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Abstract

Owing to the specific characteristics of unmanned aerial vehicles (UAVs), the

demands and applications increase dramatically for them being deployed in ex-

tremely confined or closed space for surveying, inspection or detection to sub-

stitute human. However, global positioning system (GPS) may lose effectiveness

or become unavailable due to the potential signal block or interference in such

environments. Under such circumstances, an imperative requirement on new po-

sitioning technology for UAV has emerged. With the rapid development of radio

frequency (RF) based localisation technologies, especially for the ultra-wideband

(UWB) based localisation technology, leveraging small wireless sensor nodes for

low cost, low latency, low energy consumption and accurate localisation on UAV

has received significant attention. However, the research challenges and issues

such as the unreasonable values within the UWB measurements, the geometry

configurations of the anchor nodes in the extremely confined environments, the

requirement of the prior information, the performance influence from the un-

predictable propagation condition and the geomagnetic disturbances for inertial

measurement unit (IMU) still exists which limit the applications on UAV.

To avoid these aforementioned research challenges and issues, the researches

in this thesis are carried out from different perspectives. Firstly, the maximum
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Chapter 0. Abstract

likelihood estimation (MLE) based algorithm plus with the anchor distribution

strategy is proposed focused on the development of the pure UWB based local-

isation system. With the proposed algorithm and strategy, the most suitable

geometry configurations of the anchor node can be found to achieve the accurate

and robust UAV positioning in focused environments. However, considering the

unreasonable values within the UWB measurements still have the huge impact

on the localisation performance for the pure UWB based localisation approach,

according to the simulation and experiment, the investigation on the sensor fusion

based approaches which integrated the IMU and UWB is carried out.

To overcome the performance degradation and oscillation leads by the unrea-

sonable values, the extended Kalman filter (EKF) based algorithm can be seen as

the ideal candidate, owing to the implementation simplicity and acceptable ac-

curacy. Yet, the unknown prior information about the noise covariance matrices

still has the great impact on the localisation performance, especially for the ap-

plications in the extremely confined environment. To mitigate the effects, in this

thesis, a high precision UAV positioning system which integrates the IMU and

UWB with the adaptive extended Kalman filter (AEKF) is proposed. Compared

with the traditional EKF based approach, the estimated and recorded information

from previous processes is exploited to adaptively estimate and further control

the estimation of the noise covariance matrices for performance improvement.

Nevertheless, the proposed AEKF algorithm and system still suffer from the per-

formance influence caused by the geomagnetic disturbances for the additional

IMU. To remedy this for further performance improvement, in this thesis, the

tightly coupled adaptive extended Kalman filter (TC-AEKF) based algorithm is

proposed. With the additional angular rate in the state prediction process and
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Chapter 0. Abstract

the adaptively estimated noise covariance matrices, the proposed algorithm can

significantly improve the localisation performance in the focused environments,

according to the simulations and experiments.

Even the proposed AEKF and TC-AEKF based algorithm can attain the

high accuracy and precision localisation performance of the UAV in focused en-

vironments, however, there is still limitation for the proposed algorithm. Due

to the principal of the proposed algorithms, the additional linearisation process

is required in the correction process. Currently, the first order Taylor expan-

sion is utilised for the linearisation of the observation matrix. This may directly

lead to the performance degradation and oscillation, owing to the neglected high

order terms. To mitigate the effect, in this thesis, an adaptive square root cuba-

ture Kalman filter (ASRCKF) based sensor fusion algorithm is proposed. With

the integration of the IMU and UWB, the utilisation of the cubature rule, the

adaptively estimated noise covariance matrices and the added estimation weight-

ing factors, the performance degradation and oscillation led by the unreasonable

value within the ranging information, the linearisation of the observation ma-

trix and the unknown and hard-to-adjust noise covariance matrices can all be

resolved. Finally, from the numerical simulations, experiments and autonomous

inspection flight test, it can be proved that the proposed algorithm and system

can attain 0.081m median error, 0.172m 95th percentile error and 0.045m average

standard deviation (STD), which is feasible for the autonomous inspection in the

focused environments.
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Chapter 1

Introduction

1.1 Research background and motivation

With the rapid development of unmanned aerial vehicles (UAVs) technology,

their applications are no longer limited to open environments. Exploiting UAVs

to substitute human for surveying, inspection, inventory management and emer-

gency rescue in closed, confined, inaccessible or potentially dangerous space has

already become a much-sought research direction [1–6]. However, all these ap-

plications summarised in Fig. 1.1, are homogeneously within the environments

where the operational space is confined and the global positioning system (GPS)

is insufficient or unavailable to provide precise position information needed for

UAV, due to the satellite signal lost or interference, which is also denoted as the

GPS-denied environment. The commercial off-the-shelf (COTS) product named

Elios 2 [7] has already been released by Flyability and widely utilised on in-

spection in extremely confined environments. To overcome the satellite signal

block, problem, instead of the precise UAV positioning, a protective frame was

1



Chapter 1. Introduction

Figure 1.1: UAV applications in GPS-denied and extremely confined environments

mounted on Elios 2 for collision avoidance. However, without the precise posi-

tion information, the flight of UAV can only rely on the manual control of the

well-trained professionals. Besides, the high system cost and instability of UAV

in such environments may extremely limit the application scenarios of the sys-

tem. Under such circumstances, the demand for new positioning technology to

achieve the precise localisation of UAV in that operational environment becomes

impressively.

Currently, different localisation technologies have been developed for UAV po-

sitioning, such as vision, inertial navigation system (INS), infrared, light detection

and ranging (LiDAR), ultrasonic and radio frequency (RF) based localisation

technologies, where Table 1.1 provides a comparison for all these technologies.

Among these, vision based localisation technologies consisting of visual odometry
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(VO) and motion capture systems (Vicon, OptiTrack) are known as ones with

the highest accuracy which often serve as the ground-truth for performance eval-

uation. At present, the vision based approaches especially for VO are the most

widely utilised technologies on UAV positioning. Due to the highest accuracy

and low prior information requirement, the UAV positioning with vision based

technologies is suitable for the rescue or exploration missions in unknown environ-

ment. Moreover, with the captured image information, the collision avoidance,

mapping and smart path planning are able to be implemented which is critical for

UAV navigation. Currently, different vision based positioning systems have al-

ready been designed for the inspection in extremely confined environments. In [8],

a smart UAV inspection system was designed for the application inside an indus-

trial boiler. The precise UAV positioning was achieved through the integration

of inertial measurement unit (IMU) or INS and vision based approach. Different

from the approach in [8], authors in [9] and [10] from the same research group

proposed a deep learning based direction identification approach for micro aerial

vehicle (MAV) inspection inside a mining tunnel. Instead of the precise locali-

sation, the images captured by the on-board camera were exploited for heading

direction identification to prevent collision. In their approaches, the MAV were

considered as a free-flying object, only the heading direction was provided. For the

focused application, known as the extremely confined space, with only the head-

ing direction information, the MAV or UAV may crash. Even the precise UAV

positioning can be achieve for the inspection in extremely confined environments

as aforementioned, however, the low-visibility condition and error accumulation

for VO, tedious procedure for the deployment and extremely expensive system

cost of motion capture systems will still restrict their applications on UAV in the
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focused environments. On the other hand, the INS is the other widely used local-

isation technology for UAV due to the existing of built-in IMU in flight controller.

IMU is known as the sensor which is consist of the three-axis accelerometer, the

three-axis gyroscope and magnetometer [11]. It can provide the attitude informa-

tion (Euler angle and orientation) and motion characteristics (acceleration and

angular rate) of the UAV [12]. For the IMU, the position information of the UAV

can be directly estimated through the acceleration information with no require-

ments of any auxiliary components [13]. Due to the implementation simplicity,

no auxiliary components requirements, low cost, no impact from the changing

environment and high accuracy in a short time period characteristics, the INS

or IMU based systems have already been widely utilised on pedestrian position-

ing [14]. Yet, the error accumulation and external magnetic field effects will lead

to the accuracy degradation. Thus, the INS based approaches are often served

as part of the sensor fusion method for UAV positioning to smoothen the local-

isation result [15, 16]. Apart from vision based technologies and INS, there are

still some other localisation technologies being applied on UAV in recent years.

For instance, the ultrasonic localisation system developed by Marvelmind has

been applied and tested by lots of researchers [17–20]. It is able to provide up

to 2cm accuracy for UAV positioning. With the on-board battery, the ultrasonic

sensor nodes also have no influence on the UAV operation time. Nevertheless,

considering the inherent nature of acoustic waves, system performance will drop

sharply in cluttered environment, the localisation coverage is limited and the

auxiliary nodes are required for localisation [21]. Furthermore, the infrared and

LiDAR based localisation technologies are also able to provide the centimetre-

level accuracy in GPS-denied environments which have already attracted lots of
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attention on UAV positioning [22]. However, for the infrared technologies, the

communication range are limited within 2m to preserve the accuracy. For the

LiDAR technologies, apart from the positioning, the precise feature map of the

environment can also be established with no extra equipment required, which

is significant for the UAV navigation in unknown and GPS-denied environment.

Currently, lots of research has already been done in this area to achieve the UAV

inspection with the LiDAR system. Authors in [23] achieved the precise UAV

positioning in dark areas of large historical monuments with the easy-to-obtain

3D point cloud and 2D LiDAR. However, how to generate the precise point cloud

in the difficult access space will be a problem. Ozaslan et al. [24, 25] designed

a MAV based autonomous navigation and mapping system for the autonomous

inspection of penstocks and tunnels leveraging the integration of LiDAR, IMU

and vision. Yet, the high energy consumption of the LiDAR system will have

the huge impact on the operation time of MAV, and the system cost needs to

be considered. Mansouri et al. [26] proposed another autonomous navigation ap-

proach for MAV in dark underground mine environment with the utilisation of

the optical flow and 2D LiDAR. Instead of localisation, they were more focused on

the direction identification. Nevertheless, the completely dark environment still

has the influence on the localisation performance of optical flow, and the energy

consumption of the 2D LiDAR still needs to be taken into account. Furthermore,

due to the weight of the LiDAR system, a relatively large UAV like DJI F550 is

required to carry all the components. According to all of these, the high system

cost, extremely high energy consumption, size and weight of the LiDAR system

will restrict its UAV positioning applications in the focused environments.

Towards this end, a new localisation technology and approach which is able to
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Table 1.1: Comparison for conventional technologies on UAV positioning

Accuracy Localisation
Coverage

System
Cost

Deployment
Difficulty

Weaknesses

Visual
Odome-
try

Up to cen-
timetre

N/A Low Low Suffer from low-
visibility condition,
error accumulation

Motion
Capture
System

Millimetre
accuracy

Around
6-30m
for each
camera

Extremely
high

High Extremely high sys-
tem cost, hard to de-
ploy

INS
(IMU)

Up to
decimetre

N/A Low Low Error accumulation,
external magnetic
field effects

Ultrasonic Up to cen-
timetre

Up to 10m Low Medium Vulnerable to non-
line-of-sight (NLOS)
path and environ-
ment variation,
require auxiliary
nodes, no orientation
information

Infrared Up to mil-
limetre

Up to 2m High Medium Small coverage, vul-
nerable to NLOS
path, high system
cost, no orientation
information

LiDAR Up to mil-
limetre

N/A High Low High system cost,
vulnerable to NLOS
path, high energy
consumption

RF Up to cen-
timetre

Up to 300m Low Medium Require auxiliary
nodes, high com-
munication cost,
vulnerable to NLOS
path, no orientation
information

Sensor
fusion
based
on RF
and
other
technologies

Up to cen-
timetre

Up to 300m Medium Medium System performance
may be restricted by
the limitation of one
localisation technol-
ogy, the additional
components may lead
to the increase of the
system cost and en-
ergy consumption
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achieve the high accuracy, high precision, low latency, low energy consumption,

robustness to different operational environment positioning of UAV is required

for the focused applications in extremely confined and GPS-denied environments.

1.2 Aim and objectives

Owing to the rapid development and existing characteristics of the RF based

localisation technologies, especially for the ultra-wideband (UWB) based locali-

sation technology, with the ultra-wideband and impulse radio, the high accuracy

(up to centimetre-level accuracy), high precision, low cost, low latency and low

energy consumption positioning performance can be achieved. Moreover, the RF

based localisation technologies will never suffer from the low-visibility condition

and error accumulation due to the inherent nature of the electromagnetic wave.

These all make these localisation technologies become the ideal candidates for the

focused UAV applications in extremely confined and GPS-denied environments.

Nevertheless, in contrast to other localisation technologies, the RF based local-

isation technologies still have their limitations in the focused applications. Firstly,

the distribution strategy of the fixed anchor nodes (auxiliary nodes with known

positions) has the great influence on the localisation performance. Secondly, the

unreasonable value within the measured information may cause the huge position-

ing performance oscillation. Thirdly, the RF based localisation systems cannot

provide the orientation information for UAV positioning.

Thus, in order to solve the existing issues to achieve the high accuracy, high

precision, low latency, low energy consumption and reliable UAV positioning
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in the focused environments, in this thesis, the investigation on the RF based

localisation technologies, especially for the UWB based localisation technology

has been carried out. The UWB based localisation technology is selected here

is under the consideration of the existing characteristics of it, including the high

precision, high accuracy, low energy consumption and robustness to different

operational environments.

According to the in-depth discussion and comprehensive overview for the ex-

isting scientific issues and current situation for the RF based UAV localisation

technologies, a UWB based low cost, low energy consumption, low computational

complexity, high accuracy (at least decimetre-level accuracy) and high precision

UAV localisation system will be designed, to achieve the stable and precise control

of the UAV for the autonomous inspection in GPS-denied and extremely confined

environments. The object of the system can be divided into several parts.

• Comprehensive overview for the state-of-the-art RF based UAV localisation

technologies and the existing RF based UAV positioning systems to identify

the research challenges in this area.

• Achieve the high accuracy and precision localisation of UAV in GPS-denied

environments through the investigation on the UWB based localisation tech-

nology.

• Design the anchor distribution strategy help to find the suitable geometry

configuration of anchor nodes to improve the localisation performance and

keep the system could be applied in the focused extremely confined envi-

ronments.
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• Significantly improve the localisation performance of the pure UWB based

localisation technology to achieve the reliable UAV positioning through the

sensor fusion based approach with the integration of the UWB and IMU.

• Integrate all the proposed algorithms or strategies into the system to achieve

the stable and accurate positioning of UAV with low cost, low energy con-

sumption, low computational complexity and low latency feature in GPS-

denied and extremely confined environments.

1.3 Research methodology

According to the discussion on the aim and objectives of this thesis, the process

about how to carry out the researches to achieve these objectives which known

as the research methodology of this thesis will be described and analysed in this

section.

In order to find the research challenges and provide the critical analysis for

the state-of-the-art solutions to achieve the high precision UAV positioning in

GPS-denied and extremely confined environments with the RF based localisation

technologies, the comprehensive overview has been done firstly.

Followed by the generalised and summarised research challenges and the is-

sues for the existing solutions, the researches in this thesis have been divided into

two parts. The first one is the investigation on the pure UWB based localisation

technology, which is to remedy the limitations for other localisation technologies

such as the vision, ultrasonic, infrared and LiDAR in the focused environments.

Within this, two different approaches have been investigated including the max-
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Figure 1.2: The overview for the research methodology

imum likelihood estimation (MLE) based localisation algorithm and the anchor

distribution strategy for the precise UAV positioning with the pure UWB based

localisation system from different perspectives.

On the other hand, for the purpose of overcoming the performance oscilla-

tion and increase the positioning update rate of the pure UWB based system to

improve the stability of the UAV in the focused environments. In the second

part of the research, the investigation on the IMU and UWB based sensor fusion

algorithms have been conducted. Firstly, the introduction for the conventional

extended Kalman filter (EKF) based sensor fusion approach has been made help

to find the research questions. Afterwards, to deal with the summarised research
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questions including the requirement of the prior information for the noise model

and the performance degradation caused by the drift from the IMU, the adaptive

extended Kalman filter (AEKF) based algorithm and the tightly coupled adaptive

extended Kalman filter (TC-AEKF) based algorithm are proposed. However, the

leading research question, which known as the linearisation of the transfer ma-

trix, comes from the EKF, AEKF and TC-AEKF based algorithms still limit their

positioning performance. To overcome this and further improve the positioning

performance, the adaptive square root cubature Kalman filter (ASRCKF) based

algorithm is proposed. With the ability for approximation the prediction and

observation process, and the ability for adaptive estimation of the noise model,

an accurate, precise and reliable UAV positioning can be achieved.

Considering the safety reason for implementing and testing the proposed al-

gorithms on the UAV platform in actual environment. The simulation platform

in Matlab, ROS and Gazebo environment has been developed firstly to verify

the effectiveness and performance of the proposed algorithms. Finally, the UAV

platform has been designed and implemented to evaluate the performance of the

proposed algorithms and validate the engineering practicality of the UAV based

inspection system. The overview for the research methodology of this thesis is

depicted in Fig. 1.2.

1.4 Thesis organisation

This thesis is composed of six chapters including the introduction chapter. The

organisation of the following chapters are outlined as follows:
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Chapter 2 is dedicated the literature review. From different perspectives, the

comprehensive overview for the existing RF based UAV localisation technologies,

the classical localisation mechanisms with these technologies and the existing RF

based UAV positioning systems is given help to find the research challenges in

this area and the limitations for the existing systems. Followed by, the overview

for different types of the UAV platforms has been provided help to find the

suitable one for the focused applications. Moreover, according to the overview,

the evaluation framework for the RF based UAV positioning system is established

in this chapter which can be served as the criterion to validate the performance

of the system. Finally, the comprehensive analysis and discussion on the current

challenges in this area are made to elicit the potential research issues in this area

to serve as the guidance for the following researches.

The main content of the Chapter 3 can be divided into three parts. Firstly,

the introduction for the MLE based UAV positioning algorithm is provided which

is to achieve the localisation of the UAV in GPS-denied and extremely confined

environments with the UWB based localisation system. Followed by, the descrip-

tion for the designed anchor distribution strategy is given help to find the best

geometry configuration of the fixed anchor nodes in different operational envi-

ronment. Finally, the simulation and experiment in the laboratory environment

are carried out to comprehensively validate the effectiveness of the positioning

algorithm and the distribution strategy.

In order to limit the performance influence leads by the unreasonable value

within the measurements from the UWB sensor nodes, Chapter 4 is mainly fo-

cused on the investigation on the UWB and IMU based EKF sensor fusion al-
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gorithms. The description and discussion for the EKF, AEKF and TC-AEKF

sensor fusion algorithms is provided to solve the existing questions including the

unreasonable value within the measurements from the UWB sensor nodes, un-

known prior information about the noise model and the drift within the IMU

measurements. To comprehensively evaluate the performance of these proposed

algorithms, the simulation in Gazebo environment and the experiment in lab-

oratory environments are conducted. The analysis for the final simulation and

experiment results are also provided in this chapter.

Considering the performance oscillation caused by the linearisation of the

transfer matrix within the EKF based sensor fusion algorithm and the unknown

prior information about the noise model, in Chapter 5, the investigation on the

square root cubature Kalman filter (SRCKF) and ASRCKF based sensor fusion

algorithm is made. The simulation in Gazebo environment and the experiment

in laboratory environments are carried out in this chapter to validate the effec-

tiveness of the proposed algorithms. Furthermore, for the purpose of proving

the engineering practicability of the proposed algorithm and the designed UAV

system, the autonomous inspection flight tests are also conducted in this chapter.

Finally, Chapter 6 concludes the thesis with the discussion of all the proposed

algorithms, strategies and the systems in relation to the aim and objectives.

Afterwards, the major contributions for this thesis have been summarised, the

limitations which relevant to the future work of my research is made.
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Literature Review

2.1 Introduction

According to the discussion for the existing UAV positioning technologies, the

RF based technologies can be the ideal candidate for the focused application sce-

narios. Therefore, in this chapter, the comprehensive overview for the RF based

localisation technologies with different radio communication protocols, the clas-

sical localisation mechanisms and the state-of-the-art RF based UAV positioning

systems will be carried out to help to identify the research challenges and existing

solutions for each in the relevant area, and to establish the evaluation framework

for the performance validation of the RF based UAV positioning system. Fur-

thermore, the suitable UAV platform is also the essential part for the focused

applications in the extremely confined environments. Therefore, the overview for

the existing UAV platforms have also been provided in this chapter help to find

the suitable one for the focused applications.
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Figure 2.1: RF based localisation technologies

2.2 RF based UAV localisation technologies

In this section, an overview of the existing RF based UAV localisation technologies

with different radio communication protocols are elaborated. Subsequently, an in-

depth discussion and analysis for the suitability and challenges of each technology

on precise UAV localisation are presented. Moreover, several state-of-the-art RF

based localisation technologies which successfully achieve decimetre-level locali-

sation accuracy are also reviewed, owing to the potential applications on UAV

localisation in the future. RF based localisation technologies including Wi-Fi,

Bluetooth, Zigbee, radio frequency identification (RFID), UWB and the sensor

fusion based localisation technologies shown in Fig. 2.1 are discussed in detail in

the following subsections.
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2.2.1 Wi-Fi based localisation technology

Wi-Fi, belonging to the IEEE 802.11 standard family, is known as one of the most

commonly used wireless network technologies in the last several decades. Due to

the universality, Wi-Fi turns into one of the simplest implementation localisation

technology, and several researches have already been done on UAV positioning.

In [27], a Wi-Fi based precise UAV position estimation and collision avoidance

system was implemented through the consideration of the coloured measurement

noise model and the localisation with the EKF. Differently, another Wi-Fi based

UAV navigation system was designed in [28], with the linear Kalman filter (KF)

to lower the computational complexity of the EKF for energy consumption reduc-

tion. On the other hand, different from the localisation with the single technology,

a cooperative UAV localisation approach was proposed in [29]. With the combi-

nation between the global navigation satellite system (GNSS), UWB, IMU and

Wi-Fi, a decimetre-level localisation accuracy was achieved. However, the accu-

racy was reduced to 3m when only the Wi-Fi module exists. Considering the

meter-level accuracy, only outdoor application is suitable for the aforementioned

systems. To further improve the accuracy, the algorithm proposed in [30] lever-

aged multidimensional scaling (MDS) and weighted centroid localisation (WCL)

achieved decimetre-level localisation accuracy. However, many more access points

(anchor nodes) are required to preserve the accuracy and the evaluation has only

been done in simulation. Importantly, the influence of NLOS error caused by the

unpredictable people or object was not taken into account for all the aforemen-

tioned systems.

As discussed, the UAV positioning with the Wi-Fi based localisation system
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is still restricted owing to the unacceptable accuracy and unreliable performance.

However, the development of the Wi-Fi technology and the introduction of the

additional equipment like the massive antenna array still preserve the opportu-

nity for decimetre-level accuracy and reliable localisation performance with the

Wi-Fi based system. Currently, the most popular works in this area are the

Chronos [31] and SpotFi [32]. They all achieved decimetre-level accuracy with

the Wi-Fi based system but under different methods. In [31], frequency hopping

was exploited for the emulation of wideband radio to enhance the bandwidth of

the Wi-Fi signal. Time resolution is inversely related to the radio bandwidth,

that is the reason why precise time based measurement can be obtained. Mean-

while, orthogonal frequency division multiplex (OFDM) and inverse non-uniform

discrete Fourier transform (inverse-NDFT) were applied to eliminate the packet

detection delay and identify direct path to keep system performance in the NLOS

environment. Finally, a median accuracy of 65cm in the line-of-sight (LOS) and

98cm in the NLOS environment were attained with the off-the-shelf commercial

Wi-Fi modules. Moreover, the system performance was tested on a commercial

drone (AscTec Quadrotor) where the root mean squared error (RMSE) of the

relative distance was 4.2cm. However, in strong NLOS environments it will lose

effectiveness, due to the dominant peak of channel impulse response (CIR) not

necessarily characterising the direct path. In addition, energy consumption of the

system keeps high owing to the sweep of multi-frequencies. Unlike [31] and [32]

introduced the angle of arrival (AOA) for precise localisation. A super-resolution

algorithm was presented for the precise AOA computation and combination of

the AOA and time of flight (TOF) was utilised for direct path identification to

overcome the influence of the NLOS path in the cluttered environment. Finally,
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the median error of 0.4m and 1.6m were achieved in LOS and strong NLOS

scenarios. However, with the additional antenna array, the operation time and

application scenarios will be restricted. In order to reduce the communication cost

and exclude the additional components, Li et al. [33] designed a time difference

of arrival (TDOA) based localisation approach with commercial 80MHz Wi-Fi

system achieved 0.23m and 1.5m accuracy for outdoor and indoor applications

which is much more suitable for the UAV localisation. However, a localisation

server and additional synchronisation algorithm are needed for the precise local-

isation. Moreover, many more sniffer nodes (anchor nodes) are required to be

deployed to preserve the accuracy in the NLOS environment.

On the other hand, lots of fingerprint based approaches emerge in recent

years, which are able to achieve the decimetre-level accuracy with the Wi-Fi

based system [34–40]. However, with the inherent rule of fingerprint, it is not

suitable for the UAV localisation in the dynamic or unknown environment.

2.2.2 Bluetooth based localisation technology

Bluetooth, a family member of the IEEE 802.15 standard, also known as one of

the extensively utilised communication technologies in our daily life, which works

on the same frequency band compared with Wi-Fi. But Bluetooth shows low cost,

lower energy consumption and small size features, especially with the emerging

technology Bluetooth low energy (BLE) developed by Bluetooth special interest

group (SIG) [41]. With the aforementioned characteristics, scientific researches

and applications on the precise localisation technology based on Bluetooth or BLE

are growing dramatically in recent years. However, due to the limited bandwidth,
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low cost and low energy consumption features, it is unrealistic to implement time

based or angle based localisation mechanisms on Bluetooth based localisation

systems. Therefore, received signal strength (RSS) turns into the most commonly

used localisation mechanism for Bluetooth and BLE.

Currently, several Bluetooth based localisation systems have already been de-

signed for UAV positioning in GPS-denied environments. In [42], a UAV patrol

system was designed for UAV navigation in the GPS unstable area through RSS

measurements from Bluetooth beacon. In both [43] and [44], relative localisation

for UAV swarm was achieved with Bluetooth beacons. To improve the accuracy,

authors in [43] and [44] all fused the other measurements such as odometry, al-

titude, velocity and displacement information from additional components with

RSS from BLE and Bluetooth beacons achieved precise localisation and colli-

sion avoidance of UAV. Apart from the applications on UAV, [45] and [46] both

presented the Bluetooth based localisation system for robot navigation in GPS-

denied environments. The authors in [45] mainly focused on the RSS calibration,

leveraging the 10th order finite impulse response (FIR) filter for the measurement

noise mitigation which finally achieved a nominal error of 10cm on distance mea-

surement. Whereas, the authors in [46] more focused on the distance obtaining

and position estimation methods to improve the performance. A novel method

for distance estimation and trilateration approach was proposed which achieved

the final error of 0.427± 0.229m.

