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Abstract

With growing farm sizes, increasing work load, and increasing social and legislative
demands for loose housing, health monitoring of farm animals is playing a bigger role
for farmers worldwide. A type of information that can be used to determine the health
status of dairy cows is positional data. However, since dairy cows spend a lot of time
indoors in protection from various weather conditions or to perform other activities, GPS
solutions are not sufficient. Moreover, the devices that the dairy cows carry must have a
long battery life in order to avoid frequent system maintenance.

This thesis researches possible system solutions to enable indoor positioning of dairy
cows within loose housed freestall barns. The proposed system configuration is then
optimized in terms of energy consumption, and the trade-off between dynamic energy
consumption and position accuracy is investigated. Previous research has focused on one
or the other, and the development of systems with extreme battery life has not been
a priority. The proposed system uses a proprietary 433 MHz radio frequency band to
estimate the dairy cows’ positions, and accelerometer data to adaptively alter estimation
frequency to minimize energy consumption.

After the optimization process, the proposed system is shown to have a battery life of
at least two years with an accuracy of approximately 7–8 m and a precision of 11–12 m
utilizing four anchor nodes in an experimental barn. The theorized correlation of the
position accuracy and energy consumption could not be found.

Keywords: indoor positioning, dairy cows, weighted non-linear least squares, energy
consumption, agriculture, system design, optimization, positioning accuracy, Sub GHz
radio, battery life
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Sammanfattning

Med växande gårdsstorlekar, ökande arbetsbelastning, påtryckningar från samhället och
lagstiftning för lösdrift, gör att hälsoövervakning av gårdsdjur spelar en större roll för
jordbrukare världen över. En typ av information som kan användas för att bestämma
mjölkkors hälsa är positioneringsdata. Eftersom mjölkkor spenderar mycket tid inomhus
för att skyddas mot väder, eller för att utföra andra aktiviteter, så lämpar sig inte
lösningar baserade på GPS. Utöver det så krävs det att enheterna som korna bär med
sig har en lång batteritid för att undvika frekventa systemunderhåll.

Den här masteruppsatsen undersöker potentiella systemlösningar för att möjliggöra
inomhuspositionering av mjölkkor i lösdriftsladugårdar. Den valda konfigurationen är
sedan optimerad med avseende på energikonsumtion. Därefter undersöks förhållandet
mellan dynamisk energikonsumtion och lokaliseringsnoggrannhet, tidigare forskning har
fokuserat på antingen eller. Utvecklingen av system med lång livslängd har inte heller
varit en prioritet. Det föreslagna systemet använder sig utav proprietära radiotekniker på
433 MHz-bandet för att skatta mjölkkornas position. Dessutom används accelerometerdata
till att adaptivt justera skattningsfrekvensen för att minimera energikonsumtion.

Efter optimeringsprocessen har det föreslagna systemet en batteritid på minst två år,
med en noggrannhet på ungefär 7–8 m och en precision på 11–12 m, när endast fyra
ankarnoder användes i en experimentladugård. Den teoretiserade korrelationen mellan
lokaliseringsnoggrannhet och energikonsumtion kunde ej påvisas.

Nyckelord: inomhuspositionering, mjölkkor, viktad icke-linjär minstakvadratmetod,
energikonsumtion, jordbruk, systemdesign, optimering, lokaliseringsnoggrannhet, Sub
GHz radio, batteritid
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Chapter 1

Introduction

The intention of this thesis is to design an indoor positioning system (IPS) for tracking
dairy cows in loose housed freestall barns, and optimize the position accuracy-energy
consumption trade-off. The main focus is on the trade-off between accuracy and energy
consumption. The research includes choosing suitable technology and methods for
acquiring position estimates, and what subsequent implications follow. This research
interest has its origins in an activity metering system designed by a leading producer of
dairy and farming machines in collaboration with Tritech Technology AB. A detailed
background and problem description, the purpose and delimitations, ethical considerations,
and overall scientific method applied are presented in this chapter.

1.1 Background and problem description

Tritech Technology AB is a consulting company specializing in embedded systems that
has collaborated with a leading producer of dairy and farming machines in several
projects. One of those commitments is the development of both electronic hardware
and software for a wireless activity metering system used on dairy cows. The activity
metering devices are attached to the cows’ collars and monitor their level of movement.
The data collected is used to determine the health state of the animal, primarily whether
the cows are in estrus. Each activity meter consist of a microcontroller unit (MCU),
an microelectromechanical system (MEMS) based accelerometer, a radio transceiver, a
battery, and a number of other components. The non-replaceable battery determines the
longevity of the device, which has a total lifespan of approximately 10 years.

Monitoring animals’ health states like this may play a crucial role for farmers worldwide
due to public demands for loose housing and changes to legislation, where the goal
is increased animal welfare [1]. Additionally, farms are seen to be growing in size,
increasing workload and posing challenges to the farmers in terms of taking proper care
of their cattle [2]. The potential benefits of quickly finding animals with particular health
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Chapter 1. Introduction

states or enabling further behavioral analysis through the use of IPS has been noted by
several researchers [1–3]. However, whereas IPS have been a field of research for some
time, optimizing energy consumption, and studying accuracy versus energy consumption
trade-offs have not been as extensively researched.

IPS are deployed using a number of different techniques, one broad categorization that
can be made is whether the system is radio or non-radio based [4, 5]. The former can
utilize most radio technologies, and popular alternatives are e.g. Wi-Fi and Bluetooth.
Non-radio based solutions range from infrared radiation (IR), computer vision (CV), to
dead reckoning (DR), and more [5]. Additionally, there exists a multitude of methods for
measuring distances and estimating position using these technologies. The corresponding
algorithms can be broadly categorized into either Bayesian probability or non-Bayesian
solutions [4].

Having identified these basic foundations for IPS, and given the existing activity metering
system, questions arise whether such functionality can be achieved with an extremely low
impact to energy consumption. Consequently, the main area of research is established as
system design and optimization with respect to minimizing position error given a certain
energy consumption budget.

1.2 Purpose and definitions

A potential for extending product functionality with position estimation has been iden-
tified for an activity metering system used on loose housed dairy cows. The activity
metering system performs a set of tasks to achieve its current functionality and has an
approximate battery life of 10 years. Since the battery is non-replaceable due to the
system being casted in plastic to endure the harsh environment, energy efficiency of the
IPS is a high priority. Therefore, the main research question to be answered in this thesis
is:

What is the trade-off between position accuracy and energy consumption?
How can this relation be optimized for a dairy cow indoor positioning system?

In order to answer this main research question, a subset of research questions are
established. Among other things, there is an interest in identifying applicable technologies
and methods that can be used in an agricultural setting. Thus, in order to be able to
design a system for this purpose the following has to be answered:

What sensing technologies can be used for an energy efficient dairy cow indoor
positioning system? What measurement principles are suitable and how are
these best implemented?

Moreover, there has to be some criteria for evaluating the position accuracy-energy
consumption trade-off. Therefore, the final subset of research questions is:

2



1.3. Scope and delimitations

What is the optimal accuracy and estimation frequency for a system which
has a requirement of using a 3 V, 3 A h battery and a desired lifetime of ≥ 5
years?

Finally, the existing activity metering system, its infrastructure, and corresponding im-
plications should be briefly addressed. Moreover, other factors concerning e.g. scalability,
and other performance measures should be considered.

1.3 Scope and delimitations

During system optimization, only the position accuracy and energy consumption of the
mobile units are considered. The anchor nodes are connected to power through other
means than batteries and the longevity of these devices is therefore determined by other
parameters. The design of the anchor nodes is considered, but not put through the
same optimization procedure as the mobile units. The optimization procedure does
also not consider developing custom hardware or optimization at the hardware level.
The experimental platform is instead designed through modules in order to assess the
potential for using readily available technology. Focus is therefore on achieving a low
energy consumption by synergistic integration of technologies through system, software,
and algorithm design.

It is not possible within the time frame of this thesis to experiment using all available
technologies and techniques for IPS. A qualitative process through studying reference
material is adopted in order to choose a promising solution for the experimental phase.
Additionally, the optimization only considers the tasks of the IPS functionality and
will not consider any current functionality of the activity metering system. Due to
similar time constraints, attaching the system to the animals is not included although
the experiments take place in the intended environment.

1.4 Ethical considerations

In theory, the type of system being developed in this thesis enables farms to grow and
keep more animals in captive, which is an important aspect to keep in mind. However,
an argument can be made that it is likely that farms will grow regardless of the existence
of these type of systems. The possibility that positioning systems will give the dairy
cows more freedom of movement and independence in the barns are beneficial points
to consider. More so, with increased potential for health monitoring, quality of life for
the dairy cows may improve further. Dairy cows are already among the most heavily
monitored farm animals, and optimizing time budgets and milking processes is of great
economical interest.

In summary, from a social perspective the system may contribute to the industry further
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Chapter 1. Introduction

conforming to public and legislative demands for loose housing. In addition to this, one
may also consider that it may be easier for smaller farms to keep more cattle, which falls
into economical and social considerations, and could be considered either negative or
positive. Ecological questions to bear in mind is the longevity and life cycle of the device,
which may be best ensured by conserving as much energy as possible.

Since the experiments take place in an actual loose housed freestall barn, there are some
further experimental aspects to consider. There will be no animal testing in the sense
that the experimental platform will be attached to the dairy cows’ collars. However,
the animals will be present during the experiments and it is the authors’ intentions to
disturb their daily life and routines as little as possible. There is also a safety concern for
the authors’ sake when performing the measurements with many large animals around.
Special care will be taken to minimize the risk of harm, for both the authors and the
dairy cows. Future research and development must make further safety considerations for
the technology used and the attachment of the system to the dairy cows’ collars.

The authors follow the ethical guidelines set by The Royal Institute of Technology [6] and
to conduct research according to the Swedish Research Council’s report “Good Research
Practice” [7] in to ensure proper scientific work ethics. Directives set by the experimental
barn’s staff will be followed when conducting the field experiments to minimize the impact
on the dairy cows’ and staffs’ everyday routines.

1.5 General scientific methodology

From an engineering perspective, the development goal is to evaluate the feasibility
of adding localization functionality to a product with an extreme battery lifetime re-
quirement. As for the scientific perspective, parallels can be drawn to the research of
the current state of IPS, appropriate optimization methods, the capabilities of various
sensing techniques, and detailed performance of the technology and techniques used in
the experimental platform. To motivate the methods of this thesis, an overall scientific
methodology is necessary. This methodology is illustrated in fig. 1.1, and aims towards
answering the research questions and generating new ideas for further research.

Fundamentally, this thesis starts in its problem description. A potential for a new feature
in an extremely energy critical system has been identified. As such, preliminary research
questions and a frame of reference can be established and iterated until a gap in the field
is found from which the final research questions are formulated. The remainder of the
thesis sets out to fill this gap and finally ask new questions for future work.

Specifically for this thesis, the frame of reference sets the definitions for the theoretical
study in which several different solutions (technologies, algorithms, general positioning
strategies) are evaluated. The information is retrieved mainly from scientific articles,
conference proceedings, survey or review articles, books, and interviews. This process
serves as a basis for choosing the most promising solution to optimize and conduct the
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Figure 1.1. General methodology and work flow throughout the thesis.

experiments with. The techniques, which are qualitatively chosen, must be fit for use in
the intended environment of loose housed freestall barns.

In the implementation phase, the proposed experimental platform is set up. The system
is implemented and the positioning techniques and algorithms are developed. The
basic functionality is tested and early simulations performed in order to validate the
applicability of the experimental platform. In parallel, energy optimization strategies are
developed, parameters, and boundaries are calculated.

In the experimental phase, certain parameters of the system and optimization process are
considered variables and altered during field experiments in actual loose housed freestall
barns to draw the final conclusions through quantitative methods. The field experiments
should also yield a qualitative indication of the system’s performance in the intended
setting. Finally, tests are performed to verify the energy consumption simulation. The
results are finally analyzed and discussed. Possible improvements and future work is
suggested.

5





Chapter 2

Overview and comparison of
indoor positioning systems

Given the problem description and foundation set in the previous chapter, a background
study is conducted to establish a frame of reference. The information retrieval is based
on that frame of reference and the material gathered is evaluated in this chapter as part
of the theoretical study. The information is intended to provide a general overview of
the current state of IPS. The definitions and classifications of such systems, the different
techniques that are incorporated, and their properties are also presented. To be noted is
that properties that may be linked to energy consumption are prioritized.

2.1 Topologies and system architecture

The topology of IPS are classified into four main categories; self-positioning, remote
positioning, indirect self-positioning, and indirect remote positioning systems [8]. This
naming convention stems in where the measurements and position estimation take place.
By defining the system as being composed by mobile units for which the estimates are
to be calculated, and anchor nodes with (fixed) known coordinates, the topologies are
defined as described by table 2.1. In this table, measurements refer to the sensing of the
signals used for positioning, and position estimation refers to the actual processing of the
data which results in a position estimate.

Each topology has its respective benefits and drawbacks. A self-positioning system
can be viewed as a decentralized system, since all system tasks are performed by the
unit to be positioned. Decentralized systems may have more limited resources than
centralized systems (e.g. remote positioning) but are often considered more scalable than
centralized systems due to the rapid complexity rise as more devices are added to the
ecosystem [4].
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Chapter 2. Overview and comparison of indoor positioning systems

Table 2.1. Classification of the four main topologies related to IPS, as per which device performs
which actions. Definitions by Liu et al. [8], own illustration.

Topology Measuring device Position estimation

Self-positioning Mobile unit Mobile unit
Remote positioning Anchor node Anchor node
Indirect self-positioning Mobile unit Anchor node
Indirect remote positioning Anchor node Mobile unit

The distinction between the first two topologies and their indirect counterparts is where
the estimation takes place. The device that performs the measurements is in the indirect
topologies not the same device that will calculate the position estimate. For this reason, a
data link between the devices is required. One benefit of the indirect positioning systems
is that the measuring devices do not require as much computational power and that the
measurements are not interrupted by the scheduling of the position estimation.

Another classification of the system configuration is if the system is either active or passive.
In this case, active positioning refers to that the mobile unit is actively participating, e.g.
by emitting or receiving signals, transmitting measurements, or performing calculations.
In passive positioning, the mobile unit is not aware of that it is being tracked [9].

2.2 Principles of measuring distances

Measurement principles are defined by how the distance between the anchor nodes
and mobile units is measured. Several different principles are commonly used, and are
more or less useful to pair with specific topologies and technologies. An overview of
common measurement principles can be seen in table 2.2, along with some details on
how the distance is measured and whether the estimate is primarily relative or absolute.
Fingerprinting and received signal strength (RSS) principles appear to be the most
frequent in surveys and articles.

Time of arrival (TOA) is a principle that is dependent on device synchronization since
it is based on knowing the time elapsed between when the signal was transmitted and
received [8]. Knowing the time elapsed and the velocity of the signal, the distance
can be estimated. For certain technologies, this principle puts high demands on the
sensitivity, resolution, and exactness of the clocks used for the timing. This is because the
propagation of the signals is very fast, which may lead to higher computational demands
and hard real time constraints.

Time difference of arrival (TDOA) is a similar principle, but instead measures the time
difference between the incoming signals. Therefore, it is best suited for systems which
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2.2. Principles of measuring distances

Table 2.2. Summary of different measurement principles and examples of usage or evaluation.

Name Measurement principle Ref.

TOA Time between signal transmission and reception. [4, 8–13]
TDOA Time difference between arrival times, transmission

time not required.
[4, 8–10, 13]

AOA Angle of which the signal arrives at the measuring
device.

