy, i.e. fe,(2") = fo(2/";2"). The computed accuracy of measurements can be
indexed over given attributes. If the accuracy needs to be indexed over the monitored
states, this algorithm uses the z;" as the ground truth.

Voting-based Algorithm (VA): This algorithm uses the voting-based state estimation ap-
proach discussed in Section 3.3.1, and takes the measurements from all coexisting sensor
systems at a given time into account. For each timestamp ¢, the algorithm evaluates the
distribution of the estimated state Z;, by cumulative voting, and uses it to evaluate the ac-
curacy of a measurement f, (2") = fc(2{"; 2+, ). The estimated accuracy can be indexed
over given attributes, and if the accuracy needs to be indexed over the monitored states, this
algorithm uses the mean of the distribution p(Z;,, ) as the ground truth.

Static Inference-based Algorithm (SIA): This algorithm uses the static inference-based ap-
proach discussed in Chapter 4, and considers all sensor measurements generated at times-
tamp ¢ with known model parameters. Given the sensor measurements 2} and prior p;
observed at ¢, it computes the estimated states Z;,, as the posterior state estimate given the
observed data: p(i,,) = p(x¢|2/™M, py). Tt then uses the estimated states to compute the
accuracy feq, (2") = fe(#"; 21, ). The estimated accuracy can be indexed over given at-
tributes, and if the accuracy needs to be indexed over the monitored states, this algorithms
uses the mean of the distribution p(&,,) as the ground truth.

Static Learning-based Algorithm (SLA): This algorithm uses the static learning-based
approach discussed in Chapter 5. It considers the sensor measurements 2z} and prior
p: at single timestamps ¢, and first learns the model parameters that are most consistent
with the observed data. It then computes the estimated states Z;,, with the learned pa-
rameters in the same way as SIA does, and uses the estimated states to evaluate accuracy
Jear (#47") = fe(2]"; T4s, ). The estimated accuracy of sensor measurements can be indexed
over given attributes, and if the accuracy needs to be indexed over the monitored states, this

algorithms uses the mean of the distribution p(z;,, ) as the ground truth.
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Dynamic Inference-based Algorithm (DIA): This algorithm uses the dynamic inference-
based approach discussed in Chapter 4. It assumes monitored states are temporally corre-
lated, and evaluates the estimated state sequence 1.7,,, with all the observed measurements
212" and priors p1.7 under the known model parameters. The algorithm then computes the
accuracy of a given measurement z;" with the ¢-th element in the estimated state sequence
Trrp; a8 fep, (27") = fo(27; 21y, ). The estimated accuracy of sensor measurements can be
indexed over given attributes, and if the accuracy needs to be indexed over the monitored
states, this algorithms uses the mean of the distribution p(Z;,,,) as the ground truth.
Dynamic Learning-based Algorithm (DLA): This algorithm uses the dynamic learning-
based approach discussed in Chapter 5. Similar to DIA, this algorithm also assumes the
monitored state varies over time. But instead of relying on the model parameters known
in advance, it firstly takes all measurements z%j% and priors py.7 into account and learns
the parameters accordingly. If the accuracy needs to be indexed over the given attributes,
the algorithm computes the state sequence Z.7,,, with the learned parameters in the same
way as in DIA, and evaluates measurement accuracy with respect to the estimated states:
fen, (21") = fe(2]"; &4, )- The evaluated accuracy is then aggregated and indexed over the
given attributes. In the cases where the accuracy needs to be indexed over the monitored
states, the algorithm uses the approaches discussed in Section 5.1.2, and computes the
indexed accuracy directly from the learned model parameters.

We evaluate the above competing algorithms against the following metrics:
Accuracy Estimation Error EE#. This metric describes the quality of the estimated accu-
racy with respect to the real accuracy. For a measurement 2", the accuracy estimation error
EEA4 is defined as the squared difference between the estimated accuracy and the real ac-
curacy (which is evaluated by the oracle algorithm OA): EEA(2") = (f.(2") — feo, (2I))2,
where f.(z]") is the accuracy estimated by any of the above competing algorithms. For
aggregated accuracy I]" which itself is the average over accuracy of multiple sensor mea-
surements, EE4(I™) is also defined as the squared difference between the estimated and
the real accuracy: EEA(I™) = (I"—I7)?, where I is the aggregated accuracy evaluated
by the oracle algorithm OA.
Running time RT'. In all our experiments, the running time R7" of an algorithm is the
wall-clock time that the algorithm requires to finish its execution.
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Figure 6.10: The real, reported and learned accuracy (computed by DLA) for positioning
system ps; (left), pss (middle) and ps3 (right).

6.3 Experiment Results

We have implemented all the algorithms in Section 6.2 in MATLAB 8.0, and all the experi-
ments were performed on a quad-core machine with Linux 2.6.32. In our experiments, we
use the proximity-based accuracy metric f? for the indoor positioning scenario (introduced
in Section 6.1.1), and the similarity for environmental monitoring scenario (introduced in
Section 6.1.2).

6.3.1 Accuracy of sensor systems varies over time and space

The first set of experiments shows that the accuracy of a sensor system can vary over time
and space, while the reported accuracy may not be a good indicator of the real accuracy.
Note that here we temporarily assume that the ground truth of the monitored states is known
in all experiments within this subsection.

Positioning scenario: Figure 6.10 shows that the real accuracy (averaged over the mea-
surements received in all timestamps) of the coexisting positioning systems psi, pss and
pss (the white bars) vary significantly over space. Referring to Figure 6.7, which shows the
locations of the deployed sensors of ps;~pss, we can see that the accuracy of a positioning
system is higher in areas where it has denser sensing infrastructure. In this experiment we
see that ps; has good accuracy (shorter white bars) at the left bottom part of the floor (Fig-
ure 6.10(a)), while ps, performs well on the right side (Figure 6.10(b)), and ps3 dominates
the top area ((Figure 6.10(c))). The experiments also show that the reported accuracy is
not always reliable: the reported accuracy (black bars) consistently over or under estimates
the real accuracy (white bars). The accuracy computed by the proposed dynamic learning
algorithm (DLA) (grey bars) is much closer to the real accuracy (white bars). This shows
that in the absence of ground truth, the real accuracy can be effectively approximated by
applying the proposed techniques.
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Figure 6.11: 3D snapshots showing that the real accuracy varies over space and time. The
surfaces show the light intensity measurements (only the means) across space at different
timestamps. The first two graphs show real and reported light intensity data generated at
daytime by sensor networks sn; (left) and sny, (middle). The right graph shows real and
reported light intensity data generated by sn, at night.
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Figure 6.12: (a) Average accuracy estimation errors of different approaches in the indoor
positioning scenario. (b) Average accuracy estimation errors of different approaches in

the indoor environmental monitoring scenario. (c) Average accuracy estimation errors of
different approaches in the indoor environmental monitoring scenario vary over time.
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Environmental monitoring scenario: For the indoor environmental monitoring scenario,
Figure 6.11 shows that the real accuracy of a sensor system can vary over both location and
time. Figures 6.11(a) and 6.11(b) show snapshots of the light measurements reported at
daytime by systems sn; and sn, respectively. We can see that: a) the differences between
the real light values and reported ones vary across space, and b) the reported accuracy (vari-
ance) is very unreliable and the real light values consistently fall out of the 95% confidence
intervals of the reported ones. Figure 6.11(c) shows a snapshot of real and reported values
(by sny) at night; notice that the differences here between real and reported values are very

small, which suggests that sn; becomes accurate everywhere at night.
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6.3.2 Accuracy estimation performance