In addition, some commercial BLE based localisation systems which can achieve

the decimetre-level accuracy are also reviewed here, due to the potential for UAV

positioning. iBeacon [47] proposed by Apple Inc in 2013 is the typical representa-
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tive. In [48], the localisation performance of iBeacon was evaluated with different

placement patterns. Where the average accuracy below 1m was obtained, but

only in the open environment. For the accuracy improvement, a joint Kalman

filter and particle filter (KFPF) algorithm was presented and implemented with

iBeacons in [49] which successfully achieved the median localisation error of 0.7m

and 0.947m in 2D and 3D environment and showed robustness in the NLOS en-

vironment. However, the accuracy was obtained with seven iBeacons, as only

three iBeacons exist, the accuracy decreased by half. Besides, with the high com-

putational complexity, the localisation latency and system reliability will also be

influenced. Therefore, further research is still required for UAV applications. Rule

out of iBeacon, other commercial systems which utilise BLE for precise localisa-

tion, like high accuracy indoor positioning (HAIP) [50] developed by Nokia and

Gimbal proximity beacon [51] presented by Qualcomm all keep the possibility for

UAV localisation in GPS-denied environments. However, further research is still

required especially for the problem of small localisation coverage and vulnerable

to NLOS path.

2.2.3 Zigbee based localisation technology

Zigbee is the communication protocol that standardises the higher layers of the

protocol stack under the IEEE 802.15.4 standard. It defines the characteristics

of the physical and MAC layers for low-rate wireless personal area networks (LR-

WPAN) [52]. Zigbee shows low data rate, low energy consumption and low cost

features which is targeted towards monitoring, automation and remote-control

applications [53]. Compared with Bluetooth, Zigbee shows lower data rate, lower
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energy consumption, longer coverage range and accommodate up to 65000 com-

munication nodes for one sub-network. However, Zigbee still vulnerable to the

influence of NLOS path and low data rate may cause high localisation latency

which runs counter to the requirements on UAV. Thus, only one scientific paper

utilising Zigbee based system for UAV localisation has been carried out currently,

according to the investigation. In [54], a UAV localisation system was proposed

which combined Zigbee with INS achieved the absolute accuracy of 20cm on an

automated quadrotor APM 2.0. However, the influence of NLOS path was not

considered, system performance was only tested in open area. Meanwhile, the

localisation latency was not mentioned, only a sampling rate for localisation at

1s was set in simulation platform.

2.2.4 RFID based localisation technology

RFID is designed as a wireless communication mean which utilises RF electro-

magnetic fields for identification and tracking. On the basis of response mode,

RFID tag nodes (nodes to be located) can be divided into three categories [55]:

• Passive tag. Receive signal passively and answer back using the power from

the emitted signal by the RFID reader. There is no requirement of internal

power source, smallest size and lowest cost within all the types of RFID

tag nodes. However, communication range is limited (roughly one to five

meters).

• Semi-passive tag. It receives signal passively, but utilises the on-board bat-

tery to generate the transmitting power. Additional function such as real-

time tracking or environment detection can be provided. However, commu-
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nication range still remains short and new problems such as extra weight,

larger size, higher cost, shorter life and temperature sensitivity are brought

in [56].

• Active tag. It is able to transmit signal actively with the on-board battery.

It mainly utilises in real time location service (RTLS). It has the ability

to broadcast signal periodically for data communication and localisation.

However, its weight, size, cost and energy consumption also need to be

considered.

Meanwhile, the aforementioned nodes are all sensitive to harsh environments

and contribute to radio noise which may seriously degenerate localisation perfor-

mance.

Considering the unique characteristics of the passive RFID node, scientific re-

searches on UAV localisation with this technology have emerged in recent years.

Within them, two different systems designed by Zhang et al. in [57] and [58] are

the typical representative. In [57], a RFID based 6 degrees of freedom (6-DOF)

enhanced localisation system for UAV called RFUAV was designed. Thanks to

the small size and no power supply features of the passive RFID, position and

orientation information could be garnered through communication between the

RFID readers and passive RFID tag nodes (≥3) deployed on UAV in the system.

Finally, the mean error of 0.04m and 2.5◦ were obtained with low localisation

latency through commercial off-the-shelf RFID equipment. On the other hand,

instead of localising UAV itself, the other UAV navigation system was also de-

signed by the same research group [58], where the navigation was achieved with

the localisation of the UAV hand-held controller. In this system, the passive RFID
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nodes were deployed on UAV controller. With the same computation method, the

6-DOF pose of the UAV controller could be calculated. Finally, the control com-

mands will be generated from the controller’s pose and sent to UAV for navigation

in indoor environment. Even the high accuracy and low latency localisation can

be achieved as aforementioned. Owing to the inherent characteristics of RFID,

the systems are still vulnerable to the NLOS path, and the localisation coverage

range is limited by the communication range of RFID readers. Therefore, the

aforementioned systems are only suitable for short range and free space UAV

positioning or navigation. Differently, Choi et al. [59] and Longhi et al. [60] both

designed the passive ultra-high frequency (UHF) RFID based UAV positioning

system with RFID reader deployed on UAV. In the localisation process, the com-

munication between RFID reader on UAV and reference RFID nodes embedded

on the floor and plant vases was exploited to measure RSS information for UAV

positioning. Finally, the authors in [60] declared that a decimetre-level accuracy

could be garnered. However, the performance of these two approaches is still

vulnerable to the NLOS path and the localisation coverage is still restricted.

2.2.5 UWB based localisation technology

The UWB is known as a sequence of impulse radio utilising ultra-wideband. It

offers the enormous development opportunities in radar, safety and position ap-

plications [61]. Different from the narrowband signal, with the ultra-wideband

and impulse radio, it is possible to transmit the signal with extremely short du-

ration time (0.20ns-1.5ns) where a high temporal resolution can be achieved, also

showing the robustness to multipath fading [62]. Moreover, a short duration time
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means a low transmit power. Therefore, the low energy consumption will be

another key feature for the UWB, in contrast to other UAV localisation tech-

nologies. But compared with other radio communication protocols, the energy

consumption of UWB still keeps high. Considering the visible characteristics of

UWB, it becomes a reliable and feasible localisation technology which has drawn

lots of attention for UAV positioning in the past few years [6, 63–81]. Among

them, the group from Nanyang Technological University is the most in-depth re-

search group in this area. Up to now, they have already published 9 papers on

UAV localisation with UWB within 4 years [63, 65,71–76,80].

According to the method for localisation, the review will be given in three

parts. The first part will be auxiliary localisation where localisation is achieved

with known position and fixed anchor nodes. The system proposed in [6, 63–70]

all utilised the communication between tag node deployed on UAV and fixed

anchor nodes for UAV localisation. Among them, in [63–65], the conventional

two-way time of flight (TW-TOF) approach was exploited to calculate the time

delay between tag node and anchor nodes. Meanwhile, velocity and displacement

information gathered by IMU was also taken into account which fused with the

aforementioned information by EKF to improve the localisation accuracy and

keep the reliability. Moreover, authors in [63] also proposed a calibration and

outlier detection method through the linear regression and calculation of Ma-

halanobis distance [82] which was utilised for UWB information calibration and

unreasonable data detection. Unlikely, the authors in [65] mainly focused on

anchor self-localisation which leveraged the nonlinear regression (NLR) achieved

anchor self-localisation and position calibration. Finally, the decimetre-level ac-

curacy was garnered for all these three systems, especially for [63], the average
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position error in X-Y plane of 0.071m and the maximum error of 0.2m within

7 × 7m the GPS-denied area were obtained. To further improve the accuracy,

authors in [66–68] all focused on the accuracy improvement through the miti-

gation of the clock drift. Where the hybrid approach based on MDS, loosely

coupled EKF (LC-EKF) and double-sided two-way ranging (DS-TWR) was pro-

posed in [66]. Symmetric double-sided two-way ranging (SDS-TWR) was ex-

ploited in [67] and [68] for clock drift mitigation. Differently, You et al. [69]

applied unscented Kalman filter (UKF) to avoid neglecting the high-order terms

of the nonlinear observation equation for performance improvement. On the other

hand, UWB based UAV localisation systems with TDOA localisation mechanism

were designed in [6] and [70]. In order to reduce the communication cost compared

with TW-TOF, DS-TWR and SDS-TWR, in their systems, UAV position can be

calculated directly through the broadcast signal from tag node on UAV. Detailed

information about the localisation principle for each localisation mechanism will

be given in Section 2.3.

To remedy the requirement of fixed anchor nodes, the approaches which lever-

age the communication between multi-UAVs for relative localisation emerge in

recent years. In [71, 72], a relative localisation approach was designed for the

relative localisation and formation control of multi-UAVs. In their system, the

accurate distance and displacement information measured by UAV in different po-

sition through UWB and IMU were applied for the UAV relative initial position

estimation. Afterwards, the relative position between UAVs could be calculated

through EKF, where the estimated initial position was utilised as the initial input

of EKF. According to their simulation and experiment results, the system was ca-

pable of the meter level relative localisation and formation control. However, an
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appropriate trajectory for UAV needs to be defined to preserve the performance,

including the nonlinear path and piecewise linear path. Length and shape of the

trajectory all have huge impact on the different extent of localisation performance.

Further development has been done in [73–75] from the same research group. In

the new system, the requirement of appropriate trajectory was no longer needed.

Instead, they exploited UWB and IMU to measure the distance and velocity in-

formation for UAV itself, also leveraged information exchange between dynamic

UAVs to obtain the precise relative position for UAV swarm through graph theory

based approach. The algorithm could finally achieve the decimetre-level accuracy

according to their experiment results. On the other hand, another cooperative

localisation approach was presented by the same group [76]. They proposed two

different methods called covariance intersection (CI) and linear consensus (LC)

based filter achieved the cooperative localisation by information exchange and

states estimation with only one landmark. Cao et al. [77] also designed a UWB

based relative localisation system which equipped all the anchor nodes on leader

UAV to localise the follower equipped with tag node for the formation control of

UAV swarm. Likewise, the authors in [78] designed the same UWB based locali-

sation system which deployed four anchor nodes on ground station (vehicle of a

military convoy) to navigate UAV.

Finally, in order to improve the localisation accuracy and coverage, sensor

fusion methods which combined UWB with different types of vision based local-

isation approaches have been presented. In [79], RGB-D sensing was combined

for mapping and localisation of UAV to implement long-term autonomous op-

eration. In [80], an integrated UWB-vision system was put forward to achieve

the autonomous landing for UAV on the moving target. Where UWB, IMU,
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Optical-flow and vision were all integrated help for approaching and landing on

the moving target. Tiemann et al. [81] also designed a UWB-vision approach

which integrated UWB with the monocular simultaneous localisation and map-

ping (SLAM) [83, 84] to improve system performance and increase localisation

coverage.

2.2.6 Summary and discussion on the RF based UAV localisation

technologies

A summary and discussion for pros and cons of the existing RF based UAV

localisation technologies with different radio communication protocols are given

in Table 2.1. Among them, UWB based systems attract lots of attention on

precise UAV positioning which has already published over 20 papers in the last

five years, owing to the characteristics of high accuracy, low latency and robust

to harsh environment. Moreover, considering the superiority of UWB, sensor

fusion approaches which combine UWB with vision, IMU or other localisation

technologies emerge in recent years are also valuable for further research in this

area.

2.3 Classical localisation mechanisms

In this section, a detailed review for the classical localisation mechanisms includ-

ing RSS, AOA, TOF, time of arrival (TOA), TDOA and Fingerprint etc. with

RF based UAV localisation technologies are presented. Meanwhile, the capabil-

ity, suitability and challenges for each on UAV positioning are also summarised
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Figure 2.2: RSS based localisation mechanism

by the end of this section.

2.3.1 RSS based localisation mechanism

The RSS is known as the field intensity of a signal measured at the receiver [85].

With the measured RSS, it is simple to quantitatively derive the signal attenu-

ation and calculate the transmission distance followed by an appropriate signal

propagation model. Subsequently, position information can be estimated with

trilateration or multilateration by the transmission distance. The propagation

model given by [86] is shown in (2.1), and Fig. 2.2 gives the schematic diagram

of the RSS based localisation mechanism.

Pw2 = Pw1 + 10logKantgain − 10κlog
d21
d0

+ ϵ (2.1)
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Where d21 represents the calculative distance between receiver and transmit-

ter, Pw2 and Pw1 are assumed as the signal power at each of them, Kantgain is a

constant determined by antenna gain and reference distance d0, κ represents the

path loss factor, ϵ is the measurement noise for RSS which is commonly known

as additive white Gaussian noise (AWGN) with zero mean and variance of σ2
ϵ .

As recording RSS is the basic function for almost all the communication de-

vices in nowadays. RSS based localisation mechanism becomes the simplest im-

plementable mechanism among RF localisation technologies. However, in actual

applications, especially in GPS-denied environments, wireless signal is much more

vulnerable to external environmental disturbance, such as occlusion, multipath

effect etc. Meanwhile, signal attenuation changes continually with environment

variation or media change. Hence, RSS based localisation mechanism is not suit-

able for UAV localisation in harsh or dynamic environment. However, thanks

to cost saving and implementation simplicity features, RSS based localisation

mechanism still draws lots of attention in open environment.

As aforementioned in Section 2.2, RSS based localisation mechanism has al-

ready been widely used on UAV localisation. In [27], a UAV position estimation

and collision avoidance system were designed which analysed coloured noise in

RSS measurement to improve system accuracy. Masiero et al. [28] exploited RSS

from nodes communication with linear KF for localisation which successful re-

duced the computational complexity and improved the operation time of UAV.

Zhou et al. [42] utilised RSS measured by Bluetooth beacons achieved UAV navi-

gation in GPS unstable environment. Yu et al. [54] exploited RSS measurements

collected by Zigbee nodes as the input of EKF achieved decimetre localisation
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accuracy. Cheng et al. [87] designed a NLOS detection strategy for mini-UAV

localisation system which analysed RSS measurement model to identify propa-

gation condition for NLOS detection to improve localisation accuracy. Tovkach

et al. [88] proposed an RSS based localisation approach for UAV with unknown

transmit power. Soria et al. [43] and Coppola et al. [44] all designed the relative

localisation approaches, applied relative distance from RSS with additional odom-

etry and altitude measurements achieved relative localisation of UAV swarm.

2.3.2 AOA based localisation mechanism

The AOA, denoted here as the angle of arrival, also known as the direction of

arrival (DOA), is the localisation mechanism which exploits the angle informa-

tion recorded at multiple receivers for positioning. As shown in Fig. 2.3, with the

AOA information from antenna array and the prior location information of anchor

nodes, UAV position can be estimated through the triangulation. Clearly, with

the AOA based localisation mechanism, the minimum number of anchor nodes for

localisation can be reduced which can expand the application scenario of UAV.

Moreover, the traditional RF based localisation system only provides position in-

formation. However, it is possible for the AOA based localisation mechanism to

provide the 6-DOF state information which have great significance for UAV po-

sitioning. Owing to the existing characteristics, several scientific researches have

been conducted for UAV localisation with the AOA based localisation mechanism.

Pavlenko et al. [89] proposed a 16-element sparse dome array for UAV locali-

sation based on AOA localisation mechanism where 1σ-values of less than 2◦ was

achieved. For further research, they also developed another localisation system
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Figure 2.3: AOA based localisation mechanism

for UAV via radar based wireless local positioning system (WLPS) [90].The ex-

perimental results show that the RMSE of the 3D positioning equals to 36cm

with one anchor node involved, and improved to 31cm with four anchor nodes

involved. However, as discussed in their paper, weight of radar unit with the inte-

grated dome array is about 1.78kg, therefore, the operation time of UAV will be

influenced greatly. Different from UAV positioning, Nguyen et al. [91] designed

an RF based localisation system focused on the detection and tracking of UAV

and its controller with AOA measurements. However, only average error of 12.2◦

and 12.71m were achieved.

On the other hand, several recent proposed AOA based high accuracy local-

isation systems have also been reviewed, considering their potential application

to UAV positioning. Spotfi [32] is known as the typical representative which re-

alised decimetre-level localisation accuracy in harsh environment with the precise

AOA information. Zhang et al. [92] designed a 3D localisation system which

achieved the median localisation error of 0.78m in indoor environment through

32



Chapter 2. Literature Review

AOA based localisation mechanism with commercial off-the-shelf infrastructures.

Soltanaghaei et al. [93] proposed a novel localisation approach that realised ac-

curate localisation through multipath of AOA with only one anchor node.

Although, much more advantages of the AOA based approaches can be ob-

tained, there are still many factors that may influence the localisation perfor-

mance, especially in GPS-denied environments. Owing to the inherent features

of the triangulation, even a small measurement error can cause a huge impact on

the localisation accuracy with the increasing of transmission distance which will

restrict the flight range of UAV. Besides, the system cost, energy consumption

and payload of UAV will be increased, considering the additional complex hard-

ware. Most importantly, in dense multipath environment, the AOA estimates

are biased in general. So, further research is still needed for the AOA based

localisation mechanism on UAV positioning in GPS-denied environments.

2.3.3 TOF/TOA based localisation mechanism

Both the TOF and TOA are the classical time based localisation mechanisms for

the RF based localisation systems. They all exploit the time delay between the

transmitter and receiver for range estimation as shown in Fig. 2.4. With the

range information, the UAV positioning can be realised through the trilateration

or multilateration. Compared with the RSS and AOA, the TOF/TOA is able to

provide the high accuracy performance with no additional equipment required,

which is significant for UAV positioning in GPS-denied environments. However,

clearly from Fig. 2.4, the strict clock synchronisation between all the sensor nodes

in the network is required.

33



Chapter 2. Literature Review

Figure 2.4: TOF/TOA based localisation mechanism

To eliminate the impact of clock difference, several different approaches have

been proposed [94, 95]. The conventional approach is known as two-way ranging

(TWR) or TW-TOF. As shown in Fig. 2.5, with the existence of time of de-

parture (TOD) and TOA from the transmitter and the measured response delay

on receiver, it is able to subtract clock difference theoretically. Owing to the

implementation simplicity and high localisation accuracy (up to centimetre-level

accuracy), TWR has already been widely used on UAV positioning in GPS-denied

environments [63–65,69,71–76,78]. However, clock drift caused by unpredictable

response delay and low performance crystal oscillator on sensor nodes, will lead

to a precision degradation. In addition, with the increasing communication cost,

localisation latency and energy consumption cannot be overlooked.

To settle the matter, DS-TWR is proposed. As shown in Fig. 2.6, the influence

of clock drift is mitigated through the average time delay from two-round trip. In

[66,77], DS-TWR has already been applied and tested for the precise localisation

and formation control of UAV. In addition, for further improvement, SDS-TWR
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Figure 2.5: TWR/TW-TOF based localisation approach

is designed with the similar principle. Compared with the DS-TWR, the interval

delays are equal on the both participating nodes. Performance of SDS-TWR on

UAV localisation has been evaluated in [67, 68], even much more precise result

can be garnered, but keeping the same clock frequency on both sides is still

difficult to implement. Meanwhile, high accuracy is at the expense of additional

communication cost, where position update rate will be significantly restricted

which may influence the stability of UAV.

2.3.4 TDOA based localisation mechanism

Another classical time based localisation mechanism widely used on the RF based

systems is the TDOA. Different from the TOF/TOA, the TDOA based locali-

sation mechanism utilises the distance difference between each receiver for posi-

tioning. Specifically, it leverages the recordings of the TOAs from the broadcast

signals by the transmitter to calculate the TDOAs for the localisation through

the hyperbolic theorem. As shown in Fig. 2.7, suppose the distance information
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Figure 2.6: DS-TWR based localisation approach

between four anchor nodes and UAV are di(i = 1, 2, 3, 4). Thus, the distance

difference can be calculated and represented as dij. With the known position in-

formation pi for each anchor node and the record TOAs ti, position information

p of UAV can be estimated through the localisation equation below:


∥p1 − p∥ − ∥p2 − p∥ = c(t1 − t2)

∥p1 − p∥ − ∥p3 − p∥ = c(t1 − t3)

∥p1 − p∥ − ∥p4 − p∥ = c(t1 − t4)

(2.2)

Since only the time difference from each sensor node is enough for precise

positioning, the localisation latency and energy consumption of the TDOA based

localisation mechanism can be reduced greatly compared with the TOA and
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Figure 2.7: TDOA based localisation mechanism

TOF, which can effectively improve the stability and operation time of the UAV

in GPS-denied environments. Considering the existing characteristics, different

localisation systems have already been designed for UAV positioning with the

TDOA based localisation mechanism. Tiemann et al. [6, 96, 97] carried out a

series of scientific researches on TDOA based localisation mechanism to achieve

precise localisation for multi-UAVs and mobile robots. Likewise, the authors

in [98] designed a localisation system which successfully implemented the stable

control of UAV in GPS-denied environments with measured TDOA and EKF.

Sinha et al. [99] and de Sousa et al. [100] both did related researches for UAV

localisation through TDOA. But, not mainly focused on the UAV localisation

in GPS-denied environments. Sinha et al. [99] intended to analyse the impact

of 3D Antenna Radiation Patterns through TDOA based localisation for UAV.

The authors in [100] mainly concerned the precise localisation of UAV in urban
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area with a full of NLOS path. They exploited ray-tracing fingerprint build from

TDOA to identify the main obstacle reflected signal as virtual anchor to achieve

the precise localisation for UAV in NLOS scenario.

Despite precise and low latency localisation is able to achieve through the

TDOA based localisation mechanism, there are still several factors that may

restrict the performance. Obviously, since TOAs are measured by different anchor

nodes, precise synchronisation is required between all these receivers. Similar to

other time based approaches, TDOA is also vulnerable to the time-delay caused

by the NLOS path and measurement noise. In addition, considering applications

on UAV, the localisation process is conducted by receiver or localisation server

for the TDOA based localisation mechanism. Therefore, an extra step is required

to send back the estimate position to UAV, which may cause the position loss or

low update rate due to the potential signal block or interference.

2.3.5 Fingerprint based localisation mechanism

Considering that the RSS based localisation mechanism requires prior informa-

tion, deviates dramatically with the existence of the NLOS path and external

interference, is vulnerable to environment variations and measurement noises.

Another method which extracts the features from fingerprint dataset built with

RSS or other radio information from the surrounding nodes for positioning is de-

signed. The localisation process of the fingerprint based localisation mechanism

is composed of offline and online phases. In the offline phase, the RSS and other

radio information from the different location will be recorded to establish the

fingerprint database. Then, in the online phase, the measured information from
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UAV will be compared with the fingerprint database for localisation.

Owing to the implementation simplicity, acceptable accuracy and ability to

construct radio map help for collision detection, fingerprint attracts certain at-

tention on UAV applications. But most of the proposed approaches are focused

on the node detection through UAV with the existence of GPS in unknown envi-

ronment, only few of research pays attention to localise UAV itself. In [101], an

indoor localisation system called a high-speed quadrotor localisation (HiQuad-

Loc) system was designed, which successfully kept the stability of UAV in indoor

environment with RSS fingerprinting. In their system, a 4-D RSS interpolation

scheme was proposed which added RSS sample space to mitigate site survey over-

head for reducing the requirement of training data volume. Finally, the system

successfully reduced the localisation latency, restrained the effect of high-speed

movement, reduced the number of RSS sampling and improved the localisation

accuracy. In addition, another fingerprint based UAV localisation system pro-

posed in [102] still focused on the offline process. Where tensor completion was

exploited to achieve the time reduction of data collection and training process in

the offline phase.

As discussed, the characteristics of the fingerprint, including implementation

simplicity, high accuracy (decimetre-level) and ability to construct radio map

all make it suitable for UAV localisation. However, owing to the demand for

large volume of data and vulnerable to dynamic environments, there will be an

upsurge of corresponding computational overhead and instability of localisation.

Consequently, fingerprint based localisation mechanism is not suitable for UAV

localisation in dynamic and unknown environment.
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2.3.6 Summary and discussion on the classical localisation mecha-

nisms

A summary and discussion for the pros and cons of the classical localisation mech-

anisms with RF based localisation technologies on UAV positioning is given in Ta-

ble 2.2. Among them, time based localisation mechanisms including TOF/TOA

and TDOA attract lots of attention due to the high localisation accuracy. Be-

sides, according to the investigation, there are also lots of researches on RSS

based localisation mechanisms considering the cost efficient and implementation

simplicity features. But mainly focused on the applications in open environment.

2.4 UAV platforms

Generally, the UAV is known as the aircraft which can be control by the ground

station or automatically controlled by itself without a pilot exist on board. Cur-

rently, the UAV has already been widely utilised for military and civilian usage

such as border protection, logistic management, rescue, surveillance and smart

inspection, etc [103]. According to the composition structure of the existing UAV

platform, it can be divided into two categories, including the fixed wing UAV and

rotatory wing UAV.

The fixed wing UAV is similar to an aeroplane design with fixed wings. It

utilises attached engines on the fixed wing to generate the forward thrust for

taking off and flying. Due to its flight principle, it can only fly in a particu-

lar direction with high speed, rather than hovering or remaining in one place.

Therefore, the fixed wing UAV has attracted lots of attention in military and
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Table 2.2: Comparison for the existing RF based UAV localisation technologies with
the classical localisation mechanisms

Advantage Disadvantage Existing
Literature

RSS Implementation simplicity,
cost efficient

Low accuracy, vulnerable
to NLOS path and environ-
ment variation

[27, 28, 42–
44, 54, 87,
88]

AOA High accuracy with spe-
cific algorithm, able to pro-
vide orientation informa-
tion, immune to location
ambiguity

Vulnerable to measure-
ment noise and NLOS
path, require additional
equipment, high energy
consumption, high system
cost

[89–91]

TOF/TOA High accuracy with spe-
cific algorithm, low compu-
tational complexity

Synchronisation between
all sensor nodes required,
high communication cost,
low update rate, vulner-
able to response delay,
vulnerable to NLOS path

[63–69, 71–
78]

TDOA High accuracy, low com-
munication cost, low la-
tency

Synchronisation between
anchor nodes required,
vulnerable to NLOS
path, high computational
complexity

[6, 98–100]

Fingerprint Implementation simplicity,
high accuracy, ability to
construct radio map help
for collision detection

Large volume data re-
quired, vulnerable to dy-
namic environment, high
computational complexity

[101,102]
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defense applications and it is not suitable for the stationary applications such as

the detailed inspection in the indoor or extremely confined environments [104].