[4, 8, 9, 13]

RSS Received signal strength after signal propagation,
utilizes signal characteristics to estimate distance.

[4, 8–11, 14–18]

COO Proximity to measuring device, the device measur-
ing the “strongest” signal is considered to be the
correct position.

[4, 8]

Fingerprinting Matches measurements to a previously established
map through lookup tables.

[4, 8–10, 19–24]

CV Scene analysis via camera capture (one or several). [1, 9, 11, 25]
DR Measurement and analysis of inertial forces, accel-

eration and velocity.
[11, 15, 26, 27]

has a remote positioning topology. Otherwise, the anchor nodes have to be perfectly
synchronized to transmit simultaneously and the mobile unit would have to have the
ability to register several incoming signals at extremely short intervals. However, it
is important to have synchronized clocks and communication in the case of remote
positioning as well. This is because it is necessary to know which anchor node that first
registers the mobile unit’s transmission. Hyperbolic functions represent the distances for
a given time difference and can be exploited to estimate the position. As with TOA, the
ability to register the signals at very precise times is required for this principle [8].

Angle of arrival (AOA) does not require the same synchronization demands between the
different units. This principle is made possible by the use of directional antenna arrays
which detect or estimate the angle of the incoming signals. This can be done through
measuring the difference in reception time or signal strength between each individual
antenna of the array. By comparing the angles from several different sources or measuring
devices it is possible to estimate the position [8].

A similarity in the principles of TOA, TDOA, and AOA are that they can all be based
on measurements of time or time differences. Depending on the technology, these
principles often require line-of-sight (LOS). These principles are depicted in fig. 2.1. For
TOA (fig. 2.1a), the time it takes for the signal to travel between the mobile unit (M) and
the anchor nodes (Ai) is denoted ti. Figure 2.1b displays the hyperbolic curves for fixed
time differences that are used in TDOA. The dotted lines are the fixed time differences
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Chapter 2. Overview and comparison of indoor positioning systems

between anchor nodes A1–A3 and the dashed lines are for those between A2–A3. Finally,
from fig. 2.1c it is clearly evident that AOA require one less anchor node in order to
deterministically estimate the position of the mobile unit.

t1•
A1

t2

•
A2

t3

• A3

•
M

(a) TOA

•
A1

• A2

• A3

•
M

(b) TDOA

•
A1

α1

•
A2

α2

•
M

(c) AOA

Figure 2.1. Illustration of the basic concept of measurement principles that are based on time.

Another set of measurement principles are those that rely on the signal energy content,
or the propagation characteristics of electromagnetic waves. The signal strength typically
decays as a function with inverse proportionality to the distance [10]. This makes it
possible to relate a certain signal strength to a estimated distance and position. RSS
is a measurement principle that utilizes a model of the signal strength as a function of
distance, a so called propagation model. These models can be of varying complexity
in order to compensate for LOS and non-line-of-sight (NLOS) scenarios [28]. Other
filtering methods may also be used to cover the two scenarios [29]. The sensitivity of
the measuring device, discretization of the signal strength, and model design sets the
constraints on the accuracy of this method.

Cell of origin (COO) is a measurement principle in which the “strongest” signal recorded
is considered to be the true position of the mobile unit. The signal can be based on RSS
information or TOA information [10]. Basing the principle on RSS information, a sparse
deployment of anchor nodes will due to the nature of this principle require devices that
can transmit data longer distances, and will only yield a very coarse position estimate.
A denser deployment of anchor nodes will result in less transmission power required,
and a more precise position estimate. This measurement principle is among the simpler
computationally.

Fingerprinting is a two step measurement principle. The first step is an offline phase,
in which mapping e.g. RSS information to specific grid coordinates takes place and are
stored in lookup tables. In the online phase, the information stored is used to predict
which grid coordinate that the measurements belong to [8]. It is also possible to map
other signals, such as how the magnetic field varies within a building, but the basic
principle is the same [19, 24].

In fig. 2.2, the principles of RSS, COO, and fingerprinting are depicted. For RSS (fig. 2.2a),
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2.2. Principles of measuring distances

the path loss from each anchor node is denoted with double sided arrows (Pi), which
is then used to trilaterate the mobile unit in a similar fashion to TOA. Figure 2.2b
illustrates COO, the path loss to each anchor node is not drawn here, but the theoretical
sensing bounds of the anchor nodes are noted with dotted circles, in the figure, anchor
node A5,5 would likely have the strongest signal strength, and the mobile unit’s estimated
position would be anywhere within the coverage of that node. Fingerprinting is finally
illustrated in fig. 2.2c where the grid with offline RSS information has been saved. The
anchors Ai measure the online information and matches this to the most likely grid
coordinate.

•
A1

P1

•
A2

P2

•
A3

P3
•

M

(a) RSS

•
A1,1

•
A5,1

•
A1,3

•
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•
A1,5

•
A5,5

•
A3,2

•
A3,4

•M

(b) COO

•
M

• A1

•
A2

• A3

(c) Fingerprinting

Figure 2.2. Illustration of the basic concept of measurement principles that are based on energy
content.

For CV systems, the principle is based on recognizing of objects to be tracked or using
landmark information to infer a certain distance traveled, i.e. the system can depending
on configuration either provide absolute [9] or relative [11] position estimates, which
is linked to whether the system is of a remote positioning or self-positioning topology
respectively. There is typically a large amount of data to process at a high rate in these
type of systems. This principle is sometimes be coupled with other technologies such as
coded light transmitters [9].

Inertial measurement principles such as DR measure inertial forces, acceleration, and
angular rate, etc., to calculate an object’s orientation, heading, and velocity. This
information can then be used to estimate a position, usually through numeric integration.
As such, the estimate will be relative to the starting position [11]. The sensor signals
in these systems are typically noisy, and integrating this yields an increasing error over
time, or suffer from drift issues. Filtering and sensor data fusion algorithms are used to
remedy this and require rather high sample rates in order to compensate for the issues
properly [5, 30].

A final comparison of various aspects of these positioning techniques is provided in
table 2.3. Note that this is not a complete overview of all principles and that there may
be several other factors that can be compared. However, these factors typically weigh
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heavily when it comes to choosing an applicable principle for a certain system. The factors
covered are what type of category a principle falls under, the typical accuracy (coarsely
established) it has, whether LOS is required, and whether it is affected by multipath
propagation (MP), a phenomena in which a signal arrives through different paths (e.g.
through reflection off of walls or other structures) and affecting signal properties. Note
that several factors also depend on the technology used. For instance, when using optical
technologies, LOS may be more of a requirement than when using radio technology
during TOA position estimation.

Table 2.3. Properties of the measurement principles covered, modified from [31].

Name Physical quantity Position Relative accuracy LOS MP

TOA Time Absolute High Yes Yes
TDOA Time Absolute High Yes Yes
AOA Angle Absolute Medium Yes Yes
RSS Signal strength Absolute Medium to high No Yes
COO Signal strength Absolute Low to high No No
Fingerprinting Signal strength Absolute Low to high No No
CV Scene analysis Either Medium Yes No
DR Inertial Relative Low to medium No No

2.3 Technologies used in indoor positioning systems

There are various technologies associated with IPS and each technology may be more
or less suitable for different measurement principles. Radio technologies are commonly
used, including but not limited to radio frequency identification (RFID), ultra wide band
(UWB), Wi-Fi, Bluetooth, and proprietary radio technologies [8]. RFID systems consist
of tags and reader devices, and the tags may either act as transponder or transceiver.
RFID systems may operate in several different frequency regions over short distances.
UWB systems transmit short pulses of signals across a spectrum wider than 500 Hz in
the region of 3.1 GHz to 10.6 GHz, which makes them easy to filter from other radio
signals [8, 32]. Wi-Fi and Bluetooth are characterized by being widely adopted standards
for communication and having readily available infrastructure in most cases. Proprietary
radio technologies lack standardized protocols, allow for specialized designs, and often
operate in the ultra high frequency (UHF) or Sub GHz frequency bands [8].

Whereas most of the aforementioned technologies are applicable for the various mea-
surement principles involving the interpretation of transmission/reception time (TOA,
TDOA, AOA) and energy content (RSS, COO, fingerprinting), some may suit certain
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principles better than other. For instance, considering the typical short range of RFID
systems, COO may be the most appropriate principle, adjusting the density of anchor
nodes to increase accuracy.

There are also other wireless technologies than radio, including acoustic and optical
systems, that transmit data over-the-air that are used for positioning. Such technologies
include ultrasound, laser, and IR systems [11]. Typically, TOA measurement principles
or any of the other principles that depend on timing are used. A LOS scenario is
necessary for these methods. Principally, coded signals and detectors can be used to
detect positions for devices equipped with these technologies, and can be made fairly
accurate. Additionally, other systems such as CV systems may be used in tandem with
these technologies to further improve the performance [11].

With DR measurement principles, sensors of MEMS type are typically used. These
include, but are not limited to, accelerometers, gyroscopes, and magnetometers [30].
Typically, the energy consumption of gyroscopes is several magnitudes larger than those
of accelerometers [15]. Magnetometers can, apart from being a part of DR systems, also
be used in fingerprinting techniques [24].

The technologies are summarized in table 2.4, based on the contents of this section and
the references in which they have been studied or evaluated. Some details and remarks
are made for each technology in the table. It is evident that Wi-Fi is one of the more
popular alternatives, most likely due to the ability of avoiding deployment costs.

Table 2.4. Comparison of technologies used in IPS and examples of usage or evaluation.

Name Summary Remarks Ref.

RFID Low power, typically
short range radio technol-
ogy.

Requires more anchor
nodes to provide good ac-
curacy, short range makes
the system very determin-
istic.

[22, 26,
32–34]

UWB Short pulse technology
on a wide spectrum,
uses frequencies between
3.1 GHz to 10.6 GHz.

Insensitive to other radio
signals (easy to filter), sig-
nal interference from liq-
uid and metallic materi-
als.

[26, 32,
33, 35,
36]

Wi-Fi Dominant wireless in-
frastructure using the
2.4 GHz and 5.8 GHz ra-
dio bands.

Infrastructure widely de-
ployed and heavily traf-
ficked, plenty of research,
signal interference from
liquid and metallic mate-
rials.

[14, 21,
27, 34,
37–39]
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Bluetooth Operates in the 2.4 GHz
band but with shorter
range and lower transfer
rates for data.

Similar to WLAN in
terms of radio band us-
age and related compli-
cations, lightweight stan-
dards.

[17, 34,
37, 40]

Proprietary
radio

Commonly uses UHF fre-
quencies, e.g. sub-GHz
bands (433 MHz, and
868 MHz), or 2.4 GHz.

No protocol standard
which allows specialized
designs, UHF frequencies
penetrate walls and liq-
uid better than higher fre-
quencies.

[14, 34,
38, 41,
42]

Camera
technology

Cameras designed to
identify and track ob-
jects using CV, may be
coupled with systems to
change camera orienta-
tion. Cameras carried by
mobile unit can calculate
orientation and distance
traveled.

Reliable tracking but de-
pendent on LOS, may suf-
fer from scalability issues.
Devices must process a
lot of data.

[1, 11,
25, 34,
43]

Ultrasound Ultrasonic coded acous-
tic signals are transmit-
ted and received by sen-
sors.

Excellent accuracy, sen-
sitive to lighting condi-
tions, dependent on LOS.

[11, 34,
44, 45]

IR Transmission of coded
light between anchor
node and mobile unit,
shorter range than
ultrasound or laser
signals.

Excellent accuracy, short
range, dependent on LOS
and sensor orientation.

[11]

Laser Similar to IR, but has a
longer range.

Accurate tracking, sen-
sitive to lighting condi-
tions, dependent on LOS.

[11, 23,
45]

MEMS
inertial
sensors

Low energy sensors, typ-
ically accelerometers, gy-
roscopes, and magne-
tometers. Data is used
for DR or fingerprinting.

Fusion algoritmhms are
typically used to compen-
sate for individual sensor
issues.

[15, 24,
26, 27,
30, 37,
40]
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2.4 Algorithms and aggregation of position estimates

Apart from the basic topologies, measuring principles, and technologies, there are several
means of enhancing the quality of position estimates. This is typically done through
smart software or algorithm design [5]. The goal of such designs is to filter noise or
to fuse different measurements to provide more accurate estimates. The fusion can be
either between different measurements from the same data source, or measurements
from different sensors. Such algorithms are either based on Bayesian probability or
non-Bayesian methods [4, 5].

Several methods for probabilistic estimation, including Bayes filters, Kalman filters (KF)
of various types, particle filters (PF), and hidden Markov models, are noted by Shang
et al. [5]. Probabilistic techniques are suitable in terms of dealing with the uncertainty
problem caused by measurement noise. Furthermore, smoothing can also be used to
process noise [5]. Methods that do not rely on probabilistic estimation, “treat a target’s
location as an unknown deterministic parameter”, upon which methods such as least
squares (LSQ) or maximum likelihood (ML) estimators can be used [5].

Additionally, it is possible to use a priori information about the system in order to
improve the position estimates. E.g. using floor plans to perform map matching for a
backtracking PF [46]. This way, it is possible to further improve the probability distri-
butions by detecting improbable estimates. Further means of improving estimates can
be achieved via other spatial context fusion such as landmarks, cooperative localization,
and more [5].

An adaptive IPS is capable of handling dynamic changes, e.g. an abundance of objects
to track at a certain time (complexity rise) or physical changes to the infrastructure
(structural changes) [10]. To be noted is that an adaptive system may only be that to
a certain point, i.e. it may only be able to handle a certain amount of change in the
system before the accuracy of the position estimation severely deteriorates. Adaptive
measuring principles may also depend on the model used for the measurement. For RSS
to be adaptive and accurate over time, having the propagation model compensate for
signal distortion or blockage due to objects in the signal path is beneficial. Similarly,
compensation for multipath propagation may affect measurement principles such as TOA
and RSS, and others [12].

In contrast, a non-adaptive system is defined by not being able to handle such changes.
This type of systems might even require being reset or reinstalled. As an example,
fingerprinting require mapping signal strength of the area where positioning is desired.
This is time consuming task that may be required to be performed several times and
on a certain time interval to provide reliability over time [10]. Advanced simultaneous
localization and mapping (SLAM) techniques that can be used to remedy this issue have
been an area of research recently [20].

Every system configuration suffers from their respective limitations. Data fusion strategies
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concern themselves with combining data from several sources in order to make more
accurate predictions. As an example, accelerometer data is typically very noisy whereas
gyroscopic data suffer from drifting errors. Exploiting the differences in these sensors, or
with other technologies, in order to achieve a reliable combined result is one of the cores
of data fusion strategies [37, 47].

It is worth noting that these type of strategies put different demands on computational
power. The more advanced the algorithm is, it naturally follows an increased demand
for computational power and resources. While using more sensors and fusing the result
typically increase accuracy [5], doing so also increase system complexity and power draw.
Needless to say, mixed methods using several different strategies or algorithms can also
be used.

2.5 Indoor positioning systems used to track farm animals

Previous sections show that IPS today are most often based on radio technologies [4].
Indeed, for the purpose of tracking dairy cows and other farm animals, radio appears
to be the most popular alternative. Research within this setting and environment has
focused on Bluetooth [17], 5.8 GHz radar [48, 49], UWB radio [33, 35], and ZigBee
radio [2]. CV has also been considered for tracking farm animals [1]. Except for CV,
these technologies all share similar properties, but have several distinct advantages and
disadvantages.