In this set of experiments, we compare the performance of the accuracy estimation algo-
rithms in terms of Accuracy Estimation Error (EE4), averaged over all measurements.
Positioning scenario: Figure 6.12(a) shows the accuracy estimation errors of different
algorithms (RA, VA, SIA, SLA, DIA, DLA) in the indoor positioning scenario when we
consider all the probabilistic measurements from coexisting positioning systems psi, pSs
and ps3. We can see that in this case the voting-based algorithm (VA) works very well,
and can reduce more than half of the estimation errors of the report-based algorithm. This
shows that the measurements from coexisting sensor systems can indeed help to improve
the estimation of accuracy, and simple approaches like voting could be quite effective in
practice. Techniques that only operate on single timestamps (S/A and SLA) can provide
about 10% reduction of estimation errors compared to voting, since in our experiments we
only have a limited number of information sources (three in this case). The improvement
actually comes from the model parameters, which determine the weights of measurements
from different sensor systems when combining them. Note that the difference in estimation
errors of static inference and learning (SIA and SLA) is negligible, because at a single
timestamp we only have a few measurements, and it is not possible to improve the model
parameters significantly.

The dynamic algorithms (DIA and DLA) are generally better than their static counter-
parts. Dynamic inference (DIA) features more than 40% improvement compared to voting
(VA), because it takes all measurements into account and uses a state transition model that
reflects the underlying state dynamics. Dynamic learning (DLA) can further reduce the es-
timation error to less than half of voting (VA), since DLA also learns the model parameters
that best explain the stochastic measurements. We also see that compared to dynamic in-
ference (DIA), dynamic learning (DLA) offers about 20% benefit due to the extra learning
process. Finally, in this scenario the improvement from the naive report-based algorithm
(RA) to the best technique (DLA) is almost eight fold.

Environmental monitoring scenario: For the indoor environmental monitoring scenario,
as shown in Figure 6.12(b), there is a similar trend of improvement as we move to more so-
phisticated techniques. Comparing with the naive approach RA, voting (VA) in this case can
provide approximately 30% improvement in estimation errors. However, the improvement
from voting to static inference SIA is negligible. This is because the measurement model
(the H]™ discussed in Chapter 4) is derived directly from the reported confidence intervals
of the reported data, which often do not cover the ground truth (as shown in Figure 6.11).
The difference in estimation errors between static inference and learning (SIA and SLA) is

also marginal, due to the limited number of measurements observed within one timestamp.
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Figure 6.13: (a) Running time vs. performance for different algorithms in the indoor posi-
tioning scenario. (b) Running time vs. performance for different algorithms in the indoor
environmental monitoring scenario.

In this scenario dynamic inference (DIA) fails to provide significant improvement, again
because the initial estimate of the model parameters is poor. The benefits of dynamic learn-
ing DLA, however, are far more pronounced, since the learned model parameters are more
accurate, and can explain the observed data better.

Figure 6.12(c) shows that in this scenario the relative performance of different algo-
rithms varies significantly over time. We can see that during the day time when the light in-
tensity is high, the accuracy estimation errors of the approaches clearly fall in three groups:
the report-based algorithm RA is high up, the voting- and inference-based approaches (VA,
SIA and DIA), together with static learning SLA is about 30% better than RA, while dy-
namic learning DLA can approximately halve the estimation error of RA. However, during

the night when the light intensity is low everywhere, all of the algorithms perform similarly.

6.3.3 Running cost vs. performance gain

In this set of experiments, we study the trade-off between accuracy estimation and the
computation cost of different approaches. We measure the execution time of different algo-
rithms and compare it with the performance gain in terms of accuracy estimation error EE4.
Figure. 6.13 shows the trade-off in the indoor positioning and environmental monitoring
scenarios. We observe similar trends in both scenarios. Firstly, voting is very efficient,
since it offers a significant performance gain (more than half in the indoor positioning sce-
nario and about 30% improvement in the indoor environmental monitoring scenario) with
very little additional running cost. This is because it combines the measurements observed
at one timestamp with equal weights to estimate the latent states, which turns to work quite
well in our experiments. Static inference S/A is slightly more expensive than voting, since it
uses the known model parameters to weight different measurements before combining them

(as discussed in Chapter 4). Static learning SLA is 3-4 times slower than static inference
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Figure 6.14: In the indoor positioning scenario, the average accuracy estimation errors of
different approaches when the number of coexisting positioning systems varies from 3 to
1.

SIA. In fact, generally learning-based techniques are more expensive than inference-based,
since learning requires iterative evaluation of the likelihood of data through multiple runs
of inference. However the performance gain from static inference S/A to static learning
SLA is marginal in both scenarios, as shown in the previous set of experiments. Dynamic
approaches are naturally more expensive, because they use all the observed measurements
to evaluate the sequence of latent states. In the indoor positioning scenario, dynamic infer-
ence DIA offers about 50% improvement but only requires marginally more running time
compared to static learning SLA. It does not improve much in the environmental monitor-
ing scenario since the initial model parameters are not good enough, as discussed in the
previous set of experiments. The dynamic learning algorithm DLA is the most expensive
one, but also the best algorithm. In both scenarios, when moving from dynamic inference
DIA to dynamic learning DLA, the performance gain is about 30%~40% at the expense of

about 3~4 fold increase in running time.

6.3.4 Sensitivity to the number of information sources

In this experiment, we study the sensitivity of different approaches to the number of infor-
mation sources, i.e. the number of coexisting sensor systems. We only consider the indoor
positioning scenarios, since the environmental monitoring scenario only have two coexist-
ing sensor systems. Figure 6.14 shows the average accuracy estimation errors of different
approaches when the number of coexisting positioning systems varies from 3 to 1.

We can see that with fewer coexisting systems, the performance gaps between the dif-
ferent techniques become smaller. In the case where two systems are available, we see
that instead of halving the estimation errors as shown in Section 6.3.2, now voting (VA)

can only provide about 25% of improvement. Similarly, the gap between static approaches
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Figure 6.15: (a) In the indoor positioning scenario, the accuracy estimation errors of dif-
ferent approaches when the percentage of priors varies. (b) In the indoor environmental
monitoring scenario, the accuracy estimation errors of different approaches when the per-
centage of priors varies.

(SIA and SLA) and voting is also smaller (less than 10%). In this case, dynamic approaches
can still improve, where dynamic inference (DIA) yields 40% less estimation error than the
naive report-based algorithm, and dynamic learning (DLA) can halve the estimation errors.
In the case where only one network is available, the best performing algorithm (DLA) has
similar estimation error to the naive approach of trusting the reported accuracy (RA), since

there is no other information available to infer the actual accuracy of the measurements.