Rotatory wing UAV is the one which utilised the attached rotors for position

and attitude control. It is commonly known as the helicopter, tricopter, quad-

copter and hexacopter [105]. By altering the rotation rate of the rotors on the

UAV, the vertical take off and landing (VTOL) and hovering can be achieved

for the rotatory wing UAV, which makes it possible for the stationary applica-

tions [106]. However, the payload and speed of the UAV is greatly limited when

compared with the fixed wing UAV. But considering the focused application is

the autonomous inspection in the extremely confined environments, the rotatory

wing UAV becomes the ideal candidate.

As aforementioned, according to the number of rotors on the UAV, the rota-

tory wing UAV can still be classified into helicopter, tricopter, quadcopter and

hexacopter, etc. The control of the helicopter is achieved through the cooperation

of one rotor on the head and the other rotor at the tail. The mechanical linkages

between these rotors is required in order to achieve the stable control. Compared

with the helicopter, for the multicopter (tricopter, quadcopter and hexacopter,

etc), this mechanical linkages is not required as the position and attitude control

of the multicopter can be achieved through different throttle on each rotor [107].

Meanwhile, the utilisation of the multi-rotors also allows a smaller size for each

rotor compared with the helicopter, which minimises the potential crash rate for

it, especially in the focused extremely confined environments. On the other hand,

when doing the comparison within the multicopter, the tricopter can effectively

reduce the system cost and the probability of failure, as less rotors are utilised.
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However, this is at the expense of the payload and implementation difficulty.

For the hexacopter, six rotors are used, which offers more power supply, stabil-

ity, payload and the reliability. As in the worst case, even one of the rotor fail,

the remain rotors can still keep a safe landing. However, the size and cost of

the hexacopter are all increased when compared with tricopter and quadcopter.

Quadcopter is known as the most widely utilised multicopter with lots of com-

mercial UAV platforms have already been designed and implemented by DJI,

Parrot, Yuneec, Kespry, Skydio, Insitu and Flyability [108]. In comparison with

the tricopter, quadcopter can offer greater maneuverability, hovering ability and

acceptable payload. In contrast with the hexacopter, the system cost, implemen-

tation difficulty and UAV size are all reduced. Considering all of these, and the

requirements of the focused application and the operational environments, the

smaller size quadcopter becomes to the best candidate.

2.5 Evaluation framework for UAV positioning with RF

based technologies in GPS-denied environments

To the best knowledge, the evaluation framework considering both the RF based

localisation technologies and UAV positioning in GPS-denied environments is cur-

rently missing from the literature. However, quantifying system performance and

in-depth analysis for the key factors of the system are important and can be the

guidance for subsequent research. Therefore, in this section, the elaboration and

analysis for the key performance indicators (KPIs) of the RF based localisation

technologies on UAV positioning in GPS-denied environments will be given. The

evaluation framework will be established according to the analysed KPIs to serve
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as the guidance for the performance evaluation in this area.

2.5.1 Localisation accuracy (LA)

Localisation accuracy is commonly known as the disparity between the estimated

position information and the ground-truth. Apparently, it is the conventional

and essential index for all the location based applications or systems. In a gen-

eral sense, a higher accuracy represents a greater performance. However, under

different applications, the acceptable accuracy will be varying. For instance,

for precision machining, even millimetre-level localisation accuracy is insufficient.

But meter-level is enough for rescue mission in mining industry. Thus, consid-

ering the operational environment where GPS is unavailable such as oil pressure

vessel, warehouse or mine cave, and in order to keep the stability and avoid the

collision of UAV, the decimetre-level accuracy is desired. In some extreme cases,

such as the place full of obstacles or confined space, the centimetre-level accuracy

is also demanded.

2.5.2 Localisation latency/ Update rate (L/U)

Real-time or low latency localisation means the system can calculate reliable

localisation results without any noticeable delay. It is often known as one of the

indexes to evaluate the localisation performance. Generally, the traditional indoor

localisation systems are not sensitive to the localisation latency less than second-

level. However, for UAV positioning, the localisation latency will significantly

affect the position update rate of UAV. Considering that UAV is always in motion

even when hovering, a lower update rate or higher localisation latency will cause
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a greater gap between each posture adjustment command, where unstable flight

may happen. Thus, the update rate is always one of the most concerned indicators

to measure the performance of commercial UAV positioning system. In the design

of high-performance localisation algorithm for UAV application, the localisation

latency also needs to be considered which can be denoted as the low computational

complexity for the algorithm.

2.5.3 Stability in different environment (SDE)

Compared with the outdoor environment, the applications in GPS-denied envi-

ronments are more complicated and vulnerable to multipath fading and the NLOS

path caused by the unpredictable objects or people. These will lead to the pre-

cipitous decline or violent oscillation of the localisation accuracy. In addition, the

unreasonable value is more easily to occur which may derive a non-smooth result.

This precision degradation and oscillation may cause the unstable flight of UAV

or increase the crash down probability. Therefore, the environmental adaptability

will be the particular index for UAV applications in GPS-denied environments.

2.5.4 Auxiliary equipment requirements (AER)

Traditional RF based localisation systems often require the existence of anchor

nodes with known location. As above mentioned, the conventional trilateration

and multilateration localisation algorithms demand at least three anchor nodes

to locate the target. However, considering the applications for UAV in GPS-

denied environments, the difficulty to deploy anchor nodes or measure the precise

location of these nodes will become the problem to be remedied. Therefore, the
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demand level for the auxiliary equipment will be another key index to measure

the performance of a RF based UAV localisation system.

2.5.5 Weight/Size (W/S)

Different from other applications, the payload of UAV is extremely restricted. The

loading condition of UAV also have the close connection with the operation time

of it. The AOA based localisation mechanism has proven to achieve decimetre-

level accuracy and provide the 6-DOF position information [32,90]. However, the

size and weight of the additional antenna array will restrict the applications on

UAV. Thus, the weight and size of the localisation components becomes another

particular index for UAV positioning.

2.5.6 Localisation coverage (LCR)

The localisation coverage for the RF based system is commonly treated as the

communication range of sensor nodes which has a huge impact on the operating

range of UAV. It is varying under different wireless communication protocols.

Besides, higher localisation coverage is also achievable with additional anchor

nodes. However, the application scenario will be restricted, due to the demand

for the prior location of anchor nodes. Therefore, the balance between localisa-

tion coverage and auxiliary equipment requirements need to be considered when

designing the RF based localisation system for UAV.
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2.5.7 Energy consumption (EC)

Energy consumption is always one of the primary indexes when evaluating the

performance of a RF based localisation system. For traditional applications,

considering the charging difficulty of tag nodes, low energy consumption often

means the system is capable to keep the tag nodes alive for months or years

with ordinary batteries, which makes BLE, Zigbee and passive RFID received

lots of attention. However, for UAV positioning, there is no need to consider the

circumstances that difficult to charge sensor nodes or keep them alive for months.

Keeping sensor nodes alive during the operation process and having no impact

or little impact on the operation time of UAV is enough.

2.5.8 System cost (SC)

Low cost system which can easily penetrate the consumer market and be widely

adopted is always the development direction for robotic technologies in modern

society. In addition, considering the UAV applications in GPS-denied environ-

ments, it is much more vulnerable to the unpredictable damage like crash down or

control failure. Therefore, it is necessary to consider the system cost for designing

the RF based UAV localisation system in GPS-denied environments.

2.5.9 Demand level discussion under different application scenarios

To further analyse the key factors for UAV positioning, the discussion for the

demand level of each has been made according to the application scenarios. Con-

sidering it is difficult to define or provide a very specific value suitable for all
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the applications, only a demand level for general applications is provided. The

application scenarios of UAV in GPS-denied environments are divided into six

areas, including indoor or extremely confined space inspections (the focused ap-

plications for this thesis), mining, bridge inspections, search and rescue, critical

infrastructure and surveying disaster sites [109]. The demand level for each in-

dicator under these application scenarios have been analysed and summarised as

follow.

• Indoor or extremely confined space inspections: Considering the application

for indoor or extremely confined space inspections such as the corrosion

detection for oil pressure vessel or water tanks, UAV needs to fly close to the

wall for a detailed inspection. Thus, the KPIs including LA and L/U will be

particularly important in case of any collision and prevent the unexpected

drift in the flight area. Furthermore, the flight environment under this

application scenario is relatively fixed during the operation process of UAV.

Therefore, the demand level for AER and LCR will remain low.

• Mining: Similar to the applications for smart inspection, in case of any

potentially harmful for the components and miner in the narrow space inside

a mine, the LA and L/U will be particularly important. But differently, the

miner or equipment inside the mine will make the environment become

cluttered, which means a higher accuracy to the centimetre-level is desired

in some extreme cases, and the SDE becomes significant for the applications

under this circumstance.

• Bridge inspections: Another popular application for UAV in GPS-denied

environments is bridge inspections. The inspector often utilises UAV to
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fly underneath bridges to inspect the corrosion, paint loss and rust which

is hard to detect with the traditional methods. Clearly, the same as the

previous applications, the flight area of UAV under the bridges is sorely

limited. The flight environment is relatively fixed during the whole process.

Thus, the LA and L/U are still the most important factors. The demand

level for the SDE, AER and LCR will all remain low.

• Search and rescue: Different from all the aforementioned applications, the

search and rescue mission will pay more attention to search and fast locate

the salient entities within an unknown and relatively spacious environment

[110]. Thus, the SDE, AER and LCR will become significant, and the

oscillation for the LA within the meter-level and low update rate are all

acceptable.

• Critical infrastructure: In the consideration of the security risks of GPS,

in some restricted area such as military bases or power plants, soldiers or

engineers often utilise UAV without GPS for monitoring. The application

scenarios in these areas can be supposed as a fixed, open and large environ-

ment. Therefore, the LCR for the localisation system is turned to be the

most concerned factor.

• Surveying disaster sites: The same as the applications for search and rescue,

the most challenging part for surveying disaster sites will be the unknown

environment and unpredictable obstructions, which makes the SDE, AER

and LCR become significant.
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2.5.10 Evaluation and analysis on the existing RF based UAV locali-

sation systems

Finally, a comprehensive evaluation and analysis for the aforementioned RF based

UAV localisation systems with different radio communication protocols under

different localisation mechanisms is given in Table 2.3, utilising the established

evaluation framework. Where, L represents low, M is assumed as medium, H

means high, N/A indicates not applicable or never mentioned in the paper. Here

need to indicate that L/U for [27,71,72,78] are the distance measurement update

rate, the localisation latency or position update rate is not mentioned in these

papers.

To the best knowledge, no system exists which can satisfy all the indicators in

the framework. However, each of them has their own advantages under different

circumstance. Considering the meter-level accuracy, implementation simplicity,

low system cost and large communication range of Wi-Fi based system with the

RSS based localisation mechanism, it is much more suitable for the applications

in outdoor environment to substitute or compensate the GPS for localisation.

Where the authors in [27] and [28] are all utilised the Wi-Fi based UAV posi-

tioning system with the RSS based localisation mechanism for the outdoor ap-

plications such as search and rescue, exploration and remote sensing. Differently,

for the Bluetooth based system with the RSS based localisation mechanism, the

communication range is restricted around 10m to keep the performance, but the

weight and size of the sensor nodes, the system cost and energy consumption are

significantly reduced in contrast to the Wi-Fi based system. Thus, this type of

system is more effective for the applications on MAVs or micro-uavs in smaller
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Table 2.3: Analysis of current RF based UAV localisation systems under the proposed
evaluation framework

System Type LA L/U SDE AER W/S LCR EC SC

[27] Wi-Fi/RSS Meter 10Hz L M L M M L
[28] Wi-Fi/RSS Meter N/A L H L M M M
[29] Wi-Fi/RSS Meter N/A L M L M M L
[30] Wi-Fi/RSS Decimetre N/A M H L M M M
[42] Bluetooth/RSS Meter N/A L H L L L L
[43] Bluetooth/RSS Decimetre N/A L N/A L L L L
[44] Bluetooth/RSS Decimetre 5Hz L N/A L L L L
[54] Zigbee/RSS Decimetre N/A L M L L L L
[57,58] RFID Centimetre50Hz L M L L L L
[60] RFID/RSS Decimetre N/A L H L L L L
[6] UWB/TDOA Centimetre40Hz M M L L M M
[63] UWB/TWR Centimetre40Hz M M L L M M
[64] UWB/TWR Decimetre 80Hz M M L L M M
[65] UWB/TWR Decimetre 20-

250Hz
M M L L M M

[66] UWB/DS-
TWR

Decimetre 200Hz M M L L M M

[67] UWB/SDS-
TWR

Decimetre N/A M H L L M M

[68] UWB/SDS-
TWR

Centimetre65-
372Hz

M H L M M M

[69] UWB/TWR CentimetreN/A M M L L M M
[71,72] UWB/TWR Meter 20Hz M L L M M M
[73–75] UWB/TWR Decimetre N/A M N/A L M M M
[76] UWB/TWR CentimetreN/A N/A L L L M M
[77] UWB/DS-

TWR
Decimetre N/A M N/A L M M M

[78] UWB/TWR Decimetre 6.5-12ms M M L M M M
[79] UWB/RGB-

D
Decimetre N/A L M M M M M

[80] UWB/Vision Decimetre N/A L M M M M M
[81] UWB/RGB-

D
Decimetre 32Hz L M M M M M
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indoor environment, where both [43] and [44] focused on the applications under

this circumstance. Furthermore, the same as the previous conclusion, the low

data rate feature of the Zigbee based system may cause the high localisation la-

tency which runs counter to the requirements on UAV. Towards this end, only a

few research [54] has been carried out, which means the Zigbee based system is

not the ideal choice for UAV positioning. Similar to the Bluetooth based system,

the weight and size of the sensor nodes, system cost and energy consumption of

the RFID based system also remain low. But differently, the UHF RFID sig-

nificantly improved the accuracy into the centimetre-level, and the tiny size of

passive RFID nodes makes it possible to estimate the orientation information

with multi sensor nodes equipped on UAV. However, the restricted communica-

tion range and NLOS sensitive characteristic still limit the applications of the

RFID based UAV positioning system in smaller and open indoor environments.

Finally, the UWB based system with the time based localisation mechanisms is

highlighted here considering the existing characteristics and the focused applica-

tion scenarios. The detailed analysis for each indicator individually will be given

as follow to prove the conclusion.

• LA: As mentioned before, high time resolution is able to achieve with ex-

tremely short duration time of transmit signal for UWB based system. Thus,

decimetre or centimetre-level localisation accuracy is simple to achieve for

UWB based system with time based localisation mechanisms which is ex-

tremely important for UAV positioning in GPS-denied environments.

• L/U: For RF based localisation system, the localisation latency is closely

related to the data transmission rate of each radio communication protocol.
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Obviously, with the highest data transmission rate, UWB based system can

achieve extremely low localisation latency which is much more suitable for

UAV localisation compared with other radio communication protocols.

• SDE: With the extremely short duration time of transmit signal for UWB

based system, it is much easier to identify the signals from different path

which makes UWB based system can resist multipath fading. Therefore, the

localisation performance of UWB based system is much more stable than

other RF based systems in different operational environment, especially in

cluttered environment.

• AER: The requirement for auxiliary components (anchor nodes) is the defect

for almost all the RF based localisation technologies. However, with the high

data transmission rate and ranging accuracy for UWB based system, it is

possible to realise the relative localisation for UAV swarm to get rid of this

limitation, as declared in the existing literature [73–76].

• W/S: For UWB based localisation system, the precise localisation is achieved

by the compact and light weight wireless UWB sensor nodes, where the

weight and size of the sensor nodes only have little impact on UAV [111,112].

• LCR: As aforementioned, the localisation coverage is related to the wire-

less communication protocols. Compared with other RF based localisation

technologies, even UWB based sensor node is not the one with the widest

communication range, but still keep large localisation coverage [111–113].

• EC: Compared with other RF based localisation systems like Bluetooth,

Zigbee and Passive RFID, the energy consumption for UWB based system

is much higher. But considering the application on UAV positioning, there
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is no need to keep the sensor node working for months or years, keeping it

alive during the operation process of UAV is enough. Thus, even UWB based

system is not the one with lowest energy consumption, but still suitable for

UAV positioning.

• SC: Due to the special requirements of UWB based system, the system cost

is much higher than other RF based systems. But considering the applica-

tion for UAV positioning in GPS-denied environments, there is no need for

large-scale nodes (hundreds of wireless sensor nodes) for localisation. Thus,

the system cost of UWB based system can be still kept in low level.

It is concluded that the UWB based system with time based localisation mech-

anisms is the best option for UAV positioning with RF based localisation tech-

nologies in GPS-denied and extremely confined environment.

2.6 Current challenges on UAV positioning with RF based

localisation technologies

Under the in-depth discussion and establishment of the evaluation framework for

RF based localisation systems on UAV positioning, current challenges for design-

ing or implementing high-performance RF based localisation system of UAV in

GPS-denied environments will be discussed in this section to act as the guidance

and lay fundamental base for subsequent research.
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2.6.1 Unreasonable value

Owing to the unpredictable working environment and communication condition

between all sensor nodes. Considering the measurement noise from each sensor

node is constantly changing due to the individual difference, the unreasonable

value which denotes as the oscillation of localisation results may occur [63]. Gen-

erally, performance degradation caused by unreasonable value is not a sustained

impact. Thus, for traditional applications, these values can be ignored directly.

However, for UAV positioning , especially for the UAV applications in the ex-

tremely confined environment, even a short-term position drift can lead to the

unstable control. Hence, before reaction of flight controller, localisation results

must be smoothed or filtered to eliminate violent oscillation which makes unrea-

sonable values become to a special challenge for UAV positioning.

2.6.2 Anchor self-positioning and relative localisation of UAV

One of the fundamental requirements for the traditional RF based localisation

systems is adequate anchor nodes with precise location. However, consider UAV

application in GPS-denied environments, it is hard to measure the precise position

information of anchor nodes before system operation. Under such circumstance,

anchor self-positioning turns into one of the most concerned research questions

in this area. In [114, 115], a source position estimation approach called source

position estimation for anchor position uncertainty reduction (SPEAR) was pro-

posed which achieved precise estimation of anchor position with existing RSS

measurements. However, prior information for some anchor nodes is still re-

quired. Besides, the final estimation error is not acceptable for UAV localisation.
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Differently, Großwindhager et al. [116] designed a single-anchor localisation sys-

tem using multipath assistance (SALMA) for precise localisation. Thanks to the

existing geometry for the building and the characteristics of the UWB signal,

virtual anchor nodes are able to be built up with reflection between transmit-

ter and receiver for precise localisation. Finally, a median error below 8cm with

off-the-shelf UWB sensor node is garnered. However, in dynamic or unknown

environment, this approach will lose effectiveness. In addition, another anchor

self-localisation approach was proposed in [117] which exploited TOA measure-

ments sequentially gathered from anchor nodes by moving quadcopter by hand

and previous robust solvers to estimate anchor position for UAV localisation.

2.6.3 NLOS error

One of the fundamental challenges for precise localisation of UAV with RF based

technologies in GPS-denied environments will be the abominable communication

environment. It is always difficult to assess the communication condition, con-

sidering the dynamic characteristics of the working environment. Owing to the

inherent nature of electromagnetic waves, to avoid reflect, refract and diffract of

the communication signal between sensor nodes is impossible [118], that is where

NLOS error comes from. NLOS error here denotes the localisation error caused

by NLOS communication between sensor nodes, also treated as the excessive

travelling distance. To be specific, the reflection or refraction of the signal will

lead to the additional power loss, additional time-delay or incident angle change

which all have the significant consequence on the localisation accuracy. More-

over, the multipath fading caused by the NLOS communication will also make it
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challenging to distinguish the direct path. To remedy this, plenty of approaches

have been presented. According to the method of dealing with NLOS error, these

approaches can be divided into two categories, NLOS identification and NLOS

mitigation.

The NLOS identification means to identify the NLOS path or measurement

which are influenced by the NLOS error. In the last decade, hundreds of ap-

proaches have been developed in this area. The traditional approaches utilised

the building methods or model and the existing LOS information to identify the

NLOS path through the measured distance, signal strength or channel character-

istics. The identification accuracy is relevant to the building methods or model

and the existing LOS information. Different from the traditional approaches, the

artificial intelligence (AI) based approach first utilises the RSS or channel state

information (CSI) training data for feature extraction, then it is to distinguish

the NLOS path. Even no identification model is required, however, the perfor-

mance is restricted by the data volume. In this part, a brief overview for these

two different NLOS identification approaches will be given.

In [119], Chan et al. proposed an identification approach to identify NLOS

path through the designed residual test with measured TOA and successfully

achieved over 90% accuracy. However, performance of the algorithm is restricted

by the number of the base stations (anchor nodes) and LOS dimension for these

nodes. The performance will drop sharply in terms of lack of LOS anchor nodes or

if LOS dimension is under 4. Differently, another approach was proposed in [120]

which exploited TOA-DOA fusion to precise identify NLOS nodes and improve

accuracy with reflection points served as reference nodes. In this approach, TOA
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and DOA from the same target measured by different anchor nodes were applied

to estimate multi-group position information, then to analyse estimation bias for

distinguishing NLOS and LOS nodes. Moreover, a shared reflection point iden-

tification and localisation algorithm was presented to improve the positioning

accuracy. However, their approach has the assumption that all reflection must be

single bounce. Besides, the performance will be greatly restricted by accuracy of

DOA and synchronisation between nodes. Similar to the above method, Zhang

et al. [121] designed another approach which also utilised the measured angle

information to transform the reflection points as reference nodes for localisation.

Differently, this method could identify the multi reflection point through calcu-

lated possible region for target node from measured AOA, angle of departure

(AOD) and TOA information. However, unless at least one single bounce reflec-

tion exists, the proposed approach is unable to identify multi reflection points.

Besides, not only AOA, but also AOD is required which means for both target

and anchor nodes high-performance antenna arrays are required to preserve the

accuracy.

On the other hand, some other approaches exploiting machine-learning or

deep-learning for the precise NLOS path identification were also proposed. The

authors in [122] applied the non-parametric machine learning techniques for iden-

tification with no need of statistical characterisation for LOS and NLOS channels.

Six different features were extracted directly from received waveform for classi-

fication through least square support vector machine (LS-SVM), owing to the

characteristics of robustness, few requirements of user-defined parameters and su-

perior performance. Due to the huge computational complexity of support vector

machine (SVM), relevance vector machine (RVM) was exploited in [123] to iden-

58



Chapter 2. Literature Review

tify and mitigate NLOS error with lower computational cost. They declared that

an extremely smaller number of relevance vectors (RVs) of RVM were utilised for

classification than support vectors (SVs) of SVM. Moreover, compared with SVM,

RVM is able to estimate error bar for the improvement of localisation accuracy.

In order to further reduce computational complexity, Yang et al. [124] proposed

another NLOS identification approach based on import vector machine (IVM).

During identification process, a feature selection strategy was designed to select

optimal feature from the same six features to improve accuracy and reduce com-

putational complexity. Moreover, comparison of SVM and RVM with proposed

approaches was made to evaluate the effectiveness. In order to exclude human

intervention, deep-learning based approaches for NLOS identification emerge re-

cently. Bregar et al. [125] presented a convolutional neural network (CNN) based

approach exploiting measured raw CIR for precise identification. The dimension-

ality of CNN was also reduced by filtering useful training data as small batches to

significantly lower the complexity and improve the robustness of the algorithm.

On the other hand, considering the insufficient information from single measure-

ment and limitation of CIR, Choi et al [126] proposed another approach which

applied a series of CSI to further improve the identification efficiency and accuracy

by aid of recurrent neural network (RNN). However, all these data-aided methods

are susceptible to unknown or dynamic environment due to the requirement of

plenty measurements and training process for feature extraction. Moreover, for

UAV applications, on-board identification is unrealistic owing to the limit power

supply and high computational complexity. Therefore, further research is still

necessary.

Compared with NLOS identification, NLOS mitigation is able to remedy the
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lack of LOS anchor nodes problem to eliminate the influence of NLOS. The au-

thors in [127] proposed two different convex relaxation approaches called as the

semidefinite relaxation (SDR) and the second-order cone relaxation (SOCR) to

mitigate the NLOS error precisely with the ability for solving non-convexity prob-

lem. They successfully mitigated NLOS error from measured TOA with no need of

plenty statistical information. In addition, they also extended the above method

to TDOA based localisation approach in [128]. At the same time, Marano et

al. [122], Van Nguyen et al. [123] both designed the approach for NLOS error mit-

igation after identification with SVM and RVM. However, there is still restriction

for NLOS mitigation. When compared with the identification approaches that

remove NLOS nodes directly, mitigation approaches can only approximate LOS

condition even in the ideal case. Therefore, NLOS mitigation approaches are only

suitable for the applications with less LOS node exists.

2.6.4 Node synchronisation

Generally, in the ideal case, the clocks on all the sensor nodes are identical. How-

ever, considering the material, structure and manufacturing process, the clock

of each sensor node is different. Additionally, to limit the system cost, the only

low performance crystal oscillator can be provided for the wireless sensor nodes

of the RF based localisation system. Therefore, with the extremely fast speed

of electromagnetic waves, even a small difference between the local clock will

have a huge impact on the localisation accuracy, especially for the time based

localisation mechanisms. Hence, precise synchronisation will be the other grand

challenge for precise localisation of UAV with RF based systems.
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The current synchronisation approaches can be classified based on the method

for handling the clock difference. One is to cancel out the clock difference through

communication strategy or regulate clock difference with additional synchronisa-

tion server or node. The other is to achieve the relative synchronisation with

the estimation of clock difference. As above mentioned, the localisation ap-

proaches such as TWR, DS-TWR and SDS-TWR all are synchronisation free

which cancel out the clock difference by multi communication. However, the

additional problems will be raised, like response delay, communication cost and

high latency. The other conventional approach is leveraging additional synchro-

nisation server or node to regulate clock difference. Lots of classical protocols or

strategies on this side have been proposed over the past decades like timing-sync

protocol for sensor networks (TPSN) [129], flooding time synchronisation proto-

col (FTSP) [130] and reference-broadcast synchronisation (RBS) [131] which are

summarised in [132–135]. Nevertheless, performance for these approaches will

be restricted by synchronisation server or node itself, also by the communication

condition and synchronisation strategy. Meanwhile, with the extra components,

energy consumption will also be the burning issue. Therefore, more attention

will be given to the relative synchronisation with the estimation of clock dif-

ference. The classical approach was proposed in [136] which leveraged two-way

exchange successfully estimate clock difference between sensor nodes with the

known time delay. However, only clock offset is taken into account. For further

research, authors in [137] designed a synchronisation protocol called asymmetrical

time-stamping and passive listening (ATPL) utilised the same two-way exchange

strategy. Differently, passive listened message from other nodes was considered

to estimate relative clock skew and offset, also to reduce communication cost.
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However, with the same strategy, even communication cost is reduced, but still

keep high-level. Meanwhile, LOS paths between each sensor node are required

to keep precise synchronisation. Likewise, Wang et al. [138] proposed another

clock skew and offset estimation approach, which also utilised the same strat-

egy and overhearing message. But different from the aforementioned approaches,

only two-way exchange between the chosen two sensor nodes is required and

no prior position information, response time or transmit time from responder

needed. Therefore, communication cost of this approach is significantly reduced.

