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Abstract

ITH the emergence of the global navigation satellite system (GNSS), the perfor-
W mance of outdoor localisation has become excellent over the years. Applications
like navigation, location-based services and augmented reality demand seamless locali-
sation capabilities in all environments. However, a single technology that can satisfy the
needs of localisation in indoor spaces is absent to date. The major limiting factor in the
large scale adoption of indoor localisation systems is the overhead cost of installation and
maintenance of dedicated local infrastructure. Consequently, infrastructure-independent
indoor localisation has become a focus of research during the past decade.

The ubiquity of smartphones with integrated cameras has resulted in a renewed in-
terest in infrastructure-independent visual localisation approaches for the indoor envi-
ronments. However, the existing visual approaches face two challenges that restrict the
wide applicability of such approaches. Firstly, current visual simultaneous localisation
and mapping (SLAM) approaches, where the challenge is the drift caused by the accu-
mulation of errors. Loop closing is a solution to eliminate drift but it poses a limitation
in the practical application of visual positioning. For navigation purposes, revisiting the
same location might be impractical. The second challenge for the existing visual ap-
proaches is the requirement of an initial location. The existing visual approaches that
are independent of the initial locations require either the construction of large database
of images with known location or a 3D reconstruction of the indoor environment in the
form of depth images or 3D point clouds. However, the creation of a database of images
with known locations and the acquisition of additional data for large indoor spaces is a
challenge due to the cost, time and post-processing involved.

This research presents approaches to address the two above-mentioned challenges of

the existing visual approaches by using a 3D building model that is usually available
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through the building information modelling process or can be generated with little effort
from existing 2D plans. The motivation of using BIM for this research comes from the
fact that BIMs of modern buildings are readily available, as they are jointly maintained
by the constructors and facility managers.

The research can be broadly classified into two parts. The first part proposes a novel
3D model-based visual tracking approach called BIM-Tracker. BIM-tracker uses the 3D
building model to perform a drift-free localisation and addresses the challenge of accu-
mulation of error. Localisation is performed by integrating image sequences captured by
a camera, with the 3D building model. A comprehensive evaluation of the approach with
photo-realistic synthetic datasets shows the robustness of the localisation approach under
challenging conditions. Additionally, the approach is evaluated on real data captured by
a smartphone, and achieves an accuracy of ten centimetres. Similar to the requirement of
many visual approaches, BIM-Tracker depends on the availability of the initial location.

The second part of the research proposes a deep learning-based method called BIM-
PoseNet to estimate the initial location. The requirement of image-based reconstruction
of the indoor environment is eliminated by using a 3D building model, thereby address-
ing another challenge of the existing visual approaches that estimate the initial location.
BIM-PoseNet is based on training a CNN with synthetic images obtained from the 3D
indoor model to regress the location of a real image taken by a camera. In addition, the
uncertainties of camera location estimates are modelled by adopting a Bayesian CNN,
as uncertainty provides an indication of confidence and trust in an estimated location
in the absence of ground truth. Furthermore, the use of sequences of synthetic images
is explored to exploit the spatio-temporal information from the images to improve the
performance of BIM-PoseNet by using recurrent neural networks.

The results of the qualitative and quantitative experimentation of the proposed ap-
proaches with photo-realistic synthetic and real datasets indicate the proposed research
addresses the two major limitations of the existing visual indoor localisation approaches.
In addition, the proposed research demonstrates the potential of visual indoor localisa-

tion as a single technology for achieving an infrastructure-independent localisation.
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Chapter 1

Introduction

NDOOR localisation is the key enabler of a range of applications including navi-
I gation guidance, location-based services, emergency response, and augmented real-
ity. Indoor environments present challenges for localisation due to strong attenuation of
global navigation satellite system (GNSS) signals (Mautz, 2012) compared to the outdoor
environments. In the literature, many different approaches for indoor localisation have
been proposed. However, the performance of indoor localisation is still lagging behind
compared to outdoor localisation (Lymberopoulos and Liu, 2017), and many localisation

applications are waiting for an acceptable solution.

Localisation is the process of finding the location of an object on a map or in a refer-
ence coordinate system, and is often used in the literature synonymous to positioning.
Visual localisation, or finding the location of a camera by using visual methods is an ac-
tive research area in computer vision. For the scope of this thesis, visual localisation is
defined as finding the location (and orientation) of a camera with respect a 3D build-
ing model that represent the physical environment of a university corridor. Other terms
that are being used to describe localisation include 6-DoF (degree of freedom) camera
pose representing location (three coordinates) and orientation (three rotation angles), and
spatio-temporal localisation where the spatial and temporal information have been used
to perform visual localisation. The following subsections introduce the importance of
an infrastructure-independent visual indoor localisation technology, in addition to dis-
cussing the challenges of the existing visual localisation approaches. Consequently the

research objectives are presented which is followed by the contributions of the thesis.
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1.1 Infrastructure-independent visual indoor localisation

Present indoor localisation approaches, such as radio frequency identification (RFID)
technology or Wifi fingerprinting, are infrastructure-dependent, whose installation and
maintenance are costly. A dedicated network of sensors, transmitters or beacons installed
in the indoor environment (Alarifi et al., 2016) is referred to infrastructure in this thesis.
The widespread availability of smartphones with cameras has resulted in a renewed in-
terest in visual localisation approaches that are infrastructure-independent. However,
the existing visual localisation approaches suffer from drawbacks that limit the applica-
bility of the approaches for mass-market applications, and improvements in indoor lo-
calisation systems are likely to generate better prospects for the industry. Consequently,
infrastructure-independent visual indoor localisation has become a focus of research and

development during the past decade.

1.2 Challenges of existing visual localisation approaches

The existing visual localisation approaches, such as simultaneous localisation and map-
ping (SLAM) and visual odometry have been applied to many computer vision applica-

tions, however, there are two major limitations:

e Firstly, SLAM and visual odometry suffer from the problem of accumulation of lo-
calisation errors, resulting in a drift of the estimated trajectory (Khoshelham and
Ramezani, 2017; Scaramuzza and Fraundorfer, 2011; Caron et al., 2014). The drifts
are often recalibrated by other techniques, e.g. SLAM is recalibrated by a loop clo-
sure (Piasco et al., 2018), and visual odometry is recalibrated using visual land-
marks (Zhu et al., 2007). In practice, however, it may not always be feasible to re-
calibrate the error using loop closing or landmark detection, which results in large
drifts. For instance, in contrast to a robot, the user cannot be forced to take loops,
for navigation purposes. Also, these approaches are known to fail in environments

characterised by poor texture or containing repetitive patterns.
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e Secondly, visual odometry, SLAM and other visual approaches require the knowl-
edge of initial camera pose (location and orientation), prior to localisation. This
limitation further elevates in the case of a localisation failure, hence, a localisation
approach is desirable that is independent of the initial camera pose. The visual ap-
proaches that can provide initial camera pose from single images are image retrieval
or camera pose regression approaches, for instance using convolutional neural net-
works (CNN) (Piasco et al., 2018). These approaches either require a database of
images with known camera poses (Arandjelovic and Zisserman, 2012; Radenovi¢
et al., 2016) or additional data sources such as 3D point clouds (Irschara et al., 2009)
or depth data of the scene (Shotton et al., 2013). However, performing a 3D image-
based reconstruction of the environment for large indoor spaces is a challenge due

to the cost, time and post-processing involved.

In addition, uncertainty plays an important role in assessing the quality of camera pose
estimates in the absence of ground truth (Kendall and Cipolla, 2016). Hence, modelling
uncertainties of camera pose estimates is an integral part of any localisation approach,

and is used to remove the erroneous estimates.

1.3 Research objectives

Considering the ubiquity of smartphones with cameras, this research proposes an infrastructure-
independent visual localisation framework, with the aim of developing a technology that
can be universally applicable in indoor spaces. The key idea of the localisation frame-
work is to use a 3D building model obtained from building information modelling (BIM) to
address the two aforementioned challenges of the visual localisation approaches in the

following ways:

e Firstly, this thesis aims to develop a drift-free localisation approach using a 3D
building model, which does not depend on loop closure or visual landmarks for
operation, and is able to operate in environment with poor texture or repetitive

repetitive patterns.
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e Secondly, this thesis aims to eliminate the requirement of 3D image-based recon-
struction for providing the initial camera pose, using a 3D building model to esti-
mate the initial camera pose and model the uncertainties of the camera pose esti-

mates.

The base assumption of the research is that 3D wire-frame models (referred to as 3D
building models henceforth) can be obtained from BIM of the indoor spaces where the
localisation is planned. This assumption is practical, as for all modern buildings, BIMs
are jointly created and maintained by the constructors and the facility managers.

Figure 1.1 shows the proposed localisation framework, where a 3D building model
is used to perform visual localisation. BIM-Tracker is developed to perform accurate
camera localisation, with errors less than ten centimetres, and is introduced in details in
Chapter 3. BIM-PoseNet provides a coarse initial camera pose, with errors approximately
under two metres, and is discussed in details in Chapter 4. In addition, Bayesian BIM-
PoseNet and Recurrent BIM-PoseNet provide a measure of uncertainties of the estimated
camera poses using a single image or a sequence of images respectively, and are dis-
cussed in details in Chapter 5 and 6. The achievable accuracy of BIM-PoseNet, Bayesian
BIM-PoseNet and Recurrent BIM-PoseNet are sufficient for applications like pedestrian
navigation and can be used independently of BIM-Tracker. The following subsection

discusses the four research objectives that help to achieve the key idea of the research.

1.3.1 Research objective 1

For addressing the problem of accumulation of errors, the images taken from a smart-
phone camera are compared with the corresponding view of the 3D building model for
localisation. The edges in the images are matched with the edges derived from the 3D
building model to estimate the camera pose with respect to the BIM coordinate system.

The following research objective is defined:

e To achieve centimetre level accuracy without any drift by integrating image infor-

mation with a 3D building model.
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Figure 1.1: The proposed framework for visual indoor localisation
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1.3.2 Research objective 2

Existing pose regression networks, such as PoseNet (Kendall et al., 2015) learn from real
images of known camera poses obtained using structure-from-motion (Furukawa and
Ponce, 2010) (SfM) approaches. The SfM approaches involve capturing thousands of
overlapping images of the whole environment, and perform 3D image-based reconstruc-
tion of the environment, which is challenging for large indoor spaces. Therefore, to ad-
dress the challenge of performing SfM approaches and hence to eliminate the require-
ment of 3D image-based reconstruction of the environment, the following research objec-

tive is defined:

e To perform camera pose regression of real images without performing a 3D image-
based reconstruction of the indoor environment by using synthetic images obtained

from the 3D building model.

1.3.3 Research objective 3

In the literature, Bayesian CNNs (Kendall and Cipolla, 2016) have been used to model
the uncertainty of the camera pose estimates for real images. Similar to the CNN pose re-
gression networks, the drawback of using such networks is the requirement of 3D image-
based reconstruction of the environment. Hence, to address the drawback the following

research objective is defined:

e To model the uncertainty of camera pose estimates by pose regression using CNN

and a 3D building model.