6.3.5 Sensitivity to the priors

In this set of experiments, we show how the prior knowledge on the monitored states can
influence different accuracy estimation approaches. For both indoor positioning and envi-
ronmental monitoring scenarios, the priors are generated by first selecting a random subset
of the timestamps. At these timestamps, the prior distribution p(p;) is set to be the ground
truth value plus a small quantity of noise. We vary the percentage of timestamps that have
priors, and study the effect on the performance of the competing accuracy estimation algo-
rithms.

Figure 6.15(a) shows that in the indoor positioning scenario, as the percentage of priors
increases, the static approaches (S/A and SLA) improve linearly. For dynamic approaches
(DIA and DLA), the estimation errors have a quick drop before the percentage of priors
reaches 20%, and then become flat. This is because the dynamic approaches exploit tem-
poral correlations in the data, which enables prior knowledge to impact previous and future
states. Note that there is also a gap between dynamic inference and learning, which first
increases until the prior reaches 10%, and then decreases afterwards. This is because the

dynamic learning DLA can incorporate the priors during each learning iteration, which re-
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Figure 6.16: (al) Estimated trajectory from positioning system ps;. (a2) Real accuracy of
psy (lighter means more accurate) (b1) Estimated trajectory from pss. (b2) Real accuracy
of ps, (lighter means more accurate) (c1) Estimated trajectory from pss. (c2) Real accuracy
of ps3 (lighter means more accurate) (d1) Each traversed location is labeled with the locally
most accurate positioning system. (d2) Space is clustered into regions where each of them
is dominated by a positioning system.

inforces the prior information in the model parameters and thus biases the estimated states.
In the indoor environmental monitoring scenario, a similar behavior can be witnessed, as
shown in Figure 6.15(b). However, note that the gap between dynamic inference DIA and
learning DLA is larger. This is because in this case, the model parameters used by dynamic
inference DIA are inaccurate, while DLA can learn them from the observed data, which

further clamps down the estimation errors.

6.3.6 Ranking sensor systems based on accuracy

In this set of experiments, we show that in practice we can make informed decisions as to
which sensor systems to task based on their accuracy information. We consider the indoor
positioning scenario, where three positioning systems psi, pse and pss are tracking the
users, and the task is to decide which positioning system to use at different locations.
Figures 6.16(al), (b1) and (c1) show the reported trajectories and the reported accuracy
(the error ellipses) when each of the three systems is tracking a user along the corridor.
Figures 6.16(a2), (b2) and (c2) show the real accuracy of the three positioning systems
at different locations, which is evaluated by the oracle algorithm OA with respect to the
ground truth. It is obvious that none of the systems is globally better than the other. Recall

from Figure 6.7 that ps; has most of its nodes at the bottom left corner, ps, dominates on
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the right side, and ps3 on the top side of the floor, one can see that each of the systems tends
to excel in the area where it has the denser infrastructure.

Based on the real accuracy, Figure 6.16 (d1) shows the most accurate positioning sys-
tem at each location visited by the user. We see that generally on the bottom left part of
the floor, ps; should be used, while psy should be tasked when the user is on the right
side, and pss should be used on the top. This allows us to actively switch between the
positioning systems in search for the most accurate systems. To avoid switching too often,
we transform Figure 6.16(d1) to Figure 6.16(d2), by applying a k-means based clustering
algorithm which finds broader regions dominated by a positioning system. With the space
partitioning shown in Figure 6.16(d2), the user can decide which positioning system to use

where.

6.3.7 Ranking performance

The previous set of experiments have shown that, knowing the accuracy of the sensor sys-
tems is vital for the users to select the best system to task in different contexts. In this
set of experiments, we show that the accuracy of different algorithms can affect the user’s
ability to rank the sensor systems, and to choose the best one to use. We also consider the
positioning scenario, and assume that the user would like to use the most accurate position-
ing systems as she moves to different locations. Therefore in this case, the ranking of the
positioning systems is determined based on their accuracy indexed over the locations of the
user, i.e. the monitored states.

We only consider the following algorithms: the oracle OA, the report-based RA, the
voting-based VA and the dynamic learning-based (DLA) algorithms, since previous exper-
iments have shown that dynamic learning DLA is superior to static inference SIA, static
learning SLA and dynamic inference DIA. Note that in this case dynamic learning DLA
uses the technique discussed in Section 5.1.2, which directly estimates the accuracy of the
positioning systems at different locations from the learned emission probabilities.

We examine four different scenarios, the results of which are depicted in the four rows
of Figure 6.17 respectively.

Scenario 1: The first scenario (row 1 of Figure 6.17) includes positioning systems psi, pss
and pss deployed on the 4th floor testbed and a user traversing it holding a Nexus S device.
Observe that the proposed dynamic learning algorithm DLA (Figure 6.17(a4)) manages to
partition the space in almost the same way as the oracle algorithm (OA) (Figure 6.17(al))
that has perfect knowledge of the accuracy of the systems. In this scenario, the two com-

peting algorithms (RA and VA) perform reasonably well (Figure 6.17(a2) and Figure 6.17),
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Figure 6.17: Maps showing preferences of the positioning systems and the accuracy esti-
mation errors of different algorithms: OA, RA, VA and DLA, with the trajectory locations
highlighted and empty blocks indicate no information there. Row 1: Testbed = 4F, User =
Nexus S, Systems = { psy, psa, pss}; Row 2: Testbed = 4F, User = Nexus S, Systems = {
PS1, PS2, PSa}; Row 3: Testbed = 4F, User = TF201, Systems = { psi, pss, pss}; Row 4:
Testbed = OF, User = Nexus S, Systems = { pss, pse, psy . In all scenarios we assume that
in 10% of the timestamps we have prior information on user locations, which is used by
DIA.
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with the report-based algorithm RA making a few errors in the upper part of the user’s
trajectory.

Scenario 2: In the second scenario (row 2 of Figure 6.17), we use a different set of co-
existing positioning systems: psi, pss and pss, where pss has the same infrastructure as
pSs3 but more conservative noise profile (with twice as high gyroscope and accelerometer
variances). Although this does not change the ground truth much, it throws off the two
competing algorithms RA and VA, which now refrain from using ps, on the top part of the
trajectory. Notice however that the proposed dynamic learning-based algorithm DLA still
perceives psy to be the best there and still matches the real partitioning.

Scenario 3: In the third scenario, (row 3 of Figure 6.17) we use the same setup as in the
first scenario (row 1), except that the user now carries an Asus TF201 tablet instead of the
Nexus S phone. Whereas ps; and ps, use different radio propagation models for the two
devices, pss has been tuned for phone users only. Hence, it performs poorly on the tablet
and ceases to perform well on the top part of the user’s trajectory (see Figure 6.17(cl)).
Notice that only the proposed dynamic learning algorithm DLA manages to detect the drop
in ps3’s accuracy and partition the space correctly, whereas the other two algorithms RA
and VA still prefer ps; on the upper part of the floor.

Scenario 4: In the fourth scenario (row 4 of Figure 6.17), we change the venue to the base-
ment testbed, which has more open areas than the 4th floor testbed. Here, the competing
algorithms RA and VA erroneously show a preference on using psg not only on the right
hand side of the floor, but also further into the center (Figure 6.17(d2) and 6.17(d3)). The
proposed dynamic learning algorithm DLA (Figure 6.17(d4)) again partitions the space as
if it had access to the real accuracy of the positioning systems (Figure 6.17(d1)).