But LOS paths are still required. On the other hand, Xiong et al. [139,140] pro-

posed another robust clock synchronisation approach which only requires periodic

broadcast signal from each anchor node to estimate relative clock skew and off-

set. Even communication cost is reduced compared with all the aforementioned

approaches, but with the additional communication between anchor nodes, LOS

path between these nodes must be guaranteed. For further research, Wang et

al. [141] proposed a revised synchronisation approach with unknown position in-

formation of anchor nodes followed by Xiong’s [139, 140] work, which is much

more suitable for UAV localisation in unknown environment.

2.6.5 Signal block or interference between localisation server or ground

station and UAV

Currently, there are two patterns for RF based UAV localisation system, the

off-board pattern and on-board pattern. For off-board pattern, the localisation

algorithm will be deployed on an additional localisation server (ground station),

which is responsible for the complex computing. Thus, for off-board pattern, the
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computational complexity and the system energy consumption only have little

impact on localisation latency and UAV operation time. However, the additional

process to send back the estimated position to UAV is required. Considering

the applications in GPS-denied environments, the potential signal interference

or block for the additional process may cause the position loss or low position

update rate of UAV. Moreover, to avoid signal interference or block between UAV

and ground station is not only the primary challenge for precise localisation, but

also extremely significant for stable control of UAV.

2.6.6 Energy consumption

As aforementioned, different from the off-board pattern, instead of the additional

localisation server, an on-board processor will be equipped on UAV which is

responsible for position estimation. Apparently, for on-board pattern, the com-

putational complexity of the algorithm and energy consumption of the processor

will all have great influence on the operation time of UAV. To lower the en-

ergy consumption, lots of approaches through different perspectives have been

proposed. However, balance between energy consumption, computational com-

plexity and localisation accuracy to preserve the stability of UAV requires to be

take into consideration, where at least decimetre-level accuracy with high update

rate should be ensured, then to consider the lowest energy consumption to keep

UAV alive for longer time.
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2.6.7 Summary and discussion on the current challenges of the RF

based UAV localisation technologies

A detailed discussion on current solutions of the challenges for UAV localisation

with RF based localisation technologies is provided in Table 2.4. The advantages

and disadvantages for each solution under the consideration of the evaluation

framework proposed in Section 2.5 are also generalised which can give a clear

guidance for subsequent research.

2.7 Summary

In this chapter, a comprehensive analysis and overview have been presented for

the RF based UAV localisation technologies with different radio communication

protocols under different localisation mechanisms to demonstrate the current cir-

cumstance of the RF based UAV localisation technologies in GPS-denied envi-

ronments and to serve as the guidance for further research. Firstly, the pros and

cons of the existing RF based UAV localisation technologies with different radio

communication protocols (Wi-Fi, Bluetooth, Zigbee, RFID and UWB) were dis-

cussed. Later on, the classical localisation mechanisms (RSS, AOA, TOF/TOA,

TDOA and Fingerprint) widely used on the RF based localisation systems and

the effectiveness of each for UAV positioning in GPS-denied environments were

reviewed. Thirdly, the evaluation framework to assess the system performance

was established, aiming at the special demand for UAV positioning in GPS-denied

environments. With the established framework, all the RF based localisation sys-

tems with the specific localisation mechanisms were analysed to find the suitable
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application scenarios. According to the analysis, except the Zigbee based systems,

all the other RF based localisation systems are able to be applied on UAV posi-

tioning. Within these, the Wi-Fi based systems with the RSS based localisation

mechanisms are more suitable for the UAV positioning in outdoor environment.

Both the Bluetooth and RFID based localisation systems are more effective for

the applications on MAVs or micro-uavs in smaller indoor environment. Partic-

ularly, the UWB based system with the time based localisation mechanisms are

highlighted for UAV positioning under the consideration of the proposed evalua-

tion framework, which can be the best option for UAV positioning with the RF

based systems. Finally, key issues and challenges for UAV positioning with the

RF based system in GPS-denied environments were discussed which is served as

the guidance for the following researches.
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UWB based UAV positioning

technology

3.1 Introduction

According to the comprehensive overview for the existing UAV based localisation

technologies, the UWB based system with the time based localisation mechanism

can be the ideal candidate to remedy the existing issues for the high accuracy and

precision UAV positioning in GPS-denied and extremely confined environments.

Therefore, in this chapter, the description for the proposed MLE UAV position-

ing algorithm based on the UWB localisation system will be given. Followed by,

considering the huge performance influence from the distribution of the fixed an-

chor nodes and the extremely confined space in the focused application scenarios,

the investigation on the anchor distribution strategy will be provided help to find

the suitable geometry configurations of the fixed anchor nodes to keep the best

performance in focused environments.

67



Chapter 3. UWB based UAV positioning technology

3.2 MLE based UAV positioning algorithm

In order to avoid the requirement of strict clock synchronisation between the

UWB sensor nodes, and provide high accuracy positioning performance for the

UAV, the TW-TOF based localisation scheme with the MLE based positioning

algorithm is investigated and exploited. It is clear from Fig. 2.5, during the

localisation process, the position request packet will be transmitted by the tag

node equipped on UAV at time lDu. Anchor node i (i = 1, 2, ..., n) involved

in this round will receive the request and record the timestamp as lAi after a

transmission delay. After a response delay caused by the data processing, anchor

node i will respond to the request by transmitting back a response packet with

the time departure stamp lDi. Finally, the tag node will receive the response

packet and record the TOA as lAu after a same transmission delay.

Assume that TOA and TOD for the communication signal between two sensor

nodes be written as

lA = l̃A + τ, (3.1)

lD = l̃D + τ, (3.2)

where, τ is supposed to be the measurement noise of the UWB sensor node

modelled as the AWGN with zero mean and σ2
τ variance, l̃A and l̃D represent the

true value of TOA and TOD between tag node (equipped on UAV) and anchor

node. The measurement noise is mainly comes from the UWB sensor node itself

during the measurement process. Thus, according to the arithmetic theory of

TW-TOF, the transmission delay between tag node and anchor node can be

expressed as
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di = lic = [(lAu − lDu)− (lDi − lAi)]c/2. (3.3)

In the equation, di and li are defined as the measured distance and signal trans-

mission delay between anchor node i and UAV. c is the velocity of electromagnetic

wave. The equation can be further updated with the measurement noise from

the UWB sensor nodes,

di = [(l̃Au − l̃Du)− (l̃Di − l̃Ai)]c/2 + ηi. (3.4)

Within the equation, ηi is the distance measurement noise between UAV and

anchor node i which can be expressed as

ηi = [(τDu − τDi) + (τAi − τAu)]c/2. (3.5)

Accordingly, the true value for the distance between UAV and anchor node i

is able to be calculated by the coordinates of these sensor nodes. Therefore, the

following equation can be derived



d1 = ∥p− p1∥+ η1

d2 = ∥p− p2∥+ η2
...

dn = ∥p− pn∥+ ηn

, (3.6)

where, p = [x, y, z]T and pi = [xi, yi, zi]
T represent the position matrix of UAV

and anchor node i. Then, by extending the equation into matrix form,

Z = f(p) + η. (3.7)
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Among the above equation, Z, f(p) and η represent the measured distance infor-

mation matrix, real distance information matrix and measurement noise matrix

which are known as

Z = [d1, d2, ..., dn]
T , (3.8)

f(p) = [d̃1, d̃2, ..., d̃n]
T , (3.9)

η = [η1, η2, ..., ηn]
T = (C0τ +C1τ )c/2, (3.10)

where, d̃i = ∥p− pi∥ is the real distance between UAV and anchor node i, τ =

[τp, τ1, τ2, ..., τn]
T is defined as the measurement noise matrix, C0 and C1 are the

coefficient matrix which can be written as

C0 =



−1 1 0 · · · 0

−1 0 1 · · · 0

...
...

...
. . .

...

−1 0 0 · · · 1


n×(n+1)

, (3.11)

C1 =



1 −1 0 · · · 0

1 0 −1 · · · 0

...
...

...
. . .

...

1 0 0 · · · −1


n×(n+1)

. (3.12)

Thus, the covariance matrix of η can be calculated as follows

Qη = c(C0QτC
T
0 +C1QτC

T
1 ), (3.13)

where, Qτ is the covariance matrix of measurement noise matrix τ .

70



Chapter 3. UWB based UAV positioning technology

Finally, the likelihood function can be derived from the above-mentioned equa-

tions

p(Z,p) =
1

(2π)
n
2 det(Qη)

1
2

· exp[−1

2
(Z − f(p))TQ−1

η (Z − f(p))]

. (3.14)

Considering the existing characteristics, including the implementation sim-

plicity, asymptotically unbiased and high efficiency [142,143], the MLE approach

is selected to estimate the position information of UAV. Through (3.14), the MLE

of p can be obtained

p̂ = arg min[(Z − f(p))TQ−1
η (Z − f(p))]. (3.15)

However, due to the nonlinearity of the real distance matrix f(p), a closed-

form solution for (3.15) does not exist. Therefore, a numerical minimisation

method [139,142–145] will be introduced to approach the real solution.

Firstly, the estimation of p and the iteration factor at jth iteration is defined

as p̂(j) and ∆(j). It can be seen that

p = p̂(j) +∆(j). (3.16)

Thus, f(p) can be linearised around p̂(j), yielding

f(p) = f(p̂(j)) +G(p̂(j))∆(j), (3.17)
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where, G(p̂(j)) is the Jacobian matrix

G(p) =
∂f(p)

∂p
. (3.18)

From (3.9), the partial derivative of f(p) with respect to p can be derived

∂fi(p)

∂p
=
∂d̃i
∂p

=
(p− pi)

∥p− pi∥
. (3.19)

Substituting (3.19) into (3.18), the Jacobian matrix can be written as

G(p) = [
(p− p1)

∥p− p1∥
,
(p− p2)

∥p− p2∥
, ...,

(p− pn)

∥p− pn∥
]T . (3.20)

Combining (3.15) and (3.17), the estimation of the iteration factor can be calcu-

lated

∆̂(j) =[GT (p̂(j))Q−1
η G(p̂(j))]−1

·GT (p̂(j))Q−1
η (Z − f(p̂(j))).

(3.21)

Finally, the estimate coordinate matrix of UAV at (j + 1)th iteration will be

p̂(j + 1) = p̂(j) + ∆̂(j). (3.22)

In order to make it clear to understand, the structure for the MLE based UAV

positioning algorithm has been given in Fig. 3.1.

With the numerical minimisation method, the position information of UAV

can be estimated. However, two additional problems, including the local min-

imum and the non-convergence problems which lead by the estimation method

cannot be ignored. Clearly from (3.21), with a small GT (p̂(j))Q−1
η G(p̂(j)), a
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Figure 3.1: Structure for the MLE based positioning algorithm.

large oscillation for the iteration factor may occur. This may cause the estima-

tion stopped at a local minimum or even the non-convergence for the estima-

tor [139, 142–144]. To prevent the aforementioned issue, an appropriate initial

guess close to the true value is required. Therefore, considering the UAV is mov-

ing continuously, the previous estimation of the UAV position information will

be served as the initial guess to avoid the iteration stopped at a local minimum,

the non-convergence of the estimator and to reduce the iterations.
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3.3 Anchor distribution strategy

Clearly from the positioning scheme and localisation equation shown in Fig. 2.5

and (3.6), the number of anchor nodes in the system and their locations will have

tremendous impact on the localisation performance. In addition, considering

applications in extremely confined environments, such as a small storage tank or

pressure vessel, which is hard to access, the anchor nodes can only be deployed

near the entrance of the area inside that space. To be specific, the quantity

and deployment area of anchor nodes are always limited in such environments.

Consequently, the deployment strategies or layouts of the anchor nodes become

particularly important to the localisation performance. Towards this end, the

analysis on anchor deployment strategies to achieve high precision localisation of

UAV in extremely confined environments is carried out in this section.

In order to quantitatively analyse the localisation performance under different

geometry configurations of anchor nodes, geometric dilution of precision (GDOP)

is introduced. GDOP is a significant metric to evaluate the precision of model

parameters before positioning estimation [146]. It reflects the geometry configura-

tion quality of anchor nodes. Here, suppose the covariance matrix of the unbiased

estimation p̂ to be Cov(p̂). Then GDOP can be defined as

GDOP =

√
tr(Cov(p̂))

cστ
, (3.23)

where, tr(.) denotes matrix trace. The trace of the covariance matrix is related

to the Cramér–Rao lower bound (CRLB) of the localisation algorithm.

According to the definition of CRLB, it is the inverse of the Fisher information
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matrix (FIM) [147]. Under Gaussian noise, FIM can be calculated through

J(p) = GT (p)Q−1
η G(p). (3.24)

Thus, CRLB of the localisation algorithm can be represented as

σ̄2
p =

3∑
n=1

[J−1(p)]nn, (3.25)

where, [J−1(p)]nn denotes as the nth diagonal element of J−1(p).

Substituting (3.25) into (3.23), GDOP of the localisation algorithm can be

computed by

GDOP =
σ̄p
cστ

. (3.26)

3.4 Performance evaluation in the simulation environment

Considering the safety reason for flying UAV in the real experiment before the

verification of the algorithm and strategy, the simulation is firstly carried out to

prove the effectiveness of these. In order to comprehensively validate the locali-

sation performance of the MLE based positioning algorithm and its performance

under different anchor deployment strategies, four different types of geometry

configurations for the anchor nodes shown in Fig. 3.2 are simulated in the Mat-

lab environment. This is the under the consideration that the anchor nodes can

only be deployed near the entrance of the confined space. The coordinates of

each anchor node under different geometry configurations are listed in Table 3.1,

and the entrance of this confined space is supposed at the central area of the X-Z
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Figure 3.2: Geometry configurations of anchor nodes.

plane. The localisation area is set within a narrow space (1.2m × 3.2m × 2.6m)

which is the same as the actual experiment area for this approach, where X-axis

is set as the width direction, Y-axis is parallel to the depth direction, while Z-axis

denotes the altitude. Only four anchor nodes are considered in the simulation

due to the difficulty for anchor deployment in the confined space. Moreover, con-

sidering the anchor nodes can only be deployed near the entrance of the confined

space, the simulation will pay more attention to the performance change with the

Y coordinate variation. Different Y coordinates of the target are taken into ac-

count for the performance evaluation. In the simulation, the standard deviation

(STD) of the measurement noise is set to be 0.1ns [148,149].

As shown in Fig. 3.3, Fig. 3.4, Fig. 3.5 and Fig. 3.6, GDOP of the algo-
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Table 3.1: Coordinates of anchor nodes under different geometry configurations

Geometry
Configuration

Anchor 1 Anchor 2 Anchor 3 Anchor 4

A (0,0,0)m (1.19,0,0)m (0,0,2.03)m (1.19,0,2.03)m
B (0,0,0)m (1.19,0,0)m (0,0.42,1.96)m (1.19,0.42,1.88)m
C (0,0,0)m (1.19,0,0)m (0,0.715,1.88)m (1.19,0.78,1.88)m
D (0,0,0.13)m (1.19,0,0.13)m (0.595,0.4,0)m (0.595,0.4,2.56)m

Figure 3.3: GDOP under configuration A of anchor nodes.

rithm under four different geometry configurations of anchor nodes with UAV at

different position are simulated. From all the simulation results under different

geometry configurations, it can be observed that with the increasing of the Y

coordinate, the value of GDOP go up, which means a drop-off for the localisation

accuracy. The performance drop-off is associated with the measurement noise

of sensor nodes and the distribution of anchor nodes on the Y-axis. With the

increasing distance between anchor nodes and UAV, the measurement noise will

have greater impact on the localisation accuracy. The accuracy descending rate

is different for each geometry configuration. Configuration A holds the biggest

accuracy descending rate compared with B and C with all the anchor nodes being
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Figure 3.4: GDOP under configuration B of anchor nodes.

Figure 3.5: GDOP under configuration C of anchor nodes.

deployed on the X-Z plane. From (3.20) and (3.24), FIM can be reshaped as

FIM =
1

c2σ2
η

n∑
i=1

(p− pi)

∥p− pi∥
(p− pi)

∥p− pi∥

T

. (3.27)

Considering the anchor nodes are all deployed on the X-Z plane, when UAV is
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Figure 3.6: GDOP under configuration D of anchor nodes.

on the same plane, FIM will be singular. This means no unbiased estimator for

p exists with a finite variance [150] and the algorithm will lose its effectiveness.

Moreover, it appears that GDOP becomes larger with UAV close to the X-Z plane,

especially for the centre of the plane under configuration A. For configuration B,

where anchor 3 and anchor 4 are deployed a little deeper in the area with the same

Y coordinate, the accuracy descending rate successfully decreased as shown in Fig.

3.4. GDOP becomes larger when UAV is approaching the plane composed of four

anchor nodes. Clearly, within the composed plane, Y coordinate of UAV is able

to be expressed linearly by X and Z coordinates. Thus, the inverse matrix of FIM

does not exist, which will result in the lose effectiveness of the algorithm. Similar

to configuration B, anchor 3 and anchor 4 are also deployed a little deeper in the

area, but with the different Y coordinate for configuration C. As apparent from

Fig. 3.5, the accuracy is further improved with the increasing of the Y coordinate

in contrast to configuration B. Whereas, the precision degradation still exists

when UAV is close to the planes composed of any three anchor nodes. Completely
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Figure 3.7: RMSE under configuration A of anchor nodes.

Figure 3.8: RMSE under configuration B of anchor nodes.

different from all the aforementioned deployment strategies, two anchor nodes

are deployed on the top and bottom of the confined space for configuration D

which is analysed in Fig. 3.6. Localisation performance becomes worse with the

increasing of the Z coordinate under different Y coordinates, associated with the

small distribution of anchor nodes on Z-direction.
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Figure 3.9: RMSE under configuration C of anchor nodes.

Figure 3.10: RMSE under configuration D of anchor nodes.

To further evaluate the localisation performance under different deployment

strategies, RMSE of the algorithm under these four geometry configurations are

given in Fig. 3.7, Fig. 3.8, Fig. 3.9 and Fig. 3.10. Here, some declaration should

be made before the simulation results analysis. For this simulation, the input is

the ranging information between tag node and anchor nodes, the output is the
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estimated position information for the UAV and the iteration will stop when the

difference between two round iterations less than 1mm. Furthermore, for each of

the test point, 100 simulations have been done to comprehensively evaluate the

performance. Clearly, RMSE becomes larger with the increasing of the Y coor-

dinate when the UAV is not moving towards the anchor nodes deployment area,

and configuration A holds the biggest descending rate of localisation accuracy

compared with B and C. For configuration A, the same result can be obtained

that when UAV is close to the X-Z plane, especially the centre of the plane, there

will be a sharp drop-off for the accuracy. When UAV flies away from the plane,

the influence will be eased. On the other hand, considering the RMSE distribu-

tion under configuration B and C. It appears that with UAV flying within the

area composed of these four anchor nodes, there will be performance oscillation

which has the same conclusion in contrast to the analysis on GDOP. The localisa-

tion performance is better than configuration A when out of the area constituted

by these anchor nodes. Finally, from Fig. 3.10, it is clear to find that, even an

accurate result can be obtained with a small Z coordinate for configuration D, the

overall accuracy is still kept in low level in contrast to the other three geometry

configurations.

In conclusion, according to the simulation results, the following summary can

be given. For the geometry configuration A of the anchor nodes, it is more suit-

able for applications in the space with the smaller value in depth direction. For

the space with a relatively larger size in depth direction, the geometry configu-

ration B and C can provide more accurate positioning performance. However,

the performance degradation still exists when the UAV move towards the anchor

nodes deployment area.
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3.5 System implementation and experiment setup

To evaluate the localisation performance under these four geometry configura-

tions of anchor nodes in actual environment, experiments are performed with a

hybrid UAV localisation system consisting of UWB based sensor nodes designed

by Pozyx and a commercial low cost mini quadcopter - DJI Tello EDU. For the

UWB based sensor nodes, considering the stability and accuracy of the locali-

sation performance, channel 2 is selected which is defined by the IEEE 802.15.4

standard [151]. The centre frequency is 3993.6 MHz and the bandwidth is 499.2

MHz. The localisation area is set within a narrow space (1.2m × 3.2m × 2.6m)

in lab environment with four anchor nodes existing as depicted in Fig. 3.12.

The UAV localisation system has three main modules: UWB based localisation

module, ground station (localisation server) and UAV. The system structure and

diagrams of each module are given in Fig. 3.11 and Fig. 3.13. During the local-

isation process, a position request will be sent out from the tag node equipped

on UAV. Afterwards, the recorded information from the communication between

sensor nodes will be transmitted to the ground station (localisation server) for

position estimation. The localisation server and ground station is a laptop where

the localisation algorithm and position controller are implemented. With the esti-

mated position information, the response command will be given by the controller

and encapsulated as a ROS package. Finally, the package will be transmitted to

UAV for position update. Here needs to declare that, in the system, each sensor

node is able to power itself with its on-board battery which has no impact on

the operation time of the UAV. Moreover, considering the UWB based system

cannot provide the attitude information for the UAV, the attitude information
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Figure 3.11: Localisation structure for the pure UWB based UAV localisation system.

utilised for this system is directly measured by the IMU attached on the UWB

tag node.

3.6 Performance evaluation in the experiment environ-

ment

In order to validate the localisation performance comprehensively, the experi-

ments are divided into two parts, the static experiments and flight tests. Firstly,

the performance testing was done at some representative points statically without

UAV flying under different anchor deployment strategies. These experiments pay

more attention to analyse the impact of different anchor deployment strategies

on localisation performance in actual environments. The true location of each

test point was measured manually. For each test point, 100 measurements were

repeated to eliminate the influence of unreasonable values on positioning. The
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Figure 3.12: Laboratory experiment environment for the pure UWB based localisation
system and the DJI Tello EDU.

Figure 3.13: Operational process for the pure UWB based system.
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average RMSE and STD of the 100 RMSE for each test point under four geometry

configurations of anchor nodes are presented in Fig. 3.14 and Fig. 3.15. Where

X(m), Y(m) and Z(m) represent the coordinate of the test points, the colour bar

is denoted as the distribution of average RMSE and the STD of RMSE. Moreover,

the empirical cumulative distribution function (eCDF) of the localisation error at

four representative test points under different geometry configurations are shown

in Fig. 3.16. The median and 95th percentile localisation errors are given in

Table 3.2. Within Fig. 3.16 and Table 3.2, the coordinates of these test points

are, test point 1: [0.59,0.550,0.99]m, test point 2: [0.59,1.050,0.99]m, test point

3: [0.59,2.050,0.99]m and test point 4: [0.59,2.550,0.99]m. Furthermore, these

experiments are also utilised to measure the noise level of the UWB distance

measurements.

From the results, it can be found out that, high accuracy result with an average

RMSE under 0.15m can be obtained with Y coordinate of the target within

[0.5,2]m for configuration A. The average STD of RMSE keeps below 0.07m which

also means a high precision performance. However, with the Y coordinate larger

than 2m, average RMSE is increased to 0.26m which is significantly inferior to

configuration B and C. For configuration B and C, with the same Y coordinate,

the accuracy is improved with the average RMSE less than 0.23m and 0.21m.

Whereas, it appears that when the target is near the plane consisting of anchor

nodes, the violent oscillation can be observed in Fig. 3.14 and Fig. 3.15 with the

average RMSE and STD larger than 0.35m. But the average RMSE and STD are

still kept below 0.2m and 0.07m for most test points with configuration B and

C. Particularly, the STD of RMSE for configuration C is even lower than 0.04m

excluding the test points aforementioned. Moreover, it is clear to find out that
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Figure 3.14: RMSE under different geometry configurations of anchor nodes.

configuration D holds the worst performance with the average RMSE larger than

0.3m.

On the other hand, from Table 3.2 and Fig. 3.16, it appears that for test point

1 and 2 with a smaller Y coordinate (0.550m and 1.050m), configuration A holds

the great performance with median error less than 0.19m. However, with the

increased Y coordinate for test point 3 (2.050m) and test point 4 (2.550m), the

median error and 95th percentile error are all increased. Another key observation

is that for test point 3 and test point 4, configuration B and C can achieve higher

accuracy. Especially for configuration C at test point 4, the localisation error is

significantly decreased with a 0.07m median error and 0.15m 95th percentile error.

Nevertheless, the performance oscillation can be observed for these two geometry
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Figure 3.15: STD of RMSE under different geometry configurations of anchor nodes.

configurations with the target near the entrance of the confined environment

at test point 1. Interestingly, for test point 1, configuration D holds the best

performance with the median error and 95th percentile error to be 0.09m and

0.20m. Whereas, the localisation performance is unstable with the STD larger

than 0.13m for all the test points under configuration D. Meanwhile, for test point

2 and test point 4, the median errors are increased to 0.50m and 0.44m which is

unacceptable for UAV positioning in extremely confined environments.

To further evaluate the localisation performance and illustrate the effectiveness

of the proposed approach, flight tests under different geometry configurations

of anchor nodes were carried out with UAV flying along a planned trajectory.

The planned trajectory with the estimated position under different geometry
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Figure 3.16: eCDF for representative test points under different geometry configura-
tions of anchor nodes.

configurations of anchor nodes is given in Fig. 3.17. Therein, the flight tests were

only performed with configuration A, B and C, considering the unacceptable and

unstable accuracy for configuration D. As apparent from the localisation results,

the same conclusion can be made in contrast to the results from simulation and

static experiments.

In conclusion, from the experimental results, it can be determined that in the

space with a small size in depth direction (less than 2m), configuration A is able

to provide precise and accurate localisation for UAV with the average RMSE and

STD under 0.15m and 0.07m, respectively. On the contrary, configuration B and

C are much more suitable to be applied in the area with a larger size in depth
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Table 3.2: Localisation error for representative test points

Geometry
Configuration

Median Error (m) 95th Error (m) Average STD (m)

A–Test 1 0.19 0.24 0.03
A–Test 2 0.14 0.17 0.03
A–Test 3 0.22 0.25 0.02
A–Test 4 0.32 0.35 0.02
B–Test 1 0.33 0.78 0.18
B–Test 2 0.19 0.22 0.02
B–Test 3 0.06 0.10 0.02
B–Test 4 0.29 0.35 0.04
C–Test 1 0.27 1.30 0.31
C–Test 2 0.22 0.24 0.02
C–Test 3 0.22 0.27 0.03
C–Test 4 0.07 0.15 0.04
D–Test 1 0.09 0.20 0.15
D–Test 2 0.50 0.56 0.18
D–Test 3 0.08 0.13 0.17
D–Test 4 0.44 0.62 0.13

direction, especially for configuration C where higher accuracy can be provided.