The development of a RSS based positioning system for tracking livestock in a cowshed
was researched by Asikainen, Haataja, and Toivanen [2]. The solution was based on
ZigBee modules utilizing a 2.4 GHz frequency, and the experiments took place in an
office building. The system was capable of delivering position estimates with the average
accuracy of approx. 2 m. Similarly, a positioning system based on (2.4 GHz) Bluetooth
and that utilized RSS was considered by Tøgersen et al. [17]. The proposed method of
filtering the measurements and was used on actual dairy cows where the system sampled
every 5 s for 5 h. The results showed that the precision was approximately 0.6 m for
stationary mobile units.

An IPS based on a 5.8 GHz radar system was tested by Pourvoyeur, Stelzer, and Gassen-
bauer [48] and Gygax, Neisen, and Bollhalder [49] and it was theorized that the systems
would be capable of tracking 16,000 individual objects at a frequency of 300 position
estimates per second. The system required a module to be kept on top of the dairy cows’
necks and was tested on 14 animals for 48 h. UWB technology with a frequency of 6 GHz
to 8 GHz was used in order to implement the proposal of a dairy cow IPS during research
by Porto et al. [33]. Tests revealed that the worst mean localization error was just under
1 m at the 90th percentile, and the estimated battery life was about two months due to
the sampling rate chosen.

A CV system for tracking pigs was developed by Ahrendt, Gregersen, and Karstoft [1],
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the proposed solution used cameras with fish-eye lenses mounted in the ceiling, and
correction algorithms to compensate for the image distortion. The animals did in this
case not have to carry any additional hardware. The tests showed that the system was
capable of tracking three pigs for a duration of 8 min. It was found that that more
computing power is needed to track additional pigs, and that detection problems occur
when the pigs are close to each other.

Technologies for tracking dairy cows were compared and factors such as accuracy, sampling
frequency, battery life, cost, etc. were considered in a survey by Huhtala et al. [34].
According to this survey, many solutions had limited battery life, ranging from a couple
of hours to a few days, issues with scalability, or high system costs. The 5.8 GHz radar
system [48, 49] previously mentioned was evaluated, and it was noted that the battery
life of this system only lasted a few hours and that it is relatively expensive (60,000e for
tracking 10 animals). A 2.4 GHz Wi-Fi solution was instead proposed as a cost efficient
and accurate solution [34].
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Chapter 3

System design proposal, details,
and rationale

The theoretical overview, comparisons, and evaluation of systems set the foundation for
the choice of experimental platform and system design proposal. The choices that are
made include the type of technology, measurement principle, and topology. This chapter
presents and justifies those choices, and explains the experimental setup in full detail.
Furthermore, additional theoretical details needed for the realization of the system are
presented.

3.1 Use case analysis

Since the system is to be used for locating and tracking dairy cows in a barn, additional
knowledge about the typical behavior and movement patterns of these animals in the
intended environment provide useful insight to the system design. The type of information
that the system should provide depends on the user needs. Study visits were conducted to
a designated farmyard for testing and development of new products. The animals’ behavior
and environment could then be briefly investigated and knowledgeable individuals were
at hand to answer questions. For instance, the “typical behavior of dairy cows consist of
periods of unchanging activity, i.e. the animals spend long periods of time in continuous
stationary activities, such as resting, eating, or ruminating, with intermittent periods
of movement,” according to Göran Eriksson (29th February, 2016), an agronomist and
system specialist.

The experimental farm building has a rather open indoor environment with four sets
of cubicles and one wide feeding rack in the middle. Dairying equipment is located in
neighboring rooms. A simplified illustration of the main area for the dairy cows in the
building can be found in Appendices A and B. It is characterized by multiple heavy steel
support beams towards the middle, each cubicle also consisting of metal bars. This is

19



Chapter 3. System design proposal, details, and rationale

how most loose housed freestall barn are built. Newer farm buildings typically have fewer
support beams. Moreover, several food dispensers, waterers, and other utilities for cow
wellness and quality-of-life are placed throughout the facility. Piping for water, food,
etc., is also plentiful. These aspects are all important to consider in terms of choosing
appropriate aspects for an IPS.

Regarding the positional information, “[. . . ] it is more interesting to know when and how
the animals are moving, rather than only knowing where they are at fixed time intervals,”
said Göran Eriksson during another discussion, and also suggested that it might not
be necessary to provide position estimates more often than 5 min apart, but that the
estimates should probably not be further apart than 15 min. This type of positioning
system would therefore be sparse in terms of the update frequency, but fit the movement
patterns and activities of the dairy cows well. During the study visits, it was also revealed
that an accuracy of the size of a cubicle in the freestall barn, which has an area of
approximately 2.6× 1.3 m2 each, would be considered sufficient.

3.2 Considerations for the technology and measurement
principle

An IPS has several codependent factors to consider. A choice of topology may affect the
choice of technology or measurement principle, and vice versa. An important factor to
consider is LOS capabilities. For a dairy cow IPS, there are bound to be many scenarios
where LOS simply is not possible. Therefore, NLOS capabilities are considered a required
trait for the system proposal. The measurement principles that exhibit this trait the most
are RSS, COO, fingerprinting, and DR. Whereas the results of these methods may vary
depending on implementation and LOS, it should be possible to create an estimate at
any given time. The structural characteristics of the barn, and the difficulty of mounting
electronics on animals, set further restrictions on the applicability of certain technologies.
For instance, without risking harm to the animal, it is difficult to guarantee a certain
sensor position or orientation. This further complicates systems requiring LOS.

3.2.1 Choice of measurement principle

The principles mentioned above share similar characteristics in terms of complexity. COO
is the simplest alternative, but require a dense deployment of sensors in order to provide
accurate position estimates. If COO was to be used, many anchor nodes would be required
for the desired accuracy. Fingerprinting and RSS are two principles that work similarly.
Even though there are more technologies available for fingerprinting, such as magnetic
mapping, such methods require tedious offline preparations. Moreover, there is a risk of
having to reconfigure the system given environmental changes or influence of the animals.
RSS may be slightly more adaptive to these factors, or could benefit from reference

20



3.3. Experimental platform and peripherals

nodes broadcasting their position. Due to reasons of sensor position and orientation, DR
appears to be a difficult concept to realize for dairy cows without investing heavily on
data collection and analyzing cow movement patterns. DR is typically used to improve
accuracy to centimeter scale which is not required for dairy cows. However, methods such
as “step counting” are easier to implement and could provide the system with additional
information. For these reasons, RSS and propagation models seem most applicable and
are used in the proposed system.

3.2.2 Choice of technologies

Radio technologies are widely used and often adopt the RSS measurement principle.
Wi-Fi technologies are most commonly used and have been proposed as a suitable
alternative for this environment, as per a comparison by Huhtala et al. [34]. However,
using Sub GHz transceivers instead of Wi-Fi transceivers have been shown to increase
battery runtime by 48 % in these type of systems [38]. Moreover, Sub GHz frequencies are
less attenuated by walls and structures [8, 14], pass through liquid bodies more easily [14],
and have longer range [41] than their higher frequency counterparts. This suggests that
these frequencies are suitable for an energy efficient system to be used in freestall barns
where steel structures and animal bodies may interfere with the radio signals. There
has been little research on using these frequencies for this purpose, especially in this
environment. Given this rationale, 434 MHz radio transceivers are to be used to perform
the positioning.

Furthermore, additional knowledge about the dairy cows’ movements may be of interest.
Investigating the usefulness of accelerometer data without using DR algorithms, as a
mean of conserving energy, e.g. by dynamically changing localization frequency based on
detected movement. Accelerometers have come far in terms of using a small amount of
energy, but are seldom used alone in DR. Gyroscopes are often used in combination to
mitigate accelerometer noise issues, but draw considerably more current. These sensors
should not be completely excluded from the experimental setup, as incorporation of these
technologies have been shown to increase localizability [30].

3.3 Experimental platform and peripherals

The hardware decisions for the experimental platform are influenced by how easy the
hardware is to implement for quick prototyping, means of measuring energy, and ability
to use high level programming languages or easy-to-use libraries. Similar hardware should
be able to be used in a final system developed for customer use.
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3.3.1 Hardware choices for the mobile unit

The radio technology and the processing chipset for the experimental mobile unit is
developed by Silicon Labs1. The mobile unit uses a EZR32WG Sub-GHz, low power,
wireless 32-bit MCU based on a ARM Cortex-M4 processor. The MCU has ultra low
power operating modes and fast wake-up times. Typical energy consumption for the
various MCU energy modes are tabulated in table 3.1. It should be noted that the current
for energy mode 0 (EM0) and energy mode 1 (EM1) varies slightly depending on which
processor frequency is used, the values tabulated are the average value of those presented
in the data sheet.

Table 3.1. Relevant energy characteristics for the ARM Cortex-M4 MCU, modified from [50].

Property Symbol Value Unit

Supply voltage VM,CC 3.3 V
Energy mode 0 current (avg.) IM,EM0 236.0 µA/MHz
Energy mode 1 current (avg.) IM,EM1 73.5 µA/MHz
Energy mode 2 current (typ.) IM,EM2 0.95 µA
Energy mode 3 current (typ.) IM,EM3 0.65 µA
Energy mode 4 current (typ.) IM,EM4 20.0 nA

Internally, the MCU communicates with a Si4455 radio chipset for the wireless commu-
nication which features variable transmission power, as well as low standby, transmit,
and receive power consumption. Apart from the promising energy characteristics, the
development kit (SLWSTK6221A) and the accompanying integrated development envi-
ronment (IDE), Simplicity Studio, current consumption can be measured via the included
advanced energy monitoring (AEM) tools while the application is running. This circuit
has a measuring range of 0.1 µA to 130 mA. The typical energy consumption for the
radio module is illustrated in table 3.2.

Table 3.2. Relevant energy characteristics for the Si4455, modified from [50].

Property Symbol Value Unit

Supply voltage (typ.) VR,CC 3.3 V
Sleep current (typ.) IR,ST 40.0 nA
TX current (typ.) IR,T X 18.0 mA
RX current (typ.) IR,RX 10.0 mA

1Website available, https://www.silabs.com, visited 10th February, 2016.
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The radio characteristics are tabulated in table 3.3, which includes relevant data for both
radio reception (RX) and radio transmission (TX). To be noted is that the RX sensitivity
is dependent on the transmission data rate, and the value displayed in the table is the
median value of those in the data sheet.

Table 3.3. Relevant Si4455 radio characteristics for the anchor nodes and mobile unit, modified
from [51].

Property Symbol Min Typ Max Unit

TX/RX frequency range FT XRX 425.0 — 525.0 MHz
RSS resolution RESRSSI — 0.5 — dB
RX sensitivity PRX — −108.0 — dBm
(G)FSK data rate DRF SK 1.0 — 500.0 kbps
Output power range PT X −40.0 — 13.0 dBm
SPI frequency FSP I — — 8.0 MHz

The sensitivity is of utmost importance for RSS measurements whereas the execution
time (transmission time) is of utmost importance for the energy consumption. In fig. 3.1,
the relation between transmission time, data rate, and rate of transmission (transmission
interval) is depicted. Note that the data rate displayed in fig. 3.1b is 10 kbps, which is
the lowest rate presented in fig. 3.1a.
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The lower the data rate, the narrower the receive bandwidth is and the greater the
sensitivity of the radio. It is clear that the higher the data rate, the less time the system
needs to expend power when transmitting. However, higher data rates reduce sensitivity,
leading to a need for higher output power to achieve sufficient range [52]. Since sensitivity
is crucial for RSS measurements a low data rate is used to increase the robustness of the
system. The experimental platform’s radio module utilizes a 434 MHz frequency, a data
rate of 10 kbps, and an output power of 10 dBm, which are set using a configuration tool
in the included IDE.

Additionally, an inertial measurement unit (IMU) containing an accelerometer (and
an unused gyroscope and magnetometer), is also connected to the mobile unit. The
unit is an MPU-9250 by InvenSense2. This choice stems from low energy consumption
characteristics, which are presented in table 3.4, widely available software libraries, and
application programming interfaces (APIs). It should also be mentioned that the sensor
was partly chosen because of its support of the serial peripheral interface (SPI) protocol,
which has been shown to be superior in terms of energy consumption to other popular
communication interfaces [53].

Table 3.4. Relevant energy characteristics for the MPU9250, modified from [54]. Note: Table
presents accelerometer data only.

Property Symbol Min Typ Max Unit

Supply voltage VA,CC — 3.3 — V
Sleep current IA,ST — 8.0 — µA
Low power mode current IA,LP 8.4 — 19.8 µA
Active current IA,A — 450.0 — µA

3.3.2 Hardware choices for the anchor nodes

To ensure compatibility with the mobile unit radio protocols, two separate Si4455
development kits (EZR-LEDK2W-434) by Silicon Labs containing four Si4455 radio
modules that can be detached from their accompanying MCU were used. These modules
follow the same energy and radio characteristics as presented by tables 3.2 and 3.3
respectively. Four anchor nodes can be designed using these modules which is one more
than the theoretical minimum for deterministic position estimation. Moreover, time
constraints and node placement in the experimental barn limited the use of further anchor
nodes.

The modules are capable of performing RSS measurements with a resolution of 0.5 dB
which is latched upon data reception. Theoretically, it should be possible to measure

2Website available, http://www.invensense.com, visited 16th February, 2016.
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RSS several times upon incoming transmission, but was not a priority here as deriving a
measurement to a known source is deemed more important.

Similar to the EZR32WG, the radio modules come with a configuration tool to generate
header files that can be used for the chipset initialization process. These radio modules
are used for the anchor nodes which for reasons of quick prototyping are based on
Raspberry Pi 2 Model B by the Raspberry Pi Foundation3. The ability to use almost any
programming language of choice, the data processing capabilities of the processor, and
the fact that energy optimization will not be done for the anchor nodes, motivated this
selection of hardware. The communication between the radio module and the Raspberry
Pi is done via SPI.

3.3.3 Overview of the system hardware and infrastructure

An overview of the system infrastructure is depicted in fig. 3.2, where the configuration
of a single anchor node and a single mobile unit are displayed. To keep in mind is that
the radiofrequency transmissions are broadcasted and not direct transfers.

Raspberry Pi
Radio mod-
ule (Si4455)

SPI
Master unit

SSH/SCP

Wireless
MCU (ARM
Cortex-M4)

Wireless chipset
(Si4455)

SPI
IMU (MPU-9250)

SPI

RF

Anchor nodes

Mobile units

Figure 3.2. The overall system architecture and communication interfaces used for the exper-
imental platform. Dashed arrows indicate wireless data transfers, whereas solid
arrows indicate wired data transfers.

The anchor nodes are standalone once the software is executing. The master unit only
communicates with the nodes when necessary, e.g. to fetch collected data or to provide a
new instruction or function.

3.4 System design and algorithm proposal

The core idea of the system proposal is that with the use of RSS information, the system
will be able to calculate sufficiently good position estimates. A relation between the

3Website available, https://www.raspberrypi.org, accessed 12th February, 2016.
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number of packets averaged, n, the estimation period, T , and position accuracy against
energy consumption has previously been studied by Tarrío, Cesana, and Redondi [15],
for a system which incorporated RSS and DR. Due to the difficulties of designing such
a system to have sufficiently low energy consumption, and to implement proper DR
algorithms for dairy cows, given uncertain sensor orientation, etc., DR is not considered
for the experimental platform.