6.3.8 Impact of the ranking performance

The final set of experiments are set up to investigate how ranking performance of different
algorithms has a knock-on effect on using the coexisting sensor systems. We consider the
same settings as in the previous set of experiments, if a user relies on the space partitioning
computed by the proposed learning-based algorithm DLA, to switch from one positioning
system to another, will they be localised more accurately, than if they used that of the
competing algorithms?

Here we compare only with the voting-based algorithm VA, since it has proved to be
superior to the naive report-based algorithm RA in the previous experiments. We also
compare with the strawman approach of using one positioning system everywhere, i.e.
the one that has the best overall accuracy. In our experiment, as the user moves across

the floor, we switch positioning systems according to the space partitioning generated by
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Figure 6.18: (a) Trajectory generated by the single best positioning system. Dashed rect-
angles indicate the areas where the error of measurements (evaluated by f? with respect to
the ground truth) are larger than certain threshold (4 in this case). (b) Switching according
to the voting-based algorithm VA, and the average error of measurements (evaluated by f?
with respect to the ground truth) is 2.30. (c) Switching according to the proposed dynamic
learning-based algorithm DLA, and the average measurement accuracy (evaluated by f?
with respect to the ground truth) is 1.44.

different algorithms (the strawman approach, VA, and DLA). We then evaluate the average
accuracy of the position measurements produced by different switching plans respectively.
Figure 6.18 shows that switching between different positioning systems is generally better
than using the same system everywhere (comparing Figure 6.18(a) with Figure 6.18(b)
and (c)). It also shows that relying on the space partitioning generated by the proposed
learning-based algorithm DLA can reduce the errors in measurements (evaluated by f?
with respect to the ground truth) by about 40% (2.30 to 1.44), when compared to that of
the best competing algorithm VA.

6.4 Discussion

We have shown in this chapter the systematic experimental evaluation of the proposed accu-
racy estimation approaches, conducted in two real-world sensing scenarios. We have built
two indoor positioning testbeds, and implemented an array of different indoor positioning
systems as research vehicles for the accuracy estimation problem studied in this thesis. We
ran the systems for more than 20 days, and have collected a rich set of positioning data.
We also include the widely used Intel lab data as another dataset in our experiments, and
show how to pre-process both datasets before estimating the accuracy. Most importantly,
we have shown that the accuracy estimation approaches proposed in this thesis outperform

the competing ones, and we have also compared the different approaches thoroughly. Our
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key findings from the empirical study are as follows:

The accuracy of sensor systems can vary significantly in different contexts, e.g. time
and space, and in practice it is difficult to find one system that is superior overall.
On the other hand, the reported accuracy is not always a faithful indicator of the real

accuracy.

The accuracy estimation performance of different approaches is very different, and
can depend on various factors, such as the quality of reported data, the number of
information sources, the amount of prior knowledge, etc. The cost of the approaches

in terms of running time can also vary significantly.

In static case where only the data within single timestamps is considered, inference-
and learning-based approaches SIA and DIA are only marginally better than the
voting-based approach VA. Therefore voting is preferred among the three due to its

simplicity and low cost.

Dynamic inference- and learning-based approaches DIA and DLA, however, can sig-
nificantly reduce the accuracy estimation error when compared to voting (by more
than 50% in some scenarios), since the correlations between the data in different

timestamps are exploited.

The merits of learning-based approaches SLA and DLA vs. the inference-based ap-
proaches SIA and DIA are more pronounced in the scenarios where we have a poor
prior knowledge of the model parameters. When this is not the case, the inference-
based approaches are preferred because their accuracy estimation performance is

close to that of learning, but at a much lower computation cost.

The more the coexisting sensor systems, the greater the relative benefits of voting-
based approach VA compared to trusting reported accuracy (computed by RA) since
more information is available. Similarly, the performance gap between the proposed
inference / learning- based approaches and voting is larger with more coexisting sen-

sor systems.

Prior knowledge on the state distribution can significantly impact the relative perfor-
mance of the accuracy estimation approaches. The more the timestamps on which we
have priors, the smaller the accuracy estimation error of the inference- and learning-
based approaches. Whereas static approaches SIA and SLA improve their perfor-
mance linearly, dynamic approaches DIA and DLA improve faster with fewer priors

because they exploit underlying dynamics to propagate the priors to nearby states.
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e Based on the accuracy of the sensor systems, the users are able to make informed
decisions as to which systems to task in different contexts. However, the tasking plan
generated by different algorithms can be very different, and the proposed dynamic
learning-based approach DLA outperforms the competing ones significantly: it can

produce the tasking plans as if it has access to the ground truth.

e Different tasking plans of the sensor systems have a significant knock-on effect on the
overall performance when using the sensor systems. Generally, actively switching to
different systems is preferred than only using the single best systems, and the mea-
surement error of switching systems according to the proposed dynamic learning-
based approach DLA can be up to 40% less than that of the best competing approach
VA.

However, the experiments explained in this chapter also have some limitations. Firstly,
the accuracy patterns of the systems considered in our experiments are limited, e.g. the
accuracy only varies over time, space or different users. Secondly, our experiments only
considered the two accuracy metrics (the proximity- and similarity-based) proposed in this
thesis. Thirdly, in our indoor positioning experiments, the ground truth is logged by the
users manually (the map of the testbed is displayed on the screen of the devices carried
by the users, and they touch the locations where they are to log the ground truth), which
requires a lot of labour and may not be practical in other settings. Finally, the prior knowl-
edge considered in our evaluation is restricted to the state distributions at single timestamps,
where more complex types of prior knowledge, such as the ones that can span over multi-
ple timestamps are not incorporated. In the next chapter, we will conclude this thesis, and
highlights the potential areas for future work, which aim to address the above mentioned

limitations.
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Chapter 7

Conclusion and Future Work

7.1 Conclusion

This thesis has studied the emerging problem of estimating the accuracy of coexisting sen-
sor systems. We have described the motivation and challenges of the problem of accuracy
estimation, and formulated it in a general way which covers a broad spectrum of sensing
scenarios. We have proposed a general accuracy estimation framework, which breaks the
problem of estimating accuracy down to layers and addresses it step by step. We have
shown that the proposed accuracy estimation framework can be used in various cases, and
implemented in different ways. Following the framework, we have proposed two distinct
classes of approaches, the inference-based and the learning-based, to tackle the problem
of accuracy estimation. The inference-based approaches firstly infer the monitored states,
with respect to which the accuracy of sensor measurements is evaluated, and further ag-
gregated to build accuracy indices of the sensor systems. On the other hand, the learning-
based approaches incorporate parameter learning techniques in estimating accuracy, where
the learned parameters are either used to improve the accuracy of state estimates, or to
derive the indexed accuracy directly in certain cases. Finally, we have evaluated and com-
pared an array of accuracy estimation approaches, including the proposed and competing
approaches, in two real-world sensing scenarios, and shown that the proposed approaches
outperform the competing ones significantly. Concretely, the novel contributions of this

thesis are as follows:

Formulation of the accuracy estimation problem: We have motivated the problem of
accuracy estimation from various real-world sensing scenarios, such as multiple sensing
services competing for the same group of users, detecting faults in large scale networks,
or establishing trustworthiness of different individuals in social sensing, etc. We have also

described the key challenges arising in this accuracy estimation problem with illustrative
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examples, for instance, the ground truth of the monitored states is absent, the users often
lack a clear view of the implementation details of the sensor systems, and the reported
accuracy can be misleading, etc. We have explained the important concepts and assump-
tions, and formulated the accuracy estimation problem in the sensor network context. We
assume that the sensing application would like to monitor the physical phenomenon with
certain accuracy requirements in mind, and multiple coexisting sensor systems offer ser-
vices by providing probabilistic sensor measurements, which are probability distributions
over the domain of monitored signals. We have also introduced the idea of prior knowledge
on states, which can be acquired from a third party, e.g. the users, and provide clues on
how the monitored signals are distributed. The goal is then to estimate the accuracy of the
coexisting sensor systems according to the requirements of the application, given all the

available sensor measurements and prior knowledge.