However, performance drop-off will be noticed when the UAV is approaching the

entrance of the area (near the anchor nodes deployment area). Moreover, with

the proposed algorithm and the developed system, the position update around

25Hz can be obtained.

For the focused application scenarios in extremely confined environments, one

of the most important indexes for UAV positioning is the STD for the localisation

error. This is also known as the precision or the level of performance oscillation for

the system. The precision will have a huge impact on the stability of UAV in such

environments. Considering the dimensions of the DJI Tello (98mm × 92.5mm ×

41mm), the precision less than 0.098m is acceptable for the focused applications

which can be attained with the suitable geometry configuration of anchor nodes.
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Figure 3.17: Localisation results for the flight tests with the MLE based UWB locali-
sation system.

On the other hand, regarding to the absolute accuracy, this index is relevant

to the situation that whether UAV can fly along with the planned trajectory

and hit the targeted points or not. Owing to the air flow disturbance, in such

environments, UAV cannot fly too close to the wall for inspection, in case of the

instability control or crash down. Therefore, a safety distance is required when

planning the trajectory or target points. Meanwhile, the system is developed for

smart inspection, even UAV cannot hit every target point accurately, the camera

can still record the video or picture in that area for further inspection. Thus,

the average RMSE less than 0.2m is acceptable for the focused applications. In

conclusion, with the proposed MLE based localisation approach, the precise UAV
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positioning can be achieved in extremely confined environments under different

circumstances.

3.7 Summary

In this chapter, the investigation and research on the UWB based UAV position-

ing technology has been made. Firstly, in order to solve the issues for the existing

UAV localisation technologies such as the vision based, LiDAR, ultrasonic and

infrared, including the performance influence from different illumination condi-

tions, the extremely high system cost, the high energy consumption, the unac-

ceptable weight and size for the components, the restricted localisation area and

the vulnerable performance in different operational environments, the MLE lo-

calisation algorithm based on the UWB localisation system was proposed. To

avoid the strict clock synchronisation between UWB sensor nodes, the TW-TOF

ranging scheme was applied in the proposed algorithm. In addition, for the UWB

based localisation system the distribution of the fixed anchor nodes also has the

great impact on the positioning performance. Therefore, the anchor distribution

strategy has been investigated in this chapter help to find the suitable geometry

configurations of the fixed anchor nodes to keep the best localisation performance.

Finally, the simulation and real-world tests have been carried out to validate the

performance of the proposed algorithm and strategy. As shown in the results,

the algorithm can provide precise 3D UAV positioning with a decimetre-level ac-

curacy and centimetre-level precision, and the suitable geometry configurations

of the anchor nodes can be found by the proposed strategy to keep these per-

formance under different circumstances. In conclusion, with the proposed MLE
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based localisation algorithm and the presented anchor distribution strategy, a

high level positioning performance can be achieved for the pure UWB based sys-

tem under difference circumstances to support the UAV autonomous inspection

in extremely confined environments.
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Chapter 4

UWB and IMU based EKF

sensor fusion UAV positioning

technology

4.1 Introduction

As declared in Chapter 3, with the MLE based localisation algorithm and UWB

based localisation system, the UAV positioning in GPS-denied and extremely

confined environments can be achieved. Nevertheless, the restriction still exists

for the UWB based localisation technology which limits its applications on UAV

in such environments. Owing to the inherent properties of the RF signal, the

additional propagation delay and changing measurement noise caused by the un-

predictable propagation condition and the time varying operational environment

always exist which will lead to the localisation performance oscillation and may

result in the instability of UAV.
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Under such circumstances, plenty of researches have been carried out. Among

them, the KF based sensor fusion localisation algorithms which integrated the

IMU and the UWB have been investigated and extensively utilised for UAV posi-

tioning due to the implementation simplicity and sufficient accuracy. In [63], the

EKF based sensor fusion algorithm was exploited for the low cost UAV position-

ing. The additional measurement calibration and outlier detection methods were

proposed to resist the performance influence from the unreasonable values. Sim-

ilarly, Li et al. [64] proposed an EKF based IMU and UWB localisation system

which successfully achieved the 80Hz 3D positioning of the MAV swarm. The

same research has also been carried out by Strohmeier et al. [66], but differently,

excluding the UAV position, the angular rate was considered in the prediction

model to estimate the precise orientation information for performance improve-

ment. Whereas, with the utilisation of the first order Taylor expansion for the

EKF, the neglected high order terms still limit its performance. To remedy this,

the advanced KF algorithms were proposed. Instead of linearising the transi-

tion matrix, the system state can be approximated by the sampling points for

the UKF. According to the UAV flight test results in [69], the performance of the

UKF based system was significantly improved 70% compared with the pure UWB

based system. Yet, considering the focused applications in extremely confined en-

vironments, where it is difficult to collect the UAV after crash, the priority for

the positioning system is to prevent any positioning failure. Thus, the increased

probability for filtering divergence and computational complexity of the UKF

based approaches restrict the applications in the focused scenarios [152]. Exclud-

ing EKF and UKF, the particle filter (PF) based sensor fusion algorithm also

attract lots of attention in this area, since it can provide optimal estimation in
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nonlinear non-Gaussian state-space models and does not require any hypothesis

for the probability density function of the measurements [153–155]. However,

the performance of it is high relevant to the number of particles in the system,

and the high accuracy of the algorithm is at the expense of the computational

complexity of the system [156]. This runs counter to the focused applications in

this thesis. In order to achieve the high accuracy and precision UAV positioning

with low computational complexity and prevent the positioning failure, the EKF

based sensor fusion based algorithm becomes the ideal candidate for the focused

applications in this thesis.

Yet, one critical issue still exists which restrict the performance of the EKF

based algorithm is the requirement of the prior information. The accuracy for the

prior information, including the process and measurement noise covariance ma-

trices, highly affects the performance of the EKF based sensor fusion approach.

Inappropriate value can cause the sharp performance degradation, even the filter-

ing divergence. For the IMU and UWB based UAV positioning, since the propa-

gation condition and operational environment are unpredictable and time varying

during the flight of UAV, the performance oscillation or degradation may appear,

with the constant and inaccurate noise covariance matrices for the traditional

EKF based sensor fusion approaches. Furthermore, the potential drift for the

attitude information caused by the magnetometer on the IMU will also have the

great impact on the localisation performance. To remedy the existing problems

and provide accurate noise covariance matrices for performance improvement,

the AEKF and TC-AEKF based sensor fusion algorithms are proposed in this

chapter.
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4.2 Coordinate system transformation

In order to appropriately describe the motion of UAV, a suitable coordinate

system is required. For traditional applications of UAV, the local navigation

coordinate system is often set to be north-east-down (NED) coordinate system,

then convert the position information from NED to the body frame of UAV

for position control. However, for the focused applications, the local navigation

coordinate system is determined by UWB anchor nodes, there is no need to

transform the coordinate system into NED. Therefore, to convert the acceleration

from IMU in its coordinate system to the local navigation frame established by

UWB anchor nodes shown in Fig. 4.1 is sufficient for the focused applications.

Afterwards, the position information still needs to be transformed into the body

frame of UAV for position control.

In the system, the IMU is attached on the UWB tag node which is determined

as the right-handed coordinate system. Here, the coordinate system of IMU is set

to be OXIMUYIMUZIMU , and the local navigation coordinate system is assumed

as OXNYNZN . It was known that the quaternion method is the most widely

utilised method to represent the attitude information and the rotation of UAV,

in order to prevent the gimbal lock issue. However, considering the focused

application is the detailed inspection in the extremely confined environments,

which means that the UAV could only fly slowly to do the inspection. Under

such circumstances the rotation in Pitch and Roll direction are always within

±10◦ according to the experiment in lab environment. Thus, the gimbal lock issue

can be ignored for the focused application. As a result, the Euler angle method

is still leveraged here to make the whole conversion and estimation process more
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Figure 4.1: Transformation of the coordinate system.

clearly. The detailed information will be given as follows.

As from Fig. 4.1, the three angles between the local navigation frame and

IMU frame including Roll, Pitch and Yaw have been defined as ϕ, θ and ψ.

Firstly, rotate the acceleration from the IMU frame into the Pitch frame. Here,

let CIP represents the transformation matrix between these two frames. Thus,

the acceleration aP in the Pitch frame can be derived through the acceleration

aIMU in the IMU frame

aP = CIPa
IMU . (4.1)
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Within the equation, the transformation matrix CIP is expressed as

CIP =


1 0 0

0 cosϕ − sinϕ

0 sinϕ cosϕ


3×3

. (4.2)

Afterwards, leveraging the same conversion principle, the acceleration in the Pitch

frame can be transformed into the Yaw frame, then into the local navigation frame

for UAV positioning. Where the derivation process is given as follow

aY = CPY a
P , (4.3)

CPY =


cos θ 0 sin θ

0 1 0

− sin θ 0 cos θ


3×3

, (4.4)

aN = CY Na
Y , (4.5)

CY N =


cosψ − sinψ 0

sinψ cosψ 0

0 0 1


3×3

. (4.6)

In the above equation, aY and aN are supposed as the acceleration in Yaw frame

and local navigation frame. CPY and CY N denote the transformation matrices

between these coordinate systems, respectively. Finally, throughout the transfor-

mation process, the conversion equation from IMU frame to the local navigation

frame can be derived

aN = CY NCPYCIPa
IMU . (4.7)
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If the gravitational acceleration g is not removed in the local navigation frame,

then the equation should be re-derived as

aN = CY NCPYCIPa
IMU +


0

0

g

 . (4.8)

4.3 EKF based sensor fusion with the integration of IMU

and UWB

In order to remedy the aforementioned issue, the IMU and UWB based EKF

sensor fusion method will be introduced in this section. The IMU and UWB

based EKF algorithm is presented to eliminate the performance influence from

the unreasonable values within the ranging information from the UWB sensor

nodes. To make it clear, the detailed operational process for the EKF based

sensor fusion approach has been depicted in Fig. 4.2.

4.3.1 State prediction

With the existing kinematic model of the UAV [157], the matrix form for the

motion equation can be derived


p̂k/k−1 = pk−1 +∆Tvk−1 +

∆T 2

2
aNk−1

v̂k/k−1 = vk−1 +∆TaNk−1

, (4.9)
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Figure 4.2: Structure for the EKF based algorithm.

within the equation, the UAV position information p = [x, y, z]T and the UAV

velocity v = [vx, vy, vz]
T in each direction are the state information to be esti-

mated. ∆T denotes the time interval between two measurements of IMU and

aN = [aNx , a
N
y , a

N
z ]

T represents the measured and converted acceleration of UAV

in local navigation frame all are the input variables. Considering the existing bias

ba and the measurement noise ξ for the accelerometer from IMU, the true value
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for the acceleration can be represented as

ãN = aN − ba − ξ. (4.10)

Corresponding to the literature in [158,159], ba is modelled as Gaussian random

walk processes with zero mean and Qb covariance, ξ is modelled as AWGN with

zero mean and Qξ covariance.

Then, transforming the equation into matrix form yields

ûk/k−1 = F kuk−1 +Bka
N
k−1, (4.11)

Âk/k−1 = F kAk−1F
T
k +Qk, (4.12)

where, u = [x, vx, y, vy, z, vz]
T is the state vector,

F k = I3 ⊗

1 ∆T

0 1

 (4.13)

represents the state transition matrix,

Bk = I3 ⊗

∆T 2

2

∆T

 (4.14)

is the control matrix, I3 denotes the 3×3 identity matrix, “⊗” represents the

Kronecker product, A represents the covariance matrix and

Qk = BkQbB
T
k +BkQξB

T
k (4.15)
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is the process noise covariance matrix determined by the bias and measurement

noise from accelerometer.

Leveraging the state prediction or motion equation, the position and velocity

information of UAV can be estimated. However, considering the cumulative error

from IMU, the estimated information requires to be corrected, which leads to an

additional observation correction or updating process.

4.3.2 Observation correction

As aforementioned in Section 2.3.3 and Fig. 2.5, the distance information can be

measured through the TW-TOF ranging protocol. Here, the measured distance

information will be served as the observation information to further correct the

estimated result to eliminate the cumulative error from IMU.

Suppose the distance measurements matrix to be Zk. Then the observation

equation can be written as

Zk = Hkûk/k−1 + ηk, (4.16)

where, Hk denotes the observation matrix, ûk/k−1 is the estimated information

from state prediction process, η ∼ N(0,σ2
η) is the distance measurement noise

from UWB sensor node, modelled as the AWGN with zero mean and σ2
η variance.

Considering Zk represents the distance measurements, Hkûk/k−1 can be writ-
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ten as

Hkûk/k−1 =



d1,k/k−1

d2,k/k−1

...

dn,k/k−1


n×1

, (4.17)

where, dn,k/k−1 represents the estimated distance between UAV and anchor node

n through the prediction process at round k, which can be calculated as

dn =
√

(xn − x̂)2 + (yn − ŷ)2 + (zn − ẑ)2. (4.18)

Due to the nonlinearity of (4.18), the first order Taylor expansion is exploited

for the calculation of the observation matrix Hk,

Hk =



∂d1,k/k−1

∂x̂k/k−1
0

∂d1,k/k−1

∂ŷk/k−1
0

∂d1,k/k−1

∂ẑk/k−1
0

∂d2,k/k−1

∂x̂k/k−1
0

∂d2,k/k−1

∂ŷk/k−1
0

∂d2,k/k−1

∂ẑk/k−1
0

...
...

...
...

...
...

∂dn,k/k−1

∂x̂k/k−1
0

∂dn,k/k−1

∂ŷk/k−1
0

∂dn,k/k−1

∂ẑk/k−1
0


n×6

. (4.19)

In (4.19), the partial derivative of the estimated distance dn,k/k−1 can be repre-

sented as 

∂dn,k/k−1

∂x̂k/k−1
=

x̂k/k−1−xn√
(xn−x̂k/k−1)

2+(yn−ŷk/k−1)
2+(zn−ẑk/k−1)

2

∂dn,k/k−1

∂ŷk/k−1
=

ŷk/k−1−yn√
(xn−x̂k/k−1)

2+(yn−ŷk/k−1)
2+(zn−ẑk/k−1)

2

∂dn,k/k−1

∂ẑk/k−1
=

ẑk/k−1−zn√
(xn−x̂k/k−1)

2+(yn−ŷk/k−1)
2+(zn−ẑk/k−1)

2

. (4.20)

104



Chapter 4. UWB and IMU based EKF sensor fusion UAV positioning technology

4.3.3 Position estimation

After the estimation of the observation matrixHk and the state covariance matrix

Âk/k−1, the Kalman gain can be calculated

KKF = Âk/k−1H
T
k (HkÂk/k−1H

T
k +Rk)

−1, (4.21)

where, Rk denotes the measurement noise covariance matrix which comes from

the measurement noise of the UWB sensor nodes.

Then, the correction process can be proceeded with following equations to

correct the estimated result and state covariance matrix from the state prediction

process

ûk = ûk/k−1 +KKF (Zk −Hkûk/k−1), (4.22)

Âk = Âk/k−1 −KKFHkÂk/k−1. (4.23)

From the mathematical principle of the EKF based sensor fusion approach,

with the participation of the acceleration information from IMU, it is clear that

the localisation result can be smoothed to eliminate the unexpected oscillation

and prevent the instability of UAV.

4.4 Adaptive EKF based sensor fusion

Even the unexpected performance oscillation can be eliminated by the EKF based

sensor fusion approach. However, the unknown and constantly changing process

noise covariance matrix Qk and measurement noise covariance matrix Rk caused
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Figure 4.3: Structure for the AEKF based algorithm.

by the unpredictable propagation condition and the time varying operational en-

vironment still have huge impact on the localisation performance. Therefore, the

AEKF based sensor fusion approach will be investigated to adaptively estimate

these noise covariance matrices for the stable and reliable UAV positioning un-

der different circumstances [160, 161]. In order to make it clear to understand

the proposed AEKF sensor fusion algorithm before the detailed introduction, the

structure of the algorithm has been provided in Fig. 4.3.
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4.4.1 Estimation of the noise covariance matrices

Accordingly, the difference between the distance measurements and the predicted

information can be calculated through the observation measurements and the

estimated information from the state prediction process

Z ′
k = Zk −Hkûk/k−1, (4.24)

where, Z ′
k represents the difference between the observation measurements and

the predicted value. Thus, the innovation covariance matrix ĈZ′
k
can be derived

ĈZ′
k
=

1

M

k∑
i=k−M+1

Z ′
iZ

′
i
T
, (4.25)

where, M represents the window size or sampling number, which has the great

impact on the estimation accuracy and stability. If a smaller M is selected, the

computational complexity of the algorithm can be reduced, and the estimation

process can be more adaptive to catch up the changes in the current process.

However, the estimation process will become noisy and may lead to the filtering

divergence. On the contrary, a larger M can improve the stability of the estima-

tion process, which means a much smoother result. Nevertheless, the computa-

tional complexity will be increased, and the larger M may cause the adaptation

ability lose of the algorithm. Considering all the existing issues, the M in the

simulations and experiments is set as 10 through trial and error.

Then, the measurement noise covariance matrix Rk can be obtained [160–162]

Rk = ĈZ′
k
−HkÂkH

T
k . (4.26)
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On the other hand, from (4.10), (4.11) and (4.21), the state prediction noise

at k round can be approximated as

Bkbak +Bkξk = ûk − ûk/k−1

= KKF (Zk −Hkûk/k−1).

(4.27)

Therefore, the process noise covariance matrix Qk can be derived as

Qk = KKFE[Z
′
kZ

′
k
T
]KT

KF

= KKF ĈZ′
k
KT

KF

. (4.28)

With the estimated process noise covariance matrix Qk and measurement

noise covariance matrixRk, the localisation performance can be further improved.

However, considering the unpredictable propagation condition, operational envi-

ronment and the varying time interval between two rounds acceleration mea-

surements, the fluctuation exists for the measurements from the IMU and UWB

sensor nodes. This fluctuation may lead to the inaccurate estimation of these

two noise covariance matrices and will result in the localisation performance os-

cillation, even the filtering divergence. Therefore, the further limitation for this

performance oscillation is still required.

4.4.2 Estimation of weighting factors

In order to remedy the above mentioned issue, two different weighting factors

α and β, and the offline data Roff and Qoff will be introduced [161]. Here,

Roff and Qoff are calculated through the captured offline data from sensor nodes
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(UWB sensor nodes and IMU) with UAV statically at the original position before

the flight of it.

Firstly, for the estimation of the measurement noise covariance matrix, a

weighting factor α is introduced to eliminate the influence of the varying mea-

surement noise from UWB sensor nodes.

Rupdate = (1− α)Roff + αRk. (4.29)

As shown in the above equation, the weighting factor α is added into the esti-

mation process. Rupdate is the estimated measurement noise covariance matrix

limited by the additional weighting factor. α is set within 0≤ α ≤0.5 to prevent

the filtering divergence caused by the unexpected oscillation of the current mea-

surements. Clearly, with the increasing of α, the estimation of Rupdate will more

rely on the current measurements, which means the oscillation of Rupdate, but the

system can react fast. However, the performance oscillation may occur and cause

the divergence. On the contrary, the performance oscillation will be eased with

a more stable estimation of Rupdate, but the system will take more time to catch

up the changes.

To adaptively estimate the weighting factor α, the current difference between

the observation measurements and the predicted value Z ′
k, and average differ-

ence Z ′
in from the previous processes will be utilised. Where Z ′

in is calculated

through the recorded estimation results from the state prediction process and

the correction process with UAV statically at fixed points before the flight of it.
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Throughout these, α can be adaptively estimated as

αad =
1
n

∑n
i=1[Z

′
k]i1

Z ′
in

αin. (4.30)

In which, n represents the number of anchor nodes in the system, and the initial

guess αin is set to be 0.5. Clearly, with the augment of Z ′
k, αad will become

larger, and the estimation of Rupdate will more rely on the current measurements

to catch up the changes. On the contrary, with smaller difference, the estimation

of Rupdate will give more credence on the previous measurements, which means a

more stable value.

On the other hand, to prevent the performance oscillation and potential filter-

ing divergence, another weighting factor β is introduced and adaptively estimated

through the recorded average time interval ∆Tavg between two rounds IMU accel-

eration measurements with UAV statically at fixed points, before the operation

of the localisation system.

Qupdate = (1− β)Qoff + βQk, (4.31)

βad =
∆T

∆Tavg
βin. (4.32)

Similar to α, the weighting factor β is also set within 0≤ β ≤0.5 to prevent the

filtering divergence, and the initial guess βin is given as 0.5. Throughout the

estimation process, with a larger ∆T , the estimation of Qupdate will more rely on

the current measurements to catch up the changes. By contrast, the result can

be smoother, but the performance degradation is inevitable. Moreover, since Rk

is calculated through two positive definite matrices as from (4.26), which may
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lead to a negative estimation and cause the filtering divergence. Therefore, in

the estimation process, if a negative estimation of Rk is detected, α in this round

will be directly set to zero to prevent the potential filtering divergence.

Finally, with the estimated Qupdate and Rupdate, the localisation result can be

further updated.

4.5 Tightly coupled adaptive EKF based sensor fusion

With the adaptively estimated noise covariance matrices, the localisation perfor-

mance for the UAV in the focused applications can be further improved. However,

for UAV applications, rule out of the position information, the attitude informa-

tion also has the great impact on the stable control of the UAV. For the current

UWB based systems, the attitude information is measured by the equipped IMU

on the UAV. Yet, the potential drift for the attitude information from the IMU

caused by the magnetometer always exists which may have the impact on the lo-

calisation performance. Therefor, in this chapter, in order to overcome this issue,

the TC-AEKF based sensor fusion algorithm is proposed. To comprehensively

describe the operational process of the TC-AEKF based sensor fusion approach,

the structure for the algorithm is depicted in Fig. 4.4.

4.5.1 State prediction

Similar to the description of the EKF based approach in Section 4.3.1, the mo-

tion equation of the UAV can be derived through the existing kinematic model

in [157]. But differently, the angular rate is considered for the prediction of the at-

111



Chapter 4. UWB and IMU based EKF sensor fusion UAV positioning technology

Figure 4.4: Structure for the TC-AEKF based algorithm.

titude information in the state prediction model of the TC-AEKF in this section.

Accordingly, it can be derived as



γ̂k/k−1 = γk−1 +∆Tωk−1

p̂k/k−1 = pk−1 +∆Tvk−1 +
∆T 2

2
aNk−1

v̂k/k−1 = vk−1 +∆TaNk−1

aNk−1 = CY N
k−1C

PY
k−1C

IP
k−1a

IMU
k−1

, (4.33)
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where, γ = [ϕ, θ, ψ]T is the attitude of UAV, ω = [ωϕ, ωθ, ωψ]
T is the angular

rate, p = [x, y, z]T represents the UAV position information, v = [vx, vy, vz]
T is

the velocity at X, Y and Z direction, aN = [aNx , a
N
y , a

N
z ]

T is the acceleration at

X, Y and Z direction in local localisation frame, ∆T denotes the time interval

between two round measurements. It is noted here that the acceleration and

angular rate between two rounds are assumed as constant. Then, transforming

the equation into matrix form yields

ρ̂k/k−1

ûk/k−1

 =

F ρ
k 0

0 F u
k


ρk−1

uk−1

+

0 0

0 Bu
k


 0

aNk−1

 , (4.34)

in which, ρ = [ϕ, ωϕ, θ, ωθ, ψ, ωψ]
T represents the UAV attitude and angular rate

information, u = [x, vx, y, vy, z, vz]
T consists of the position and velocity informa-

tion in this round, the state transition matrix is composed of F ρ
k and F u

k ,

F ρ
k = F u

k = I3 ⊗

1 ∆T

0 1

 , (4.35)

the control matrix is constituted by Bu
k ,

Bu
k = I3 ⊗

∆T 2

2

∆T

 , (4.36)

where, I represents the identity matrix, “⊗” is the Kronecker product.

Same as the EKF based approach, the measurement noise and gyro bias for

the measured information including the angular rate and acceleration should be
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considered and represented as follows,

ω = ω̃ + bω + e, (4.37)

aN = ãN + ba + ξ. (4.38)

Where, all the measurement noise and the gyro bias are modelled as the AWGN

with zero mean and variance, bω ∼ N(0,σ2
bω), b

a ∼ N(0,σ2
ba), e ∼ N(0,σ2

e) and

ξ ∼ N(0,σ2
ξ). ω̃ and ãN are assumed as the true value of the angular rate and

acceleration. ω and aN are supposed to be the measured value of them. Then,

from (4.34), (4.37) and (4.38), the state covariance matrix can be derived

Âk/k−1 =

F ρ
k 0

0 F u
k


ρk−1

uk−1


ρk−1

uk−1


T F ρ

k 0

0 F u
k


T

+

Qρ
k +Qbω

k 0

0 Qu
k +Qba

k

 ,
(4.39)

where, the state process noise covariance matrix Q is constituted by the noise

and bias from IMU measurements, Qρ
k = F ρ

kekek
TF ρ

k
T
, Qbω

k = F ρ
kb

ω
kb

ω
k
TF ρ

k
T
,

Qu
k = Bu

k ξkξ
T
kB

u
k
T and Qba

k = Bu
k b

a
kb

a
k
TBu

k
T .

Then, the position and attitude information of UAV can be predicted. How-

ever, the cumulative error from the IMU still requires to be taken into account,

considering the increasing performance influence as time goes on. Therefore, an

additional observation correction process is still needed to prevent this perfor-

mance degradation.

114



Chapter 4. UWB and IMU based EKF sensor fusion UAV positioning technology

4.5.2 Observation correction

In the observation correction process, with the measured precise distance infor-

mation between the tag node attached on the UAV and fixed anchor nodes, and

the attitude information provided by the IMU module equipped on the UAV, the

predicted state information from the state prediction process can be corrected

and updated to get rid of the cumulative error.