1.3.4 Research objective 4

The spatio-temporal information of a sequence of real images has been used for improv-
ing the performance of pose regression networks by using recurrent CNNs (Walch et al.,
2017; Clark et al., 2017). However, the performance of recurrent networks to estimate
the pose of real images and to model the uncertainty of estimations when learning from

photo-realistic synthetic images is an unexplored research area. Therefore, this part of
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the research evaluates the possibility of recurrent CNNs to regress the camera pose of
a sequence of real images by learning from a sequences of photo-realistic synthetic im-
ages. Hence, the requirement of 3D image-based reconstruction of the environment is
eliminated, and the camera poses of the sequence of real images is estimated. An experi-

mental set-up is designed to address the following research objective:

e To reduce the errors of pose regression with real images for the networks that learn
from synthetic images, by exploiting the spatio-temporal information of image se-

quences using recurrent CNNs.

1.4 Contributions

To achieve the above-mentioned objectives, the research proceeds with the following five

contributions.

1.4.1 BIM-Tracker

To achieve objective 1, a 3D building model is obtained from a BIM, which is then used to
create a photo-realistic synthetic image dataset. This dataset is used to perform a compre-
hensive evaluation of BIM-Tracker under challenging conditions. The MATLAB code for
implementing BIM-Tracker is shared at ht tps: //github.com/debaditya-unimelb/
BIM-Tracker and a video demonstration is presented at the URL https://youtu.
be/cq7mk4mfdRA. Additionally, BIM-Tracker is tested on real data captured by a smart-
phone’s camera to demonstrate the approach is drift-free and addresses a challenge in
the literature. The results show that an accuracy of localisation under ten centimetres can
be achieved. The following refereed journal publication summarises the main finding of

BIM-Tracker, and Chapter 3 has been adapted from the publication:

e Acharya, D., Ramezani, M., Khoshelham, K. and Winter, S., 2019. BIM-Tracker: A
model-based visual tracking approach for indoor localisation using a 3D building

model. ISPRS Journal of Photogrammetry and Remote Sensing, 150, 157-171.


https://github.com/debaditya-unimelb/BIM-Tracker
https://github.com/debaditya-unimelb/BIM-Tracker
https://youtu.be/cq7mk4mfdRA
https://youtu.be/cq7mk4mfdRA
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1.4.2 BIM-PoseNet

To achieve research objective 2, the 3D building model is used to generate several types
of photo-realistic synthetic image datasets. The synthetic and the real datasets with their
corresponding ground truth poses are available at https://melbourne.figshare.
com/articles/UnimelbCorridorSynthetic_zip/10930457. Subsequently, each
type of synthetic image is evaluated for its learning ability with BIM-PoseNet to predict
the camera poses of real images. Besides, a low level-of-detail 3D building model is
generated from the 3D building model to assess the localisation performance of BIM-
PoseNet for different levels of detail of the 3D building model. The results indicate that a
localisation accuracy under two metres can be achieved by BIM-PoseNet. The following
referred journal publication reports the results of the experiments, and Chapter 4 has

been adapted from the publication:

e Acharya, D., Khoshelham, K. and Winter, S., 2019. BIM-PoseNet: Indoor camera
localisation using a 3D indoor model and deep learning from synthetic images.

ISPRS journal of photogrammetry and remote sensing, 150, 245-258.

1.4.3 Bayesian BIM-PoseNet

To achieve research objective 3, the synthetic images generated for evaluating BIM-PoseNet
are used to assess the learning ability of a Bayesian CNN to regress the camera pose of
real images. The uncertainties associated with the estimated camera poses are modelled,
thus providing a measure with which the estimations can be trusted. The results of the
experiments indicate that a correlation exists between the modelled uncertainties and the
errors, and accuracy of under two metres can be achieved. The following refereed publi-
cation summarises the results of the experiments, and Chapter 5 has been adapted from

the publication:

e Acharya, D., Singha Roy, S., Khoshelham, K. and Winter, S., 2019. Modelling un-
certainty of single image indoor localisation using a 3D model and deep learning.
ISPRS Annals of Photogrammetry, Remote Sensing and Spatial Information Sciences, IV-
2/WS5, 247-254.


https://melbourne.figshare.com/articles/UnimelbCorridorSynthetic_zip/10930457
https://melbourne.figshare.com/articles/UnimelbCorridorSynthetic_zip/10930457
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1.4.4 Recurrent BIM-PoseNet

Lastly, to achieve research objective 4, the learning ability of Recurrent BIM-PoseNet is
evaluated with sequences of synthetic images to perform camera pose regression with se-
quences of real images. A Keras implementation of Recurrent BIM-PoseNet can be found
athttps://github.com/debaditya-unimelb/RecurrentBIM-PoseNet. The re-
sults of the experiments suggest that an accuracy of approximately 1.6 metres is achieved,
and the estimated camera poses result in a smoother trajectory as compared to BIM-
PoseNet and Bayesian BIM-PoseNet. Also, the evaluation of the trajectory shows that the
uncertainties of the estimated camera poses are correlated with the errors. A manuscript
has been submitted for consideration in a journal for publication, and Chapter 6 has been

adapted from the text of the submitted manuscript.

1.4.5 BIM and photo-realistic synthetic image datasets

The research involved the creation of a BIM that is used to generate photo-realistic syn-
thetic images, and the BIM serves as a benchmark dataset for indoor modelling. The
dataset can be found at the URL http://www2.isprs.org/commissions/comm4/
wg5/benchmark-on-indoor-modelling/datasets.html. The photo-realistic syn-

thetic images, and the benchmark dataset contributed to the following publications:

e Gu, F, Hu, X,, and Ramezani, M., and Acharya, D., and Khoshelham, K., and
Valaee, S. and Shang, J., 2019. Indoor Localization Improved by Spatial Context-
A Survey. ACM Computing Surveys, 52(3), 64:1-35.

e Khoshelham, K., Tran, H., Daz-Vilario, L., Peter, M., Kang, Z. and Acharya, D., 2018.
An evaluation framework for benchmarking indoor modelling methods. Interna-
tional Archives of the Photogrammetry, Remote Sensing & Spatial Information Sciences,

XLII-4, 297-302.

e Khoshelham, K., Vilario, L.D., Peter, M., Kang, Z. and Acharya, D., 2017. The IS-
PRS benchmark on indoor modelling. International Archives of the Photogrammetry,

Remote Sensing & Spatial Information Sciences, XLII-2/ W7, 367-372.


https://github.com/debaditya-unimelb/RecurrentBIM-PoseNet
http://www2.isprs.org/commissions/comm4/wg5/benchmark-on-indoor-modelling/datasets.html
http://www2.isprs.org/commissions/comm4/wg5/benchmark-on-indoor-modelling/datasets.html
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e Ramezani, M., Acharya, D., Gu, E, and Khoshelham, K., 2017. Indoor positioning
by visual-inertial odometry. ISPRS Annals of Photogrammetry, Remote Sensing and
Spatial Information Sciences, IV-2/W4, 371-376.

1.5 Thesis structure

Chapter 2 provides a review on the existing visual indoor localisation approaches and
their limitations in details. Chapter 3, 4, 5 and 6 summarises the main findings of BIM-
Tracker, BIM-PoseNet, Bayesian BIM-PoseNet and Recurrent BIM-PoseNet, respectively,
and have been adapted from the mentioned publications. Chapter 7 concludes the main

findings and points towards the future directions of the research.



”... looking back is important to prepare for the future ...”

~ Level 1, Melbourne Medical School, The University of Melbourne, Australia







Chapter 2

Background and related work

This chapter reviews the existing approaches to indoor localisation and the motivations of using
visual indoor localisation. The contents can be broadly divided into two parts. One part discusses the
related approaches that are dependent on an initial location for their operation and the other part dis-
cusses the approaches that are independent of the initial location. Subsequently, the limitations of both

the visual approaches are discussed and the possible ways to mitigate the limitations are introduced.

OCALISATION is the process of estimating the location of a person or an object on
L a map or in a reference coordinate system, and finds a wide range of applications
that includes navigation, location-based services, and robotics (Yassin et al., 2017). In the
literature, several indoor localisation approaches have been proposed considering the
vastness of the indoor environments and the absence of a practical indoor localisation
approach. The following paragraphs provides an overview of such approaches. Some
of the presented approaches in this chapter are specific to indoor localisation, however,
there are studies that focus both on indoor and outdoor localisation. The proposed ap-
proaches in the thesis are specific to to indoor localisation, and the adaptation to outdoor

scenes is beyond the scope of the research.

2.1 Overview of indoor localisation approaches

The indoor localisation approaches can be classified either as infrastructure-dependent
or infrastructure-independent (Alarifi et al., 2016). In this thesis, infrastructure is defined
as a dedicated network of sensors, transmitters or beacons installed in the indoor envi-

ronment, such as a network of Wifi access points, radio frequency identification (RFID)

15
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Figure 2.1: The classification of localisation approaches (after Alarifi et al., 2016)

readers or artificial visual markers (such as bar codes). Figure 2.1 shows the broad classi-

fication of the indoor localisation approaches.

Infrastructure-dependent localisation approaches

Infrastructure-dependent approaches require dedicated or existing infrastructure for lo-
calisation. These approaches include marker-based visual approaches, RFID, Ultra-Wide-
band (UWB), Infrared, Ultrasonic, high sensitive global navigation satellite system (GNSS),
radar, Pseudolites. These approaches require dedicated infrastructure for operation, where
significant cost is involved for installation and maintenance. Approaches such as Wifi,
Cellular-based and Blue-tooth use existing infrastructure of the building for operation,
however, such approaches do not provide adequate accuracies for many applications

(Mautz, 2012).

Infrastructure-independent localisation approaches

With the widespread availability of smartphones with inertial sensors and cameras, infras-
tructure-independent approaches such as the pedestrian dead reckoning (PDR) (Harle,
2013) and visual approaches, such as simultaneous localisation and mapping (SLAM)

(Davison, 2003), visual odometry (Nister et al., 2004) and model-based visual tracking
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(Lepetit and Fua, 2005; Acharya et al., 2019b), have turned out to be more suitable for
many applications. Other infrastructure-independent localisation approaches include
digital television, FM radio, magnetic fingerprinting, ambient sound fingerprinting and
barometric sensors. However, the accuracies of these approaches are not sufficient for
many indoor applications (Xie et al., 2014; Muralidharan et al., 2014; Ye et al., 2014; Tarzia
et al., 2011; Serant et al., 2011).

Before proceeding into the details of the visual approaches, a brief description is pre-
sented regarding the motivation of using building information modelling (BIM) for the

current research and the works related to using BIM for localisation in the next section.

2.2 Visual localisation approaches dependent on initial location

Visual approaches that require an initial location at the start of the localisation process are
visual odometry, SLAM and 3D model-based tracking. For the scope of the research, the

review is restricted to the approaches that use image features for improving localisation.