Accuracy estimation framework: We have proposed a novel accuracy estimation frame-
work (in Chapter 3), which provides a general solution to the accuracy estimation problem,
and can be used in a wide range of sensing scenarios. The proposed framework lies be-
tween the sensing application and the underlying sensors systems, and includes four lay-
ers: pre-processing, state estimation, accuracy estimation and accuracy indexing. The pre-
processing layer retrieves the raw sensor measurements, synchronises them to the same
clock, metric system and probabilistic form, and then resamples the measurements from
different systems so they have the same time and space granularity. The state estimation
layer then infers the monitored states given the pre-processed sensor measurements and
available prior knowledge. We have shown that this layer can be implemented in a num-
ber of different ways, and created a taxonomy of approaches ranging from a simple voting
scheme to more sophisticated inference and learning techniques. We have also shown that
inference and learning can be further divided into static and dynamic variants, depending
on whether the temporal correlations between the states are considered. With respect to
the estimated states, the accuracy estimation layer evaluates the accuracy of sensor mea-
surements according to an application-defined accuracy metric. We have introduced two
different accuracy metrics, the proximity-based and similarity-based, and shown that they
can be used by sensing applications with different types of accuracy requirements. Finally,
the accuracy indexing layer aggregates the evaluated measurement accuracy over attributes
specified by the sensing application, and builds accuracy indices of the coexisting systems

accordingly.

Inference-based accuracy estimation approach: We have proposed a novel inference-
based approach for accuracy estimation (in Chapter 4), which implements the proposed ac-

curacy estimation framework. We have demonstrated that the existing probabilistic graph-
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ical models, such as the hidden Markov models, are not appropriate in this case, since they
only have one deterministic observation at a time, and do not consider prior knowledge
on states other than at the beginning. We have proposed augmented models to capture the
key elements in our context, which are able to emit multiple probabilistic measurements
at a time, incorporate prior knowledge on states at any timestamp, and have model pa-
rameters with new semantics. Based on the augmented models, we have proposed new
state inference algorithms, which are able to infer the latent states in the presence of mul-
tiple sequences of probabilistic sensor measurements and arbitrary amount of priors. For
probabilistic measurements, we have shown that the proposed algorithms can take them
into account by marginalisation. For multiple sequences of measurements, we have shown
that the algorithms can incorporate them by assuming conditional independence between
measurements generated by different systems. For priors on states, we have shown that
the algorithms can bias state estimation by multiplying the prior state distribution before
any measurements are considered. We have demonstrated that the proposed state infer-
ence algorithms work in both discrete and continuous cases, and explored two variants of
the algorithms, the static and dynamic, depending on whether the temporal correlations
of the states are considered. The static inference algorithms assume the states at different
timestamps are independent, and estimate the states based on the measurements and priors
observed within single timestamps, while the dynamic counterparts consider the states as a
stochastic process, and use the sequences of measurements and priors to infer the states. Fi-
nally, we have illustrated that the quality of the estimated states can have substantial impact

on the quality of accuracy estimation.

Learning-based accuracy estimation approach: We have also proposed a novel learning-
based approach for accuracy estimation (in Chapter 5). We have shown that the proposed
learning approach works in two different modes, depending on the accuracy requirements
of the sensing application. When accuracy needs to be indexed over attributes other than
the monitored state, we have shown that the proposed learning approach can implement
the four-layer accuracy estimation framework, but employ parameter learning techniques
to improve accuracy estimation, rather than rely on the model parameters known a priori.
On the other hand, when the accuracy needs to be indexed over the monitored states, the
proposed learning approach is able to skip the state estimation layer, merge the accuracy
estimation and indexing layers of the proposed framework, and derive the aggregated ac-
curacy from the learned model parameters directly. We have shown that for both variants
of the proposed approach, estimating the model parameters that are the most consistent
with the observed data is the key step, we have extended the existing parameter learning

algorithms (e.g. the Baum-Welch algorithm for hidden Markov models) to enable them to
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work on the augmented models used in our context. To address this, we have proposed new
parameter learning algorithms based on the Expectation Maximisaion (EM) scheme, which
are able to re-estimate the parameters given the multiple sequences of probabilistic sensor
measurements and priors. The proposed algorithms have both static and dynamic variants,
depending on how the observed data is used to re-estimate the parameters: static algorithms
operate on slices of the observed data, while dynamic algorithms learn the parameters with
full sequences of measurements and priors. We have shown that for both the discrete and
continuous cases, the parameter learning problem can be formulated in such a way that
is amenable to the general EM scheme, and solved analytically with the EM framework.
We have also discussed several important implementation issues, and provided methods to

prevent the problem of insufficient training data or over-fitting during the learning process.

Comprehensive experimental evaluation: Finally, we have conducted a systematic ex-
perimental evaluation of the proposed accuracy estimation approaches, on data collected
from two real-world sensing scenarios: an indoor positioning scenario and an indoor envi-
ronmental monitoring scenario. For the positioning scenario, we have built two testbeds in
our department building, and implemented different classes of indoor positioning systems.
We have tracked two users at the two testbeds for more than 20 days and collected a rich
set of data. For the environmental monitoring scenario, we have collected the data from
the Intel lab dataset [27], and shown that by applying Gaussian process (GP) non-linear
regression, the raw sensor measurements can be interpolated to have the same time and
space granularity, and converted to the appropriate probabilistic form. We have considered
an array of different accuracy estimation approaches, including the naive report-based, the
voting-based, and the proposed inference- / learning-based approaches. We have compared
those approaches thoroughly on the datasets collected from both scenarios, and the key
findings learned from the experiments are: 1) the accuracy of sensor systems can vary
significantly in different contexts, and typically no system can be superior overall; 2) the
accuracy estimation performance and running time of different approaches can be very
different; 3) in our case where only a few sensor systems are available, static inference
and learning are only marginally better than voting, but much more expensive; 4) dynamic
inference and learning are significantly better than voting since the correlations between
monitored states are considered; 5) learning is preferred to inference only if the initial
knowledge on model parameters is poor, otherwise, the performance gap between them is
not significant; 6) the more the coexisting sensor systems, the larger the gaps between the
proposed inference / learning approaches and the simple approaches; 7) prior knowledge

on states can significantly impact the performance of different approaches; 8) based on the
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estimated accuracy, one can make informed decisions as to which systems to task in differ-
ent contexts, and the proposed learning-based approach can generate high quality tasking
plans; 9) different tasking plans have a significant impact on the overall performance of us-
ing the sensor systems, and switching systems according to plans produced by the proposed

approach can improve performance significantly.