Assuming the attitude measurement matrix and the distance measurement

matrix at k round to be Zρ
k and Zu

k , the observation equation can be derived as

Zρ
k

Zu
k

 =

Hρ
k 0

0 Hu
k


ρ̂k/k−1

ûk/k−1

+

ϵk
ηk

 , (4.40)

in which, the observation matrix is composed of Hρ
k and Hu

k , ϵ ∼ N(0,σ2
ϵ)

and η ∼ N(0,σ2
η) are denoted as the attitude measurement noise and distance

measurement noise which are all modelled as the AWGN. Owing to the observa-

tion information Zρ
k measured from the IMU is the attitude, thus, Hρ

k can be

represented as

Hρ
k = I3 ⊗

[
1 0

]
. (4.41)

Differently, Zu
k measured by the UWB sensor nodes is the distance information,

therefore, a conversion is required. Since the distance information cannot be

linearly represented by the position information, the first order Taylor expansion
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is utilised,

Hu
k =



∂d1,k/k−1

∂x̂k/k−1
0

∂d1,k/k−1

∂ŷk/k−1
0

∂d1,k/k−1

∂ẑk/k−1
0

∂d2,k/k−1

∂x̂k/k−1
0

∂d2,k/k−1

∂ŷk/k−1
0

∂d2,k/k−1

∂ẑk/k−1
0

...
...

...
...

...
...

∂dn,k/k−1

∂x̂k/k−1
0

∂dn,k/k−1

∂ŷk/k−1
0

∂dn,k/k−1

∂ẑk/k−1
0


, (4.42)

where, n is supposed to be the number of fixed anchor nodes.

The Kalman gain can be obtained throughout the aforementioned processes

and represented by

KKF =Âk/k−1

Hρ
k 0

0 Hu
k


T

· (

Hρ
k 0

0 Hu
k

 Âk/k−1

Hρ
k 0

0 Hu
k


T

+

Rρ
k 0

0 Ru
k

)−1,

(4.43)

where, the combination of Rρ
k and Ru

k is supposed to be the measurement noise

covariance matrix R.

Finally, the position and attitude information from the prediction process can

be corrected, i.e.

ρ̂k
ûk

 =

ρ̂k/k−1

ûk/k−1

+KKF (

Zρ
k

Zu
k

−

Hρ
k 0

0 Hu
k


ρ̂k/k−1

ûk/k−1

), (4.44)

Âk = Âk/k−1 −KKF

Hρ
k 0

0 Hu
k

 Âk/k−1. (4.45)
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4.5.3 Estimation of the noise covariance matrices

Even the precise attitude and position information of the UAV can be attained,

nevertheless, how to adjust or decide the Q and R matrices still have huge im-

pact on the localisation performance. Thus, the TC-AEKF based approach is

investigated in this section to adptively estimate these matrices for performance

improvement [160–162].

It can be observed that, through (4.40), the measurement noises can be ap-

proximated by the measured and the predicted information in this round,

Zρ
k
′

Zu
k
′

 =

Zρ
k

Zu
k

−

Hρ
k 0

0 Hu
k


ρ̂k/k−1

ûk/k−1

 . (4.46)

Therefore, the innovation covariance matrix ĈZρ
k
′
Zu

k
′ can be derived as

ĈZρ
k
′
Zu

k
′ =

1

M

k∑
i=k−M+1

Zρ
i
′

Zu
i
′


Zρ

i
′

Zu
i
′


T

, (4.47)

where, M is the sampling number or window size. Then, the estimation of R

matrix can be obtained through (4.46) and (4.47)

Rρ
k 0

0 Ru
k

 = ĈZρ
k
′
Zu

k
′ −

Hρ
k 0

0 Hu
k

 Âk

Hρ
k 0

0 Hu
k


T

. (4.48)
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Similarly, the Q matrix can also be approximated as

F ρ
kek + F ρ

kb
ω
k

Bu
k ξk +Bu

k b
a
k

 = KKF · (

Zρ
k

Zu
k

−

Hρ
k 0

0 Hu
k


ρ̂k/k−1

ûk/k−1

), (4.49)

Qρ
k +Qbω

k 0

0 Qu
k +Qba

k

 = KKF ĈZρ
k
′
Zu

k
′KT

KF . (4.50)

However, the estimation of the R and Q matrix still rely on the measured

information which may result in the performance oscillation or filtering divergence

due to the unpredictable propagation condition between the UWB sensor nodes

and the changing operational environment. Thus, to remedy the existing issue,

additional weighting factors are added in the approximation process to limit the

estimation of these two noise covariance matrices.

4.5.4 Estimation of weighting factors

Inspired by the estimation approach in [161] and in order to eliminate the perfor-

mance degradation and prevent the potential filtering divergence. Four weighting

factors α, α′, β and β′, plus with the offline data for these two noise covariance

matrices Roff and Qoff estimated before the flight of UAV are introduced in the

approximation process.

Firstly, for the estimation of the measurement noise covariance matrix, with

the additional weighting factors α and α′, the offline data Roff and the approxi-
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mation equation from (4.48), it can be derived that

Rupdate =

(1− α′)Rρ
off 0

0 (1− α)Ru
off

+

α′

α


· (ĈZρ

k
′
Zu

k
′ −

Hρ
k 0

0 Hu
k

 Âk

Hρ
k 0

0 Hu
k


T

).

(4.51)

Apparently from (4.51), with the increasing of α and α′, more trust is given

to the current measurements to catch up the changes caused by the changing

environment or propagation condition. However, this may lead to the oscillation

for the estimation of the R matrix, which means the filtering divergence is more

likely to happen. In contrast, the estimation of the R matrix is relatively stable,

but the system needs more time to catch up the changes, which means a long

time performance degradation.

Same as the estimation of the R matrix, the other two weighting factors β

and β′ are added in the estimation of the Q matrix to avoid the performance

degradation and filtering divergence. The estimation equation is written as

Qupdate =

(1− β′)Qρ
off 0

0 (1− β)Qu
off

+

β′

β

KKF ĈZρ
k
′
Zu

k
′KT

KF . (4.52)

Similarly, with the augmentation of β and β′, the estimation of the Q matrix

more relies on the current measurements (acceleration and angular rate) to catch

up the changes. Otherwise, greater proportion is given to the offline data to keep

the estimation process relatively stable, but more time is required to catch up

the changes.
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Even with the additional weighting factors the estimation performance can be

improved, nevertheless, the value of these weighting factors still have huge impact

on the localisation performance. To overcome this, an adaptive estimation process

is proposed for the estimation of these weighting factors.

Considering α and α′ are added to limit the estimation of the measurement

noise covariance matrix, thus, α and α′ can be estimated through the difference

between the current observation information and the predicted information from

state prediction process

α′
ad

αad

 =

 1
3

∑3
i=1[Z

ρ
k
′
]i1

Zρ
in

′

1
n

∑n
i=1[Z

u
k
′]i1

Zu
in

′


α′

in

αin

 , (4.53)

where, αad and α
′
ad are the adaptively estimated weighting factors, αin and α

′
in are

the initial value for each, Zρ
in

′
and Zu

in
′ represent the initial value for the current

difference which are measured through a set of observation and prediction infor-

mation before the flight of UAV and n is the number of fixed anchor nodes in the

system. Clearly, when the difference between the current observation information

and the predicted value becomes larger, αad and α′
ad will also become larger to

overtake the current changes. On the contrary, αad and α
′
ad will be smaller to give

more trust to the offline data to maintain a steady state. Here it needs to note

that, in order to avoid the filtering divergence, α is set within 0≤ α ≤0.5, αin is

supposed as 0.5, and α′ is set within 0≤ α′ ≤0.1, α′
in is set to be 0.1. Considering

the potential abrupt change for the observed attitude information from IMU in

confined environments, a smaller value for the α′ is selected to prevent the sudden

change for the estimated measurement noise covariance. Furthermore, since the

estimation of the measurement noise covariance is from two positive definite ma-
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trices, thus, a negative value is potentially be obtained. To prevent the filtering

divergence caused by the negative value, if a negative value for the estimation is

detected, the two weighting factors will be directly set to zero.

Based on the same principle, β and β′ can also be estimated through the data

from the previous process. But differently, as the time interval ∆T has more

impact on the prediction process, with a larger time interval between two rounds

acceleration and angular rate, the noises from these information will have more

influence on the prediction performance. Therefore, the estimation of β and β′

will more rely on the time interval between two round estimations. Throughout

the Qoff offline data and the average time interval ∆Tavg measured before the

flight of UAV, the estimation equation can be derived

β′
ad

βad

 =
∆T

∆Tavg

β′
in

βin

 , (4.54)

in which, βad and β
′
ad are the adaptively estimated results, βin and β′

in denote the

initial value for each. To prevent the filtering divergence, the same limitation has

been made for β and β′. β is set within 0≤ β ≤0.5, βin is supposed as 0.5, β′ is

set within 0≤ β′ ≤0.1 and β′
in is set to be 0.1.

Finally, throughout the further limited estimation, the localisation perfor-

mance can be further improved.
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4.6 Performance evaluation in the simulation environment

4.6.1 Simulation configuration

Considering the safety reason for flying UAV in the extremely confined envi-

ronment and to evaluate the performance of the proposed algorithms before the

actual experiments, the simulations in Gazebo environment have been setup and

carried out. In the simulation, the UAV is placed in a confined space (1.95m ×

3.0m × 2.3m) with four anchor nodes mounted on X-Z plane. This is to simulate

the actual applications that all anchor nodes can only be deployed near the en-

trance of such space, due to the inaccessible and extremely confined features for

the focused environments. The coordinates of each anchor node and the simula-

tion environment are depicted in Fig. 4.5. In the simulation, the ground truth

for the position information of the UAV is directly obtained from the simulation

environment.

4.6.2 Simulation for the AEKF based sensor fusion approach

In order to evaluate the performance and prove the effectiveness of the proposed

AEKF based sensor fusion approach compared with the MLE based localisation

algorithm in Section 3.2 which known as the pure UWB based approach with-

out the sensor fusion and the EKF based sensor fusion algorithm, the simulation

in this section has been carried out. In this simulation, the flight path for the

UAV is set as a reversed “S”. For each simulation and algorithm, the position

information of over 5000 points has been estimated which makes it can repre-

sent the actual performance of these algorithms and prove the effectiveness of
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Figure 4.5: Simulation environment.

the proposed algorithm. Two simulations under different measurement noise of

the acceleration and distance information have been carried out which is to ex-

haustively validate the effectiveness of the AEKF based approach. In the first

simulation, the STD for the measurement noise of the simulated acceleration and

distance information are assumed as constant and set to be 0.5m/s2 and 0.1m.

In the second simulation, the STD for these two measurement noises is randomly

set within [0,0.5]m/s2 and [0,0.2]m to simulate the variation of the operational

environment. This is to validate the adaptive ability for the AEKF based ap-

proach under different circumstances. In these two simulations, the comparison

for the algorithms including the MLE based localisation algorithm, the EKF

based sensor fusion algorithm, the EKF based approach with the distance filter
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Table 4.1: Detailed localisation results for the AEKF based sensor fusion approach
with constant noise model in simulation 1

Algorithm Median
Error

Improved 95th Error Improved Average
STD

Improved

MLE 0.148m N/A 0.271m N/A 0.067m N/A
EKF 0.087m 41.2% 0.235m 13.3% 0.069m -3.0%
[63] 0.085m 42.6% 0.202m 25.5% 0.058m 13.4%
[66] 0.057m 61.4% 0.157m 42.1% 0.042m 37.3%
[159] 0.070m 52.7% 0.145m 46.5% 0.036m 46.3%
AEKF
(α = β =
0.3)

0.041m 72.3% 0.133m 50.9% 0.035m 47.8%

AEKF
(α = β =
0.5)

0.048m 67.6% 0.149m 45.0% 0.042m 37.3%

AEKF
(adaptive
α, β)

0.042m 71.6% 0.117m 56.8% 0.031m 53.7%

proposed by Guo et al. [63], the sensor fusion based approach presented in [66],

the UWB and IMU based localisation approach designed by Li et al. [159], the

AEKF based algorithm with different and constant weighting factors and the

AEKF based algorithm with adaptive weighting factors has been done. Here it

needs to mention that, considering it is difficult to evaluate the performance of

the algorithms with the developed UAV system with the open source data set,

the algorithms in [63], [66] and [159] were implemented by the author on the

developed UAV platform according to their algorithm principle. The flight tra-

jectories, flight trajectories in three directions, RMSE in the three directions, the

eCDF and the detailed localisation error information for these two simulations

have been provided in Fig. 4.6, Fig. 4.7, Table 4.1 and Table 4.2.

Firstly, for the localisation results of the simulation 1, when being focused on

the positioning trajectory results in the first four figures in Fig. 4.6(a-d), it can be
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Figure 4.6: Simulation 1 flight results for the AEKF with constant noise model. (a) 3D
trajectories. (b) X direction trajectories. (c) Y direction trajectories. (d) Z direction
trajectories. (e) X direction RMSE (m). (f) Y direction RMSE (m). (g) Z direction
RMSE (m). (h) eCDF.

observed that, the MLE based localisation algorithm holds the biggest oscillation

in every direction due to the unreasonable value from the UWB sensor nodes. The

unreasonable value within the UWB sensor nodes is led by the measurement noise

and the unpredictable propagation condition. However, for all other sensor fusion

based approaches, the trajectory results are significantly smoothed and improved.

Meanwhile, in order to quantitatively assess the localisation performance of each

algorithm, the RMSE for these algorithms in each direction plus with the eCDF
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and the detailed localisation error of each are illustrated in Fig. 4.6(e-h) and

Table 4.1. Specifically, from the RMSE simulation results, the same conclusion

can be made. With the utilisation of the sensor fusion based approaches, the

absolute accuracy and precision of the system are all improved significantly. For

the approaches with the distance calibration and outlier detection methods in [63]

and [159], when with the constant measurement noise STD, the performance

is greatly improved with the average STD to be 0.058m and 0.036m. On the

other hand, for the AEKF approaches, compared with the EKF sensor fusion

algorithm and the three algorithms in [63], [66] and [159], with the estimated noise

covariance matrices, the localisation performance is greatly improved with the

median error, 95th percentile error and average STD around 0.044m, 0.133m and

0.036m, respectively. When doing the comparison within the AEKF approaches,

it can be observed that, the larger weighting factors lead to the larger performance

oscillation. This is caused by the constant noise model in the first simulation.

As aforementioned in Section 4.4.2 with a larger α and β, the estimation of

Rupdate and Qupdate will more rely on the current measurements, which means

more changes on the estimation value of Rupdate and Qupdate. Therefore, with

the relatively stable measurement noise model, larger weighting factors will lead

to the performance oscillation, which means the drop-off for the precision of

the algorithm. Finally, when being focused on the proposed AEKF algorithm,

obviously, with the estimated weighting factors, the proposed AEKF algorithm

holds the high performance with 0.042m median error, 0.117m 95th percentile

error and 0.031m average STD of the localisation error. Compared with the

MLE based localisation algorithm, the performance is improved by 71.6%, 56.8%

and 53.7%, respectively.
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Figure 4.7: Simulation 2 flight results for the AEKF with changing noise model. (a) 3D
trajectories. (b) X direction trajectories. (c) Y direction trajectories. (d) Z direction
trajectories. (e) X direction RMSE (m). (f) Y direction RMSE (m). (g) Z direction
RMSE (m). (h) eCDF.

In order to comprehensively validate the performance of the AEKF algorithm

in the simulation environment, in the second simulation, the STD of these two

measurement noises is randomly set within certain range. This is to simulate

the variation of the operational environment. Same as the first simulation, the

localisation performance for these algorithms in the second simulation has been

demonstrated through different perspectives in Fig. 4.7 and summarised in Ta-

ble 4.2. Clearly, with the sensor fusion based algorithms, the localisation results
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Table 4.2: Detailed localisation results for the AEKF based sensor fusion approach
with changing noise model in simulation 2

Algorithm Median
Error

Improved 95th Error Improved Average
STD

Improved

MLE 0.129m N/A 0.381m N/A 0.116m N/A
EKF 0.077m 40.3% 0.226m 40.7% 0.064m 44.8%
[63] 0.088m 31.8% 0.258m 32.3% 0.079m 31.9%
[66] 0.066m 48.8% 0.143m 62.5% 0.042m 63.8%
[159] 0.082m 36.4% 0.167m 56.2% 0.050m 56.9%
AEKF
(α = β =
0.3)

0.052m 59.7% 0.149m 60.9% 0.042m 63.8%

AEKF
(α = β =
0.5)

0.060m 53.5% 0.141m 63.0% 0.042m 63.8%

AEKF
(adaptive
α, β)

0.052m 59.7% 0.142m 62.7% 0.041m 64.7%

are able to be greatly smoothed and improved. On the other hand, when being

focused on the comparison between the AEKF based approaches and all other sen-

sor fusion based approaches, a greatly performance improvement can be observed

with AEKF approaches. This is because that the noise covariance matrices are

adjusted manually and keep constant within the estimation process for all other

sensor fusion based approaches, thus, when with the changing measurement noise

model, the localisation performance can be significantly influenced. Meanwhile,

for the two algorithms with the distance calibration and outlier detection methods

in [63] and [159], the performance oscillation can be observed with the average

STD dropped to 0.079m and 0.050m. This is also caused by the unsuitable cali-

bration parameter led by the changing measurement noise model. Furthermore,

different from the first simulation, the localisation performance for the AEKF al-

gorithm with larger weighting factors is improved. With larger weighting factors,
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Table 4.3: The probability for filtering divergence

AEKF Algorithms Simulation 1 Simulation 2

α = β = 0.1 0% 0%
α = β = 0.3 0% 0%
α = β = 0.5 0% 5%
α = β = 0.7 40% 50%
α = β = 0.9 90% 95%
Adaptive α, β 0% 0%

more trust is given to the current measurement, which means that the offline

data has less influence on the localisation performance, the estimated noise co-

variance matrices are much more accurate. Considering the measurement noise

model is keep changing in the current simulation, the localisation performance

can be improved with more accurate noise covariance matrices, especially for the

95th percentile error. Thus, larger weighting factors are more suitable for applica-

tions in the unstable operational environment. In addition, compared with all the

other algorithms, the proposed AEKF algorithm still holds the high performance

with 0.052m median error, 0.142m 95th percentile error and 0.041m average STD

of the localisation error. It should be declared that even the proposed AEKF

algorithm has not held the best performance within all these three indexes, but

it always shows the capability for high accuracy and precision localisation under

different circumstances of the measurement noise.

Moreover, rule out of the accuracy and precision of the algorithm, for UAV

applications, the stability of the algorithm also needs to be considered. The fil-

tering divergence for the proposed AEKF algorithm is more likely to happen with

the keep changing noise covariance matrices, which may cause the position loss of

UAV. For the purpose of verifying the stability of the proposed AEKF algorithm,

the additional tests have been conducted. Two different simulations have been
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carried out with the constant and changing measurement noise model same as

the previous simulations. Here the AEKF algorithms with different weighting

factors (0.1, 0.3, 0.5, 0.7 and 0.9) and the proposed AEKF algorithm have been

tested. Each algorithm has been tested 20 times with the same path in the previ-

ous simulations. The probability of each algorithm for filtering divergence in two

simulations are given in Table 4.3. According to the simulation results, with the

weighting factors become larger, which means more changes for the noise covari-

ance matrices, the filtering divergence is more likely to happen, especially with the

suddenly changed acceleration. Besides, the changing measurement noise model

in simulation 2 can also lead to the increasing probability of filtering divergence.

For the proposed AEKF algorithm, considering the larger weighting factors will

only be calculated when the big difference between the observation measurements

and the predicted value, or between the recorded average time interval and cur-

rent time interval is detected. And the calculated weighting factors are all limited

within 0.5. Thus, the filtering divergence for the proposed AEKF algorithm can

be ignored. This can also be proved by the simulation results in Table 4.3.

4.6.3 Simulation for the TC-AEKF based sensor fusion approach

Same as the simulation for the AEKF based algorithm, before actual experiments,

the simulations for the TC-AEKF based algorithm has also been carried out in the

Gazebo environment. Similarly, within these, the UAV is deployed in the same

extremely confined space with the same size, number of anchor nodes, coordinates

of these anchor nodes to mock the actual operational environment. However,

different from the previous simulations, in order to comprehensively validate the
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performance of these algorithms, in the following simulations, the planned path

for UAV is set as a rectangle. This is under the consideration that the reversed

“S” flight path has already been selected in the previous section, thus, in order

to comprehensively validate the performance of the algorithm with the different

movement of the UAV including forward, backward, climbing and falling, the

rectangle path is selected here. Different algorithms including the tightly coupled

extended Kalman filter (TC-EKF), the algorithms in [66], [63] and [159], the TC-

AEKF with constant weighting factors, the loosely coupled adaptive extended

Kalman filter (LC-AEKF) and TC-AEKF are simulated. There are several points

needs to be declared here. Firstly, considering the previous simulation results is

enough to prove the effectiveness of the sensor fusion based approaches, thus, in

the following simulations, more attention is given to the comparison between the

tightly coupled approach and the loosely coupled approach. Secondly, in order

to prevent ambiguity, the AEKF based sensor fusion approach in Section 4.4

is denoted as the LC-AEKF here. Thirdly, considering that the AEKF based

approach is feasible for the application in changing environments, thus, in the

following simulations, the standard deviation for the measurement noise of the

distance information is randomly set within [0,0.2]m. The flight test results,

including the 3D trajectories, trajectories in three directions, RMSE in three

directions and the eCDF are depicted in Fig. 4.8. Moreover, to make it more

intuitive, the detailed information including the localisation median error, 95th

percentile error and the average STD for each algorithm have been summarised

in Table 4.4. Within these, the numbers behind the TC-AEKF approach are the

value for the weighting factors α′, α, β′ and β, respectively.

From the simulation results, it can be observed that due to the changing
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Figure 4.8: Simulation results for the TC-AEKF with changing noise model. (a) 3D
trajectories. (b) X direction trajectories. (c) Y direction trajectories. (d) Z direction
trajectories. (e) X direction RMSE (m). (f) Y direction RMSE (m). (g) Z direction
RMSE (m). (h) eCDF.

measurement noise, the first four EKF based approaches with the constant noise

covariance matrices always show worse performance when being compared with

the AEKF based approaches. Especially, for the EKF based approaches in [63]

and [159], due to the changing measurement noise, the unsuitable parameter is

calculated for the distance calibration method which directly leads to the per-

formance degradation. However, with the distance calibration and the outlier

detection method, the average STD for [63] and [159] can still be improved to
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Table 4.4: Detailed simulation results for the TC-AEKF based sensor fusion approach
with changing noise model

Algorithm Median
Error

Improved 95th Error Improved Average
STD

Improved

TC-EKF 0.078m N/A 0.183m N/A 0.043m N/A
[66] 0.063m 19.2% 0.200m -9.3% 0.054m -25.6%
[63] 0.117m -50.0% 0.195m -6.6% 0.047m -9.3%
[159] 0.088m -12.8% 0.170m 7.1% 0.042m 2.3%
TC-AEKF
(0.1, 0.3,
0.1, 0.3)

0.044m 43.6% 0.105m 42.6% 0.027m 37.2%

TC-AEKF
(0.1, 0.5,
0.1, 0.5)

0.052m 33.3% 0.110m 39.9% 0.030m 30.2%

LC-AEKF
(adaptive
weighting
factors)

0.046m 41.0% 0.125m 31.7% 0.034m 20.9%

TC-AEKF
(adaptive
weighting
factors)

0.040m 48.7% 0.099m 45.9% 0.026m 39.5%

0.047m and 0.042m, respectively. Then, when being focused on the AEKF ap-

proaches, through the adaptively estimated noise covariance matrices, the results

are significantly smoothed and improved. Clearly, the best performance can be

attained through the proposed approach with 0.097m median error, 0.167m 95th

percentile error and 0.039m average STD. Meanwhile, compared with the TC-

AEKF approach with larger weighting factors (α = β = 0.5), the one with smaller

weighting factors (α = β = 0.3) holds the better performance. This is relevant

to the measurement noise model in the current process, with relatively stable

measurement noise model, small weighting factors will get better performance.

Furthermore, through the performance comparison between the proposed TC-

AEKF algorithm and the LC-AEKF, it can be observed that, the median error
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for these two approaches are almost the same, but the proposed approach shows

better performance for the 95th percentile error. However, considering the inac-

curate attitude information caused by the geomagnetic disturbances is difficult

to mock in the simulation environment, thus, in the simulation environment, the

estimation error of the attitude information including the roll, pitch and yaw

angle are almost the same for these two approaches.

4.7 Performance evaluation in the experiment environ-

ment

4.7.1 System implementation and experiment setup

In order to validate the effectiveness of the proposed algorithms in actual environ-

ment, an IMU and UWB based UAV positioning system is developed. The whole

system is composed of six modules as depicted in Fig. 4.9. Firstly is the commer-

cial low cost quadcopter known as Bebop 2 designed by Parrot. Secondly is the

UWB system, which consists of four fixed anchor nodes, one tag node attached

on UAV and one listener node to communicate with the ground station. Then

there is an IMU module integrated within the UAV. Fourthly is the recording

module (Insta360 go 2) for high quality video recording and image capturing. To

achieve the stable control of the UAV, a ground station (laptop) is required for

algorithm operation and command generation. Finally is the reference system

(OptiTrack V120:Trio) to provide the ground truth for performance evaluation.

The price, size and weight for each component are listed in Table 4.5. The cost

for the IMU module is already included in the Bebop 2. The cost for the UWB
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Figure 4.9: System structure.

Table 4.5: Size, weight and price for each component.

Name Price (£) Size (mm) Weight (g)

Parrot Bebop 2 279.99 381 × 327.7 × 88.9 504
UWB System 583 60 × 53 × 1 12
Insta 360 go 2 294.99 52.9 × 23.6 × 20.7 26.5

system including one tag node, one listener node, four anchor nodes and relevant

accessories. The size and weight for the UWB system in the table represents the

size and weight for the tag node, considering only the tag node is equipped on

UAV. The reference system is only exploited for the performance evaluation and

the ground station does not belong to the UAV system, thus, the prices and size

of these two modules are not considered.

As shown in Fig. 4.9, during the operational process, the acceleration and

angular rate are firstly captured by the gyroscope on tag node and transmitted

to the ground station through the listener node for the prediction of the posi-

tion and attitude information. The listener node is directly connected with the

ground station through USB cable. Simultaneously, the distance information and

the attitude information are recorded and calculated by the UWB sensor nodes
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and the IMU on UAV, then transmit to the ground station for the correction of

the predicted information. In the system, the ground station also serves as the

localisation server, which is responsible for the operation of the localisation algo-

rithm. Finally, with the predicted and corrected information of UAV, the control

command is generated by the ground station and sent back to the UAV via Wi-

Fi for position and attitude control. During the process, the ground truth will

be provided by the OptiTrack V120:Trio through the localisation of the mark-

ers attached on UAV. In the system, in order to keep a stable millimeter-level

positioning accuracy, three markers are attached on Bebop 2. The position in-

formation of UAV from OptiTrack V120:Trio will be transmitted to the ground

station via Ethernet in real-time for the performance evaluation.