Adding a sensor such as an accelerometer will inevitable increase periodic current con-
sumption. However, the hypothesis is that using accelerometer data and smart algorithms,
overall current consumption can be optimized to a certain energy budget at any given
time, prolonging total longevity. Therefore, a suitable approach is to utilize the ac-
celerometer data to adjust the sampling frequency of the RSS position estimates, rather
than have the animals’ position be estimated at fixed time intervals. This allows the IPS
algorithm to be more adaptive, and possibly provide more information about the animals’
movements. The positional information would be more frequent when movement occurs,
thus better relating to the animals’ actual behavior.

Due to the placement of the device on the animal’s collars, and the usage of accelerometer
data in this IPS, only one axis of accelerometer data should be necessary; the axis along
the body of the animal. This is due to the data produced along this axis is not affected
by the uncertainty of orientation. No matter how the collar is rotated, this axis of the
device is likely to remain the same.

With this base system idea, it is possible to propose a system solution for the mobile unit,
in which only the aspects presented above are accounted for. The proposed algorithm’s
flow chart can be seen in fig. 3.3. The parameters that can be dynamically set in each
cycle is the time period between position estimations, T, and the number of packets or
measurements, n, to be used for position estimation.
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IMU
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False

True

Figure 3.3. Flow chart of the general algorithm and software running on the mobile unit.

The time period is adjusted between two limits (T_MIN, T_MAX), these limits need to be
determined to provide useful information given the use case. As previously established,
it is suggested that the minimum and maximum time periods could be around 5 min and
15 min. The number of packets to be transmitted and used as averaged measurements
is hypothesized to influence accuracy. The algorithm will try to maximize the number
of packets, in relation to the available energy budget. The variables K and S represent
scaling factors to accomplish this. K relates the movement detection count to a time
period decrease and S scales the number of packets to use for positioning to the available
energy for that time period.

The radio data frames are structured as illustrated by fig. 3.4. The preamble consist
of a standard 1010 pattern which is used to recognize incoming packets. The preamble
is followed by a 2 byte synchronization word (0x2D 0xD4). A cyclic redundancy check
(CRC) is calculated for the payload using a CRC-8-CCITT polynomial (0x07) and an
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initial seed of 0x00. This detects and marks erroneous transmissions for removal before
logging them for statistical purposes.

The payload consist of a unit identifier which corresponds to which mobile unit is
transmitting, a type specifier which communicates to the anchor nodes what the following
data is to be used for, and finally four bytes of experiment specific data. The experiment
specific data is for the first two bytes (loc) a location specifier which corresponds to
which coordinates are being visited and the following two bytes are dedicated to a packet
counter and refers to the number of packets transmitted, n. This data frame should be
kept as short as possible to minimize energy consumption, which has to be considered
for future development.

. . . sync

i
d

t
y
p
e loc pkt

c
r
c . . .

Packet preamble, std. 1010 pattern (≥ 40 bits)

Payload

2 1 1 2 2 1 byte(s)

Figure 3.4. Illustration of a data frame used in the modeling of radio propagation and radion-
avigation experiments in the freestall barn. The four bytes occupied by loc and
pkt have different content depending on the experiment type.

3.5 Impact of topology on energy consumption

The choice of topology is likely to affect energy consumption to a large degree, and the
main components that affect energy consumption will be the different radio operations.
In all topologies, there is an expected energy consumption based on accelerometer
operations, EA, and computation, EM . These two are considered approximately the
same throughout the different topologies, or negligible in comparison to the radio energy
consumption.

A self-positioning system would have to listen to the radio traffic being transmitted by
anchor nodes and then calculate its own position. For this estimate to be usable, it has
to be periodically transmitted back to the anchor nodes. This is because the mobile unit
in this use case scenario does not need to know its own position. For a perfectly synced
self-positioning system the energy consumption would then be

E = ER + EA + EM = ERX,m + ET X,p + EA + EM =
= (ηnVR,CCIR,RXtm) + (VR,CCIR,T Xtp) + EA + EM

(3.1)
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where ERX,m is the energy required to receive messages from the η available anchor
nodes in order to perform the RSS measurements, and ET X,p is the transmission of the
calculated position. The time to receive one measurement packet is tm and the time it
takes to transmit the estimated position is denoted tp.

Since is not necessary to transmit the location back to the mobile unit given the use case
scenario of the proposed system, a synchronized remote positioning system will have the
energy consumption given by

E = ER + EA + EM = ET X,m + EA + EM =
= (nVR,CCIR,T Xtm) + EA + EM .

(3.2)

This evidently reduces the radio operations for the mobile units significantly. What
remains is, given that tm is not vastly different (e.g. hugely different data frame lengths)
for the two topologies, that the currents IR,T X and IR,RX , and the number of anchor
nodes η determine the differences in radio energy draw. The remote positioning system
does not have to account for η since several different nodes can receive at the same time.
Using a secondary protocol (e.g. a wired bus) to transfer measurement data between
the anchor nodes or to a main processing device negates the need for additional radio
usage. The current consumption of the experimental platform’s TX operations is larger
than the RX operations, but only by a factor of 1.8 (see table 3.2) whereas η ≥ 3 for
a deterministic estimate. This means that the remote positioning system will be more
energy efficient than the self-positioning system.

An indirect self-positioning system resembles the self-positioning system, except for
that the position estimation would take place on the anchor node. This reduces the
computation in the mobile units but requires similar radio operations, i.e.

E = ER + EA + EM = ERX,m + ET X,RSS + EA + EM =
= (ηnVR,CCIR,RXtm) + (VccIR,T XtRSS) + EA + EM

(3.3)

where ET X,RSS and its corresponding time parameter tRSS refers to the transmission of
the collected measurements. In this topology, averaging of the measurements would likely
be done in the mobile units to minimize the amount of data to be sent over radio.

Finally, an indirect remote positioning system can immediately be disregarded. The
mobile unit need not be aware of their own position, and an indirect remote positioning
system would require several additional steps to retrieve the location estimate. First,
the mobile unit would transmit packages that the anchor nodes could measure. The
measurement result would then be transmitted to the mobile unit in question, where the
position estimate would be calculated. To finally retrieve this estimate, it would have
to be transmitted once more back to the anchor nodes. It is evident that this is not a
feasible approach for this application.
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3.6 Propagation modeling and distance estimation

RSS based IPS require a so called propagation model to estimate distance between the
mobile unit and anchor nodes. These, often statistical, models are of varying complexity
to cover different situations, such as path loss in multipath propagation scenarios [55].
The end result is a model between the signal attenuation and the distance between the
units. These models are typically empirically determined [28, 41, 55] with the exception
of the free space (vacuum) model given by

P (d) = 10 log10

(4πd
λ

)2
(3.4)

where P (d) denotes the path loss as a function of the distance d, and λ is the wavelength
of the radio signal. This model is typically extended to compensate for unknown sources
of signal perturbations. One of those models is the one-slope model [28, 41, 55] and
requires empirical estimates of its coefficients. It is defined by

P (d, α) = P (d0)− 10α log10

(
d

d0

)
(3.5)

where d0 is a reference distance, often chosen to d0 = 1 m, and α is the so called
propagation exponent. The one-slope model is commonly used in these type of systems
for its adequate accuracy and relative simple form. Further additions to the one-slope
model are also possible. Examples include the Motley-Keenan model which adds a wall
attenuation factor based on the number of walls the radio signal has to penetrate [28, 41,
55], or Poisson based models to account for clustering of path arrival times [28], or other
various custom adaptations of the aforementioned models [41].

Due to the low number of thick walls and a relatively even distribution of structures and
objects throughout the freestall barn, the hypothesis is that the one-slope model will be
sufficient for these purposes.

3.6.1 Propagation characteristics of the experimental hardware

The propagation of the radio waves are expected to follow the one-slope model. However,
there is bound to be some variance in the measurements. If slow fading (shadowing)
is assumed, then the deviation and measurement noise of the signal strength can be
approximated to be additive white Gaussian noise [28], i.e. have a normal probability
density function (PDF) with a mean of zero and a standard deviation of σ, i.e. N (0, σ).
The model may therefore be described by

P (d, α) = P (d0)− 10α log10

(
d

d0

)
+N (0, σ) . (3.6)
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To get an overview of the distribution of the measurements, the devices are first set at a
reference distance d0 = 1 m from each other. The mobile unit then executes a program
in which 5,000 packets are transmitted at a rate of 9 Hz (a total transmission time of
just under 10 min). Each transmission payload is logged on a anchor node along with
the packets’ latched RSS values. The distance between the devices is then changed to
d1 = 20 m and the process is repeated. Let r1, r2, . . . , rn be RSS measurements from
the distribution P (di, α) given by eq. (3.6), then the expected value can be estimated
through the arithmetic mean

E[P (di, α)] = µdi
=⇒ (µdi

)∗
obs = r̄ = 1

n

n∑
j=1

rj (3.7)

and the variance of the distribution can be estimated through

Var[P (di, α)] = σ2 =⇒ (σ2)∗
obs = s2 = 1

n− 1

n∑
j=1

(rj − r̄)2. (3.8)

In fig. 3.5, the histograms for the RSS measurements at d0 = 1 m (fig. 3.5a) and d1 = 20 m
(fig. 3.5b) are displayed as measured in an hallway using 0 dBi antennas. The bin width
of the histograms is 0.5 dB, identical to the resolution of the radio measurements. The
RSS is very deterministic at close range ((σ2

d0
)∗
obs = 0.18) with close to almost all of the

5,000 packets being received at the same discrete RSS value. The standard deviation
appears to be increasing with the distance ((σ2

d1
)∗
obs = 1.13). One reason is the higher

likelihood of interference by other objects or signals at larger distances.
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Figure 3.5. Histograms for RSS measurements at d0 = 1 m and d1 = 20 m respectively. The
count of packets with a specific RSS value are displayed using bars whereas the
estimated normal PDF is plotted as a line, scaled to the area of the bars.
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As an end note, if multipath propagation occurs, then the variance of the signal strength
can no longer be modeled as a normal PDF. Instead, the path loss is Rayleigh dis-
tributed, and should be modeled as such [28]. Due to the the barn layout, slow fading is
assumed.

3.6.2 Trilateration and deriving position estimates

Since the standard deviation of the signal strength appears to increase with distance, it
may be necessary to account for this when estimating the position. The measurements
of the closest node is likely the most reliable (attenuation should be more prevalent
than amplification), and a weight factor can be introduced inversely proportional to the
distance. Moreover, the logarithmic nature of the model means that the resolution will
be worsened the farther away the mobile unit is. The coordinates in two dimensional
space can be given by solving a system of equations of euclidean distances

di =
√

(xi − x)2 + (yi − y)2 (3.9)

where di is the distance to anchor node i which has coordinates (xi, yi), and p = (x, y) is
the coordinates of a mobile unit [55]. To be noted is that the z (height) component has
been left out in this representation. The height difference is likely to be approximately
the same throughout all positions in the freestall barn and will therefore not be subject
to estimation. Moreover, the height difference is much smaller and therefore negligible
in comparison to the other length differences. Equation (3.9) is a non-linear equation
and cannot be directly solved using numerical methods such as ordinary, linear LSQ
estimator.

It is possible to see that at least three anchor nodes are necessary to deterministically
estimate a coordinate pair. Solving the system can be done using non-linear least
squares (NLSQ) estimation. Additionally, adding a weight factor would consider that
measurements at a larger distance from the anchor nodes are more unreliable. In principle,
NLSQ problems consist of a vector function f : Rn 7→ Rm and the goal is to find the

p∗ = arg min
p

(F (p)) (3.10)

where the function whose arguments are subject to minimization is

F (p) = 1
2

m∑
i=1

(fi(p))2 = 1
2 f(p)T f(p). (3.11)

and there are several methods of solving these type of systems; general optimization
methods, the Gauss-Newton methods, the Levenberg-Marquardt Method, Powell’s Dog
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Leg Method, and others [56]. Most of these methods depend on calculating the Jacobian,
J(p) ∈ Rm·n, and using that for the estimation. For positioning, the function to be
minimized is

f(x, y) = d(x, y)− d∗
obs (3.12)

where d(x, y) is given by eq. (3.9) above, and d∗
obs is the estimated distances from the

mobile unit to each anchor node. Minimizing the residuals of this function yields the
(x, y) coordinates of the mobile unit with the best fit to the measurements.

Finally, the weight factor, w, can be added by multiplying eq. (3.12) by

w = 1� d∗
obs =⇒ fw(x, y) = f(x, y)� d∗

obs (3.13)

where � denotes Hadamard (element-wise) division, and fw(x, y) is the weighted residual
function. Consequently, applying eqs. (3.10) to (3.11) to this results in examining the
weighted residuals, where the node that has estimated the largest distance is trusted
the least. The end result is the weighted estimate of the coordinate pair, i.e. p∗

obs =
(x∗

obs, y
∗
obs).
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Chapter 4

Optimization strategy

With the system design proposal an optimization strategy can be developed. The opti-
mization criteria, the optimization strategy derived modified from an existing framework,
and investigation of the experimental platform, are presented in this chapter. Finally,
the optimal hardware parameters are found through simulation of the experimental
platform.

4.1 Optimization framework

The core assumption of the proposed system is that the number of RSS measurements
averaged affects the position accuracy as well as the energy consumption. That is,
increasing the number of packets, n, should increase accuracy while increasing energy
consumption. Moreover, the estimation period, T , between the estimates affects the
system’s dynamic accuracy as well as the energy consumption within this interval. The
position accuracy must be sacrificed in order to ensure the battery life time for a decreased
estimation period.

The more often an estimate can be provided during the desired lifetime, the better. Very
little research has been found of this particular trade-off. One study in which a RSS
and DR system had this relationship scrutinized was performed by Tarrío, Cesana, and
Redondi [15]. The parameters for that study were the number of RSS measurements as
well as the estimation frequency for which to reset DR estimates in order to mitigate
drifting estimates.

A framework for optimization was proposed in the same study. This framework established
the optimization problem using two separate forms of evaluation. Either the optimal
variable values are found through minimization of energy consumption using a target
accuracy, or the position error is minimized with respect to the available energy. For
the proposed system in this thesis, the optimization problem is that of the latter. The
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available energy is already determined by the hardware and energy source, so the question
remains how to minimize the position error. This can be formalized through

min e(n, T ) :


E(n, T ) ≤ Emax

Tmin ≤ T ≤ Tmax

n ≥ 1
(4.1)

where e(n, T ) is the position error, E(n, T ) is the energy consumption, Emax the maximum
available energy consumption, and T is the estimation period of which Tmax and Tmin

are the boundary values.

4.2 Optimization criteria

In order to use the optimization framework it is required to properly define the criteria
by which the optimization shall be measured. In this case, it is desired to increase the
position accuracy while maintaining the energy budget. To this end, it is required to
describe how energy consumption and position accuracy are defined.

4.2.1 Position accuracy

The position accuracy is defined as the performance of the localization, and is evaluated
based on the positioning error for each position estimate. If the true coordinates for
reference coordinate number i are given by (p)i = (x, y)i and the j-th estimate is given
by (p∗

obs)i,j = (x∗
obs, y

∗
obs)i,j then the error for that estimate is given by

ei,j = (p)i − (p∗
obs)i,j . (4.2)

This error measures takes into consideration both the error in the x and y coordinates,
as well as the sign of the error. A more intuitive performance measure is the absolute
distance the estimate is off by, which is simply the euclidean distance from the estimate
to the correct coordinate, i.e.