7.2 Future Work

This thesis also has some limitations. For instance, we have only considered the directed
graphical models and recursive Bayesian techniques to capture the correlations between
the monitored process and sensor observations. Another limitation is that the proposed ap-
proaches rely on the reported sensor measurements from different systems to validate each
other, and could perform badly if all the systems are reporting erroneous measurements.
On the other hand, the prior knowledge which can bias the states towards ground truth is
limited: we have only considered the prior state distributions at single timestamps. Finally,
the experiments in this thesis have only considered systems whose accuracy patterns are
relatively simple and do not change rapidly, while in practice the accuracy of sensor sys-
tems could be more complex. Therefore, the possible directions of future work that may

address the above limitations include:

Employ undirected graphical models for accuracy estimation: The first direction of
future work we would like to explore is to use undirected graphical models to address the
accuracy estimation problem. For example one possible approach is to use conditional ran-
dom fields (CRFs), which were firstly introduced in [144], and have been widely used in
areas of natural language processing, image processing and bioinformatics. Unlike from
the directed models used in this thesis, CRFs do not have to explicitly model the proba-
bility distributions of observations given the states, but only need to specify certain fea-
ture functions, which describe the correlations between the states and observations. CRFs
may provide several benefits over the current models used in this thesis. Firstly, in the
presence of probabilistic measurements, the probability distribution of observing a mea-
surement given the state can not be modeled by any finite distribution. This thesis uses a
marginalisation-based approach, which sums over all possible symbols weighted by their
reported probabilities. However CRFs can address this in a more elegant way, where the

probabilistic observations and the states can be correlated by selecting appropriate feature
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functions. Secondly, in this thesis the measurements from multiple sensor systems are as-
sumed to be conditionally independent given the states. However in practice it is possible
that multiple sensor systems are corrupted by correlated errors, e.g. coexisting position-
ing systems may be influenced by a local distortion of the magnetic field. Using CRFs,
we can lift this assumption by defining the feature functions that link the measurements
from different systems together. Finally, in the case where a sensor system joins later than
the others, it is more convenient to add it in the CRFs since the only thing we need to do
is to define a new feature function, which correlates the new sensor measurements with
the states, and the measurements from the others. Therefore in the future, we plan to use
CRFs to extend our accuracy estimation framework, and compare them with the proposed

approaches in this thesis.

Incorporate more types of prior knowledge: Another direction of future work is to in-
corporate more types of prior knowledge in accuracy estimation. In this thesis, we have
only considered the priors that specify the state distribution at single timestamps, in future
work, we would like to exploit priors that correlate multiple timestamps. For instance in the
indoor positioning scenario, given the floor topology, a prior could be that “a user should
not transit from one room to another without passing a corridor”, which constrains the tran-
sitions between states at two consecutive timestamps (if the user is in a room at time ¢, then
at ¢ + 1 she has to either stay in the same room, or transit to the corridor), but does not ex-
plicitly specify the state distribution at either timestamp. Another example includes priors
that model cardinality constraints, e.g. “the user typically spend more than 50% of the time
in her office”. One possible approach of incorporating more complex priors is to consider
the constrained models, such as the work in [145] and [146]. In this case, the states and
sensor observations will still be modeled with probabilistic graphical models. However the
models are constrained by the priors, and during the inference or learning process the state
sequences that fail to satisfy the constraints of the priors are eliminated. For instance, given
the above transition and cardinality priors in the positioning example, inference will filter
out the possible trajectories that have made impossible transitions and with less than 50%
of the timestamps in the office. The probability mass is then redistributed to the other valid
trajectories and thus the estimated states are biased accordingly. The accuracy of the sensor
systems is evaluated with respect to the estimated states in the same way as discussed in
this thesis. Another approach we would like to investigate is to assess the accuracy of sen-
sor systems solely based on the priors. We plan to model the measurements from multiple
sensor systems as probabilistic streams, and express the priors as queries. The accuracy of
a sensor system is then defined as the likelihood of the priors been satisfied on the reported

stream. For instance, the transition prior discussed above can be expressed as a boolean
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query, asking the probability that a trajectory follows the valid transitions. This approach
may work well in the cases where all sensor systems are reporting low quality measure-
ments, because it does not estimate states based on reported measurements, but uses the
priors as independent references to check the degrees of consistency of the systems. In
practice, this accuracy metric can also be used to rank the sensor systems, e.g. one would
always task the system that has the largest likelihood of satisfying the priors. We plan to
incorporate the ranking techniques developed in our work [147], which are able to rank this
likelihood efficiently.

Work with more complex sensor systems: Last but not least, in the future we would like
to apply the proposed accuracy estimation approaches in more sensing scenarios, and ex-
tend them to work with more complex sensor systems. One scenario that we are interested
in is indoor positioning. We have identified two larger sites for future experiments, one is
the Ashmolean museum (109m x 89m), and the other is the covered market (108m x 53m).
We plan to deploy different indoor positioning systems that rely on various sensing modal-
ities, and use the proposed approaches to study their accuracy. The candidate positioning
systems include but are not limited to: a) the WiFi-based positioning system proposed
in [95], which is able to identify and mitigate the non-line-of-sight (NLOS) signal strength
measurements; b) the encounter-based tracking system developed in [110], which uses ra-
dio encounters to pin down the trajectories produced by pedestrian dead reckoning; and c)
the magneto-inductive tracking system in [5, 148], which uses magnetic fields to track the
object positions in 3D space. Another scenario that we would like to study is related with
the robotics research. For instance, the autonomous robots may be equipped with multiple
types of sensors, such as cameras and laser rangers, and it is paramount to know their ac-
curacy as robots move around the space. We plan to explore the possibility of extending
the approaches in this thesis to that context, e.g. using data from laser sensors to infer the
failure model of the vision sensors, and vice versa. It is also possible to incorporate exter-
nal prior knowledge such as the environmental conditions or known landmarks, in similar
ways as shown in this thesis. Another interesting research direction is to investigate how
the sensor accuracy of a team of robots may impact their behaviours. For instance in a for-
mation of multiple robots, it is desirable to task the robots with accurate sensors to explore
the space, while using others as communication relays, to increase the overall performance

and save energy.
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Appendix A

Inference for Continuous State Space

Here we show the detailed derivation of the static and dynamic inference techniques for

continuous state space. We consider the same setting formulated in Section 4.2.