221 Visual odometry

Visual odometry (Nister et al., 2004; Scaramuzza and Fraundorfer, 2011) is a local mo-
tion estimation approach, where the camera motion is estimated by recursive tracking of
visual features in a sequence of images. Consequently, errors are accumulated and the
estimated locations drift from the true locations. Visual landmarks (Zhu et al., 2007) have
been used to reduce the drift by recalibrating the location at each known landmarks. The
robustness of visual odometry improves with the fusion of IMU data; however, the drift
is not eliminated completely (Khoshelham and Ramezani, 2017; Ramezani et al., 2018;
Ramezani and Khoshelham, 2018).

Image edges have been utilised in visual odometry for increased robustness. Witt and
Weltin (2013) propose a stereo visual odometry by matching straight lines between two
stereo image pairs by re-projection and considering all lines while performing minimisa-
tion, and report a drift of 0.65% for a 25-metre trajectory. Koletschka et al. (2014) combine

point features with lines to improve the localisation and report a drift of 4 metres on a
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trajectory of several hundred metres. Jose Tarrio and Pedre (2015) propose an edge-based
visual odometry approach by using structural information in the form of edge extraction
and report similar drifts (0.8-2.8% for a 40 metres trajectory) compared to state-of-the-art
feature-based and direct approaches. Gomez-Ojeda and Gonzalez-Jimenez (2016) pro-
poses a stereo approach to visual odometry to reduce the drift by a probabilistic com-
bination of points and line segments by minimising the errors of both points and line
segment features and report a drift of 3.26% for a trajectory of several hundred metres.
Briales and Gonzalez-Jimenez (2016) estimate the angular rotation between two frames
by matching the orthogonal lines in a random sample consensus framework employing
the orthogonal assumptions for the real world. However, the approach cannot be directly
applied to localisation as the translations have to be separately estimated by another ap-
proach. Gomez-Ojeda and Gonzalez-Jimenez (2018) propose a line segment tracking for
high dynamic range stereo image sequences using image edges and applying the ge-
ometric consistency along the consecutive frames and report decimetre level accuracy.
However, they report worse accuracies as compared to feature-based approaches and
they face the problem of a smaller number of edge correspondences. In all these visual

odometry approaches localisation errors accumulate and the drift persists.

2.2.2 Visual SLAM

Visual SLAM is an approach in which the localisation is performed with respect to a
map of the environment which is created simultaneously by the use of a single camera
(Mur-Artal et al., 2015; Davison, 2003) or multiple cameras (Scaramuzza and Fraundorfer,
2011; Gomez-Ojeda et al., 2017). A visual SLAM is potentially more precise than visual
odometry because it enforces many more constraints on the path (Silveira et al., 2008),
such as a loop closure where a previously visited location has to be revisited to correct
the accumulated drift (Mur-Artal and Tardos, 2014).

Image edges have also been used to create robust SLAM approaches. Gee and Mayol-
Cuevas (2006) propose a monocular model-based SLAM algorithm by edge detection, re-
construction of the 3D edges in an Unscented Kalman filter framework and use RANSAC

to eliminate wrong matches. But their approach is susceptible to failure under large trans-
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lations and rotations, and their experiments were limited to a part of a small room. Hofer
et al. (2013) perform a line-based 3D reconstruction of wiry objects by using epipolar
constraints of the from the already known camera poses. However, the main limitation
of their approach is the prior requirement of camera poses estimated by structure-from-
motion approaches.

Zhang and Koch (2014) propose a SLAM algorithm to reconstruct structural lines and
detect the motion of the camera from line correspondences that are assumed to be known
and perform sparse bundle adjustment. However, the performance of their algorithm
was poor for real data that contained more mismatches compared to the synthetic data
they use for experiments. The primary limitation of all SLAM algorithms is the loop
closure, without which all SLAM algorithm reduces to visual odometry and the drift
increases without a loop closure (Cadena et al., 2016). In navigation applications, loop

closure is not always practical, as the user cannot be forced to make loops.

2.2.3 3D model-based visual tracking

3D Model-based visual tracking approaches (Lepetit and Fua, 2005) refer to the tech-
niques that use a priori knowledge of the environment in the form of a 3D model for
matching the features in the camera view with the features in the 3D model. Localisa-
tion can subsequently be performed directly by using the depth information from the 3D
model, without using the information of the camera motion, and Figure 2.2 shows an
example of model-based tracking using a 3D building model.

Image edges have been used for model-based visual tracking by minimising the re-
projection errors using an approximate camera pose with a robust cost function. A strong
edge may not correspond to an actual correspondence, for example, due to shadows, and
wrong correspondences (or outliers) can lead to a wrong estimation of the camera pose.
Therefore, the major drawback of matching edges is that they are not distinctive enough
to provide information for matching two separate images (Choi and Christensen, 2012).
This drawback leads to failure in the presence of texture or cluttered scenes. Hence,
robust estimation is an integral part of visual tracking approaches to counter the influ-

ence of spurious data (Lepetit and Fua, 2005). In the literature, RANSAC (Zisserman,
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k

Figure 2.2: An example of 3D model-based visual tracking. The left image shows the
projection of initial camera pose and the building edges on the image. The right image
shows the overlay of the estimated camera pose after a few iterations.

1995; Choi and Christensen, 2012; Lepetit and Fua, 2005), M-estimators (Drummond and
Cipolla, 2002; Lepetit and Fua, 2005) and Tukey estimators (Wuest et al., 2005) have also

been used for eliminating the wrong correspondences.

David et al. (2003) extends SoftPOSIT algorithm (David et al., 2002) to match 3D CAD
model edges with image edges for performing model-to-image registration. However,
the authors do not report the accuracies for the experiments with real images, neither
they perform a detailed trajectory analysis. Many studies utilise multiple hypotheses
(Vacchetti et al., 2004; Wuest et al., 2005) in particle filter frameworks such as condensa-
tion (Vacchetti et al., 2004; Lepetit and Fua, 2005), to increase the robustness of tracking.
The increase in robustness is compensated by the additional computation requirements
(Vacchetti et al., 2004; Lepetit and Fua, 2005) and real-time applications of the same re-

mains a challenge, especially on smartphones.

Kitanov et al. (2007) use lines derived from the camera image and compare them with

lines in rendered synthetic images from a 3D vector model to estimate the orientation
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and location of the camera and dm-level accuracy in localisation is reported. Teulire et al.
(2015) used multiple-hypothesis tracker within a particle filtering framework using edges
to perform model-based tracking with an unmanned aerial vehicle (UAV). An accuracy
of 16 centimetre was reported for translation. Similarly, Qiu et al. (2017) match images
obtained from a camera mounted on a drone and synthetic images derived from a 3D
model by minimising the geometric re-projection error using distance transform of the
images. Additionally, the authors integrate the IMU measurements of the drone in an
extended Kalman filter framework. They reported an accuracy of 7 centimetre. How-
ever, all these model-based tracking approaches have been designed for tracking small
objects and in small spaces such as a room and are therefore unsuitable for continuous

localisation in large indoor environments.

2.3 Visual localisation methods independent of initial location

The visual localisation approaches that are independent of initial location can be clas-
sified as either as appearance-based or pose estimation-based approaches (Piasco et al.,
2018). The appearance-based approaches consider localisation as an image retrieval prob-
lem, where the current view of the camera is compared with the previously stored database
of geo-tagged images or image features (Arandjelovic and Zisserman, 2012; Radenovié¢
et al., 2016). However, these approaches require a large database of images with known
pose and are susceptible to viewpoint changes, thereby not suitable for many applica-
tions (Piasco et al., 2018).

Pose estimation-based approaches directly estimate the 6-DOF pose of a camera, and
can be further classified into three categories: 1) matching point features with 3D point
clouds (e.g. Irschara et al., 2009; Svarm et al., 2017) 2) pose regression using RGB-D
images (e.g. Shotton et al., 2013) and 3) pose regression using images only (e.g. Kendall
etal., 2015). In the approaches that match point features with 3D point clouds, the camera
poses are estimated directly by using classical photogrammetry approaches such as P3P
(Gao et al., 2003), thanks to the geometrically structured database and the availability of

3D information of each point feature. The main challenge is the requirement of a 3D point



22 Background and related work

cloud, which is usually derived from the structure-from-motion (SfM) approaches.

Pose regression can be done by using RGB-D images that contain the depth informa-
tion of the scene, by encoding the world location of each pixel of the image to a known
environment. The common approach is pair-wise registration that uses corresponding 3D
key points in consecutive frames to estimate a relative pose (Santos et al., 2016). Regres-
sion forests (Shotton et al., 2013), neural networks (Massiceti et al., 2017) and regression
ferns (Glocker et al., 2015) have been for performing pose regression with RGB-D images.
These approaches are fast and precise. However, the major limitation is the requirement
for RGB-D (or depth) cameras which are not as widespread as ordinary cameras. With
the advancement of deep learning in the last few years, a substantial amount of work has

been done in the field of pose regression using images only.

2.3.1 Deep learning and feature engineering

The conventional paradigm of image feature engineering includes the extraction pre-
defined features (Yilmaz et al., 2006), such as histogram of oriented gradients (HOG).
Such image features are susceptible to the variations of object appearance that are com-
plex and highly non-linear. CNNs overcome this limitation by learning features that
optimally describe the image content, hence automating the feature generation. Figure
2.3 shows a deep CNN, where the first few (shallow) layers learn the low-level features
such as edge and texture of the image, and the deep layers learn relevant high-level fea-
tures of the image. These high-level features are used for different tasks that range from
image classification and activity recognition. Consequently, the CNN-based approaches
have achieved state-of-the-art accuracies in image classification (Krizhevsky et al., 2012;
Acharya et al., 2018) and object detection (Acharya et al., 2017). Recently, CNNs are find-
ing application in the field of localisation, e.g. in SLAM (Parisotto et al., 2018), relative
pose estimation (Melekhov et al., 2017b), ego-motion estimation (Costante et al., 2016),

visual odometry (Wang et al., 2017a) and camera pose regression (Kendall et al., 2015).
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Figure 2.3: A deep convolutional neural network (VGG), after Wang et al. (2017b).

2.3.2 Camera pose estimation using convolutional neural networks

Motivated by the success of the CNNs, Kendall et al. (2015) propose the use of a CNN
regressor (PoseNet) for pose regression using images only. They fine-tuned! a pre-trained
network on image samples with ground-truth poses derived from the SfM approaches.
They state that CNNs trained for the task of classification preserve pose information until
the final layer by leveraging transfer learning, despite being trained for a different task
with a different dataset. The authors show that the generated localisation feature vector
can be mapped to pose, and the network can generalise unseen scenes with a few fine-
tuning examples. Such an approach does not require depth maps of the scene nor a
database to store and retrieve images. However, the obtained pose is not as accurate as
the metric approaches such as SLAM or visual odometry, but is robust to changes in scale
and appearance.

Subsequently, many approaches have been proposed that improve the accuracy of
PoseNet. For example, Kendall and Cipolla (2016) integrate uncertainty in pose estima-
tion, Kendall et al. (2017) explore new loss functions for fine-tuning the network. Walch
et al. (2017) and Clark et al. (2017) use long short-term memory (LSTM) units to exploit
the correlation between successive images. Additionally, Wu et al. (2017) use data aug-

mentation for increasing fine-tuning samples, Melekhov et al. (2017a) and Miiller et al.