In the experiment, in order to evaluate the performance of the proposed algo-

rithms in the specified environment comprehensively, the experiment is performed

within a confined space (1.95m × 3.0m × 2.3m) in the laboratory to simulate the

extremely confined space as depicted in Fig. 4.10. Similar to the simulation, all

anchor nodes in the system are deployed on X-Z plane with the same coordinates

to conform the application scenario where is difficult for human to access and the

anchor nodes could only be deployed near the entrance of that extremely confined

space.

4.7.2 Performance evaluation for the AEKF based approach in the

experiment environment

In the experiments for the AEKF based sensor fusion approach, since the propa-

gation condition and operational environment always have a great impact on the
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Figure 4.10: Experiment environment for the EKF, AEKF (LC-AEKF) and TC-AEKF
based sensor fusion algorithms.

positioning performance which may cause the unexpected performance degrada-

tion, and in order to evaluate the adaptive ability for the AEKF approach, two

different flight tests have been performed to get rid of this and comprehensively

prove the effectiveness of the proposed AEKF algorithm under different opera-

tional circumstances. In the actual flight tests for the AEKF based sensor fusion

approach, the planned trajectory is set as a reverse “S”. The STD for the mea-

surement noise of IMU and UWB sensor nodes in the MLE based localisation

algorithm and the sensor fusion based algorithms are also assumed as 0.5m/s2

and 0.1m which are estimated through 1000 recorded acceleration and distance

measurements with UAV at the fixed point and adjusted manually through trial
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Figure 4.11: Experiment 1 flight test results for the AEKF. (a) 3D trajectories. (b)
X direction trajectories. (c) Y direction trajectories. (d) Z direction trajectories. (e)
X direction RMSE (m). (f) Y direction RMSE (m). (g) Z direction RMSE (m). (h)
eCDF.

and error. For each experiment, over 1500 points’ position information has been

estimated to make the comprehensive performance evaluation of each algorithm.

In the flight test 1, the localisation performance of eight different types of

algorithms same as the simulations have been demonstrated and listed in Fig. 4.11

and Table 4.6. Obviously, the same conclusion compared with the simulation can

be made through the localisation results for the flight test 1, that the MLE based
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Table 4.6: Detailed localisation results for the AEKF based sensor fusion approach in
flight test 1

Algorithm Median
Error

Improved 95th Error Improved Average
STD

Improved

MLE 0.144m N/A 0.351m N/A 0.098m N/A
EKF 0.116m 19.4% 0.239m 31.9% 0.075m 23.5%
[63] 0.129m 10.4% 0.237m 32.5% 0.067m 31.6%
[66] 0.149m -3.5% 0.220m 37.3% 0.053m 45.9%
[159] 0.117m 18.8% 0.212m 39.6% 0.054m 44.9%
AEKF
(α = β =
0.3)

0.099m 31.3% 0.199m 43.4% 0.048m 51.0%

AEKF
(α = β =
0.5)

0.107m 25.7% 0.198m 43.6% 0.051m 48.0%

AEKF
(adaptive
α, β)

0.100m 30.6% 0.170m 51.6% 0.051m 48.0%

localisation algorithm holds the biggest performance oscillation. When being

focused on the number of positioning points, with the MLE based localisation

algorithm, much more time is required for UAV to hit the target points, which

means that this oscillation also results in the instability of UAV. Thus, the results

indicate that the measurement noise from the UWB sensor nodes has a great

influence on the stability of UAV. However, this oscillation can be greatly limited

through the sensor fusion based approaches. As listed in Table 4.6, in contrast

with the MLE based localisation algorithm, the performance of other algorithms

is all improved significantly, except the algorithm in [66]. However, there is still

a great improvement on the 95th percentile error and the average STD of the

algorithms in [66] compared with the MLE based localisation algorithm.

When being focused on the sensor fusion based approaches, the EKF algorithm

and the algorithms in [63], [66] and [159] all exploited the manually adjusted and
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constant noise covariance matrices for positioning. For the EKF algorithm, it

can be observed that a high performance median error (0.116m) can be attained,

nevertheless, the 95th percentile error and average STD of the localisation error

still keep in high level when compared with the AEKF algorithms. Even the

average STD is improved by the additional distance calibration and outlier de-

tection methods in [63] and the 95th percentile error is enhanced by the additional

angular rate in [66] and [159], however, a big gap still exists in contrast to the

AEKF algorithms, due to the changing environment. For the AEKF algorithms,

with the estimated noise covariance matrices Rupdate and Qupdate, the median er-

ror, 95th percentile error and the average STD are all significantly improved with

these around 0.102m, 0.189m and 0.05m, respectively. The AEKF algorithm with

smaller weighting factors (0.3) holds the best performance on median error and

average STD. But there is just a subtle difference for these compared with the

proposed algorithm, and the proposed algorithm obtained the best performance

on the 95th percentile error (0.170m).

As aforementioned, in order to eliminate the unexpected performance degra-

dation and simulate the variation of the operational environment, another flight

test has been conducted. In this flight test, obstacle is utilised to occlude one of

the anchor nodes for a short time period during the flight to simulate the noise

changing environment. Considering it is sufficient to prove the effectiveness of

the sensor fusion based approaches in contrast with the MLE based localisation

algorithm on UAV positioning, through the simulations and experiment results

from the flight test 1. And to provide much more detailed information. In the

flight test 2, only the experiments for the sensor fusion based approaches have

been conducted and the results have been provided in Fig. 4.12 and Table 4.7.
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Figure 4.12: Experiment 2 flight test results for the AEKF. (a) 3D trajectories. (b)
X direction trajectories. (c) Y direction trajectories. (d) Z direction trajectories. (e)
X direction RMSE (m). (f) Y direction RMSE (m). (g) Z direction RMSE (m). (h)
eCDF.

In the flight test 2, the degrading performance can be observed for almost all

the algorithms due to the occluded anchor node during the flight test. Especially

for the algorithms in [63] and [159], a great performance drop-off can be discov-

ered. This is caused by the unsuitable calibration parameter led by the changing

measurement noise. For the AEKF algorithms, obviously, in this flight test, the

proposed algorithm holds the best performance on the median error (0.104m) and

the 95th percentile error (0.213m). Owing to the changing measurement noise,
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Table 4.7: Detailed localisation results for the AEKF based sensor fusion approach in
flight test 2

Algorithm Median
Error

Improved 95th Error Improved Average
STD

Improved

EKF 0.133m N/A 0.332m N/A 0.082m N/A
[63] 0.150m -12.8% 0.309m 6.9% 0.076m 7.3%
[66] 0.122m 8.3% 0.240m 27.7% 0.054m 34.1%
[159] 0.148m -11.3% 0.276m 16.9% 0.068m 17.1%
AEKF
(α = β =
0.3)

0.113m 15.0% 0.215m 35.2% 0.050m 39.0%

AEKF
(α = β =
0.5)

0.120m 9.8% 0.227m 31.6% 0.058m 29.3%

AEKF
(adaptive
α, β)

0.104m 21.8% 0.213m 35.8% 0.053m 35.4%

there is a performance degradation for the AEKF algorithm with the smaller

weighting factors (0.3). When with smaller weighting factors, more trust will be

given to the Roff and Qoff which means more stable performance. However, the

system needs more time to catch up the changes, which may result in the accuracy

degradation. This can also be proved by the localisation results in the flight test

2, that the median error (0.113m) and the 95th percentile error (0.215m) of the

AEKF algorithm with smaller weighting factors (0.3) is worse than the proposed

algorithm, but it still holds the best average STD (0.050m).

When combining the experiment results from all the flight tests, the following

conclusion can be made that compared with the MLE based localisation algo-

rithm, the EKF algorithm and the algorithms in [63], [66] and [159], the better

performance can be attained by the AEKF algorithms under different conditions.

For the comparison within the AEKF algorithms, even the localisation perfor-

mance for the AEKF based algorithm with constant weighting factors may be
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better than the proposed algorithm under certain conditions. However, the pro-

posed algorithm always shows much more robust performance, the accuracy and

precision always keep in high level with the median error around 0.102m, the

95th percentile error around 0.192m and the average STD around 0.052m. Fur-

thermore, apart from the localisation accuracy and precision, the position update

rate also has great influence on the stability of UAV in such environments due to

the speed of it. Considering the limitation for the TW-TOF ranging protocol and

the propagation speed of the electromagnetic wave, the position update rate for

the MLE based localisation algorithm is restrained within 25Hz. This is signifi-

cantly improved by the sensor fusion approaches which increased the update rate

into 88Hz. This high position update rate will absolutely improve the stability

of UAV in such environment. In conclusion, it can be proved that the proposed

algorithm is capable for UAV applications in focused scenarios.

4.7.3 Performance evaluation for the TC-AEKF based approach in

the experiment environment

Similar to the simulation for the TC-AEKF based algorithm, in order to compre-

hensively validate the performance of the proposed algorithms, the planned path

for UAV in this experiment is set as a rectangle. Same as the previous experi-

ments, for each one, over 1500 points’ position information has been estimated

to make the comprehensive performance evaluation of each algorithm. Only the

sensor fusion based algorithms have been tested is under the consideration of the

comprehensive performance comparison for the EKF and AEKF based algorithms

with the MLE based algorithm in the previous section. In the experiment, differ-
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Table 4.8: Detailed experiment results for the TC-AEKF based sensor fusion approach

Algorithm Median
Error

Improved 95th Error Improved Average
STD

Improved

TC-EKF 0.147m N/A 0.289m N/A 0.080m N/A
[66] 0.123m 16.3% 0.275m 4.8% 0.083m -3.8%
[63] 0.183m -24.5% 0.271m 6.2% 0.068m 15.0%
[159] 0.117m 20.4% 0.220m 23.9% 0.051m 36.3%
TC-AEKF
(0.1, 0.3,
0.1, 0.3)

0.098m 33.3% 0.192m 33.6% 0.044m 45.0%

TC-AEKF
(0.1, 0.5,
0.1, 0.5)

0.132m 10.2% 0.220m 23.8% 0.049m 38.8%

LC-AEKF
(adaptive
weighting
factors)

0.099m 32.7% 0.180m 37.7% 0.050m 37.5%

TC-AEKF
(adaptive
weighting
factors)

0.097m 34.0% 0.167m 42.2% 0.039m 51.3%

ent algorithms including the TC-EKF, the algorithms in [66], [63] and [159], the

TC-AEKF with constant weighting factors, the LC-AEKF (AEKF with adaptive

weighting factors in the previous section) and TC-AEKF have been tested. The

flight test results, including the 3D trajectories, trajectories in three directions,

RMSE in three directions and the eCDF are depicted in Fig. 4.13. Moreover,

to make it more intuitive, the detailed information including the localisation me-

dian error, 95th percentile error and the average STD for each algorithm have

been summarised in Table 4.8. Within these, the numbers behind the TC-AEKF

approach are the value for the weighting factors α′, α, β′ and β, respectively.

Similar to the simulation, the performance gap between the EKF and the

AEKF based approaches still exists in the experiment results. But differently,
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Figure 4.13: Experiment results for the TC-AEKF. (a) 3D trajectories. (b) X direction
trajectories. (c) Y direction trajectories. (d) Z direction trajectories. (e) X direction
RMSE (m). (f) Y direction RMSE (m). (g) Z direction RMSE (m). (h) eCDF.

with the suitable calibration parameter, the average STD and accuracy are greatly

improved for [63] and [159]. When being focused on the AEKF based approaches,

the TC-AEKF approach with smaller weighting factors (0.1, 0.3, 0.1, 0.3) holds

the better performance than the one with relatively larger weighting factors. For

the LC-AEKF algorithm, in the actual flight tests, more drift caused by the

geomagnetic disturbances for the IMU measurements exist which directly lead

to the degradation for the 95th percentile error and the precision (average STD)
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of the algorithm, the performance oscillation is even larger than the two AEKF

approaches with the constant weighting factors. For the proposed approach,

it still holds the best performance with the median error, 95th percentile error

and average STD to be 0.097m, 0.167m and 0.039m, respectively. The position

update rate for the TC-AEKF is still keep in high level, which is 50Hz. In addition

to the position estimation, in the actual flight tests, due to the influence from

the magnetometer, the drift for the attitude information from the IMU can be

observed with the estimation error of the roll, pitch and yaw angle to be 3.06◦,

3.71◦ and 8.78◦. Leveraging the proposed approach, this performance degradation

is greatly limited with the estimation error to be 2.15◦, 1.54◦ and 4.58◦, which

are improved 29.8%, 58.4% and 47.8%, respectively.

4.7.4 Autonomous inspection flight test with the TC-AEKF algo-

rithm

Apart from the performance evaluation, in order to comprehensively validate

the effectiveness of the proposed algorithm and the developed UAV system, the

autonomous inspection flight test in the laboratory environment has been con-

ducted. The planned path for UAV is calculated through the path planning algo-

rithm to cover the whole area (X: 1.95m, Y: 3.0m, Z: 2.3m) for the autonomous

inspection. Taking into account the complexity of the planned path, it is diffi-

cult to measure the ground truth during the flight, therefore, only the trajectory

results are provided in Fig. 4.14. To make it clear, the video for the autonomous

inspection flight test has been attached in Appendix A. Apparently, the pro-

posed algorithm and the developed UAV system are capable of the autonomous
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Figure 4.14: Flight trajectory for the TC-AEKF based autonomous inspection. (a)
Trajectory in X(m) direction in the autonomous inspection flight test. (b) Trajectory
in Y(m) direction in the autonomous inspection flight test. (c) Trajectory in Z(m)
direction in the autonomous inspection flight test.

inspection in GPS-denied and extremely confined environments.

4.8 Summary

In this chapter, two adaptive sensor fusion based algorithms have been proposed

focused on the UAV based autonomous inspection in GPS-denied and extremely

confined environments. Firstly, the introduction and discussion about the pure

UWB based localisation technology and algorithm in the previous chapter have

been provided to point out the research questions including the potential perfor-

mance influence caused by the unreasonable value within the ranging information

and the low position update rate. Afterwards, the description for the EKF sensor

fusion algorithm which based on the integration of the IMU and UWB has been

provided. However, considering the unknown process and measurement noise co-

variance matrices, the performance oscillation still exists, and the precision and

accuracy are insufficient for the stable flight of UAV in extreme cases. There-

fore, the AEKF based sensor fusion approach was studied and proposed. With

the measurements from previous processes, the process and measurement noise
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covariance matrices can be adaptively estimated to relieve the performance os-

cillation. During the estimation process, two weighting factors α and β were

introduced and adaptively estimated through the recorded information to further

limit the estimation of these matrices for performance improvement. Neverthe-

less, with the introduction of the IMU measurements, the potential drift for these

measurements leading by the magnetometer on the IMU still limits the perfor-

mance. To remedy this, the TC-AEKF based algorithm has been proposed in

this chapter. With the consideration of the angular rate in the state prediction

process and the ability to estimate the noise model, all the aforementioned issues

can be solved. Finally, simulations and experiments have been carried out to

comprehensively evaluate the performance of the proposed algorithms. From re-

sults, it is clear that, in contrast with the MLE based localisation algorithm, the

EKF based approach, the algorithms in [63], [66] and [159], and the LC-AEKF

and TC-AEKF based approach with constant weighting factors, the proposed

two algorithms can always show better and robust performance. Furthermore,

to validate the effectiveness of the developed system and the TC-AEKF based

algorithm, the autonomous inspection test has been done in the laboratory envi-

ronment, which can prove that the developed system and the TC-AEKF based

algorithm is feasible for the autonomous inspection in GPS-denied and extremely

confined environments.
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Chapter 5

UWB and IMU based SRCKF

sensor fusion UAV positioning

technology

5.1 Introduction

With the proposed AEKF and TC-AEKF based algorithms, the performance

oscillation leads by the unreasonable values within the ranging information can be

significantly limited. During the estimation process, because of the nonlinearity

of the transfer matrix in the correction process, the first order Taylor expansion

has been applied for the linearisation. However, the neglected high order terms

for the transfer matrix will still has the influence on the positioning performance.

In order to remedy this, the investigation on the SRCKF based sensor fusion

algorithm will be carried out. In addition, similar to the EKF based sensor fusion

algorithm, the conventional SRCKF based algorithm still require the precise noise
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Figure 5.1: Structure for the SRCKF based algorithm.

model information to keep the high accuracy localisation performance. To deal

with this, in this chapter, the ASRCKF based sensor fusion is proposed.

5.2 SRCKF based sensor fusion with the integration of

IMU and UWB

To get rid of the performance influence caused by the linearisation of the ob-

servation matrix, the cubature rule is utilised by SRCKF to approximate the

state posterior mean and covariance [163,164]. To make it clear, the operational

process of the SRCKF based sensor fusion algorithm is depicted in Fig. 5.1.

Here, the estimation process of the SRCKF is given as follows.
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5.2.1 State prediction

Firstly, the cubature points are evaluated through the state vector uk−1 and Sk−1

from the k − 1 round.

ui,k−1 = Sk−1δi + uk−1, i = 1, 2, ..., 2m, (5.1)

where, m represents the number of the state variables to be estimated in the

state vector, uk−1 is the state vector composed by the UAV position and velocity

information (the definition for uk−1 can also be found in Section 4.3.1), Sk−1

denotes the square root of the covariance matrix Ak−1 which can be calculated

by the Cholesky decomposition

Ak−1 = Sk−1S
T
k−1, (5.2)

δi can be represented as

δi =


√
mIm,i, i = 1, 2...,m

−
√
mIm,i−m, i = m+ 1,m+ 2, ..., 2m

, (5.3)

Im,i is supposed as the ith column of the m×m identity matrix.

Accordingly, the propagated cubature points can be calculated through (4.11)

and (5.1) and represented as

u∗
i,k/k−1 = F kui,k−1 +Bka

L
k−1, i = 1, 2, ..., 2m. (5.4)

Then, the predicted state vector and the square root of the covariance matrix can
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be derived as

ûk/k−1 =
1

2m

2m∑
i=1

u∗
i,k/k−1, (5.5)

Sk/k−1 = Tria([Γ∗
k/k−1,SQ,k−1]), (5.6)

where, Tria(·) denotes the QR decomposition, SQ is supposed as the square root

of the process noise covariance matrix Q, Γ∗
k/k−1 can be represented as

Γ∗
k/k−1 =

1√
2m

[u∗
1,k/k−1 − ûk/k−1,u

∗
2,k/k−1 − ûk/k−1,

...,u∗
2m,k/k−1 − ûk/k−1]

. (5.7)

5.2.2 Observation correction

During the correction process for the SRCKF algorithm, firstly, the cubature

points can be calculated through the predicted state vector and the square root

of the process noise covariance matrix from the prediction process and represented

as

ui,k/k−1 = Sk/k−1δi + ûk/k−1, i = 1, 2, ..., 2m. (5.8)

Followed by, the propagated cubature points can be derived through the cal-

culated cubature points

Zi,k/k−1 = h(k,ui,k/k−1), i = 1, 2, ..., 2m, (5.9)

where, h(·) is supposed as the observation transition function.
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Then, the predicted measurement matrix can be expressed as

Ẑk/k−1 =
1

2m

2m∑
i=1

Zi,k/k−1. (5.10)

Throughout these, the square root of the innovation covariance matrix SZZ,k/k−1

and the cross covariance matrix SuZ,k/k−1 can be calculated as follows

SZZ,k/k−1 = Tria([ζk/k−1,SR,k]), (5.11)

SuZ,k/k−1 = Γk/k−1ζ
T
k/k−1, (5.12)

where, SR is assumed as the square root of the measurement noise covariance

matrix R, ζk/k−1 is able to be calculated by the propagated cubature points and

the predicted measurement matrix

ζk/k−1 =
1√
2m

[Z1,k/k−1 − Ẑk/k−1,Z2,k/k−1 − Ẑk/k−1,

...,Z2m,k/k−1 − Ẑk/k−1]

, (5.13)

Γk/k−1 can be represented as

Γk/k−1 =
1√
2m

[u1,k/k−1 − ûk/k−1,u2,k/k−1 − ûk/k−1,

...,u2m,k/k−1 − ûk/k−1]

. (5.14)

Finally, the Kalman gain KKF , corrected state vector ûk and the square root of

the covariance matrix Ŝk can be calculated and estimated as

KKF = (SuZ,k/k−1/S
T
ZZ,k/k−1)/SZZ,k/k−1, (5.15)
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ûk = ûk/k−1 +KKF (Zk − Ẑk/k−1), (5.16)

Ŝk = Tria([Γk/k−1 −KKFζk/k−1,KKFSR,k]). (5.17)

5.3 Adaptive SRCKF based sensor fusion

With the ability to deal with the linearisation issue for the SRCKF algorithm, the

localisation performance of the system can be further improved. However, owing

to the variation of the operational environment, the changing for the process and

measurement noise always exist which may lead to the performance degradation

or even the filtering divergence when with the manually adjusted and constant

noise covariance matrices [165]. Furthermore, the difficulty to manually adjust

the noise covariance matrices in the focused environments should also be taken

into account. Therefore, to overcome this, the ASRCKF based sensor fusion

approach is investigated and proposed. To make it clearer about the structure of

the ASRCKF based sensor fusion algorithm before the detailed introduction, the

algorithm structure flow chart is provided in Fig. 5.2.

5.3.1 Estimation of the noise covariance matrices

Firstly, for the estimation of the measurement noise covariance matrix R. Tradi-

tionally, it can be estimated through the innovation sequence calculated through

the difference between the predicted measurement matrix from (5.10) and the

measurement matrix Zk in the current round [166]. Nevertheless, the negative

estimation may exist which will directly lead to the filtering divergence. To rem-

edy this, inspired by the approach in [161], the measurement filtering residual Z ′
k
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Figure 5.2: Structure for the ASRCKF based algorithm.

is calculated and exploited to estimate the measurement noise covariance matrix

R to prevent the negative estimation issue.

With the corrected state vector ûk in (5.16) and the measurement matrix Zk

in the current round, the measurement filtering residual can be calculated and

represented as

Z ′
k = Zk − h(k, ûk). (5.18)

Then, the measurement noise covariance can be obtained

Rk = Q̂Z′
k
+ Ẑk/k−1Ẑ

T

k/k−1, (5.19)

where, Q̂Z′
k
represents the residual covariance matrix which is calculated by the
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residual Z ′
k from M rounds,

Q̂Z′
k
=

1

M

k∑
i=k−M+1

Z ′
iZ

′
i
T
, (5.20)

M denotes the window size or sampling number. LargerM means the estimation

of the residual covariance matrix will become stable and smooth, however, the

adaptive ability will be reduced. On the contrary, smaller M will increase the

adaptive ability, but it is at the expense of the stability of the algorithm.

Secondly, for the estimation of the process noise covariance matrixQ. Through

the mathematical model of the sensor fusion approach, it can be observed that the

process noise η comes from the bias and measurement noise of the acceleration

information can be expressed as

ηk−1 = ûk − ûk/k−1, (5.21)

where,

ûk − ûk/k−1 = KKF (Zk − Ẑk/k−1). (5.22)

Accordingly, the process noise covariance matrix Q can be derived

Qk = KKF ĈZ′′
k
KT

KF , (5.23)

where, ĈZ′′
k
represents the innovation covariance matrix

ĈZ′′
k
=

1

M

k∑
i=k−M+1

Z ′′
iZ

′′
i
T
, (5.24)

Z ′′
k denotes the innovation sequence which represents the difference between the
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observation information in current round and the predicted measurements

Z ′′
k = Zk − Ẑk/k−1. (5.25)

With the adaptively estimated noise covariance matrices, the system is able

to catch up the noise changes for performance improvement. Nevertheless, the

changing of these noise covariance matrices may cause the instability of the filter

and lead to the filtering divergence. The filtering divergence will directly cause

the position loss of the UAV, which is unacceptable for the focused applications.

Thus, an additional approach is required to limit the estimation of these noise

covariance matrices to avoid the potential filtering divergence.

5.3.2 Additional weighting factors

In the estimation process, two additional weighting factors α and β, and the offline

data of the noise covariance matrices Roff and Qoff are introduced to against

the potential filtering divergence of the ASRCKF algorithm and the position loss

of the UAV. The offline data of these noise covariance matrices are estimated and

recorded before the flight of UAV in offline phase through 50 rounds estimation

results. It needs to declare here that the localisation process of the system can be

divided into two parts, including the online phase and offline phase. During the

offline phase, the localisation system will operate firstly with the UAV statically

at the original point. This is to collect enough data for the calculation of the

offline noise covariance matrices Roff and Qoff . After the offline phase, the

system will go into the online phase which can provide the position information

of the UAV to support the inspection mission.
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For the estimation of the measurement noise covariance matrix, throughout

the additional weighting factor α and the offline data of the measurement noise

covariance matrix Roff , the limited measurement noise covariance matrix Rupdate

can be derived as

Rupdate = (1− α)Roff + αRk. (5.26)

Similarly, the limited process noise covariance matrixQupdate can be calculated

by the additional weighting factor β and the offline data of the process noise

covariance matrix Qoff ,

Qupdate = (1− β)Qoff + βQk. (5.27)

Obviously from (5.26) and (5.27), with the reduction of the weighting factors,

the estimation of the limited noise covariance matrices will more rely on the

offline data estimated during the offline phase. Which means that the estimation

results will become relatively stable and smooth. The probability for the filtering

divergence or position loss can be decreased. Nevertheless, this is at the expense

of losing the adaptive ability. On the contrary, with the augment of the weighting

factors, more changes for the estimation of these matrices will be brought by the

current measurements to catch up the variation of the process and measurement

noise in the current round. Which means that the localisation accuracy of the

algorithm can be increased. Yet, the stability of the it will be influenced and

may even cause the filtering divergence and position loss. Clearly, the value of

the additional weighting factors greatly influences the performance and stability

of the ASRCKF algorithm.
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In order to find the suitable weighting factors, an adaptive estimation ap-

proach for these weighting factors is presented and given as follows. In the esti-

mation process, the weighting factor α is utilised to limit the estimation of the

measurement noise covariance matrix. Which means that α has the relation-

ship with the measurement noise in the current round. Therefore, the following

equation is given help for the estimation of it

αad =
1
n

∑n
i=1[Z

′′
k]i1

Z ′′
in

αin, (5.28)

where, n represents the number of the fixed anchor nodes in the system, Z ′′
in de-

notes the calculated and recorded difference between the observation information

and the predicted measurement in the offline phase and αin is the initial value of

α, which is set to be 0.2. The adaptively estimated αad is set within [0,0.2]. The

principle for selecting the initial value of α and the range of αad is provided in

Section 5.4.

Apparently from (5.28), along with the increasing of the innovation sequence

Z ′′
k, which means larger difference between the predicted measurements and the

observation information in the current round, the αad will become larger to over-

take the changes. Otherwise, the αad will become smaller to give more trust to

the offline data to keep the stable and smooth estimation of the measurement

noise covariance matrix.