A.1 Static Inference

We follow the formulation in Section 4.2, and consider the augmented model shown in
Figure 4.12(b). We assume that the correlations between measurements and states are
linear: 2" = H/"x; + v;". H;" is a matrix that maps the state space to the measurement
space, and v;* ~ N(0,X.) carries the uncertainty in the observation z;". Both H;" and
v™ are considered as the known model parameters. Given the observed measurements 2}

and the prior p,, the distribution of the estimated state ; is:

M
(&) = plad|z™, pe) o p(ad pr) H p(z" ) (A.1)

m=1
To incorporate the multiple sensor measurements observed at time ¢, we consider an itera-
tive approach. Note that the product term in Equation (A.1) can be viewed as multiplying
the distributions p(z]"|z;) to the distribution p(x;|p;) one by one, and here we introduce

)

a variable @im , indicating the estimated state after incorporating the m-th measurement,

1 < m < M. Particularly, if there is a prior p; at time ¢, we let :%EO) = p(p¢), to carry such

prior knowledge. :f:ﬁ"” is also Gaussian N/ (,ujm) , Zﬂm) ), which can be evaluated iteratively
t t

as:

/.Li,E"L) - /lrjgrnfl) + Kt(m) (,uzzn - Znui’§7'L71)) (A.za)
S = (1 = K™ H{") S, (A.2b)
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where [ is the identity matrix, and Kt(m) is defined as:

K™ = 2 o (HP) [ HE jgoen (B + S (A3)

From the above equations, we see that in each iteration, the mean of the estimated

state fi,(m) is a weighted linear combination of the previous estimated mean g (m—1) and
t t

the mean of the next sensor observation ji.m. The weight is determined by Kt(m), which
depends on the covariances of the previous state estimate and the sensor observation. The
covariance of the estimate state Zﬁim) also depends on both previous estimated covariance
Zigm—l) and the covariance of the observed measurement ... Therefore conceptually this
process refines the distribution of the estimated state by iteratively taking the information
encoded in the M sensor measurements into account (weighted by their covariances), and
the final estimated state Z; is given by the M -th variable iEM).

The complexity of our algorithm is approximately O(T Mn3), where n,, is dimension of
the observation space, which comes from matrix inversion in Equation (A.3). The presence
of probabilistic measurements does not increase the complexity, because the proposed in-
ference approach redefines the model parameters v;" (the measurement noise) to carry the
uncertainty encoded in the probabilistic measurements, without introducing additional ele-

ments to the model.

A.2 Dynamic Inference

Unlike static inference, the dynamic inference algorithm computes the estimated state
#; based on the M sequences of probabilistic measurements 21} and the observed pri-
ors p1.7. We assume the correlations between the states at different timestamps are lin-
ear: r; = Fyx, 1 + wy, where F; is the transition matrix and w; is the process noise,
wy ~ N(0,%,,). Both F; and w; are assumed to be model parameters known a pri-
ori. F; controls the transition from previous state x;_; to the current state, and w, de-
termines the uncertainty associated with this state transition. As in the static case, we also
assume that a measurement z;"* observed at timestamp ¢ linearly depends on the state x;:
2" = H["x,+v{". But unlike the existing linear dynamical systems which consider v;" as a
model parameter, in our model v;" represents the uncertainty in the observed measurement
2 vt ~ N(0, X.m).

At a given timestamp ¢, the algorithm takes the following three pieces of information

into account to estimate Z;:
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e the estimated state 7, ; at the previous timestamp, which is evaluated based on all

measurements and priors until ¢ — 1;
e the M probabilistic measurements z;} and the prior p; observed at time ¢; and

e the estimated state 7;,, at the future timestamp, which is evaluated based on all

measurements and priors from ¢ + 1 to 7.

Based on the above observation, this algorithm augments the standard Kalman smoother
and processes the sensor measurements and priors in two passes. Since all the variables are
Gaussian, the task of dynamic inference is also to compute the mean iz, and covariance

>z, of the estimated state z;. For notation simplicity, we introduce a variable $§|1 )t, which

represents the estimated state given the measurements from all M sensor systems until time
t — 1, the priors p;.; until time t, and the measurements 2}, ..., 2" observed at time ¢. The

distribution of the variable 2" is denoted as A/ :“t|1 DY trf)t)

t[1:t
Particularly, we use the variable iglol):t

(M)

t—1|1:t—1
taken all M measurement at t— 1 into account. In the following text we omit the superscript

to correlate the estimated states at time ¢ — 1 and
t. As defined above, the variable & represents the estimated state which has already
M, and use the form Z;_y14-1 ~ /\/’(,ut_m:t_l, Et_1|1:t_1). We define another variable
Zy)1.4—1, which represents the predicted state at ¢, given all the previous measurements and

priors until time ¢ — 1, by applying the state transition on Zy_1|1.—1:

Hepre—1 = Fyptg1j1:0-1 (A.da)
Y1 = Pwtztflﬂ:tletT + Yo, (A.4Db)

where F; is the transition matrix, >J,,, is the covariance of the process noise. Then the mean
+(0)

and covariance of variable & 1t

can be computed by taking the prior p; into account:

/“Li\l)t (Pt 1:0—12p0 + Ppy Sp1e—1) (B, + ij1:e— 1) ! (A.5a)
Zi\oft (X0 Bey1:-1) (Zp + Bejree—1) ™ (A.5b)

This already gives the forward pass of the proposed dynamic inference algorithm: it
scans the observed data from the beginning, and for each timestamp ¢, the algorithm first
Ell) , as in Equations (A.5), and then iteratively computes the

(1<m<M)as

computes the startmg point 2

distribution of z x t‘l f

i = Y+ K (e — HP ) (A.62)
M = (1 — K™ HMR (A.6b)

1t — t|1:t
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where K™ is given by:

K™ = [ ) S () + S (A7)

t1:t t|1:¢

In the second pass, the proposed algorithm processes the observed measurements and
priors backwards from timestamp 7" to 1, and uses the previously computed g1 and >y
to compute the distribution of the estimated state z;, i.e. the posterior state distribution at

time ¢ given all measurements and priors observed during the time period 1 : 7*:

oz, =t = Gepieprpr + (I — GeFy) ppa (A.8a)
1
Ya, = Yir = §(St + 81 (A.8b)

Here G; and S; are given by:

G, = (Ft2t|1:t)T(FtEt|1:tFtT + Ewt)fl (A.9a)
Sy = Gt2t+1|1;TFtT + (I — G Fy) X1 (A.9b)

where (11,7 and X, 1.7 are the mean and variance of the estimated state Z;,, at time
t + 1. Note that the starting point of the backward pass jipj1.7 and Y717 are computed at
the end of the forward pass.

The complexity of this dynamic inference algorithm is approximately O(T'(Mn3+n3)),

where n, is the dimension of the observation space, and n, is the dimension of the state

3

space. The term n;,

comes from the matrix inversion in Equation (A.9a). As in the static
case, the incorporation of probabilistic observations does not increase the complexity be-
cause the uncertainty in measurements is carried by v;", which are used as model parame-

ters in the standard Kalman smoother.
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Appendix B

Parameter Learning for Continuous
State Space

The parameter learning problem of continuous latent variable models can be addressed by
the general Expectation Maximisation (EM) scheme. Recall from Section 5.2 that the first
step of the learning process is to derive the likelihood function L(6; O, X) of the model
parameter 6, which is the joint likelihood of the observed data O and the latent states X.
The goal is to find the maximum likelihood estimate (MLE) éML of the model parameters,
which maximise the likelihood of the observed data > L(0; O, X ). To achieve this, the

X
EM scheme iteratively performs the E-step and M-step, where:

e The E-step derives the expected log likelihood function Q(¢’, 6) of the observed data.
The expectation is taken with respect to the conditional distribution of the states X

given the observed data O, under the current parameters 6:

Q(0',0) = Exo[log L(6; O, X)] (B.1)

e The M-step finds the parameters 6’ that maximise the derived () function of the ob-

served data.