IFine tuning is updating the weights of (or a part of) a pre-trained network using a smaller set of training
images.
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Figure 2.4: An example of dropped out connections between neurons. The orange lines
show the connections and the blue dotted lines show the dropped out connections.

(2017) use different network architectures. Moreover, Brahmbhatt et al. (2018) use con-
straints derived from visual odometry, global positioning system (GPS) and inertial mea-
surements, Valada et al. (2018a) embed geometric information derived from visual odom-
etry and Valada et al. (2018b) combine geometric and semantic knowledge of the world.
However, the limitation of all these approaches is the requirement of SfM approaches to
estimate the ground truth camera poses that is required during fine-tuning the networks

(Gu et al., 2019).

2.3.3 Modelling uncertainty of camera pose using Bayesian convolutional neu-
ral networks

The uncertainty of a system plays a vital role in understanding the confidence of the
estimations. In the literature, Bayesian systems have been used to model the uncer-
tainty of a system, such as Kalman filtering (Groves, 2013). On the other hand, neural
networks which consider uncertainty are known as Bayesian neural networks (MacKay,
1992). These networks interpret the probabilities from the network weights, by inferring

distributions approximately, such as variation inference (Graves, 2011).
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Dropout is a regularisation technique in CNNs to prevent over-fitting to training or
fine-tuning data and helps the network learn features that perform well on unseen data
(Srivastava et al., 2014). Figure 2.4) shows an example of the dropout, where the blue
dotted lines show the removed connections, and the solid orange lines show the connec-
tions between two neurons. Dropout involves randomly removing connections within
a network during the training phase. Dropout has been used to approximate Bayesian
inference over the network’s weights (Gal and Ghahramani, 2016a) and has been used
at test time to impose a Bernoulli distribution over CNN weights (Gal and Ghahramani,
2015). This approximation is achieved by sampling the network with dropout at the test
time and the outputs can be considered as Monte Carlo samples from the posterior dis-
tribution of models.

Kendall and Cipolla (2016) model the uncertainties of camera pose estimates by using
a Bayesian neural network. The authors state that the estimated uncertainties correlate
with the actual errors obtained from ground truth camera poses for real images. They also
showed that the location and the rotation uncertainties are correlated, and thus can be

used to form a single uncertainty value which represents the overall model uncertainty.

2.3.4 Recurrent neural networks and the use of spatio-temporal information

Recurrent neural networks (Goller and Kuchler, 1996) are a class of machine learning al-
gorithms that use previous outputs of the network as recurrent inputs. The advantage
of using such a model is to exploit the historical information of a data sequence which
finds applications in domains such as natural language processing and image recogni-
tion. However, such a model suffers from the problem of vanishing gradient and ac-
cessing information of a longer sequence becomes a challenge. Gates are often used in
recurrent neural networks to tackle the problem of vanishing gradient.

LSTM (Hochreiter and Schmidhuber, 1997) is a specific type recurrent network that
uses gates to accumulate or forget relevant contextual information in its hidden state.
Deep architectures combining CNN and LSTM have been successfully applied in the
field of visual recognition from videos, by encoding the contextual information, and by

applying LSTMs on temporal sequences.
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Recently, LSTMs have been applied in the field of camera pose regression, to improve
the pose estimations, hence reducing the errors. Walch et al. (2017) propose the use of a
CNN-LSTM architecture to perform a structural dimensionality reduction on the image
feature vector derived from the CNN. Such a feature reduction enabled the model to
better correlate the image features and the camera pose estimates and improved the pose
estimates as compared to using dropout on the feature vector. The authors reported
an improvement in the localisation accuracy of approximately 30% with respect to the
previous deep learning models.

The CNN-based pose regression approaches discussed so far in the chapter, estimate
the camera pose of images independently, and do not exploit the valuable constraint of
temporal smoothness of the captured images. This practise leads to cases where the inter-
frame distances are larger than the motion of the camera. Moreover, such approaches are
susceptible to the problem of perceptual aliasing, where two different places appear sim-
ilar. To tackle the challenge of perceptual aliasing, Clark et al. (2017) propose a recurrent
network architecture consisting of LSTM units and window of image sequences. The au-
thors show that the estimated camera poses are smoothed and localisation errors reduce
compared to existing approaches, even by considering short sequences (twenty frames).
Furthermore, the authors modelled the uncertainties from the variance of camera pose
estimates. However, all of these pose regression approaches are dependent on a 3D re-
construction of the indoor environment using SfM approaches for operation. In the next
section, the approach of using synthetic images to eliminate the requirement of SfM ap-

proaches is presented.

2.3.5 Use of synthetic images in deep learning

With the advancement of computer graphics and graphics processing units, the realism
of the synthetically generated images has greatly improved. Figure 2.5 shows an exam-
ple photo-realistic synthetic image generated using synthetic textures. In the literature,
synthetic images generated from 3D object models have been used to eliminate the chal-
lenge of creating manually labelled images (ground truth images), which is required for

training or fine-tuning CNNs. Su et al. (2015) generate millions of synthetic image from
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Figure 2.5: An example of synthetic images with textured generated from the same view-
point inside a building, using a BIM. The left image shows the real image, and the right
image shows the synthetic image.

3D object models to classify object orientation in the image (also known as viewpoint es-
timation) using CNN features. Similarly, Varol et al. (2017) generate millions of synthetic
images from a 3D human model for estimating depth and body part segmentation in real
images by training CNNs with synthetic images. Peng et al. (2015) train linear classifiers
using a few (2000) synthetic images generated from 3D object models for object detection
in real images by using features from CNNs. Motivated by the use of synthetic images
generated from 3D object models, Ha et al. (2018) present an image-based retrieval ap-
proach to perform a coarse indoor localisation using a BIM. Synthetic images derived

from the BIM are compared with real images on the basis of CNN features.

2.4 Building information modelling for visual localisation

A BIM is a digital representation of all the physical and functional characteristics of a
building through its entire life cycle. Recently, BIMs are used to acquire valuable sources
of information for enabling indoor navigation as they deliver additional information

compared to 2D maps. For example, a BIM can provide semantic information, or the
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Figure 2.6: A BIM of a building containing the semantic properties (visualised in BIM
Vision).

properties and functional states of the building elements, spatial relationships between
them and geometric information (Isikdag et al., 2013). Moreover, BIMs have the potential
for large-scale coverage of an indoor environment without a significant increase in costs.
Figure 2.6 shows a BIM that contains the semantic information of building elements such
as walls, doors, slabs and stairs.

Despite the easy availability of BIMs for most of the modern buildings, the visual lo-
calisation approaches that use BIMs are in their infancy and very few works have been
reported in the literature. It is possible to identify the building structural elements that
are visible from a viewpoint inside a building, by placing a virtual camera inside the
corresponding BIM. Besides, synthetic images for any viewpoint of the building can be
generated as well. Chen et al. (2011) used a BIM to create synthetic images derived from
virtual cameras and compared with real images on the basis of image features. Sub-
sequently, the virtual image is mapped to the real image and a surveillance camera is
registered in the BIM coordinate system. Kropp et al. (2012) propose a conceptual frame-
work using an inertial measuring unit (IMU), camera and BIM for predicting delay of
construction works. Initial registration in the BIM has to be done by the user. Subse-
quently, IMU and camera will be utilised for localisation by tracking of visual features

with a sequence of video frame taken beforehand. Following that, missing items will
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be detected and displayed on a hand-held device. Recently, Ha et al. (2018) propose to
perform coarse localisation using synthetic images obtained from a BIM and comparing
them with real images on the basis of convolutional neural network (CNN) features. This

method is explained in further details in Section 2.3.1.

2.5 Summary

In summary, the review of the literature indicates the absence of a single technology that
can be used for indoor localisation, due to the cost involved. Therefore, approaches that
do not require any additional infrastructure, and can be used on ubiquitous devices have
become popular. The presence of cameras on ubiquitous devices have resulted in a re-
newed interest in visual localisation approaches, especially with the recent advancements
in deep learning approaches.

The limitations of the visual approaches, such as SLAM, visual odometry and model-
based visual tracking restricts their wide applicability. SLAM suffers from the require-
ment of a loop closure that is not always practical. Visual odometry suffers from the prob-
lem of error accumulation, and often use other sources for calibrating the error. The use
of model-based visual tracking approaches for continuous localisation in large indoor en-
vironments and the achievable accuracy is an unexplored research area. Moreover, such
approaches are dependent on an initial location.

Visual approaches that are independent of an initial location are image-based retrieval
approaches. These approaches involve performing a 3D image-based reconstruction of
the indoor environment, therefore limiting their applicability on large indoor spaces. Ad-
ditionally, some of these approaches are dependent on additional sensors, such as depth
sensors, the presence of which is rare for most of the ubiquitous devices. Therefore,
the limitations of the existing approaches need to be addressed in order to achieve an
infrastructure-independent visual localisation approach.

The wide availability of BIMs for most of the modern buildings provides an oppor-
tunity to address the challenges of the existing visual approaches, and to perform infras-

tructure -independent localisation. There exist a very few works in the literature that pro-
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pose the use of BIMs either for reducing the drift of localisation or for eliminating the 3D
image-based reconstruction of the environment. The thesis highlights the contributions
of the current research by using a BIM, and points towards an infrastructure-independent

visual localisation.
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... Visual localisation is estimating the camera’s location ...”

~ Block B, Department of Infrastructure Engineering, The University of Melbourne, Australia
(Courtesy: Moto G)






Chapter 3

BIM-Tracker: A model-based visual
tracking approach using a 3D building
model

This chapter presents an accurate and robust visual indoor localisation approach that is
infrastructure-independent and avoids the accumulation of error. The motivation of using the ap-
proach is the ubiquity of mobile devices with cameras and the availability of 3D building models for
most modern buildings. Localisation is performed by matching image sequences captured by a camera,
with a 3D building model in a model-based visual tracking framework. A comprehensive evaluation of
the approach with a photo-realistic synthetic dataset shows the robustness of the localisation approach
under challenging conditions. Additionally, the approach is tested and evaluated on real data cap-
tured by a smartphone. The results of the experiments indicate that a localisation accuracy better than
10 centimetres can be achieved by using this approach. Since localisation errors do not accumulate
the proposed approach is suitable for indoor localisation tasks for long periods of time and augmented

reality applications, without requiring any local infrastructure.

3.1 Introduction

The discussion of the relevant literature in Section 2.2 suggests that infrastructure-independent
visual localisation approaches such as visual odometry and simultaneous localisation
and mapping (SLAM), suffer from the accumulation of localisation errors resulting in
the drift of the estimated trajectory (Khoshelham and Ramezani, 2017; Scaramuzza and
Fraundorfer, 2011; Caron et al., 2014). Moreover, visual odometry and SLAM approaches

are susceptible to poorly textured indoor environments such as a corridor, due to the lack

33
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of image features. Additionally, SLAM involves performing a loop closure, which is not
practical for navigation applications, e.g. in a long tunnel, as the user cannot be forced to
make loops. A drift of 1% percent in the trajectory is acceptable for short distances but is

not suitable for long-distance indoor localisation applications.