‖ei,j‖ = ei,j =
√(

(x)i − (x∗
obs)i,j

)2 +
(
(y)i − (y∗

obs)i,j
)2 (4.3)

which gives the absolute error distance for reference coordinate number i and estimate j.
When comparing performance to other systems, the root mean square error (RMSE) is
typically used, which for reference coordinate number i and estimates j = {1, . . . ,m} is
in this case defined by
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RMSEi =

√√√√ m∑
j=0

e2
i,j

m
(4.4)

as the name indicates. This value can also be compared to the mean absolute error
(MAE) to evaluate the variance of the errors, defined as

MAEi =
m∑

j=0

|ei,j |
m

(4.5)

and will always be less than or equal to the RMSE. The greater the difference between
the two, the larger the variance of the individual errors. Likewise, also summing over all
available reference coordinates i and dividing by the number of reference coordinates, both
for the RMSE (within the root sign) and MAE gives an overall measure of performance
for the system as a whole.

Moreover, the precision of an IPS is used to describe the reliability of the estimates. To
do this, the empirical cumulative distribution function (CDF) of the absolute estimation
errors ei, j is used and the location of the 90th percentile is compared. The CDF is for a
discrete random variable R defined as

CDFR(r) = PDF (R ≤ r) =
∑
ri≤r

PDF (R = ri) =
∑
ri≤r

p(ri) (4.6)

where PDF (·) is the PDF and p(ri) is the probability for the value ri. The CDF must
be empirically determined from the measurement data. By evaluating the CDF and
the 90th percentile, it is possible to draw conclusions on the precision of the system in
terms of “90 percent of the estimates are less than e meter” where e is some absolute
error.

Moreover, for an unbiased maximum likelihood estimator (MLE), the variance of the
position estimate will always be higher or equal to the Cramér-Rao lower bound (CRLB).
The CRLB for the one-slope model has been approximated by

σcrlb '
σ

α
√
n
a
√
Sηb (4.7)

where σ is the variance due to multipath propagation, n is the number of averaged
measurements, S = πr2 is the area covered by one of the η anchor nodes and a > 0 and
b < 0 are fitting parameters [15]. To be noted is that b is expected to be negative, resulting
in a decreasing variance for an increasing number of anchor nodes. This approximation
is also only valid for slow fading or shadowing effects.
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4.2.2 Energy consumption

The energy consumption can be categorized by the different tasks. The energy con-
sumption for one position estimate can in that case be, as already established, given
by

E = ER + EA + EM (4.8)

where ER, EA and EM represent the total energy consumption required to provide one
position estimate by RSS measurements. Since all components utilize the same supply
voltage,

VR,CC = VA,CC = VM,CC = V, (4.9)

the following equations examine the energy as voltage times charge referred to as ampere-
seconds (A s) or coulomb (C), which is equal to energy (V A s or J).

The tasks performed between two position estimates are part of a position cycle, which
covers a time period T . During this cycle, the mobile unit performs tasks related movement
detection (accelerometer sensing), time keeping, radio operations, and computations. The
first component of eq. (4.8), ER, covers the energy consumption of the radio unit within
the MCU. This included data handling in TX operations and communication between
the peripherals and the MCU. It is defined by

ER = VR,CC(IR,T XntT X + IR,ST (T − ntT X)) (4.10)

where IR,T X and IR,ST represent the current levels of the radio chip when in TX operations
and in standby. T is time period of a cycle, tT X is the time it takes to transmit one
packet, and n is the number of transmissions.

The energy consumption of the accelerometer, EA, covers the measurements it performs,
data filtering, data processing and communication to and from the MCU. This energy
consumption for a complete cycle is given by

EA = VA,CC(IA,AXtA + IA,LP (T −XtA)) (4.11)

where X represents the stochastic variable which covers the number of possible movement
detections in a cycle. X is normal distributed with an unknown expected value µ and
variance σ. X is also a natural number, i.e. N (µ, σ) ∈ N, and depends on the detection
threshold. IA,A and IA,LP represent the active and low power current consumption of
the sensor. tA represent the time it takes from a movement detection is registered until
the accelerometer re-enters its low power mode.
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The last energy component EM represent other computations required to be performed
by the MCU, such as time keeping, scaling the time period according to the activity
level, handling the communications to both the radio and the accelerometer, etc. The
energy consumption of the MCU is also dependent on the execution times of the radio
and accelerometer tasks, and is given by

EM = VM,CC(IM,EM0(XtA + ntT X + tM ) + IM,EM3(T − (XtA + ntT X + tM ))) (4.12)

where tM covers the time consumed by the tasks performed by the MCU besides the
radio and accelerometer tasks.

4.3 Mobile unit energy optimization

The energy consumption and system lifetime can be evaluated in a feasibility study. The
system proposed will vary its estimation frequency in response to the movement detected.
Therefore, the ability to detect as much activity as possible within the available energy
budget is crucial for the system’s functionality. Maximizing the number of the detected
movements, i.e. the stochastic variable X, and finding the minimal energy consumption
possible for the remaining tasks is therefore an area of interest. Given a desired lifetime
LD for the mobile unit and the variables which can be adjusted in the system, the
theoretical amount of movement detection for the available energy budget is investigated.
This is done by using the equations eqs. (4.8) to (4.12) and solving the system for Xmax.
The expected lifetime can be described as

LD = cT (4.13)

where c represents the number of times (hereafter “cycles”) that the period T fits in the
desired lifetime LD. The number of cycles, is in turn given by

c = Etot

E
(4.14)

where Etot represents the total energy available in the system’s battery. This means that
combining eqs. (4.13) and (4.14) and solving for E gives

E = EtotT

LD
. (4.15)

Rewriting eqs. (4.10) to (4.12) as the sum of the active and standby energy consumption
for the radio gives
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ER = VR,CC((IR,T X − IR,ST )︸ ︷︷ ︸
DR

ntT X + IR,STT︸ ︷︷ ︸
CR

) = VR,CC(DRntT X + CR) (4.16)

where tT X is the amount of time needed to transmit one packet, DR is a the difference
between the transmission (IR,T X) and standby current (IR,ST ), and CR is the constant
charge consumed by the standby current. Similarly, for the accelerometer, the energy
consumption can be written as

EA = VA,CC((IA,A − IA,LP )︸ ︷︷ ︸
DA

XtA + IA,LPT︸ ︷︷ ︸
CA

) = VA,CC(DAXtA + CA) (4.17)

where tA is the time necessary to process an accelerometer interrupt. Finally, the energy
consumed by the operations of the MCU can be written in a similar fashion as

EM = VM,CC((IM,EM0 − IM,EM3)︸ ︷︷ ︸
DM

(ntT X +XtA + tM ) + IM,EM3T︸ ︷︷ ︸
CM

)

= VM,CC(DM (ntT X +XtA + tM ) + CM ).
(4.18)

Finally, combining eq. (4.8) with eqs. (4.15) to (4.18) gives the maximum number of
accelerometer interrupts, i.e. the number of times movement is detected, as

Xmax =

EtotT

LDV
− ((DR +DM )ntT X +DM tM + CR + CA + CM )

(DM +DA)tA
. (4.19)

For the given parameters and the use case of the system, the theoretical maximal number
of movement detections for the available energy can be computed. It is desired that
for the given time period limits and the desired lifetime, for the limit to be maximized,
as that will minimize the energy consumption of the system. In table 4.1 the possible
discrete values available for each parameter is displayed.
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4.3. Mobile unit energy optimization

Table 4.1. The parameters and possible values by which the system can be optimized.

Property Symbol Range Unit

Lifetime desired LD 1, 2, 3, . . . , 10 year
Estimation period T 1, 5, 10, . . . , 60 min
MCU clock frequency FM 1.2, 6.6, 11, 14, 21, 28, 48 MHz
Accelerometer update FA 0.24, 0.49, 0.98, 1.95, 3.91, 7.81,
frequency 15.63, 31.25, 62.50, 125, 250, 500 Hz
Packets transmitted n 1, 2, 4, 8, 16, 32, 64, 128 —
Transmission rate fT X .. 1, . . . , 60 Hz

With these parameters, how the available energy per cycle depends on the desired life
time is graphed in fig. 4.1. Evidently, a shorter desired lifetime means more energy
available for each cycle and a linear relationship can be seen for the estimation period, T .
The difference for each estimation period quickly decreases and for a lifetime of more
than 5 years, the biggest effect on the energy available becomes the period time. For a
longer estimation period, the more energy is available. At the same time, the longer the
period, the more scarce the position estimates are.
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Figure 4.1. Energy available per cycle as function of desired lifetime and period time.

Comparisons to the use case scenarios of the system must be made here. A system with
too long estimation periods does not provide enough relevant information for the use
case of the system. The difference between the energy available for a lifetime of 5 years
compared to a lifetime of 10 years is much less than the difference between 4 and 5 years
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Chapter 4. Optimization strategy

of lifetime in terms of the estimation period. Once again, this is regardless of the time
limits.

The evaluation of eq. (4.19) can be seen in figs. 4.2 and 4.3. The maximum theoretical
movement detection value Xmax = 116 counts/cycle is found for a minimum amount
of radio transmissions, n = 1. The MCU clock frequency of 6.6 MHz appears to be an
optimal parameter value, balancing the trade-off between each task’s execution time
increase with the lower current level achieved by a slower MCU frequency. Before the
energy consumption due to increase in execution time becomes larger than the gain
achieved by a lower current level. Regarding the desired lifetime, in fig. 4.2 it can be
seen how the increase in desired lifetime for the mobile unit demands for an overall lower
energy consumption, forcing the accelerometer update frequency FA to have a limit of
around 60 Hz when a lifetime of 10 years is desired, while the possible highest frequency
is available with a lifetime of 1 year.
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Figure 4.2. IMU max count as function of FA and FMCU for 2 different desired lifetimes.

When evaluating the radio energy consumption (fig. 4.3), it is also clear that the optimal
operation point for the MCU clock frequency is 6.6 MHz. The results here show that the
higher the radio transmission rate, the more energy that will be available for movement
detection, and that for a certain time period between 5 and 15 min respectively, the are
only certain amount of movement detection that can be achieved if a certain lifetime is
desired.
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4.4. Battery lifetime simulation
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Figure 4.3. IMU max count as function of radio transmission rate and FMCU for a lifetime of 5
years.

Since the energy available decreases less due to desired lifetime after 5 years, than by the
time period, and the maximum possible movement detections for a lifetime of 5 years
is high enought for a time period of 5 minutes, the time limits of 5 min to 15 min are
feasible.

4.4 Battery lifetime simulation

For completeness, a worst case scenario is simulated for the mobile unit. The worst-case
execution time (WCET) uses, as a result of the maximal theoretical value for movement
detection Xmax, a value which surpasses Xmax. Moreover, the shortest time period, T , is
used. The simulations are performed with the parameters presented in table 4.2, so that
the relationship between energy consumption in different units and due to different tasks
could be evaluated.
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Chapter 4. Optimization strategy

Table 4.2. Simulation parameter boundaries for energy consumption optimization.

Property Symbol Range Unit

Estimation period T 5 . . . 15 min
MCU clock frequency FMCU 1.2, 6.6, 11, 14, 21, 28, 48 MHz
Accelerometer update FA 0.24, 0.49, 0.98, 1.95,
frequency 3.91, 7.81, 15.63 Hz
Movement detection rate Xmax 30 counts/min
Packets transmitted n 1, 2, 4, 8, 16, 32, 64, 128 —
Transmission rate fT X 1 . . . 60 Hz
Battery energy Etot 9.9 W h

With these parameters, the energy consumption for the radio unit, the accelerometer
sensor and the MCU were computed separately. In fig. 4.4, the energy consumption
of the radio unit as function of the time period and the radio transmission frequency
is presented. The figure is presented for the adaptive algorithm, where in the shortest
time period only 2 packets are transmitted and for the longest time period 8 packets are
transmitted per cycle. In order to better represent the energy consumption, the energy as
a function of time period is presented as the energy consumed for a time period in a time
interval of 15 minutes, i.e. the shortest time period of 5 minutes occurs 3 times during this
time interval and thus consumes about the same energy as a time period of 15 minutes.
From this figure, it is clear that an optimal point for the energy consumption of the radio
unit is to transmit all packets as fast as possible and as seldom as possible.

0
20

40
60 6 8 10 12 14

101

102

103

fTX [Hz] T [min]

E
n
er
gy

co
n
su
m
p
ti
on

[m
J
]

Figure 4.4. Energy consumed by the radio unit for transmitting one packet.
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4.4. Battery lifetime simulation

In fig. 4.5, the energy consumption of the accelerometer is presented by two surfaces,
the top one and bottom represent the MCU clock frequency of 48 MHz and 1.2 MHz
respectively. This figure shows the relation between the acceleration update frequency in
low power mode and the time period, which in turn changes the amount of movement
detections made to 10% of Xmax for the long period time. All possible energy consump-
tions due to variations in other parameters are presented by the space between the two
surfaces, for the IMU unit. Note that the difference in energy consumed as function of
update frequencies is higher when the MCU frequency is low. This relation applies also
to the period time, for low MCU frequencies, the difference in energy consumption as
function of the time period is higheer, than for high MCU frequencies.
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Figure 4.5. Energy consumed by the accelerometer sensor for the fastest and slowest MCU
frequency. Bottom surface is the slowest frequency, whereas the top surface is the
fastest frequency.

In fig. 4.6, the energy consumption of the MCU unit is presented as a function of its
own clock frequency and the radio transmission frequency. This is because the radio unit
requires the MCU to be in a EM0 state in order to be able to transmit radio packets,
and the time the MCU stays in that state depends on the transmission time for the
given number of packets to transmit. The figure displays a time period of 5 min and
in this case only 2 packets are transmitted. The optimal area is given for MCU clock
frequency 6.6 MHz to 21 MHz and radio transmission frequency 30 Hz to 60 Hz, as seen
by the minimum values in the surface.
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Figure 4.6. Energy consumed by the MCU, due to all the different tasks execution time, as
function of MCU frequency and radio transmission rate.

Combining the energy consumption of all the different units, provides the energy con-
sumption of the mobile unit, which can be found in fig. 4.7. This figure presents how
given a fixed amount of movement detections and a fixed number of radio transmissions
per period cycle, for the specific system, an optimal operational point is given by the
MCU performing operations with a clock frequency of 6.6 MHz. The lowest levels are
reached when the period cycle is the longest possible. This also covers the adaptive
part of the algorithm, adjusting the number of radio transmissions based on the energy
budget.

0
20

406 8 10 12 14

200

400

600

FMCU
[MHz]

T [min]

E
n
er
gy

co
n
su
m
p
ti
on

p
er

cy
cl
e
[m

J
/c
y
cl
e]

Figure 4.7. Energy consumption of the mobile unit as function of FMCU and time period for 2
to 8 radio packets, 0.24 Hz FA and 30 Hz radio transmission frequency.
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4.4. Battery lifetime simulation

As for the expected lifetime, it is presented in fig. 4.8 below, and varies between just
below 2 and just above 10 years, depending on the time period given by the movement
detection, and number of radio transmissions. For the WCET the mobile unit will
have exhausted all of the energy available in the battery after 2 years given a constant
movement detection rate of 30 occurrences per minute, 2 radio transmissions at a rate
of 30 Hz every 5 min with the optimal parameters. At the same time, if the amount
of movement detected is just 10 % of the WCET, the time period will become that of
15 min with a total of 8 radio transmissions, and the expected battery lifetime will be
extended to sligthly longer than 10 years. Since dairy cows stay stationary for longer
periods of time, it is likely that the expected lifetime will be more than 3 years.

10
20

30
40

6
8

10
12

14

0

5

10

FMCU [MHz]T [min]

E
x
p
ec
te
d
li
fe
ti
m
e
[y
ea
rs
]

Figure 4.8. Expected lifetime as function of FMCU and time period.