Similarly, the estimation of the weighting factor β can also be set up, accord-

ing to the relationship with the process noise. Considering the time interval ∆T

between the two rounds acceleration measurements has the impact on the predic-

tion process, where with the larger ∆T , the influence of the process noise on the
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prediction process will become larger, otherwise, the influence can be reduced.

Thus, the relationship between the time interval in the current round and the

average time interval ∆Tavg calculated in the offline phase is utilised to estimate

β. The calculation equation can be derived as follows

βad =
∆T

∆Tavg
βin, (5.29)

where, βin = 0.2 is the initial value of the weighting factor, the range of the βad

is set within [0,0.2]. Similarly, the principle for selecting the initial value and the

determination for the range of βad is given in Section 5.4.

Apparently, with a larger ∆T which exceeds the ∆Tavg, the process noise will

have more impact on the prediction performance. Thus, a larger βad will be

estimated to give more trust to the current estimation results. On the contrary,

a smaller ∆T means a smaller impact for the process noise on the prediction

performance. Therefore, a smaller βad will be provided to keep a stable estimation.

5.4 Performance evaluation in the simulation environment

Under the consideration of the safety reason for the actual flight tests, the simu-

lations for the proposed localisation algorithm on the UAV have been conducted.

In order to mock the actual focused application scenarios such as the water tank

or pressure vessel, the operational space of the UAV in the simulation environ-

ment is set as 1.95 × 3.0 × 2.3 (m). All anchor nodes in the system are disposed

on the same plane near the entrance of the water tank or pressure vessel to mock

the situation that the anchor nodes can be disposed without human enter that
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Table 5.1: Coordinates of the anchor nodes.

Coordinates Anchor 1 Anchor 2 Anchor 3 Anchor 4

X 0.00m 1.95m 0.00m 1.95m
Y 0.00m 0.00m 0.00m 0.00m
Z 0.00m 0.00m 2.30m 2.30m

space. The coordinates of each anchor node are provided in Table 5.1. The UAV

flight path in the simulation is set as a reverse “S”, which is to comprehensively

evaluate the performance of the proposed algorithms. Same as the previous simu-

lation, for each algorithm in the simulation, the position information of over 5000

points has been estimated which makes it can represent the actual performance

of these algorithms and prove the effectiveness of the proposed algorithm. The

STD for the measurement noise of the ranging information from the UWB sensor

nodes is supposed to be a randomly changing value from 0m to 0.2m, which is to

mock the changing measurement noise caused by the variation of the operational

environment and communication condition between the sensor nodes in actual

environment. In the simulation, the performance comparison within seven algo-

rithms including the MLE based localisation algorithm, EKF, SRCKF, ASRCKF

with constant weighting factors, AEKF and ASRCKF with adaptive weighting

factors have been made to comprehensively validate the effectiveness before the

actual flight tests. The simulation results, e.g. the flight trajectories of the each

algorithm, the flight trajectories in X, Y, Z directions, the RMSE of each algo-

rithm in X, Y, Z directions and the eCDF of each have been depicted in Fig. 5.3.

Furthermore, in order to provide a clear view for the localisation performance

of each algorithm, the detailed performance information for each including the

median error, 95th percentile error and the average STD of the RMSE has also

been provided in Table 5.2.
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Figure 5.3: Simulation flight results for the SRCKF and ASRCKF with changing noise
model. (a) 3D trajectories. (b) X direction trajectories. (c) Y direction trajectories.
(d) Z direction trajectories. (e) X direction RMSE (m). (f) Y direction RMSE (m).
(g) Z direction RMSE (m). (h) eCDF.

Obviously from the simulation results, the MLE based localisation algorithm

holds the worst localisation performance due to the large measurement noise of the

ranging information and the unreasonable value within it. With the integration

of the IMU for the sensor fusion approaches such as the EKF, this performance

influence is greatly reduced with 0.082m median error, 0.227m 95th percentile

error and 0.063m average STD. However, the localisation performance is still

limited by the neglected high order terms within the observation matrix and the
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Table 5.2: Detailed simulation results for the SRCKF and ASRCKF based sensor fusion
approaches with changing noise model

Algorithm Median
Error

Improved 95th Error Improved Average
STD

Improved

MLE 0.129m N/A 0.380m N/A 0.116m N/A
EKF 0.082m 36.4% 0.227m 40.2% 0.063m 45.7%
SRCKF 0.069m 46.5% 0.208m 45.3% 0.054m 53.4%
ASRCKF
(α = β =
0.1)

0.052m 59.7% 0.173m 54.5% 0.045m 61.2%

ASRCKF
(α = β =
0.2)

0.050m 61.2% 0.160m 57.9% 0.042m 63.8%

AEKF
(adaptive
weighting
factors)

0.055m 57.4% 0.144m 62.1% 0.041m 64.7%

ASRCKF
(adaptive
weighting
factors)

0.047m 63.6% 0.110m 71.1% 0.028m 75.9%

manually adjusted and constant noise covariance matrices. To overcome these,

leveraging the cubature rule, the state posterior mean and covariance can be

approximated by the SRCKF for performance improvement, which successfully

reduced the median error, 95th percentile error and average STD to 0.069m,

0.208m and 0.054m. Nevertheless, the SRCKF is still suffer from the performance

influence led by the manually adjusted and constant noise covariance matrices. To

remedy this, the adaptive sensor fusion based approach can be an ideal candidate.

Here, two different adaptive sensor fusion approaches including the ASRCKF with

constant weighting factors and the AEKF with the estimated weighting factors are

tested and compared with the proposed ASRCKF algorithm with the adaptive

weighting factors. Obviously, with the estimated noise covariance matrices for

these adaptive sensor fusion based approaches, the localisation performance is
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significantly improved with the median error around 0.05m, the 95th percentile

error around 0.160m and the average STD around 0.040m. Especially for the

proposed ASRCKF algorithm, with the ability to deal with the linearisation issue

for the observation matrix, the adaptively estimated noise covariance matrices

and the estimated weighting factors, the best performance can be obtained by

the proposed ASRCKF algorithm with the median error, 95th percentile error

and average STD to be 0.047m, 0.110m and 0.028m, respectively. Compared

with the MLE based localisation algorithm, these three indexes are improved

63.6%, 71.1% and 75.9%, respectively. However, it still needs to declare that

only the smaller constant weighting factors (0.1 and 0.2) selected here is under the

consideration of the stability of the algorithm. Larger weighting factors means

the estimation results for the noise covariance matrices will more rely on the

current estimation results, which will lead more changes for the noise covariance

matrices and may cause the filtering divergence. According to the simulation

results, with the ASRCKF algorithm, when the weighting factors exceed 0.5, the

probability for filtering divergence will be increased significantly. Even with the

relatively smaller weighting factors (0.3 or 0.4), the filtering divergence still exists

under certain circumstances. Since the primary objective for the UAV localisation

system in extremely confined environment is to prevent any positioning failure,

the relatively smaller weighting factors (0.1 and 0.2) are selected, the estimation

results for the weighting factors of the proposed ASRCKF algorithm are limited

within [0,0.2] and the initial value of these are set as 0.2.
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5.5 Performance evaluation in the experiment environ-

ment

5.5.1 Experiment setup

For the purpose of further evaluating the performance of the SRCKF and ASR-

CKF based algorithm, the actual experiments in the laboratory environment have

been conducted. Similarly, the localisation area for the actual experiments for

these algorithms has the same size (1.95 × 3.0 × 2.3 (m)) compared with the pre-

vious experiments, which is to mock the extremely confined environments. The

geometry configuration for the anchor nodes also keep as the same on the X-Z

plane to conform that the anchor nodes can be deployed without human access in

such environment. The clear view about the laboratory experiment environment,

geometry configuration of the anchor nodes and the components utilised in the

system in this experiment have been provided in Fig. 5.4 and Fig. 5.5.

5.5.2 Performance evaluation for the SRCKF and ASRCKF based

approach

In the performance evaluation and comparison experiments, the markers are at-

tached on the UAV to help the reference system to get the sub-millimeter accu-

racy position information for the UAV to serve as the ground truth. The planned

path for the UAV in the experiments is the same as it in the simulations. All

the algorithms including the MLE based localisation algorithm, EKF, SRCKF,

ASRCKF with constant weighting factors (α and β equal to 0.1 and 0.2), AEKF

with adaptive weighting factors and the ASRCKF with adaptive weighting fac-
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Figure 5.4: Laboratory experiment environment.

tors have been tested and evaluated. The trajectories, RMSE results and the

detailed localisation error for each algorithm have been provided in Fig. 5.6 and

Table 5.3.

When focused on the RMSE results in Fig. 5.6, it can be observed that

the largest performance oscillation can be found for the MLE based algorithm,

which is caused by the unreasonable value and the measurement noise within

the ranging information from the UWB sensor nodes. This phenomenon can

also be proved by the detailed localisation results in Table 5.3, where the worst

localisation performance with 0.163m median error, 0.342m 95th percentile error

and 0.083m average STD was recorded for the MLE based localisation algorithm.

With the introduction of the additional IMU, this performance degradation led

by the unreasonable value and the measurement noise can be limited. Clearly,
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Figure 5.5: The UAV positioning system components.

for all the IMU and UWB based sensor fusion approaches, the median error,

95th percentile error and average STD are all limited within 0.15m, 0.29m and

0.08m, respectively. However, same as the simulations, the performance influence

still exists for the EKF based sensor fusion approach due to the linearisation of

the observation matrix and the unsuitable noise covariance matrices. Even, this

influence can be successfully eliminated by the SRCKF with the cubature rule

which attained the 0.121m median error, 0.223m 95th percentile error and 0.06m

average STD. Yet, the influence from the unsuitable noise covariance matrices

exists as before.
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Figure 5.6: Experiment localisation results for the SRCKF based approaches. (a) 3D
trajectories. (b) X direction trajectories. (c) Y direction trajectories. (d) Z direction
trajectories. (e) X direction RMSE (m). (f) Y direction RMSE (m). (g) Z direction
RMSE (m). (h) eCDF.

To further improve the localisation performance of the system under such cir-

cumstance, the adaptive Kalman filter (AKF) based methods can be an ideal

candidate. Leveraging the adaptively estimated noise covariance matrices for the

AEKF, ASRCKF with constant weighting factors and the proposed ASRCKF

algorithm with adaptive weighting factors, the noise covariance matrices can be

adaptively estimated to catch up the changes for the process and measurement

noise within the system. According to the experiment results, the localisation
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Table 5.3: Detailed experiment localisation results for the SRCKF based approaches

Algorithm Median
Error

Improved 95th Error Improved Average
STD

Improved

MLE 0.163m N/A 0.342m N/A 0.083m N/A
EKF 0.143m 12.3% 0.287m 16.1% 0.080m 3.6%
SRCKF 0.121m 25.8% 0.223m 34.8% 0.060m 27.7%
ASRCKF
(α = β =
0.1)

0.095m 41.7% 0.198m 42.1% 0.048m 42.2%

ASRCKF
(α = β =
0.2)

0.092m 43.6% 0.194m 43.3% 0.049m 41.0%

AEKF
(adaptive
weighting
factors)

0.102m 37.4% 0.176m 48.5% 0.046m 44.6%

ASRCKF
(adaptive
weighting
factors)

0.081m 50.3% 0.172m 49.7% 0.045m 45.8%

performance for the system can be significantly improved with the median error,

95th percentile error and average STD around 0.1m, 0.18m and 0.047m, when

compared with the EKF and SRCKF with constant and manually adjusted noise

covariance matrices. When focused on the comparison within the adaptive ap-

proaches, with the ability to deal with the influence from the linearisation of the

observation matrix, and the adaptively estimated weighting factors to limit the

estimation of the noise covariance matrices to get rid of any potential filtering di-

vergence and eliminate the performance oscillation, the best performance can be

obtained by the proposed ASRCKF algorithm, which attained 50Hz position up-

date rate, 0.081m median error, 0.172m 95th percentile error and 0.045m average

STD.
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Figure 5.7: Flight trajectory for the ASRCKF based autonomous inspection. (a) Tra-
jectory in X(m) direction in the autonomous inspection flight test. (b) Trajectory in
Y(m) direction in the autonomous inspection flight test. (c) Trajectory in Z(m) direc-
tion in the autonomous inspection flight test.

5.5.3 Autonomous inspection flight test

Considering the focused applications are the autonomous inspection in the ex-

tremely confined environments. Thus, in order to comprehensively verify the

practicality of the proposed UAV positioning system and the proposed ASRCKF

based algorithm for the focused applications, the autonomous inspection flight

test has been carried out. Different from the previous experiments, the path of

the UAV for this test is from the path planning algorithm, which is to cover

the entire localisation area for detailed inspection. The video for this flight test

can be found in Appendix B. The UAV trajectories for the test have been given

and depicted in Fig. 5.7. It needs to declare that, due to the complexity of the

calculated path, the measured position information from the current reference

system may be significantly influenced, considering only three cameras exist for

the current utilised reference system. Therefore, the ground truth for this test is

not provided.
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5.6 Summary

In this chapter, an ASRCKF based UAV positioning algorithm has been proposed

focused on the autonomous inspection in GPS-denied and extremely confined en-

vironments. Firstly, introduction and discussion about the EKF, AEKF and

TC-AEKF based algorithms in the previous chapter have been provided to illus-

trate the existing issues such as the performance influence led by the unreasonable

value within the ranging information, the linearisation of the observation matrix

and the unknown and hard-to-adjust noise covariance matrices. Followed by, in

order to remedy the performance influence from the linearisation of the obser-

vation matrix, the SRCKF based sensor fusion approach has been introduced.

The detailed description about the state prediction and observation correction

process for the SRCKF have been provided. Leveraging the cubature rule, the

approximation for the state posterior mean and covariance can be obtained to

substitute the linearisation process for performance improvement. However, the

unknown and hard-to-adjust noise covariance matrices still needs to be taken into

account. Therefore, the ASRCKF based sensor fusion algorithm has been pre-

sented. Leveraging the integration with IMU, the cubature rule, the adaptively

estimated noise covariance matrices and the added estimation weighting factors,

all the aforementioned issues can be solved for reliable, high precision and high

accuracy positioning of the UAV in focused environments. Finally, numerical sim-

ulations and experiments have been carried out to prove the effectiveness of the

proposed algorithm. Judging from the results, the proposed ASRCKF algorithm

is able to remedy the existing issues and attain the high accuracy and precision

performance with 0.081m median error, 0.172m 95th percentile error and 0.045m
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average STD, which is capable for the autonomous inspection in the extremely

confined environments. For further confirmation, the autonomous inspection ex-

periment has also been conducted in the mocked extremely confined environment

in the laboratory. In summary, the proposed algorithm and system are feasible

for the low cost autonomous inspection in the focused environments.
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Chapter 6

Conclusion and future work

6.1 Conclusions of the research

In this thesis, in order to achieve the high accuracy, high precision, high update

rate, reliable, low computational complexity and low cost UAV positioning for the

autonomous inspection in GPS-denied and extremely confined environments, the

investigation on the UWB based UAV localisation technologies and approaches

has been made.

Firstly, the comprehensive overview for the existing RF based localisation

technologies and the classical localisation mechanisms has been provided help to

identify the research questions, the potential solutions and establish the evalu-

ation framework to validate the performance of the RF based UAV positioning

system. The overview for the existing UAV platforms has also been provided to

find the suitable one for the focused applications.

Afterwards, the investigation on the pure UWB based UAV localisation tech-
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nology has been made, which including the research on the MLE based positioning

algorithm for the accurate UAV localisation with the pure UWB based technology,

and the anchor distribution strategy help to find the suitable geometry configura-

tions of the anchor nodes in different environments. However, due to the existing

unreasonable value within the ranging information from the UWB sensor nodes,

the localisation performance of the pure UWB based approach is greatly limited.

Considering the performance influence from these unreasonable values is not a

long lasting influence, thus, for traditional applications such as the positioning of

the human or unmanned ground vehicle (UGV), this performance oscillation can

be ignored directly. Nevertheless, according to the comprehensive overview and

the established evaluation framework in Chapter 2, for UAV applications, even

the short time performance oscillation can still lead to the unstable flight of the

UAV, and may even cause the crash.

Therefore, in order to limit the influence from the unreasonable value and

increase the position update rate, in the following two chapters, the investigation

on the IMU and UWB based sensor fusion approach has been conducted. Owing

to the characteristics of the EKF based algorithm, including the implementa-

tion simplicity, low computational complexity and acceptable accuracy, lots of

researches have already been carried out. Yet, the performance limitation leads

by the manually adjusted and constant covariance matrices and the drift from

the IMU measurements still exists. In order to remedy these issues, in Chapter

4, the AEKF and the TC-AEKF based sensor fusion algorithms were proposed.

With the ability to adaptively estimate the noise covariance matrices and the

additional weighting factors, the proposed methods significantly improved the

UAV positioning performance. The performance influence caused by the drift
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from the IMU measurements has also been successfully limited by the additional

angular rate considered in the state prediction process. Nevertheless, since the

nonlinearity of the transfer matrix for these three EKF based approaches, the first

order Taylor expansion is applied. This may lead to the performance degradation

casued by the neglected high order terms.

Hence, the researches on the SRCKF and ASRCKF based sensor fusion algo-

rithms have been carried out in Chapter 5. With the utilisation of the cubature

rule, the adaptively estimated noise covariance matrices and the added estima-

tion weighting factors, the performance degradation and oscillation led by the

unreasonable value within the ranging information from UWB sensor nodes, the

linearisation of the observation matrix and the unknown and hard to adjust noise

covariance matrices can be resolved by the proposed ASRCKF algorithm. Ac-

cording to the simulation and experiment results, the proposed approach can

significantly improve the UAV positioning performance in focused environments.

In summary, the proposed algorithms and developed system are feasible for

the low cost UAV based autonomous inspection in GPS-denied and extremely

confined environments.

6.2 Contributions to knowledge

In this thesis, a number of developments have been made to advance the state-

of-the-art UAV positioning approaches for the autonomous inspection in GPS-

denied and extremely confined environments. In the following, the summary for

the major contributions to knowledge in this area are provided:
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• Comprehensive overview and discussion for the RF based UAV

positioning technologies. In this thesis, a comprehensive overview for

the existing RF based UAV localisation systems with different radio com-

munication protocols has been provided. The pros and cons of each has

been discussed to highlight the suitability and challenges on UAV position-

ing. Meanwhile, a detailed survey and discussion for the classical localisation

mechanisms with the existing RF based UAV localisation technologies have

been provided to analyse the possibility and suitability on precise UAV posi-

tioning in GPS-denied environments. In addition, an evaluation framework

has been established to provide an overall consideration and rational esti-

mation on KPIs of UAV positioning with RF based localisation technologies

in GPS-denied environments. Finally, in order to provide a clear guidance

for further research, an in-depth discussion and generalisation have been

given for the research challenges and potential issues on UAV localisation

with RF based technologies in GPS-denied environments.

• Pure UWB based localisation system. In order to deal with the exist-

ing issues for the existing localisation technologies, such as the performance

influence from the different illumination conditions, the extremely high sys-

tem cost, the error accumulation, the high energy consumption and the size

and weight of the components, the pure UWB based localisation system

has been designed and implemented. Within it, the MLE based localisa-

tion algorithm and the anchor distribution strategy have been presented to

achieve the high accuracy and precision UAV positioning in GPS-denied and

extremely confined environments, and to find the most suitable geometry

configuration of fixed anchor nodes to keep the high level performance.

176



Chapter 6. Conclusion and future work

• Adaptive EKF based sensor fusion algorithm. In order to remedy the

performance oscillation leads by the unreasonable value within the UWB

measurements and the manually adjusted and constant noise covariance

matrices, an AEKF based UAV positioning algorithm has been presented,

focusing on the robust and high precision localisation. With the adaptively

estimated noise covariance matrices and the additional weighting factors,

the proposed approach can significantly improve the UAV localisation per-

formance and the stability in extremely confined environments. Compared

with the presented MLE based localisation algorithm in Section 3.2 and the

state-of-the-art sensor fusion based approaches, the proposed AEKF algo-

rithm outperforms all these approaches and is feasible for the robust and

high precision UAV positioning in focused environments.

• Tightly Coupled Adaptive EKF based sensor fusion algorithm.

For the purpose of dealing with the performance degradation and oscil-

lation caused by the magnetometer on the IMU and the variation of the

operational environment, a TC-AEKF based sensor fusion algorithm has

been proposed for high accuracy, precision and robust localisation of UAV

in GPS-denied and extremely confined environments. Compared with the

traditional loosely coupled sensor fusion approaches, the performance degra-

dation and oscillation can be limited with the additional angular rate con-

sidered in the state prediction process and the adaptively estimated noise

covariance matrices. Finally, from the evaluation results, it can be proved

that the proposed approach significantly elevate the UAV localisation perfor-

mance in focused environments and outperforms the presented MLE based

localisation algorithm in Section 3.2, the traditional loosely coupled sen-
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sor fusion approaches and the proposed loosely coupled AEKF approach in

Section 4.5.

• Adaptive SRCKF based sensor fusion algorithm. To get rid of the

performance influence from the linearisation of the observation matrix, in

this thesis, an ASRCKF based sensor fusion algorithm has been proposed for

the reliable, high accuracy and high precision UAV positioning in focused en-

vironments. Compared with the traditional KF based approaches, the per-

formance degradation, oscillation and potential positioning failure caused by

the linearisation of the observation matrix and the unsuitable noise covari-

ance matrices can be significantly improved and eliminated. Furthermore,

the estimation of the noise covariance matrices is limited by the additional

adaptively estimated weighting factors to prevent the potential filtering di-

vergence for more reliable UAV positioning. Finally, comprehensive simu-

lations, experiments and actual flight tests in the laboratory environment

have been conducted to validate the performance of the proposed algorithm

and system. According to the results, the presented system and algorithm

are able to attain a high level localisation performance of the UAV with the

0.081m median error, 0.172m 95th percentile error and 0.045m average STD

and achieve the autonomous inspection in focused environments.

6.3 Recommendation of future work

Even the high accuracy, precision and reliable UAV positioning in GPS-denied

and extremely confined environments can be obtained by the proposed algorithms

plus with the developed UAV positioning system. However, the limitations still
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exists for the proposed algorithms which may restrict the localisation performance

and limit the application scenarios.

Firstly, for all the proposed algorithms, the fixed anchor nodes are the basic

requirements for the UAV positioning which may restrict the application sce-

narios of the system. Even the analysis for the geometry configurations of the

anchor nodes has been made, however, enough number of the anchor nodes is still

needed. This restriction refers to the second research challenge of the RF based

UAV positioning system in Section 2.6.2. Therefore, in order to deal with this

issue, the relative UAV positioning with the UAV swarm and the self-localisation

of the anchor node can be the ideal candidates. For the future research, the inves-

tigation on the UAV swarm based relative positioning will be carried out. With

the relative distance information between the UWB tag node on each UAV, the

formation control of the swarm and the relative positioning is able to be achieved.

Furthermore, for the other potential solution, the anchor self-localisation. For this

approach, the localisation process can be divided into two parts, including the

offline phase and online phase. During the offline phase, the localisation of the

anchor node can be conducted. With the participation of the other localisation

technologies such as the vision based approach, or the additional communication

between each anchor node, the self-localisation can be achieved, which will also

be the future research direction.

Secondly, the increased computational complexity still has the great influence

on the position update rate of the system. For the proposed ASRCKF algorithm,

even the performance influence from the linearisation of the observation ma-

trix and the unsuitable noise covariance matrices can be significantly eliminated.
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However, this is at the expense of the computational complexity. According to

the experiment results, the position update rate for the ASRCKF based algo-

rithm is around 50Hz, which is decreased 43%. If the tightly coupled ASRCKF

based algortihm is utilised, the position update rate is further decreased below

20Hz. As declared in the evaluation framework, the position update rate in one

of the KPIs to evaluate the performance of the RF based UAV positioning sys-

tem. Thus, the research on how to increase the position update rate or reduce

the computational complexity will be conducted in the future. This restriction

still belongs to the first research challenge in Section 2.6.1 which known as the

performance influence from the unreasonable value.

Finally, rule out of the accurate and precise positioning of the UAV, for the

autonomous inspection in GPS-denied and extremely confined environments, the

smart path planning is also required for the collision avoidance and the efficient

inspection. Hence, the research on the smart path planning algorithm will be

carried out in the future.
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TC-AEKF based autonomous

inspection

The video associated with the autonomous inspection flight test for the TC-AEKF

algorithm, as detailed in Section 4.5 and Section 4.7, is avaiable in the following

URL:

https://youtu.be/6HjTTZuNQhE
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Appendix B

ASRCKF based autonomous

inspection

The video associated with the autonomous inspection flight test for the ASRCKF

algorithm, as detailed in Section 5.3 and Section 5.5.3, is available in the following

URL:

https://youtu.be/KNKibl3Lqog
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[60] M. Longhi, Z. Taylor, M. Popović, J. Nieto, G. Marrocco, and R. Siegwart,

“Rfid-based localization for greenhouses monitoring using mavs,” in 2018

IEEE-APS Topical Conference on Antennas and Propagation in Wireless

Communications (APWC). IEEE, 2018, pp. 905–908.

[61] M.-G. Di Benedetto, UWB communication systems: a comprehensive

overview. Hindawi Publishing Corporation, 2006, vol. 5.

[62] H. Lücken, “Communication and localization in uwb sensor networks,”

Ph.D. dissertation, Department of Information Technology and Electrical
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[90] T. Pavlenko, M. Schütz, M. Vossiek, T. Walter, and S. Montenegro, “Wire-

less local positioning system for controlled uav landing in gnss-denied en-

vironment,” in 2019 IEEE 5th International Workshop on Metrology for

AeroSpace (MetroAeroSpace). IEEE, 2019, pp. 171–175.

[91] P. Nguyen, T. Kim, J. Miao, D. Hesselius, E. Kenneally, D. Massey, E. Frew,

R. Han, and T. Vu, “Towards rf-based localization of a drone and its con-

troller,” in Proceedings of the 5th Workshop on Micro Aerial Vehicle Net-

works, Systems, and Applications, 2019, pp. 21–26.

[92] L. Zhang and H. Wang, “3d-wifi: 3d localization with commodity wifi,”

IEEE Sensors Journal, vol. 19, no. 13, pp. 5141–5152, 2019.

196



Bibliography

[93] E. Soltanaghaei, A. Kalyanaraman, and K. Whitehouse, “Multipath tri-

angulation: Decimeter-level wifi localization and orientation with a single

unaided receiver,” in Proceedings of the 16th annual international confer-

ence on mobile systems, applications, and services, 2018, pp. 376–388.
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