Therefore, in this chapter BIM-Tracker is introduced to eliminate the accumulation of
error, and to work in poorly textured environments. BIM-Tracker is a 3D model-based
visual tracking approach to indoor localisation which is based on matching images cap-
tured by a mobile device with the corresponding view of a 3D building model. The edges
in the images are matched with the edges derived from the BIM to estimate the location
of the camera in the BIM coordinate system. The advantage of performing localisation
in a BIM coordinate system is that the estimated locations are not prone to drifts com-
pared to the incremental tracking approaches that perform localisation by local motion

estimation (Khoshelham and Ramezani, 2017).

The existing model-based visual tracking approaches, such as the work of Drummond
and Cipolla (2002) eliminate the requirement of textured indoor environments, and are
computationally inexpensive (Lepetit and Fua, 2005). However, these approaches have
been designed for tracking small objects and in small spaces such as a room and are
therefore unsuitable for continuous localisation in large indoor environments. Moreover,
the existing works that use model-based visual tracking lack a comprehensive evaluation

of the achievable accuracy, robustness and the estimated trajectory.

Therefore, in BIM-Tracker a detailed analysis of the trajectory with synthetic images
and their respective ground truth poses are performed. The distribution of the errors
along the trajectory are analysed and evaluate the factors that result in significant errors.
Besides, the effects of the image resolution, camera field-of-view (FoV), clutter occlusion
and motion blur on the localisation performance are assessed. To the best of our knowl-
edge, such a detailed analysis of the trajectory and the factors affecting the errors have

not been reported in the literature, for model-based visual tracking.

Because most of the smartphones and smartglasses are equipped with a camera, and
the fact that a low level-of-detail 3D model of the environment is usually available or can

be easily generated, the present research proposes BIM-Tracker for accurate and drift-free
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localisation in an infrastructure-independent indoor environment. The following are the

main contributions of the work:

1. An MSAC (M-estimator sample consensus) framework is formulated to use two hy-
potheses on either side of a back-projected model line to search the corresponding
image edges. This strategy is a balance between the higher computational costs of
using several multiple hypotheses for tracking and the robustness that it provides,

and is discussed in Section 3.2.

2. Experimental insight are provided into the optimal camera configurations and fac-
tors that contribute to errors for a model-based visual tracking approach in an in-
door environment. A detailed analysis of the estimated trajectory is performed us-
ing a photo-realistic synthetic dataset with several configurations such as different
image resolutions, camera field-of-views (FoV), motion blur, clutter and occlusions.

The results are presented in Section 3.3.

3. The ability of BIM-Tracker for drift-free localisation using real images is demon-
strated, and compare with a state-of-the-art SLAM approach. The results are pre-
sented in Section 3.3.3 and demonstrates the ability of BIM-Tracker for navigation

and augmented reality applications.

3.2 Methodology

The main hypothesis of BIM-Tracker is that centimetre level accuracy in localisation
can be achieved without any drift by integrating image information with a 3D build-
ing model. To test the hypothesis, a series of experiments with photo-realistic synthetic
datasets by changing the conditions for each set of data were conducted. Further exper-
imentation is performed with real data from a smartphone to evaluate the quality of the

estimated camera pose for augmented reality applications.

Figure 3.1 shows the workflow of BIM-Tracker, where localisation starts from a rough
initial camera pose (initialisation step), to render the visible edges on-line from the 3D

building model by ray tracing. For the scope of this research, it is assumed that the
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Figure 3.1: The workflow of BIM-Tracker.

initial camera pose at the start localisation is known beforehand. This step is followed
by sampling the visible edges according to their length, to split edges into 3D points.
Subsequently, the sampled points are back-projected on the image plane. Consequently,
correspondences are created by searching in the proximity of back-projected sampled
points with the structural edges in the image. To remove the wrong 3D to 2D correspon-
dences, that can likely be a result of shadows or repetitive texture, MSAC estimator (Torr
and Zisserman, 2000) is used. The camera pose is estimated by minimising the distance
between the image points and back-projected 3D points iteratively using Gauss-Newton
non-linear minimisation techniques (Triggs et al., 2000). The estimated camera pose is

fed to a Kalman filter, which is used to predict the camera pose for the next frame.

3.2.1 Pose initialisation

For the current research, the pose is initialised manually at the start of the sequence,
by roughly selecting three points on the image and the corresponding 3D points in the

model. The pose is subsequently estimated by using Gauss-Newton minimisation (Sec-
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tion 3.2.7). The initialisation need not be accurate as BIM-Tracker can handle bad initial
poses in the region of convergence (Section 3.3.5). In practical applications, the initial
pose can be estimated by using direct pose regression approaches (Kendall et al., 2015;
Piasco et al., 2018), which can instantaneously recover the pose of a single image in a
known coordinate system either by utilising textured 3D models, RGBD (RGB + depth)
images or sequence of images. The reported errors are under 0.6 metres and 8°, which is

sufficient for initialising BIM-Tracker.

3.2.2 Determination of visible edges of the 3D building model in camera views

Assuming an initial estimate of the camera pose is available from the previous step, a vir-
tual view is rendered and visible edges as well as their corresponding 3D coordinates in
the BIM coordinate system, are determined by using a ray tracing algorithm of Blender!.
The advantage of such an approach is that it can handle many complex situations as com-
pared to precomputed tabular approaches (Drummond and Cipolla, 2002). Bounding
volume hierarchies (BVH) trees are used (Wald et al., 2007) to reduce the computational
cost of ray tracing.

An edge of an object in a 3D building model is described as a set of two 3D vertices
and hence for an edge which is visible in a scene requires both the vertices to be detected.
But, under certain camera views, both the vertices of the edge are unlikely to be visible,
though most of the edge is plausible to be visible in the camera view. To solve the prob-
lem, the edges are subdivided during the creation of the 3D building model to facilitate
the proper detection of model edges in the camera view and therefore increase the ro-
bustness. The model edges are subdivided according to the length off-line, and during
many experiments it was found that dividing model edges at an interval of 50 centime-
tres is sufficient to address the problem. However, this increases the overall complexity
of the presented approach to some extent.

The problem is partially solved by eliminating the visible model edges that are lo-

cated in close proximity of each other during back-projection onto the image plane. This

IBlender is an open-source 3D computer graphics software toolset used for creating animated films,
visual effects, art, 3D printed models, interactive 3D applications and video games. Available from
www.blender.org


www.blender.org
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action solves another problem, that is when independent model edges are very close to
one another under certain camera views when back-projected on the image plane (Re-
itmayr and Drummond, 2006; Vacchetti et al., 2004). This scenario usually happens to
the edges that are distant from the camera view and the back-projected model edges on
the image can be combined to produce a single edge. As this can result in incorrect 3D
to 2D correspondences (discussed in Section 2.2.3), the back-projected model edges that
are very close (less than a pixel) in the camera view are discarded. In addition, for the
same reason, the back-projected model edges that were less than a few pixels (d,,i,) are

removed.

3.2.3 Line representation

In the literature, a 2D line is usually represented by its two end points (Gomez-Ojeda and
Gonzalez-Jimenez, 2018, 2016; Witt and Weltin, 2013; Zhang and Koch, 2014). However,
such a representation might lead to incorrect matches or no matches while searching for
a corresponding image edge. For instance, consider an example in Figure 3.2 where a
line represented by its two endpoints ends up creating wrong edge correspondences.
This problem can be particularly challenging when the number of visible model edges is
small, and that can result in complete tracking failure.

A solution to overcome this challenge is to represent a line with multiple segmented
points (Vacchetti et al., 2004; Wuest et al., 2005; Drummond and Cipolla, 2002; Choi and
Christensen, 2010). As shown in Figure 3.2, this representation increases the number
of search lines and provides more correct matches. However, such a representation in-
creases the computational cost but provides better solutions for the frames having fewer
number of model edges. Therefore, to add robustness against the small number of lines,

this representation of the line is selected.

3.2.4 Point sampling of the model edges

After the determination of the visible edges of the 3D building model in the camera view,

the endpoints of the model edges are projected on the image plane, and the length of
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Figure 3.2: The advantage of segmenting edges as compared to using end points to rep-
resent lines. Left: A line is represented by end points and the search for corresponding
edges misses out the actual matches. Right: A line is segmented into points that allows
additional searches to create correct matches.

each model edge is calculated during an initial back projection. The length is necessary
for calculating the number of points, the model edges will be sampled. The number of
times each model edge is sampled is proportional to the length of the back-projected
model edge, and thereby, longer model edges are sampled more than the shorter ones.
Ideally, the point sampling should be done on the image plane and not in the 3D space
to uniformly distribute the sampled points along the model edges. But performing point
sampling on the image plane and then finding its corresponding 3D points is compu-
tationally expensive considering the number of points in each iteration. Consequently,
sampling the 3D model edges are performed in 3D space according to Eq. 3.1 and the
sampled 3D points are back-projected into the image plane (Figure 3.3).

~

P (3.1)

nl:T
S



40  BIM-Tracker: A model-based visual tracking approach using a 3D building model

Zz

Camera
coordinate
system

Sampled points °
Correspondences °
Model edges —
Image edges —_—

Search line =

World coordinate
VA system

Figure 3.3: Point sampling of the model edges and creating correspondences after back-
projection. A’B’ is the back-projection of the 3D model edge to the image plane. CD is the
corresponding edge to A’B’, and EF is a stray edge. Blue dotted lines are the search lines
from the sampled points (blue circles). There are two potential correspondences for the
points on A’B” on either side of the line. Taking a single hypothesis would have created
two wrong correspondences to the edge EF, as the edge EF is closer to A'B’ compared to
edge CD.

where n; is the number of times It

model edge was sampled, [, is the length of the back-
projected edge on image plane and [; is a parameter for setting the sampling distance
within the projected edge, and this is similar to the metric used in (Wuest et al., 2005) for

sampling 3D model edges.

3.2.5 Projecting model edges to the image

A perspective camera model is considered for the projection of the 3D world points onto
the image plane of the camera, which is based on the collinearity equations. Mathemati-

cally this can be expressed as:

Poi = /\Rpow (32)
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where Dy, is the vector representing the distance from the optical centre of the camera
to a world point and is expressed in world coordinate system, P,; is the corresponding
vector from the optical centre to the projection of the world point on the image plane, A is
a scale factor, and R is the rotation matrix which defines the rotation of the camera with
respect to the world coordinate system. Terms P,;, Py, and R can be expanded and the

Eq. 3.2 can be rewritten as:

X —xp+ Ax X — Xo
y—yp +Ay| = AR(x)Ry(¢)Rx(w) | Y — Yo (3.3)
_f Zyw— 2o

where x and y are the projection of a point world point (X, Yz, Z,) in image plane, x, and
Yy are the image coordinates of the principal point of the camera (Xo, Yo, Zo) in the image
plane, f denotes the focal length of the camera, w, ¢, and « are the rotation about X, Y
and Z axes respectively. Ax and Ay are the terms that model the effects of symmetrical

and asymmetrical lens distortion and mathematically they can be explained by:

Ax = ®(kyr? 4 kor* 4 kar®) + p1(r? + 2%%) + 2po %Y
Ay = §(kir? + kor* + kar®) 4 2p1 %7 + po (r* 4 25°) (3.4)

+ a1X + ary

where ¥ = x — x,, 7 = y — yp, r* = ¥ + 7%, and ky, k and k; represent lens radial distor-
tion, p; and p; represent lens decentering distortion parameters and a; and a; represents
affinity distortion parameters. Hence, using the collinearity equations, a real world point
(Xw, Yw, Zy) can be projected in the image plane as (x, y).