This evaluation proves that it is feasible to design an IPS with a desired battery lifetime
of at least 5 years. For the purpose of achieving this lifetime, the optimal parameter set,
and possible time periods, as well as theoretical maximum movement detections possible
in a cycle, are presented in table 4.3.

Table 4.3. Optimal parameters for the mobile unit given the intended use.

Property Symbol Value/range Unit

Estimation period T 5 . . . 15 min
MCU clock frequency FMCU 6.6 MHz
Accelerometer update frequency FA 0.24 Hz
Movement detection rate Xmax 30 counts/min
Packets transmitted n 1 . . . 16 —
Transmission rate fT X ≥ 30 Hz
Battery energy Etot 9.9 W h
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Chapter 5

Experiments and results

The experimental platform, its performance, methods and solutions are evaluated experi-
mentally in this chapter. The experimental procedure and results of the investigation
of the correlation between energy consumption and position accuracy are described.
Moreover, the validation of the system’s energy characteristics using the experimental
platform in order to determine the final battery life time is presented and compared to
previous simulations.

5.1 Position accuracy in relation to energy consumption

The performance of the positioning technique is evaluated experimentally in its indented
environment, characterized by numerous surrounding animals, other radio apparatus,
various pipelines, and metallic structures. Its theoretical limitations are also investigated
by the hardware and model limitations. The method of the experimental phase of this
evaluation is explained in detail below.

The system’s anchor nodes are set up in the freestall barn (which has a size of approxi-
mately 30×40 meter) at an height of 2.5 m each, with +2 dBi antennas facing upwards.
Four anchor nodes are used, as evenly spaced in the barn as possible. The anchor nodes
have radio coverage of the entirety of the barn which allows the system to log all incoming
packets. The received packets’ payload are logged along with timestamps and RSS values
using comma-separated value (CSV) file format. The mobile unit is kept at a constant
height of 1.5 m on average, varying slightly depending on whether the floor is elevated or
not. Floor elevation did not exceed ±25 cm. The height differences between the mobile
unit and anchor nodes is static and in most cases much smaller than the distances in the
other axes, making it negligible and not subject to estimation.

First, the propagation model is estimated in a modeling phase in which 32 different
coordinates in the barn are visited by the mobile unit. The RSS for 3,000 packets at
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Chapter 5. Experiments and results

each location is logged, resulting in a total of 96,000 measurements per anchor node
(384,000 measurements in total), of which approximately 0.3 % were lost or otherwise
erroneous and therefore not used for modeling. The modeling phase is a process that
takes 3 h each time it is attempted. A simple illustration of the freestall barn in which
the experiments took place, the anchor node positions, and the modeling coordinates
are available in Appendix A. The one-slope model is estimated using the recorded data
through non-linear estimation methods. A model which uses the data from all nodes is
foremost considered and is illustrated, along with the modeling data, in fig. 5.1.
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Figure 5.1. Box plots and the estimated one-slop path loss models overlayed based on the data
from all anchor nodes. The box plots’ whiskers illustrate the min-max measurements
at each distance, and the boxes include the interquartile range (IQR). The two
models are based on all data, and the data within the IQR respectively.

It is also possible to evaluate the model for each individual anchor node, which are
illustrated in fig. 5.2. The separate models for each of the anchor nodes look similar, but
anchor node three has a model which has a steeper initial curve due to a lower value of
P (d0). The path loss exponent, α, for anchor node three is also slightly below what is
to be expected for the same reason. The remaining anchor nodes have parameters that
correspond well to the literature [41, 55].
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(a) Measurements and models for anchor
node one.
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(b) Measurements and models for anchor
node two.
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(c) Measurements and models for anchor
node three.
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(d) Measurements and models for anchor
node four.

Figure 5.2. Box plots and the estimated one-slop path loss models overlayed for each individual
anchor node. The box plots’ whiskers illustrate the min-max measurements at each
distance, and the boxes include the IQR. The two models are based on all data,
and the data within the IQR respectively.

The numerical constants for the models are presented in table 5.1. Apart from the
slighter differences, it is evident that anchor three differentiates itself from the other
anchors. One probable reason for the significantly lower P (d0) could be that a modeling
coordinate very close to this node is used. It is likely that due to the mobile unit being
almost underneath the anchor node at that model coordinate, that the signal reception
was worsened, thus resulting in a lower RSS value and consequently P (d0).
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Chapter 5. Experiments and results

Table 5.1. Numerical values for the models, results were only the IQR is considered is noted
within the parenthesis. The estimation was done through NLSQ fitting to the
one-slope model.

Anchor node Path loss, P ∗
obs(d0 = 1 m) Prop. exp., α∗

obs

Combined -14.856 (-14.741) 2.229 (2.186)
Node 1 -9.312 (-8.224) 2.662 (2.686)
Node 2 -10.370 (-10.469) 2.411 (2.361)
Node 3 -22.527 (-22.926) 1.733 (1.637)
Node 4 -12.501 (-11.963) 2.479 (2.473)

A set of reference coordinates from which RSS measurements to be used for position
estimation were chosen. These coordinates and anchor node positions can be seen in
Appendix B. Similar to the modeling phase, the coordinates are measured as precisely
as possible using the available equipment (i.e. a floor plan, landmarks, and measuring
tape). The software loaded onto the mobile unit is designed to transmit N sets of
n packets used for the estimation. The set sizes used for this experiment were n =
{1, 2, 4, 8, 16, 32, 64, 128}. The packets are transmitted when a button is pressed on
the experimental platform, ensuring that the reference coordinate has been reached
before transmission. The transmitting mobile unit is held static in place during the
measurements, and interference by the dairy cows is minimized.

When all reference coordinates have been visited by the mobile unit, all data is collected
from the anchor nodes and put through post processing in which the erroneous data is
counted and removed. Using the specifiers and fields of the payload and the corresponding
timestamps for each packet, the relevant data can be grouped and easily accessed in
MATLAB. The subsets of data to be used for each estimate and reference position
are created. The RSS data is then fed through the propagation model to estimate the
distance to each node and those results are used to estimate the position.

For each set size n, there was N = 96 sets that were properly received. For 12 different
reference coordinates, this equals 1,152 valid estimates per set size (or 9,216 valid
estimates in total). To be noted is that the packets are transmitted at a rate of 30 Hz, e.g.
transmitting all 96 sets of size 1 packet takes just over 3 s whereas transmitting the 96
sets of 128 packets takes a little under 7 min (per reference coordinate). Total experiment
time equaled between 7 h to 8 h, spread across two consecutive days.

The overall performance of the system is presented in table 5.2. No obvious correlation
can be drawn between set size n and thus energy consumption and the various error
measures from this table alone. The variance of the errors appear to be of the same
magnitude throughout the experiment which can be seen by comparing the MAE and
RMSE values to each other. The largest relative difference can be seen in the set size of
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5.1. Position accuracy in relation to energy consumption

128 packets. This suggests that the individual errors vary more in that particular set
slightly more than in the other sets. The overall errors also appear to be larger given
both a larger MAE, RMSE, and 90th percentile for the CDF in this set size. The best
overall performing set size appears to be n = 4.

Table 5.2. Evaluation of the different set sizes on the radionavigation performance. These
results are derived using the combined model for estimation. Results rounded to
three decimal places.

n MAE [m] RMSE [m] CDF [m]

1 6.382 7.526 12.214
2 5.993 6.850 10.804
4 5.634 6.561 10.673
8 5.998 6.692 10.456
16 7.127 8.179 12.472
32 7.294 9.378 12.882
64 5.968 6.961 11.003
128 7.791 10.498 15.738

The CDF for each set size is graphed in fig. 5.3. The performance of the set sizes
n = {1, 2, 3, 4, 64} have very similar characteristics whereas the sets n = {16, 32, 128}
appear to have slightly worse precision.
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Figure 5.3. CDF for the positioning error for each set size n. All reference coordinates are
included as an indicator of overall precision. 1,152 estimates per set size, 9,216 total
estimates.

Similarly, the CDF for the individual axes are presented in fig. 5.4. The errors for the
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lower percentiles are lower for the y-coordinates but towards higher percentiles, the
y-coordinates errors grow larger than the ones for the x-coordinates.
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(a) x-coordinates
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Figure 5.4. CDF for the positioning error for each axis and set size n. All reference coordinates
are included as an indicator of overall precision. 1,152 estimates per set size, 9,216
total estimates, per axis.

For individual reference coordinates, the best performance in terms of MAE and RMSE
is achieved at reference coordinate number 6 using a set size of n = 64 packets, these
estimates are illustrated in fig. 5.5. The MAE and RMSE were 1.422 m and 1.570 m
respectively at this location and set size, and 90 % of all individual errors were less
than 2.346 m. To be noted, the gray areas in the background of the figure illustrate the
structures composing the individual spaces of the freestall barn for the cows to rest or
ruminate at. Each space is approximately 1.3 m wide (y-axis), and enclosed by metal
bars. However, these individual spaces are not noted in the figure.
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RMSE. Reference coordinate number 6, set size n = 64 packets, all 96 estimates
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The lowest CDF value was achieved at reference coordinate number 2, using a set size
of n = 128 packets. These estimates are illustrated in fig. 5.6. 90 % of all individual
errors at this location and set size were less than 2.231 m, and the MAE and RMSE were
1.654 m and 1.713 m respectively.
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Figure 5.6. The estimates which performed the best in terms of getting the lowest CDF at the
90th percentile. Reference coordinate number 2, set size n = 128, all 96 estimates
scattered.

One similar aspect to both of these reference coordinates are that they are relatively

55



Chapter 5. Experiments and results

close to an anchor node. The ability to detect changes in position deteriorates with the
distance, both in terms of model characteristics and uncertainties in the measurements.
The worst results in terms of MAE and RMSE are obtained for reference coordinate
number 9, set size n = 128, which had values of 23.487 m and 25.137 m respectively
and 90 % of all individual errors were less than 33.555 m. The worst CDF is obtained
at reference coordinate 9, set size n = 32, with a value of less than 34.105 m for 90 %
of all individual errors. The MAE and RMSE in this case was 19.875 m and 22.082 m
respectively. This reference coordinate is relatively close to anchor node two, but almost
as far as is possible from the remainder of the anchor nodes. The results for each
individual reference coordinate are tabulated in Appendix C.

Finally, it is important to note that while the dairy cows are present, the system is not
tested on them. The signal attenuation through the dairy cows’ bodies have not been
evaluated, and should be compensated for in future development.

5.2 Algorithm and energy consumption test

Given that the experimental platform could not be placed on an animal, both for the
safety of the animal and the electronics, the experimental platform is adjusted for use by
a human. In order to do this, the time period and acceleration threshold for movement
detection, and the way the system detected movement were adjusted. The experimental
platform was placed at one end of a rod which had a length of 1.5 m. During the tests,
the other end of the rod was placed on the toe of a boot used by the person performing
the tests. The idea is that this allows the algorithms correctness to be evaluated in a
qualitative way. Although simulations of energy consumption can be made, measuring
the consumption in a real use case provides more accurate information about the system,
and for simulations to be verified and validated.

The person testing the system held the rod with one hand and accentuated their steps
when walking. In this case, the only accelerometer axis used was the one pointing
along the rod, thus detecting movement upon up and down movement of the foot. The
accelerometer detection made it such that it triggered approximately one time each step.
Since this experiment is intended to verify energy consumption simulation results, the
time periods can be adjusted to reduce total test time. These parameters among others
can be found in table 5.3.

56



5.2. Algorithm and energy consumption test

Table 5.3. System parameters used in the energy consumption test.

Property Symbol Value Unit

Short time period Tmin 30.0 s
Long time period Tmax 90.0 s
Accelerometer update frequency FA 0.98 Hz
Accelerometer detection threshold ThA 0.048 g
Period scaling factor K 4.0 s/count
Maximum transmissions nmax 32 —
Minimum transmissions nmin 8 —

During the test, a series of movement patterns and stationary points, stretching over
several time periods of both short and long cycles were conducted running the proposed
algorithm (see section 3.4). The movement consisted of walking in an “L” formed
pattern and in an “H” formed pattern, in order to qualitatively analyse how well
the system tracks the mobile unit. An illustration of the walking patterns, the time
intervals measurements, activity level logged and energy consumption for each time
period is presented in Appendix D. As seen in the appendix, the movement patterns,
although within the positioning error range described, cannot be distinguished using the
estimates.

A total of 27 time periods were detected compared to the expected 21 time periods. This
is due to the activity level, as seen in table D.2 in Appendix D. The activity level is
supposed to be low, i.e. close to zero, when the time period desired is 90 s, and high,
i.e. more than 10 steps, when it is not. As seen in the table, the activity level was
high for the first test run in “L” pattern and for the first “H” pattern movement, so the
system adjusted the time period accordingly. This result indicates that the expected
time periods are replaced by shorter time periods covering the equivalent time span for
the specific movement pattern. Which is what the system should do if a high activity
level is registered.

When analyzing the energy measurements, as seen in figs. 5.7 to 5.9, it seems as if
different tasks can be related to different current levels. The current measurement tool,
i.e. Simplicity studio’s AEM, is capable of measuring current changes below micro scale
at time intervals as low as 6 µs. When the MCU is at EM0, the frequency at which it
operates is fast enough for several commands to be performed in the time interval of
the measurements by the AEM. Which makes it hard to definitively say that a certain
task can be related to a certain current level, as the time when a measurement is done
could be just in the rising or falling edge of the level changes. Although, this is highly
unlikely for all measurements performed during this test, which lasted just under half
an hour. Therefore, unlike what can be expected from reading the description provided
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by the manufacturer [50], the MCU does not seem to require to go from a low energy
state energy mode 3 (EM3) completely to a high energy state EM0, before executing
commands. This indicates that the energy consumption required for handling different
tasks is less than previously anticipated.
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(a) Short time period with high activity level.
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(b) Long time period with no activity detected.

Figure 5.7. Current levels for two completely different position cycles.

One final remark, for both cases, fig. 5.7b and fig. 5.7a, i.e. the long time period without
activity and the short time period with high activity, have a predicted battery lifetime
for the mobile unit of 2.3 and 2.6 years respectively. This is under the assumption that
the exact cycle will be repeated until the battery is completely drained. In fig. 5.8b and
fig. 5.8a, a detailed graph shows the energy consumption of the radio for the long and
short time periods with different amount of packets to be transmitted. Something that
can be observed by the different execution times.
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(a) Short period radio transmission
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Figure 5.8. Current levels for radio transmissions of two different position cycles, i.e. displaying
the adaptive behavior of the algorithms by sacrificing position accuracy to guarantee
battery lifetime.

In fig. 5.9 the current level and execution time for different movement detection routines
is presented. The execution time seems to vary, but this might be due to the stochastic
nature of the movement. The MCU simply is not able to at every occurrence finish its
routines and re-entering a low energy state EM3 before the next movement detection is
made.

17 17.05 17.1 17.15 17.2 17.25 17.3 17.35 17.4 17.45 17.5

10−5

10−4

10−3

10−2

Time [s]

C
u
rr
en
t
[A

] Measurement

Classification

Figure 5.9. Current levels for movement detection which shows the stochastic characteristics of
the detection.

5.3 Verification and validation of energy simulation

In order to validate the optimization and verify the results presented, something that
can not be practically done due to the expected lifetime of several years, a simulation
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was made of the mobile unit with the parameters presented in the algorithm and energy
consumption test, see section 5.2. This simulation can therefore be compared to the
actual energy measurements done during that test, and in that way verify the validity of
the simulation and the optimization results.