The EM scheme continues performing the above two steps until it reaches a local opti-

mum. Now we show the detailed derivation for static and dynamic learning.

B.1 Static parameter learning

Observed data and model parameters: In static case, the observed data O, at each times-

tamp is the M probabilistic sensor measurements 2" from the coexisting sensor systems
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and prior on state p;, i.e. Oy = {z/*™ | p;}. The model parameters considered in this case are
the measurement models /1", which map the states to the measurements: z;* = H/"x;+v}",

where the variables v;" carry the uncertainty in the measurements.

Likelihood function: Given the observed data O, and the state x;, the likelihood function

L(0; Oy, x;) is the joint probability distribution of the state and observed data:

L(67 Ot7 LUt) = p(ZtI:Ma Pta xt|9>

M
(B.2)
= plpe, m|0) H p(2"|pr; w1, 0)

m=1
The term p(py, 2;) is the prior belief on state, and can be solely determined by the prior
p: (we assume that there is no other knowledge on p(z;)). The term p(2]"|pt, 24, 0) is the
probability distribution of observing the measurement z;" given the state x; and prior p;.

Since both terms are Gaussian, the likelihood function L(6; Oy, x) is also Gaussian.

E-step: Given the derived likelihood function L(0; Oy, x;), in each learning iteration the
E-step evaluates the expected log likelihood function Q(¢’,0), with respect to the new

parameters 6’ that need to be learned:

Q(0/7 9) = Efrtht,@[lOg L<0/; Ot7 mt)]

l (B.3)
= Eyo.0llog p(pr, i/6") + Y log p(=]"|py, 1, 60")]

m=1

where the term log p(2]"|pt, ©+, 0') is:
1 1 - m
log p(=7"pr, 1, 8) = = log V| = 5 (e — H20) 'S p (e — HMxe) - (BA)

since the correlation between the measurement z;" and state x; is assumed to be linear and
thus p(z{"|py, 7, 0') is Gaussian. Note that here ., and X, are the mean and covariance

of the observed measurement 2/, while H™' is the new parameters that need to be learned.

M-step: The above derived Q(¢’, 0) is actually a function of the new parameters H;™', and

the goal of the M-step is to find the parameters H™' that maximise the ) function:

H™ = argmax Q(¢, 0) (B.5)

Hp
Maximising Equation (B.3) with respect to H™', we have:

_ B[] pepp,
E[xt‘rtT] :ui"t:u%‘t + Eﬁt

H™ (B.6)

where the expectations E[x}] and E[z;z]] are actually the mean and covariance of the

estimated state (u;ft and X;,) computed by static inference (as shown in Appendix A.l)
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under the current model parameter ;". Note that the priors p, are taken into account
during the evaluation of the p;, and >J;,, and thus can bias the learned model parameters.
The complexity of this static learning algorithm is approximately O(IT M (n3 + n?)),
where [ is the number of learning iterations, n, is the dimension of state space, and n,, is
the dimension of the observation space. This is because each learning iteration needs to
infer the latent state z;, which requires O(T'Mn?) as discussed in Appendix A.1, and the

evaluation of H;" requires another matrix inversion which is approximately O(n?).

B.1.1 Dynamic parameter learning

Observed data and model parameters: In the dynamic case, the observed data O includes
the M sequences of the probabilistic measurements 21, and the sequence of priors py.7,
ie. O = {z{¥ p1.r}. Under the linear Gaussian assumption: 2" = H["z; + v} and
x; = Fyx,_1+w,, the model parameters 6 that need to be learned include three elements: the
transition model £}, the covariance of the process noise vector X, , and the measurement
model H;". F; maps the current state vector to the next, >,,, governs the inflated uncertainty
in the state vector during state transitions, and /" controls how the measurements of the
m-th sensor system are correlated with the actual states. Since dynamic learning operates
on the full sequences of observed data, here for simplicity we assume the model parameters

Fi, ¥, and H;" are independent of time ¢, and denote them as [, XJ,,, and H™.

Likelihood function: Given the observed data O, the likelihood function L(0; O, z1.7) is
the joint probability of the observed data O and the state sequence x,.7, given the model

parameters 6:

L(eﬁ O’ "L‘llT) = p(z%é‘f[, P1.T, I11T|0)
M
B.7)
= p(pr.r, 21.710) H p(2irlprr, 211, 0)
m=1
where the term p(p1.7, z1.7|0) is the distribution of the prior and state sequence x1.7, and the
term p(z]%|p1.7, x1.7, 6) is the distribution of the m-th sequence of observed measurements
z7%r given the sequence of states and priors. The logarithm of those two terms can be

computed as:

T
log p(pr.1, 21.7/0) = log p(p1, 1]0) + Z log p(pe, il pr—1, T4-1,0) (B.8a)
t=2

T
log p(21'r|prr, w17, 0) = Zlogp(zmptaxt, 0) (B.8b)

t=1
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Note that since both the state transition p(p;, z¢|pi—1, x;—1, 0) and the likelihood of measure-
ment p(z]"|py, x4, 0) are Gaussian, the likelihood function L(6; O, x;.7) is also Gaussian.
E-step: With the above derived likelihood function L(6; O, x1.7), in each learning iteration
the E-step evaluates the expected log likelihood function Q(¢’, ), with respect to the new
parameters 0’ = {F’, %! | H™'} that need to be learned:

Q(Y',0) =L, rj0,[log L(0"; O, z1.7)]

M
=E.,.r00ll0g p(prr, 21.7]0") + Z log p(z1"r|pr.7, 1.7, 6')] 5.9)
m=1 :

M
=B, io0llogp(prr, w10 F', 2,) + ) log p(a{ip|prr, wrr, H™)]

m=1
which is broken into independent parts that depend on different parameters in . The
terms log p(p1.7, z1.7|F’, X,) and log p(23%, | p1.7, T1.7, H™') can be evaluated as in Equa-
tion (B.8).

M-step: The above derived Q(¢’, 6) is actually a function of the new parameters F”, 3/ |
and H™', and the goal of the M-step is to find the parameters that maximise the () func-
tion. Maximising Equation (B.9) with respect to different parameters F’, ! , and H™

independently, we have:

T T
Z E[.Tt.%';{l] Z(:ufct:ugt,1 + Eitfl)
F= 2 =2 (B.10a)
Elzf] > (apg, + Ea,)
t=1 t=1
T—1
1
X, = = > | Bleaad (0 = F) + F(Blwa! P - Ell,y))
t=1
1 T
=71 Z[/Mctﬂ;ﬂ + X, — F'(pa iz, , +Xa,)'] (B.10Db)
t=2
T T T
> b Bz ] > K
H™ == == (B.10c)

T T
> Elzwf] t_Zl(/Lw; + 2s,)

Here 1i;, and XJ;, are the mean and covariance of the estimated state &, which is computed
by our modified version of Kalman smoother as discussed in Appendix A.2, under the
current model parameters F', >.,,, and H™. The priors p; have been taken into consideration
during the evaluation of y;, and X;,, and thus can bias the learned model parameters. The
complexity of this dynamic learning algorithm is O(IT M (n? + n2)), where n,, n, are the

dimensions of the observation and state space.
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