It is assumed that the camera used in the current research is calibrated, that is the
intrinsic parameters of the camera are known before the task of the localisation. This as-
sumption is practical because a camera can be calibrated off-line easily and the internal
parameters of the camera do not change with time. Additionally, this increases the per-
formance of the presented approach as the intrinsic camera parameters are not estimated

during the pose estimation process.
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3.2.6 Creating 3D to 2D point correspondences using edges

A Canny (Canny, 1986) edge detector is used to detect the edges present in the image.
Subsequently, the 3D points are sampled and back-projection onto the image plane. Cor-
respondences are generated by performing a search for edges on the image in the per-
pendicular direction of the back-projected model edges from the sampled points (Figure
3.3) similar to the works of Drummond and Cipolla (2002); Wuest et al. (2005); Comport
et al. (2003); Marchand et al. (2001). A search distance of 25-40 pixels is empirically found
sufficient for tracking purposes considering the frame rate is close to 30 frames per sec-
ond (FPS) for an image resolution of 640x480 pixels. For lower frame rates and higher
resolution of images, this distance should be higher.

As explained in Section 2.2.3, multiple hypotheses are kept to increase the robustness
of the tracking, and this comes at the cost of additional memory and computation require-
ment. In the current research, only two hypotheses on either side of the model edges are
kept rather than all hypotheses in the search distance. There are three main reasons for
doing this 1) if a stray image edge exists in the proximity of the back-projected model
edge, wrong correspondences might be created (Figure 3.3) 2) memory and computation
load decreases rather than keeping all hypothesis and 3) considering multiple hypothe-
ses increases the outlier ratio, which is the number of outliers (wrong correspondences)
divided by the total number of correspondences, and this could be a challenge for doing
the robust estimation by MSAC (explained in Section 3.2.8). Thus, a set of 211; correspon-
dences are generated for each model edge and considering the number of model edges

to be I, the total number of correspondences created is n = 2n;l.

3.2.7 Pose estimation by non-linear least square minimisation

Given adequate initial values of the unknown parameters, camera pose is estimated by
the Gauss-Newton algorithm of least-squares minimisation, which iteratively minimise
the re-projection errors (Section 3.2.7) within an MSAC framework (Section 3.2.8). The
non-iterative solution to the P3P problem (Gao et al., 2003) is also explored, where the so-

lution of the estimated poses comes from solving a bi-quadratic equation and validating
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the correct solution with an additional 3D point. Although the direct solution is faster,
the iterative method provides more accurate estimates. Therefore the iterative Gauss-

Newton method is used.

Gauss-Newton method of least-squares minimisation

The principal assumption of Gauss-Newton method is that the minimising function is
locally linear and the function can be linearised by using Taylor’s theorem. The vector
of re-projection errors is define as ¢, which is the length between the image edge and the

back-projected sample point in Eq. 3.5.

_ I -
U1 — WY1
e= (3.5)
U — X
[ On = Y|

where (1, v) denotes the location of the corresponding edge in the image plane, and m
represents the number of measurements. The next step involves minimising the 2-norm
of the residual (Eq. 3.6), by linearising the non-linear model explained in Eq. 3.3 using

first order Taylor’s expansion around the previous camera pose.
174 el (3.6)

where the vector A = [dXo dYy dZy dw d¢ dx]T is solved at each iteration in such a way
that the error measurements e between the model edges and the image edges is min-
imised, and | is the Jacobian matrix containing 2mx6 partial derivatives of the measure-

ment with respect to the unknown parameters.

axl axl axl 8x1 axl 8x1 ]

0X, 0Y, 0Z, dw 9d¢ dxk
9y1 9y1 9y1 dy1 Ay1 Y1

X, Y, 9Z, dw 3¢ oK
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X, Y, 92, 00 I IK
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As x and y contain the elements of the rotation matrix R = R;(x)Ry(¢)Ry(w), chain
rule is used for partial differentiation to calculate the elements of the Jacobian matrix.

Subsequently, A is solved using the following Eq. :
JA=e (3.8)

The above equation can be further simplified as J7JA = J”e and hence can be rewrit-

ten as:
A=) e (39)

Consequently, the vector A is used to estimate the vector of unknown parameter p =
[Xo Yo Zo w ¢ k] T to be subtracted from the current estimate on each iteration. The above

process can be mathematically expressed as:
pH) = p(s) _ AG) (3.10)

where p(®) is the vector of parameters for iteration s and ps*1)

is vector of estimated pa-
rameters at iteration s + 1. Hence, at each iteration, considering local linearity, the residu-
als are minimised, and the back-projected sampled points and the image edge points get
closer after subtracting the corrections. A threshold for A is used, that facilitated fast con-
vergence, through impacting the accuracy of the estimates of the unknown parameters
p and the value for A is determined by the units of the measurements of the parame-

ters. Consequently, a threshold of 10~° is used for A where the unit of measurement is in

millimetres and radians for distance (X,, Y,, Z,) and angles (w, ¢, ) respectively.

3.2.8 Outlier removal with MSAC

In the current research, an M-estimator (MSAC (Torr and Zisserman, 2000)) is used,
which is the modified version of the RANSAC algorithm (Fischler and Bolles, 1981).
RANSAC algorithm is a hypothesis-and-test-procedure that has been developed in the
context of camera pose estimation in the presence of spurious data.

The vector p in Eq. 3.10 consists of six unknowns and the matrix J7J in Eq. 3.9

is invertible only if j > i, which means the number of measurements is either greater
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than or equal to the number of unknown parameters. Hence, to satisfy this condition,
the minimum number of 3D to 2D correspondences required is three, as each 3D to 2D
correspondence provides two measurements (Lepetit and Fua, 2005). From the set of all
3D to 2D correspondences (1), a set of three correspondences is extracted randomly and

subsequently the unknown parameters of Eq. 3.10 are estimated.

Subsequently, using the estimated parameters by the set, all the 3D points are back-
projected onto the image plane. A 3D to 2D correspondence is treated as an inlier if the
residual is below an error tolerance threshold (T). The error tolerance threshold is set a
few times the standard deviations of the re-projection error of all the correspondences,
and hence this eliminates any fixed manual threshold that is dependent on the resolu-
tion of the image. Torr and Zisserman (2000) state that an error tolerance threshold of
1.96 times the standard deviation only rejects the Gaussian inliers 5% of the time. A ro-
bust cost function C (Eq. 3.11) is used to minimise the sum of the residuals of all the n
correspondences.

C= Y0 @)

n
=1

where, §; is the re-projection error of i correspondence, and the error term p is used to
compute the distance metric used for the process is defined by
5%, 62 <T?
0(6%) = (3.12)
T2, 52 2 T2
The number of trials N required to ensure with a probability P that at least one of the

sample is free from gross error (Fischler and Bolles, 1981) is defined by the following;:

log(1—P)
> o\t )
N2 log(1 — wk)

(3.13)
where w is the inlier ratio that is the number of correct correspondences (m) divided by
the total number correspondences (1), and k is the minimum number of points to perform
the estimation. Subsequently, m correct correspondences (inliers) are determined from

the set having the minimum value of C and the final camera pose is refined by Gauss-

Newton minimisation.



46  BIM-Tracker: A model-based visual tracking approach using a 3D building model

Because two hypotheses for each back-projected sample points are used, one of the
hypotheses will always be wrong, and this brings the inlier ratio at the best case to 0.5,
however, for the worst case, there could be more outliers. Hence, the inlier ratio is set to
be half of the best case, which brings down the inlier ratio to 0.25. From Eq. 3.13 it can be
derived that the number of trials required by the MSAC algorithm to ensure that at least
one of the sample free from outliers with a probability of 0.95 is 191, considering an inlier

ratio to be 0.25.

Jump-out rules

To improve the convergence rate and to reduce the computational load of the MSAC

process, the following set of rules are applied:

1. Rule 1: Gauss-Newton method of least-squares minimisation (see Section 3.2.7) re-
quires that the 3D to 2D correspondences are non-collinear. Otherwise, the matrix
JT] will be singular which will result in numerical errors in estimation.. Therefore,
this requirement is satisfied by selecting three non-collinear points for each random

set.

2. Rule 2: An incorrect pose may be estimated if any of the 3D to 2D correspondences
of the random set are incorrect. Thereby, it is desirable to terminate the subsequent
steps (back-projecting the sampled points and calculating the errors) to save some
computational load. The termination criterion used for this case is based on the
assumption that the change in camera pose cannot be beyond a certain limit be-
tween two consecutive image frames. The limit is determined by the rate of image

acquisition and the motion of the camera.

3. Rule 3: To reduce the sudden changes in the estimated camera poses, the camera
poses are filtered out using Mahalanobis distance utilising the state covariance ma-
trix S} (Section 3.2.9). This strategy ensures the estimation of camera poses that
are in agreement with the previous state covariance matrix and hence generates a

smooth trajectory reducing jitter.
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Figure 3.4: AB is an image edge, whereas CD and C'D’ are the back-projected model
edges using different poses. It can be seen that the projection of the back-projected sam-
pled point for edge C'D’ on AB is further away as compared to the edge CD. This differ-
ence creates a bad pose estimation during large translations and rotations.

Updating the correspondences

During a combined large rotation and translation of the camera, the back-projected model
edges are shifted further away from the image edges. This shift results in the creation of
erroneous 3D to 2D correspondences, in spite of eliminating the outliers by using the
above mentioned MSAC algorithm, as shown in Figure 3.4. Thus, the estimated camera
pose is close to the actual but not accurate. Hence, after the pose estimation by MSAC
procedure, the model edges are back-projected on to the image using the estimated pose.
Consequently, the 3D to 2D correspondences are updated and a refined pose is estimated

iteratively by repeating the MSAC process until convergence.

Convergence criteria

At each iteration of MSAC pose estimation, the model edges come closer to the image
edges, and therefore the residuals are minimised. In theory, after a sufficient number of

MSAC iterations, the model edges should exactly overlap on the image edges, but due
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to the presence of noise in the measurements, this never happens, and the residuals are
never zero. Subsequently, a threshold (dy;,) for the residual is used as the convergence
criteria. Hence, the MSAC iterations terminate if the residuals of all the correct corre-
spondences (inliers) are below d;,. The parameter dy,,. (Section 3.3.2) is dependent on
the resolution of the image. Moreover, the number of times the MSAC process will iter-
ate is limited to a few iterations, and this limits the computational expanse in case of a

non-convergence.