The relationship between time consumption by each task, as well as the relationship
in energy consumption by the different tasks is presented for both the simulation and
the measurement in table 5.4. For both the short and long simulation, the cycles from
the algorithm and energy consumption test used are the one presented in fig. 5.7a and
fig. 5.7b.

Table 5.4. Comparison of the simulated and measured relations of energy consumption and
relations of the time period for each task considered.

Energy [%] Time [%]

Task Period [s] Simulated Measured Simulated Measured

Accelerometer 30 22.8 15.11 1.3 1.5
Radio 30 68.9 84.03 0.9 0.7
Timer 30 5.3 0.03 0.3 0.3
Standby 30 3.0 0.83 97.5 97.5

Accelerometer 90 0.0 0.03 0.0 0.05
Radio 90 91.7 98.86 1.2 0.7
Timer 90 5.3 0.06 0.3 0.25
Standby 90 3.0 1.05 98.5 99.0

Given the results presented in the table, the energy consumption simulated and measured
is not the same. The relationships in time for the different states are close to identical,
but not for the energy consumption. This is likely due to the phenomena explained
earlier, where the commands related to a certain task are executed so fast that the
MCU never truly enters EM0 state and thus consumes less energy. The simulations are
also made with datasheet values. The measurements therefore consume considerably
less energy than the simulations for certain tasks such as timekeeping and movement
detection. Almost 99 % of the time, the mobile unit is in its standby state. The radio,
which is only used for at most 1 % of the time is responsible for almost 99 % of the
energy consumption at most.

For both the simulation and the measured values, the energy used during Tmin and Tmax,
the actual execution time, and expected battery lifetime, are presented in table 5.5. The
energy consumption of the simulation is higher than the one measured, for both the short
and long time periods. In both cases, although the time relation and time periods are
pretty similar, since the simulation has higher values on the energy consumption, the
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overall energy consumption is much higher. The small time difference is likely due to the
low accuracy of the ultra low frequency RC oscillator (ULFRCO), whose frequency varies
depending on temperature and voltage. Although the results are not a perfect match, the
simulations demand more energy for both the short period and the long periods.

Table 5.5. Energy and cycle time for measurement and simulation.

Energy [mJ] Time [s] Lifetime [year]

Estimation period, T [s] 30 90 30 90 30 90

Simulation 29.6 88.8 30.3 91.1 1.1 1.1
Measurement 16.8 40.7 30.2 90.5 2.0 2.5

The conclusion that the optimized simulations are too pessimistic can be drawn, and
the expected lifetime will therefore likely be longer than the one simulated. As seen in
the table, the simulated energy consumption for both cycles is around two times the
energy consumption of the measurement, which is why the short lifetime of about half of
what is measured is simulated. The reason for both the short and long period simulation
predicting the same lifetime is due to the relation between energy consumption of both
cases being almost the same as the relation between the time periods, i.e. the short time
period is one third of the long time period, and its energy consumption is also about one
third. Likewise the actual measurements have an energy consumption that is just over
two times higher for the long period compared to the short period, while its time period
is three times the short period, thus the slight difference in lifetime prediction.
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Discussion and conclusions

The results and necessary conclusions to answer the resarch questions are discussed in
this chapter. Three main parts are evaluated; the accuracy and energy consumption
trade-off, the energy consumption optimization, and the overall system design and use
case considerations. Finally, the conclusions are summarized.

6.1 Position accuracy in relation to energy consumption

The first and foremost conclusion that can be made from the experiments is that it is
not evident whether the performance of the positioning strategy can be linked to the
number of packets used for estimation. This is also one of the main factors which was
theorized to be linked with energy consumption. Considering that the radio technology
used is responsible for more than 90 % of the energy consumption during an estimation
period, the transmission length is very important.

Statistically speaking, increasing the number of packets averaged should increase the
likelihood of finding the correct RSS value at each coordinate. This has been theorized
and approximated using the CRLB in previous research [15]. During the experiments,
the transmission of the smaller set sizes are transmitted first when arriving at a reference
coordinate. Over time, the software loaded on the experimental platform gradually
transmits larger set sizes which themselves take longer periods of time to transmit
(hence increasing energy consumption). Transmitting the complete sets of packets took
approximately 17 min, and the packets are transmitted at a rate of 30 Hz, i.e. transmitting
the 96 sets of 1 packet takes just over 3 s whereas transmitting the 96 sets of 128 packets
takes a little under 7 min. Upon arriving at a reference coordinates, the dairy cows
tended to move away only to gain interest again at a later time. For this reason, there
may be a difference in the variance due to the impact of the dairy cows at different set
sizes, causing a slight bias in the measurements.
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For this reason, it may be beneficial if the varying set sizes have a randomized order of
transmission, such that the smaller sets are not always transmitted first. Moreover, during
the current experimental procedure, approximately 17 min is spent at each reference
coordinate, and the total experiment time was approximately 10 h, including the modeling
phase. The experiments were repeated several times, but in early attempts there were
issues with malfunctioning radio modules causing the data to be unusable.

An alternative and likely preferable method of preforming these experiments is if several
mobile units are placed in the barn over longer periods of time. Each unit could then
attempt to transmit the position estimation packets at a certain time interval. This would
ensure that the sample would be more random and potentially less biased. It would then
also be possible to collect more data over a longer period of time. Nor would it require
a person present at all times. Placing mobile units like this was not possible during
this thesis due to lack of time and proper protection of the electronics. Additionally,
it would be preferable if the anchor nodes were connected to a central hub to be able
to access the data at any given time during the experiment. As it is today, the nodes
are placed on their respective coordinates to gather data, and fetched upon experiment
completion.

The best estimates were achieved at reference coordinates close to anchor nodes and
within regions where the resolution for three of the anchor nodes were better than 1 m
per 0.5 dB. The weight mechanism introduced in the weighted NLSQ algorithm trusts
estimated distances that are closer to an anchor nodes considerably more than those
that are further away. As an example, the estimates at reference coordinate number 6
were all very close to anchor node one (approximately 7 m), and in falling order, node
four, node two, then node three. If the true distances are used, the algorithm would
weigh the distance estimates from each node as w = [0.17, 0.49, 0.14, 0.20]T respectively
(normalized values, rounded to two decimal places). The weight for node two is 3.5
times larger than that for node three. Given the propagation characteristics, the model
should trust close estimates more than far away estimates; partly because of the variance
seemingly increasing at a larger distance which could be due to multipath propagation,
and due to the model itself. The question that remains is how much more the estimates
should be trusted and if the weighting should be altered. The main improvement for
accuracy that can be made is likely more anchor nodes, though.

Ideally, when estimating a position, all measured distances intersect in one point. In
reality, this will rarely happen since the measurements vary due to uncertainty regarding
signal path and attenuation. This is why the NLSQ algorithm has to be used to construct
the best fitting estimate from the measurements. With weighted measurements, the
system compensates for the increasing uncertainty in variance, and loss of resolution at
larger distances. However, the weight factor also changes the way that the system uses
the information from the nodes.

Given four anchor nodes, the two closest nodes will provide enough information for
the system to determine two equally likely position estimates. With heavy weighting
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during the estimation, the information provided by will simply determine which of the
two intersections is more likely. In fig. 6.1 an example of this phenomena is depicted,
where anchor node A3 is trusted the least, resulting in the estimated being placed at the
lowermost intersection of A2 and A4. It can be said that due to this effect caused by
the weighted values, some positional information is lost. This might be another reason
why no correlation between position accuracy and number of packets averaged has been
found.

•
M

• A1

• A2

• A3

• A4

× E

Figure 6.1. An example of an estimate that may occur due to weighted NLSQ algorithm.

The model created using the data from all anchor nodes when differentiated indicates
that it cannot detect distance changes shorter than 1 m after a distance of approximately
19.4 m. This is due to the resolution of the radio module RSS measurements which is
0.5 dB and the logarithmic characteristics of the radio wave propagation. This is also
an indication that it might be beneficial to add several more anchor nodes, depending
on the wanted accuracy. The boundaries after which changes smaller than 1 m cannot
be detected are illustrated in Appendix E where it can be seen that the majority of the
barn is only within two or less nodes’ 1 m resolution boundary.

As an example, reference coordinate number 7 is outside of the area where all of the
anchor nodes except node two can detect changes shorter than 1 m. This node should
obviously be trusted more, but given the very low trust scores of the other nodes, the
estimates that are produced have approximately 6.5 m MAE and RMSE due to that
node believing it to be closer than it actually was. Investigating the weight function,
the number of anchor nodes, carrying out experiments using several other propagation
models, looking into data fusion algorithms, or more sophisticated ways of calculating
the position, is a logical next step in this type of an evaluation. Additional positional
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information such as previous position may not be useful if the positioning period of the
system ranges between 5 min to 15 min. However, it is possible that estimating several
positions during short intervals around the estimation period could possibly be used in
combination with particle filter or similar methods.

If the correlation between the number of RSS measurements and accuracy can be
experimentally determined, further investigations into the required accuracy may be
necessary. Knowing simply which cubicles the dairy cows are standing in, or within the
area of a cubicle, is according to system specialists sufficient. The cubicles have an area
of approximately 2.6× 1.3 m2. This restriction would allow for an error of just over 1 m,
which is several times under of the current overall MAE, RMSE, and the 90th percentile
of the CDF. What still remains is investigating the system performance if the devices
are attached to the cows’ collars, which may very well pose another challenge for the
position accuracy.

Nonetheless, given that only four anchor nodes are used, the results are promising.
Previous research in this environment utilize a much more dense deployment of nodes [2,
17, 49] to achieve greater accuracy, one of which had 14 anchor nodes in a barn of about
half the size compared to the experimental barn used in this thesis [49]. The variance in
the position estimates has also been shown to decrease with increasing number of anchor
nodes [15].

Finally, the experiments conducted were done in an older type of freestall barn with
support beams and many other metallic structures. The majority of these beams were
placed along the feeding rack displayed in Appendix A. When building new freestall
barns, a more open spaced environment, without support beams, is more common. It may
be that the system design proposed performs slightly better in such a setting.

6.2 Energy consumption optimization

An optimal operational point for the mobile unit has been found with respect to possible
movement detections for a certain accuracy. Given the constraints on the system; such
as execution time, energy consumption and time limits, it is possible to determine an
optimal operating point which minimizes the energy consumption.

The optimization framework presented was set to find the optimal point for minimizing
the position error with respect to the energy consumption. Since no relation between
position accuracy and energy consumption was found. One could argue that the optimal
point for this system becomes that of a limit point, where as few packets as possible
are transmitted, i.e. one packet. Doing so does not guarantee the robustness of the
system. During testing, although not statistically significant, an amount of 0.3 % packets
were erroneous or lost. In a real life case, the system would have not one, but several
mobile units. This will most definitely increase the risk for more packets to be lost. So
transmitting one packet may not be optimal from a robustness standpoint.
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Minimizing the energy consumption is important from a ecological, economical and social
standpoint, not to forget the reduced stress on the animals due to fewer unnecessary
interactions. Although it was not really possible to optimize the system with regard
to guaranteeing a certain position accuracy, i.e. the same accuracy is observed for all
levels of energy consumption tested. The energy consumption for the achievable position
accuracy was minimized, allowing for as many movement detections for the available
energy budget to be made.

For the given optimal parameters presented in table 4.3, with n = 2, a lifetime of 3
years is predicted for a WCET scenario where the system detects the maximum possible
movement detections and thus performs a position estimation every 5 min until the
battery is drained. This scenario is highly unlikely to happen, given dairy cows’ typical
behavior. The simulation, also predicts a lifetime of 10 years for a scenario where the
movement detection is only a fraction of the maximum possible, and position estimation
occurs every 15 min instead. Although it is difficult to predict an exact expected lifetime
for the mobile unit, due to the stochastic nature of the dairy cows’ movement, the range
of lifetime presented here gives a good estimation of what lifetime can be achieved.

As presented in the verification results, the simulation times are close to identical to the
ones in the measurement. This means that the simulation follows the same time constrains
as the measurement. The difference in the measurement and simulation comes instead
from differences in expected current consumption. In the simulation, the datasheet values
are used, which appear slightly larger than the corresponding measurements. This points
to either the measurements or datasheet values being wrong. The measurement software
had a sample period of 6.25 µs, which may be longer than what the execution time is
for some tasks at certain MCU frequencies. Thus making the measurements miss the
peak values. This problem is although highly unlikely to occur for all the measurements
performed, which means the measurements should be valid. It is also very unlikely that
the datasheet values are substantially wrong. Therefore, although the mobile unit lifetime
can’t be predicted with high confidence it is likely that since the simulations predict a
worse lifetime scenario than the measurements, the lifetime will be longer than the one
simulated.

It is also likely that for such a system to be implemented as part of a real product, that
several redundancy steps would be taken to ensure robustness of the system. Implementing
new features, or changing the existing activity metering system, will change the energy
consumption from what has been presented in this thesis. The more things that are
changed, the less likely that the solutions represent reality. Overall, keeping the system
implementations simple should allow for new calculations to be made without increasing
the complexity too much, such that new optimal parameters can be calculated.
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6.3 System design considerations and use cases

The scalability of the system has not been evaluated throughout this thesis. During the
experiments, only one mobile unit is connected to the system. At a sparse positioning
interval, scalability issues should not be prevalent. The transmission times are short
due to the short data frames, and increased transfer speed can be used (at the cost of
having to use increasingly sensitive receivers). The system will always be limited by
the number of channels available though, since no more than a single mobile unit may
transmit at the same time on the same frequency. The experimental platform has a
listen-before-talk functionality that can be used to remedy this, but is something that has
to be investigated further. Calculating and storing past position estimates in a database
and fetching them on-demand should not be an issue.

The system functionality investigated and further developed in this thesis may allow
farmers to comply with increasing public and legislative demands for loose housing. It
has also been said that this may have an impact on farm sizes, i.e. the number of cattle
contained in them, which in turn will have economical and social outcomes.

The addition of this functionality to the already available activity metering system which
provides means of determining the cow health state, may have an impact on the animals’
lives. The possibilities are many, including more freedom of movement, even in between
barns, and better health state monitoring on individual level for each cow. At the same
time, such systems may allow humans to draw benefits in reduced workload by gaining
knowledge about the animals behavior, health state, and movement patterns. Thus,
attending to their needs less often, either through replacement autonomous systems or on
a more just-in-time basis. Precise health and positional information would allow dairying
farms to further optimize their time budgets with large economical benefits.

There are also dangers with full automatic health monitoring, the ethical considerations
are many and difficult to handle. Completely relying on a system that determines health
states of the dairy cows is a risk on its own, given a certain chance of false negatives and
false positives. Tending to the animals and actively taking care of them should always
be a priority to keep in mind. While the development of the IPS in this thesis does not
include this type of health state analysis, potential future work and development have to
keep this in mind.

6.4 Conclusions

In conclusion, there are several factors to consider when designing an IPS for tracking
dairy cows. If the main principle to be used is RSS measurements with radio technologies,
which seems like the most feasible solution when sensor orientation cannot be guaranteed,
then it is likely that the number of measurements and the estimation interval will affect
both position accuracy and energy consumption to a large degree.

68



6.4. Conclusions

However, from the results of the experiments conducted in this thesis, no such correlations
could be seen with the proposed algorithm and means of calculating the position estimate.
Given only the results of these experiments, it would therefore be best to simply transmit
as few packets as possible regardless. The only factor to account for is the possible loss
of packets which was approximately 0.3 % during the experiments, transmitting more
than one packet may therefore be beneficial. It is still theorized that the number of
measurements will have an impact on accuracy. The fact that it cannot be seen here may
be due to e.g. a slight bias in the results, the effect of the weighting mechanism of the
NLSQ estimator, or too few anchor nodes. This is something that should be investigated
further.