It is possible that the pose estimation by the proposed approach is not accurate lead-
ing to a wrong initialisation for the next image frame, which can result in loss of tracking.
This is likely due to the following reasons. Firstly, when the camera moves very close
to a wall or a door, which results in the lack of visible model edges or the presence of
only parallel model edges. Secondly, motion blur can shift the edges by a short distance,
and that results in the incorrect creation of 3D to 2D correspondences. Thirdly, sudden
and sharp changes in the camera pose and this result in no 3D to 2D correspondence,
as the search distance exceeds the actual shift between the model edges and the image
edges. Lastly, presence of background clutter and occlusion that restricts the creation of
correct 3D to 2D correspondences. However, the jump out rule in Section 3.2.8 (Rule 2),
restricts abrupt changes in two consecutive frames. Moreover, the integrated Kalman

filter restricts sudden changes in the trajectory.

3.2.9 Integration of a Kalman filter

A Kalman filter is used to predict the camera pose for the initialisation of the Gauss-
Newton minimisation of the next frame. The Kalman filter predicts the parameters of a
system, called state vector, through a model and updates the parameters utilising mea-
surements which are associated with noise (Groves, 2013). In our Kalman filter, the state
vector at time t is described by a twelve column vector S; = [X Vy 0 V4]T that contains
the system parameters to be estimated, where X = [X, Y, Z,] is the system location,
Vy = [vx vy, v;] is the system linear velocity, = [w ¢ «] is the attitude and Vy = [v,, vy vk]

is the angular velocity.
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It is assumed that velocity remains constant throughout the trajectory. The reason for
this assumption is that the camera is carried by the user (or mounted on the frame of a
pair of smartglasses). Therefore the motion of the camera has the same characteristics
of motion of the user, and such a motion can be approximated as a constant-velocity
motion. Additionally, using a constant-velocity model for the Kalman filter facilitates
the state prediction even when the camera is stationary. This condition is not true while
using a constant-acceleration model, which will wrongly predict the noise of the pose

estimates as accelerations of the camera motion.

Assuming that the time derivative of each state (S;) is a linear function of the other

states and of white noise sources, the system model of a Kalman filter is described as:

St = AtSt + Gtwt (314)

where A; is the system matrix, G; is the system noise distribution matrix, and wy is the
system noise which is assumed to be zero-mean Gaussian white noise. In the constant-
velocity system model, since the acceleration is not estimated, this is considered as the

system noise (Groves, 2013). The state dynamics can be described in a matrix form as:

x| [ososos] [x]  [os04]

V. 0303030 V, 0 a
=TT+ | (3.15)
0 03 03 13 03 0 03 03 ap

_Ve_ 103030303] |V 103 I3 |

where I3 represents an identity matrix of dimension three, and a, and ay are the respective
linear and angular accelerations. Having formulated the system matrix and noise distri-
bution matrix, the process noise covariance matrix Q; is described (Eq. 3.16), assuming
the process noise has zero mean multivariate normal distribution.
bt
Q: = GE( / w(f )T (¢)dr dt")GT (3.16)
t—ot J1—ot

where E(.) denotes expectation and Jt is the sampling time. In our case, assuming that

the accelerations are white noise, the matrix Q; can be given by:
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03 03 03 03
0 2 5t1; 0 0

Q= 3 Max0tl3z U3 3 (3.17)
03 03 03 03

03 03 03 }739(5”3_

where 72, and 72, are the Power Spectral Density of the accelerations. Note that the pro-
cess noise in Eq. 3.16 - 3.17 is the result of discrete approximation of the constant velocity,
and would involve cubic diagonals and quadratic off-diagonal terms in sampling time
for a random walk model. To establish a relationship between the measurements and
the state vector, a measurement model is defined (Eq. 3.18) to update the state vector

estimates from a group of measurements.
Mt = HtSt + Ut (318)

where M; = [X, Y, Z, w ¢ k] is the vector containing the measurements estimated from
the Gauss-Newton minimisation, H; is the transformation matrix that maps the state vec-
tor parameters into the measurement domain and v; contains the measurement noise of
each measurement. Similar to process noise the measurement noise is assumed to have
zero mean white noise with covariance matrix R;.

Since the Gauss-Newton minimisation estimates the measurements of the Kalman fil-
ter, it is possible to directly calculate the covariance matrix R; from the optimisation. The
error propagation principle is applied on Eq. 3.9, to estimate the measurement covariance

matrix Ry by Eq. 3.19.
Ri=(J"N) QDT (3.19)

where matrix Q, is the 2mx2m covariance matrix of the residual vector e, which is calcu-

lated from

Qe = IeQxyXYZ]gT (3.20)

where J, is the Jacobian matrix of the partial derivative of the residual vector for x,y on
the image plane and X, Y, Z in the 3D space (Eq. 3.21). The matrix Q. xyz is the covari-

ance of the measurements on the image and 3D points in the BIM, and was calculated
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from the accuracy of the BIM and the precision of the measurements on the image plane.

[ el 0el del del oel

dx dy 0X 9Y 0Z
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dx dy dX dY 9Z
Je = . (3.21)
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L 9x 9y 39X Y 3Z |

where e, and e, are the vectors containing re-projection errors along the x and y directions
on the image plane, and the superscripts (1 — m) indicate the number of observations. The
standard Kalman filter is based on Gaussian probability density functions. The variances
and the covariances of the probability density functions of the state estimations and the
measurements at time t are described by a covariance matrix P;. The standard Kalman
filter consists of two main steps, state prediction and measurement updates. The state
prediction step comprises of predicting the state of the camera as well as the covariance

matrix and is described by Eq. 3.22-3.23.
S = AP (3.22)
Pl = APl AT +Q: (3.23)

where S/ and P/ denotes the predicted values of the state and the covariance matrix
at time f. The measurement update step consists of updating the predicted value of S}
and P/ based on the combined knowledge of the Kalman filter model by multiplying
the probability density functions of the state estimations and the measurements at time

t. The update steps are described by Eq. 3.24-3.25.
S¢ = SV + Ky(M; — H;S) (3.24)
P{ = P} — K;H,Pf (3.25)

where S{ and P denotes the estimated values of the state and the covariance matrix at

time t and K is the Kalman gain which is described by Eq. 3.26.

K; = PPHI (H;P/H] + R;)™! (3.26)
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For each frame of the camera, the values of the state S as well as the covariance ma-
trix P/ are predicted using Eq. 3.22 and Eq. 3.23. Consequently, using the measurement
vector My, which contains the estimated values of the previous pose parameters of the
camera (from Eq. 3.10 after MSAC estimation), the values of the Sf and P; are updated
using Eq. 3.24 and Eq. 3.25. Subsequently, K; is updated using Eq. 3.26. In the case
that MSAC process provides a robust solution, the Kalman filter will have a large gain,
therefore a high impact on the update of the state vector. On the other hand, if it does
not provide a robust solution, the update will not have a high impact on the estimation,
and the estimated values of the state vector S; will be very close to the predicted value
of the state vector S!'. During the experiments, it is shown that the predicted values of
the state vector by the Kalman filter in the event of a tracking failure, provides a good

initialisation for the next frame for tracking (explained in Section 3.3.3).

3.2.10 Reusing inter-frame correspondences

When the relative motion between the frames is very small, it is often unnecessary to
perform a robust estimation. Instead, the correct correspondences from the previous
frame can be reused to improve the running time. To reuse the correct correspondences
of Frame t, the model edges are back-projected using the predicted camera pose from
the Kalman filter using Eq. 3.22 for Frame ¢ 4 1. Subsequently, the corresponding image
edges are identified in Frame t + 1 in a reduced neighbourhood, which is limited to a
few times the standard deviation of the re-projection errors e of the Frame t. Next, these
newly created correspondences are used to estimate the camera pose and the measure-
ment covariance matrix by Eq. 3.19. The correspondences are only reused when the inlier
ratio m/n exceeds 0.25 which corresponds to the worst case, considering two hypotheses
for each sampled point. Also, the visible model edges are reused in the camera FoV of
the previous frame without performing new graphical rendering that further improves

the running speed.
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3.3 Experiments and results

The correctness (and high accuracy) of ground truth plays an important role in the eval-
uation of localisation accuracy. Ground truth for the evaluation of trajectories in indoor
spaces are usually collected by camera-based (Fod et al., 2002), motion capture (Huang
et al., 2017), laser tracking (Teulire et al., 2015), surveying (Brki et al., 2010) or target
tracking (Boochs et al., 2010) methods. All the methods, require specific hardware or
platforms for the collection of the ground truth and usually have little coverage of indoor
space. Additionally, there is a limit of the correctness of the ground truth generated by
such methods. On the other hand, use of synthetic photo-realistic data provides absolute
camera pose for each point of the trajectory without any error, and have been used in
the literature to evaluate the accuracies of generated trajectories (Ramezani et al., 2017;
Handa et al., 2014; Caron et al., 2014). Hence, in this research, the performance of BIM-
Tracker is evaluated by experimenting with a dataset of synthetic photo-realistic images
(Section 3.3.1). Additionally, a dataset of real images captured by a smartphone camera
of the same corridor (Section 3.3.1) is used to qualitatively assess the performance of the

approach with real images.

3.3.1 Datasets used

A Zebedee (Zebl) spring mounted hand-held scanner is used for acquiring a point cloud
of the corridor of the third floor of Block B of the Department of Infrastructure Engi-
neering at the University of Melbourne, Australia. The reported absolute accuracies of
the generated point clouds by the sensor are in the range of 3 - 40 centimetres (Khoshel-
ham et al., 2017). A BIM of this part of the building, which is shown in Figure 3.5 was
created manually from the acquired point cloud in an industry foundation class (IFC)
format, which is the widely accepted data format of the BIMs. Subsequently, a 3D build-
ing model was derived from the BIM which was used in this research for performing
the model-based visual tracking. In the current research, two sets of information were
extracted from the BIM: 1) A low level-of-detail BIM containing geometries of the main
structural elements and 2) the semantic information of the building elements such as

walls, roof and floor.
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Table 3.1: The details of each set of data

Set FoV Resolution f (millimetres) Is (piX) dsearen (PiX)  dpy (PiX)  dpin (pix) pixel size () Remarks
Set1 90° 320x240 16 5 50 1.5 25 100
Set2  90° 640x480 16 10 100 3 5 50 Baseline exp.
Set3 90°  1280x960 16 20 200 6 10 25
Set4 60° 640x480 27.71 10 100 3 5 50
Set5 120°  640x480 9.23 10 100 3 5 50
Set6  90° 640x480 16 10 100 3 5 50 Portrait mode
Set7 90° 640x480 16 10 100 3 5 50 Occlusions
Set8 90° 640x480 16 10 100 3 5 50 Motion Blur
Table 3.2: The details of the camera parameters
Resolution Framerate FoV  Sensor size (millimetres)
640x480 30 56.32° 3.63x2.72
Table 3.3: Error for each set of experiments
Translational and rotational error Set1 Set2 Set3 Set4 Set5 Set6 Set7 Set8
Average translational error (millimetres) 2822 1713 1274 27.39 2291 2039 2045 16.70
Average rotational error (Degrees) 021 012 008 022 014 013 011 0.11
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Figure 3.5: The created BIM from point cloud data. The ceiling is removed for better
visualisation, but tube lights are retained. The green line denotes the trajectory of the
virtual cameras.