Several different sensing technologies can be used for an IPS for tracking dairy cows, most
promising are those that do not require LOS. The implementation of these technologies
within the IPS will then determine how energy efficient the system will be. Certain
technologies, such as gyroscopes, still require too high estimation frequencies and draw
too much power in order to allow sufficient battery life. For the same reason, NLOS
measurement principles that do not require a very high estimation frequency are preferred.
The main culprit of the energy consumption is the actual estimation process. Ideally the
device should be kept in standby or other low power modes for as long periods of time
as possible. Therefore, technologies and principles that allow for sparse sampling are
beneficial.

The experiments conducted in this thesis show that the proposed system has an accuracy of
approximately 7 m to 8 m and a precision of approximately 11 m to 12 m, regardless of the
number of measurements averaged. Moreover, it has been shown that the expected battery
life should be more than two years. This is the predicted lifetime for a system performing a
position estimate each 5 min and with a movement detection of 30 occurencies per minute.
Therefore a lifetime of five years is possible with the current energy budget.
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Chapter 7

Future work and
recommendations

In accordance to the general scientific methodology, future research and recommendations
are presented in this chapter. These are based on the research conducted in this thesis
and the experience gained by the authors during the experiments and analysis of the
results.

7.1 Future research

Based on the research done in this thesis, the knowledge gathered through the theoretical
study and the practical work, and through our final conclusions, several questions arise.
These are questions that may be of interest for the scientific community as a whole, and
research within IPS (especially within the farming setting).

• Further attempts should be made in order to correlate position accuracy with
energy consumption. Whereas no such correlation could be established in this
thesis, there is likely some correlation between the two in this system. Further
work on the positioning algorithm itself may be necessary to see this correlation.

• The experiments were conducted with minimized influence by the dairy cows. The
system should be mounted on the dairy cows in order to evaluate true performance.
For this to be possible, further development of the experimental platform is necessary,
and a number of considerations have to be made. For instance, how does the cows’
bodies attenuate the radio signal? How can signal attenuation be minimized? How
does the choice of propagation model affect the system accuracy?

• Is there any relationship between the number of mobile units, the number of anchor
nodes, and positional accuracy? An interesting topic to consider is what constraints
govern the position accuracy as a function of the number of objects to track and the
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number of anchor nodes. What are the limitations on the scalability of the system?
The timing constraints for this particular system evaluated in this thesis have not
been scrutinized to the point where any conclusions can be made. Researching a
framework for evaluating these factors for IPS would be most helpful in development
scenarios.

• What if cooperative positioning is used? Can each mobile unit cooperatively localize
each other or provide relative measurements? If so, can accuracy be improved
without increasing the number of anchor nodes and how would this affect energy
consumption? Can the output power be dynamically changed based on the number
of available anchor nodes, thus reducing power draw? Or will an increase of mobile
units require an increase in output power to mitigate interference issues?

• The algorithm as it is today does not account for any a priori information but
yields only point estimates at certain dynamic intervals. There has been a lot
of research into using positional history for predicting or altering probability for
position estimates. However, these type of systems often build on principles which
have a very high estimation frequency. There has been some work on sub-Nyquist
sampling, but not much. Researching the applicability of these methods on IPS
which very sparsely provide position estimates may be of interest until energy
consumption or battery efficiency has been developed further.

• Antenna orientation and antenna type of the mobile units and anchor nodes and its
effect on the positional accuracy could be studied further. In section 5.1, it could
be seen that during the modeling process, the RSS values for an exceptionally close
modeling coordinate was lower than expected. This was likely due to the relation
of the antenna placement and orientation of the two units. What are the most
suitable antennas for this purpose, or what are the most suitable (relative) antenna
orientations? Considerations to the use case should be made, since equipping this
system on dairy cows will make it difficult to guarantee the mobile unit’s antenna
orientation. Could custom made antennas be integrated in the collars somehow?

• The extremely long battery life set as a requirement on the IPS in this thesis
resulted in several sensors that required high estimation frequencies to be ruled
out, i.e. DR through the various IMU sensor types. Instead, activity was registered
using a step counting principle and used to dynamically alter radio positioning
frequency. However, the step counter data was not used to actually improve the
estimates. Extending the system proposal to use this information to adjust its
estimates may be helpful. Moreover, studying these type of techniques on dairy
cows and other animals (and thus other systems) may be beneficial. Recently,
similar step counting studies have been performed on chipmunks [57]. Additionally,
studying how machine learning algorithms or artificial intelligence may pave its
way into positioning systems could be useful.

• Hardware considerations and low level hardware design has not been covered by this
thesis. E.g. studying how gyroscopes can be made to use less energy would be very
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beneficial in terms of implementing accurate low energy consuming DR algorithms.
Alternatively, are there any sensors that can replace or mimic the behavior of
gyroscopes? For sure, there is also a very high demand on the development of
“better” batteries for most industries.

• Other than for fingerprinting methods, the authors have not found any research
regarding aspects that may affect system longevity. It is assumed in this thesis
that the propagation models should stay approximately the same over time, thus
accommodating for changes in the environment. However, there may be other,
undetermined, factors which may affect the end of life of the devices. Long term
testing of IPS or the development of frameworks of how to ensure position estimate
robustness over long periods of time seem to be missing in this field.

7.2 General recommendations for indoor positioning sys-
tems

During this thesis, a base of information related to work done within IPS, implementation
experience, and experience of problems encountered during the work has been gathered.
Below are a number of recommendations for anybody attempting to work with, develop,
or research IPS.

• IPS are complex system which depend on several factors, such as technologies,
positioning algorithms, measuring techniques, etc. It is necessary to have a clear
strategy when investigating all the information available in order to properly find
the information most relevant for the intended system. At the moment, there is
no system which fits every use case scenario. Identifying crucial limitations and
difficulties in the intended setting and environment should be a high priority and
not something to be rushed during the development of an IPS.

• Working with proprietary radio may require some additional knowledge and infor-
mation to be gathered about communication protocols, error detection methods,
signal analysis, and more. This can in some cases be overwhelming and time
consuming. Using readily available technologies, development tools, and methods is
therefore recommended. One should never strive to reinvent the wheel, and keeping
things simple is often the best solution. However, keep in mind the previous bullet
point.

• The setting of agriculture and barns in general are especially demanding on elec-
tronics and hardware. This includes the impact of the dairy cows which cannot be
controlled in terms of what they do with their surrounding. There is also typically
more particles and other external factors, which may damage electronics if left
exposed. Proper protection of the equipment used is a consideration that should
be made.
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Appendix A

Coordinates used for propagation
modeling

The illustration provided in fig. A.1 displays the coordinates used for estimating the
propagation model. Each coordinate is visited once and 3,000 packets are transmitted
from that coordinate (totaling in 96,000 transmissions received by the four anchor nodes,
i.e. 384,000 measurements). The gray boxes in the background of the graph illustrate
the structures composing the individual cubicles of the freestall barn for the cows to rest
or ruminate at. The brown box in the middle is a wide feeding rack in which hay and
haylage are fed to the dairy cows. Waterers are also found around the area of the feeding
rack. Several other food dispensers are spread out in the barn as well, but not marked
on this map. In the surroundings not marked on the illustrations there are systems for
milking, among other things.
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Figure A.1. Illustration of the freestall barn where the experiments took place, along with
markers for the anchor nodes and the modeling coordinates.
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Appendix B

Reference coordinates used in
performance evaluation

The illustration provided in fig. B.1 displays the coordinates used for validating the
performance of the position estimation. Each coordinate is visited once and N sets of n
packets are transmitted from that coordinate. The gray boxes in the background of the
graph illustrate the structures composing the individual cubicles of the freestall barn for
the cows to rest or ruminate at. The brown box in the middle is a wide feeding rack in
which hay and haylage are fed to the dairy cows. Waterers are also found around the
area of the feeding rack. Several other food dispensers are spread out in the barn as well,
but not marked on this map. In the surroundings not marked on the illustrations there
are systems for milking, among other things.
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Figure B.1. Illustration of the freestall barn where the experiments took place, along with
markers for the anchor nodes and the reference coordinates.
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Appendix C

Radionavigation accuracy for
each reference coordinate

This appendix includes the results of the radionavigation accuracy experiments. The
table C.1 includes the reference coordinate identifiers such that the performance at each
location can be evaluated individually. The MAE is the mean absolute error, the RMSE
is the root mean square error, and the CDF is the empirical cumulative distribution
function, such that F (‖ep(n)‖) < 0.9, where p is a certain coordinate and n is the set
size.

Table C.1. Evaluation of the different set sizes on the radionavigation performance for each
reference coordinate. Values rounded to three decimal places.

Coord. n MAE [m] RMSE [m] CDF [m]

0 1 10.358 10.653 12.468
0 2 6.028 6.099 7.498
0 4 4.584 5.297 8.737
0 8 6.300 6.392 7.535
0 16 4.220 4.386 5.725
0 32 5.378 5.602 7.033
0 64 5.791 6.336 10.977
0 128 10.289 11.820 20.405
1 1 9.650 10.239 15.900
1 2 5.381 5.612 7.793
1 4 7.888 8.039 9.330
1 8 5.290 5.527 7.446
1 16 8.012 8.318 9.917
1 32 4.565 5.243 7.396
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1 64 5.506 6.216 8.562
1 128 12.299 13.774 22.097
2 1 2.256 2.289 2.771
2 2 1.721 1.801 2.375
2 4 2.085 2.182 2.981
2 8 3.684 3.910 5.125
2 16 3.269 3.388 4.241
2 32 2.464 2.531 3.266
2 64 2.035 2.134 3.088
2 128 1.654 1.713 2.231
3 1 11.254 12.544 15.388
3 2 7.534 7.792 9.494
3 4 3.516 3.630 4.610
3 8 4.081 4.390 6.051
3 16 4.499 4.650 5.674
3 32 6.205 7.028 9.945
3 64 5.157 5.229 6.356
3 128 4.978 5.527 7.838
4 1 10.049 10.395 12.338
4 2 10.396 10.504 11.802
4 4 11.351 11.386 12.271
4 8 9.722 9.844 10.722
4 16 8.957 9.213 11.017
4 32 10.240 10.471 12.448
4 64 10.776 10.784 11.335
4 128 10.575 10.653 11.616
5 1 5.726 7.492 13.263
5 2 8.760 9.922 13.097
5 4 6.198 7.869 13.291
5 8 11.038 11.830 13.962
5 16 12.368 12.858 14.925
5 32 8.620 9.801 13.093
5 64 8.018 9.039 13.776
5 128 9.457 10.546 14.002
6 1 4.137 4.145 4.510
6 2 3.173 3.283 4.121
6 4 3.028 3.233 3.952
6 8 2.567 2.703 3.670
6 16 2.371 2.420 2.912
6 32 2.036 2.187 2.895
6 64 1.422 1.570 2.345
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6 128 2.209 2.379 3.216
7 1 4.429 4.470 5.664
7 2 5.722 5.811 7.138
7 4 6.671 6.672 6.827
7 8 6.851 6.852 6.948
7 16 6.717 6.720 6.915
7 32 6.412 6.445 7.059
7 64 6.593 6.611 6.942
7 128 5.793 5.863 6.785
8 1 3.653 3.713 4.453
8 2 2.248 2.418 3.319
8 4 2.095 2.344 3.209
8 8 4.082 4.228 5.476
8 16 7.042 7.719 11.357
8 32 6.567 7.096 8.448
8 64 4.362 5.117 7.583
8 128 3.246 3.656 5.193
9 1 6.531 6.742 8.617
9 2 10.778 10.778 10.818
9 4 8.715 9.057 10.720
9 8 7.872 8.146 10.532
9 16 10.106 10.158 10.714
9 32 19.875 22.082 34.105
9 64 9.081 10.355 14.259
9 128 23.487 25.137 33.555
10 1 3.595 3.612 4.097
10 2 4.201 4.266 5.140
10 4 4.490 4.609 6.080
10 8 5.731 5.739 6.097
10 16 5.775 5.787 6.248
10 32 4.645 4.767 5.959
10 64 5.160 5.179 5.513
10 128 4.355 4.377 5.058
11 1 4.950 5.016 5.856
11 2 5.969 6.069 7.551
11 4 6.990 7.114 8.468
11 8 4.755 4.817 5.643
11 16 12.191 13.557 21.242
11 32 10.522 11.316 14.882
11 64 7.712 8.149 10.651
11 128 5.156 5.511 6.691

87





Appendix D

Procedure and results of the
energy consumption tests

Table D.1 presents the procedure plan for the energy consumption test. The testing
patterns were performed during the algortihm and energy consumption test. The table
also includes the start coordinate, end coordinate, and the expected period time, T .

Table D.1. Walking patterns, start and end coordinates, and expected period time used during
the energy consumption and system test.

Period Pattern Start coord. End coord. Period time [s]

1 — L0 L0 90
2 — L0 L0 90
3 L L0 — 90
4 L — L1 90
5 — L1 L1 90
6 — L1 L1 90
7 L L1 L0 30
8 L L0 L1 30
9 — L1 L1 90
10 — L1 L1 90
11 H L1 L2 90
12 H L2 L3 90
13 H L3 L4 90
14 H L4 L1 90
15 — L1 L1 90
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16 — L1 L1 90
17 H L1 — 30
18 H — — 30
19 H — L1 30
20 — L1 L1 90
21 — L1 L1 90

Table D.2 presents the actual period times, the level of movement detected, and the
energy consumed during each period.

Table D.2. Measured period time, level of movement detected, and energy consumed during the
energy consumption and system test.

Period Period time [s] Activity [-] Energy [mA s]

1 90.4 0 12.5
2 89.8 1 12.0
3 29.5 15 3.8
4 50.4 10 6.7
5 38.5 13 5.3
6 90.5 0 12.4
7 90.5 0 13.2
8 60.0 8 8.3
9 30.1 15 5.0
10 30.2 15 5.1
11 86.8 1 11.9
12 87.3 1 11.4
13 29.9 15 4.2
14 58.5 8 8.5
15 30.0 15 4.4
16 75.1 4 10.5
17 62.0 7 8.4
18 47.7 11 7.0
19 82.3 2 11.6
20 90.5 0 12.3
21 70.7 5 10.0
22 29.4 15 4.3
23 30.2 15 4.6
24 30.2 15 4.5
25 30.2 15 4.4
26 91.0 0 12.8

90



27 88.2 1 12.6

Figure D.1 illustrates the “L” walking pattern of the test procedure and the corresponding
estimated positions, as registered using both a slow and fast walking pace.
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Figure D.1. System test procedure and estimates during the “L” walking pattern.

Figure D.2 presents the “H” walking pattern of the test procedure and the corresponding
estimated positions, registered using both a slow and fast walking pace.
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(a) Estimates during the fast walking.
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Figure D.2. System test procedure and estimates during the “H” walking pattern.
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Appendix E

Model resolution boundaries for 1
meter per 0.5 decibel

The one-slope model used for estimating the position can be differentiated in order to see
where the theoretical boundaries are for being able to detect changes smaller than 1 m
in distance. For the model used, this happens at a distance of 19.4 m from the anchor
nodes. This is illustrated in fig. E.1.
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Figure E.1. Illustration of the boundaries after which a change smaller than 1 m in distance no
longer can be detected by the anchor nodes.
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