A BIM can provide additional information about the building that is not possible to
obtain from 2D representations such as building plans. The additional information in-
cludes semantic information, properties of each building element, functional states of the
building elements and movable objects, spatial relationships between elements and ge-
ometric information. The use of such additional information to improve the localisation

accuracy was beyond the scope of the current research and remains a part of future work.

Photo-realistic synthetic dataset

The building elements namely the walls, floor, ceiling, doors, stairs, railings and tube
lights were imported from the created BIM in Blender, and texture was added to the
walls, floor and roof. The scene of the corridor was illuminated by placing artificial light
sources near the actual locations of the tube lights. Figure 3.5 shows the trajectory in

the green colour that was defined inside the corridor for generating the ground truth for
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Figure 3.6: An image frame from the set (a) Set 2 - having 90° FoV (b) Set 4 - having 60°
FoV (c) Set 5 - having 120° FoV (d) Set 6 - in portrait mode (e) Set 7 - containing walking
humans and potted plants as occlusions (f) Set 8 - having motion blur.
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the poses of the camera. The height of the trajectory was kept in the range of 1.5 - 1.8
metres from the floor, considering the average range of heights for holding a smartphone
in hand or the average height of eye level of the user in case of wearing a smartglass.
Consequently, virtual cameras with different intrinsic parameters were traversed on the
trajectory to render eight sets of photo-realistic images. The length of the trajectory was
approximately 30 metres, and the average speed for traversal was 1.6 metres per seconds.
Table 3.1 provides the intrinsic parameters of the cameras for each set and Figure 3.6
shows some of the outputs of the respective camera configurations. The sensor size for
all the virtual cameras was set to 32 millimetres x 24 millimetres.

Note that for all the sets the FoV of the camera refers to the horizontal FoV of the
camera, except for Set 6, where the referred FoV was in the vertical direction. For Set 7 of
the dataset, 3D models of humans and potted plants were placed throughout the scene
of the corridor to simulate the effects of occlusion and clutter. Additionally, a motion
model was used for the 3D human models to simulate the impact of walking. The 3D
model used to detect the visible vertices for Set 7, did not contain the 3D models of the
human or the potted plants. For Set 8 of the dataset, motion blur was introduced in the
photo-realistic rendered images to simulate the effects of camera motion. The ground
truth trajectory and all the sets of the photo-realistic images were generated at a constant

rate of 30 FPS.

Real dataset

A video sequence of the corridor was recorded by the camera of a smartphone (Motorola
G 1st generation), which was calibrated beforehand, and Table 3.2 provides the details
of the camera parameters. The smartphone was held in the hands near the eye level in
landscape configuration during traversal at the average speed of walking of the user.
The direction of the look of the camera was not constrained in the direction of traversal.
The camera was calibrated using a 11x9 checkerboard pattern using MATLAB’s camera
calibrator toolbox, where the reprojection error was 0.14 pixels for 21 images. The focal
length and the principle points were converted from pixel to millimetres using the known

sSensor size.



58  BIM-Tracker: A model-based visual tracking approach using a 3D building model

3.3.2 Experiments with photo-realistic synthetic data

Three experiments were conducted to evaluate the performance of BIM-Tracker under
varying conditions. The varying conditions include the effects of 1) camera FoV, 2) image
resolution and 3) clutter, occlusion and motion of the camera. Subsequently, a detailed

analysis of the trajectory was done regarding error patterns and accuracy.

Baseline performance

The performance of set 2 of the dataset having a resolution of 640x480 pixels, a FoV of
90, a frame rate of 30 FPS and in landscape orientation was used as the baseline. The
average translational error was observed as 17.13 millimetres, and the average rotational
error was 0.12°. The other design parameters of the proposed approach, which include I,
Asearch, deny and d,,;,, are set for each experiment to compensate the effect of the changed
conditions from the baseline experiment. The following subsections explain in detail the
changed conditions and their respective design parameters.

For the calculation of rotational errors, the difference of the ground truth angles and
the estimated angles were taken. For convenience, the three angles were converted to
one Euler angle and 0g,j,, = cos™!([r11 + r2 + r33 — 1]/2), where r11, 72 and r33 are the
diagonal elements of rotational matrix R (Khoshelham, 2016). Error in translation was
calculated as the average Euclidean distance for the whole trajectory with respect to the
ground truth: -

Average error = — ; ||Pg; — P (3.27)

where Py, and P; denotes the ground truth and the estimated point of the trajectory re-

spectively, s is the number of points of the trajectory and ||.|| denotes the I,-norm.

Effect of image resolution

To analyse the effect of image resolution on localisation performance experiments were
conducted using Sets 1, 2 and 3. As the sensor size of the virtual cameras is the same for

all the resolutions, the respective pixel sizes decrease with increasing resolution. Hence,
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Figure 3.7: The cumulative distribution function (CDF) of errors for (a) translation and
(b) rotation to evaluate the effects of image resolution.

the respective parameters Is, dgepren, diny and dyyin for the resolutions were set in such a
manner that they are identical on the image plane.

Figure 3.7 shows the cumulative distribution for the translation and rotational errors
of different image resolutions. Table 3.3 provides the average translational and rotational
errors for each set of the dataset. From Figure 3.7 it is observed that Set 3 having a higher
image resolution was the most accurate and Set 1 was the least accurate regarding trans-
lational and rotational errors. This fact is also reflected in Table 3.3. The reason is likely
because of the higher resolution of the images, individual edges are well resolved, in
contrast to the congested edges which results in clutter for the image having lower reso-
lutions. Thus for the higher resolution images, correct 3D-2D point correspondences are

created, which results in the improved accuracy.
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Figure 3.8: The Cumulative distribution function (CDF) of errors for (a) translation and
(b) rotation to evaluate the effects of camera FoV.

Effect of camera FoV

A wide FoV (shorter focal length) enables more edge features to be observed in an image,
which is a favourable condition for tracking in a constrained environment with fewer
edge features, such as a long corridor or a tunnel. However, the quality of the edge fea-
tures derived from a wide angle camera is inferior as compared to a narrow FoV camera
having same image resolution, as a greater part of the environment is sensed by a smaller

portion of the sensor.

As the horizontal and vertical FoV of most of the cameras are not equal, another factor
to consider is the orientation of the image for tracking, which could be either in landscape

or portrait configuration. For the case of a corridor in a landscape configuration, more
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Figure 3.9: The Cumulative distribution function (CDF) of errors for (a) translation and
(b) rotation to evaluate the effects of occlusion and motion blur.

features are captured along the walls as the horizontal FoV is greater than the vertical
FoV. Whereas, for the case of the portrait configuration, more features are captured along
the roof and the floor. Therefore, it is crucial to determine the correct configuration of the
camera FoV for optimal tracking, and four sub-experiments were performed with Sets 2,
4,5 and 6.

Figure 3.8 shows the cumulative distribution for the translation and rotational errors
of different FoV of the virtual camera. From Figure 3.8 it is observed that Set 2 having
a FoV of 90° is the most accurate regarding translational errors. Regarding rotational
accuracies, Set 2, Set 5 and Set 6 are similar and are better than Set 4 having a FoV of 60°.
From Table 3.3 it was observed that the Set 4, having the least FoV was the worst in terms

of translational and rotational accuracies. The reason is plausible because of the lower
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FoV of the camera, for some frames, there were not enough number of edges to facilitate
the tracking, and this either led to the estimation of bad poses or tracking failures.

The accuracy of Set 6, having a portrait configuration was marginally lower than the
landscape configuration, and this can be explained by the absence of the edges near the
camera view, in this configuration. Additionally, for a long corridor, the wall-roof and
wall-floor edges cover only a fraction of the image, and the edges far away from the
camera cover a small part of the image. This configuration forms a bad geometry for
pose estimation, as it is desired that the edge features are distributed evenly along the
whole image. In other words, it is desirable to have long edges near the camera, and this
helps in better tracking as compared to the edges that are far from the camera. Hence,
landscape configuration is better suitable for tracking tasks, where a wider view increases
the visibility of edges near the camera.

Note that the accuracy of Set 5, having a higher FoV was not the best. As the resolu-
tions of all the images were same, the low accuracy can be explained by the image edge
clutter that results due to the presence of a higher number of image edges in a small area.
Additionally, as described above this forms a bad geometry for long corridors for pose

estimation.

Performance in presence of occlusion and motion blur

Due to the presence of external objects such as people, which are not present in the 3D
model, but are present in the image derived from the camera, occlusions become a prob-
lem for the tracking. This problem is because of the decreased inlier ratio with the in-
creased occlusions, and thus results in wrong correspondences if the inlier ratio is lower
than the least assumed value. Additionally, due to the motion of the camera, blur is intro-
duced in the images, which is another challenge. Due to the motion blur, the sharpness
of the edges are lost, and this results in fewer image edges for matching. Therefore to
evaluate the effects mentioned above on the localisation accuracy, three sub-experiments
were conducted using Sets 2, 7 and 8.

Figure 3.9 shows the cumulative distribution of the translation and rotational errors

for different environmental conditions, such as the presence of occlusions and motion
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blur. From Figure 3.9 it is found that the translational and rotational errors of the three
sets were similar. From Table 3.3 it is observed that there is a drop in the accuracy of the
sets containing occlusions (Set 7) as compared to the baseline performance (Set 2). Set 7
was less accurate as compared to Set 8 and this is because of the decreased inlier ratio for
Set 7 due to the presence of occlusions. It is also observed that the presence of motion

blur does not degrade the translational or rotational accuracies.

Trajectory analysis

Figure 3.10 shows the average normalised error distribution along the trajectory for the
sets having a FoV of 90°, i.e. sets 1-3, 6-8. The images in the bottom of the Figure 3.10
shows the corresponding views of the camera for Set 2 at the marked location along the
trajectory. It can be seen that at point A of the trajectory, the combined error is highest.
From the corresponding camera view (A) it can be observed that most of the visible model
edges are distributed in the centre of the image such as the edges derived from the doors
and walls. A very few visible model edges are present along the other parts of the image
such as the edges derived from the intersection of the wall-roof and wall-floor. This
configuration forms a poor geometry for the estimation of the pose and explains the error
at Point A and Point D. Additionally, this configuration accounts for the poor accuracy
of Set 5 that has a wide FoV.

Points B, C and E of the trajectory are a part of the turns of the trajectory. Due to
the combined effect of motion blur and large translation and rotation, the back-projected
model edges are distant from the corresponding edges in the image. This effect increases
the number of wrong correspondences and explains the estimation of bad poses. Addi-
tionally, for Points B and C the number of visible model edges in the whole image is low.
For Point F of the trajectory, the presence of railings of the staircase creates a dense clutter.
The number of model edges to represent the railings are higher as compared to the total
number of lines representing the other building elements, and this creates wrong 3D-2D
correspondences and explains the poor accuracy for that part of the trajectory.

Figure 3.11 shows the plot of the errors for each dataset for all the frames. It is evident

that there is no accumulation of errors in any of the datasets. Additionally, there is a clear
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indication that a camera having a narrow field of view (Set 4) estimates inaccurate poses
near B and C of the trajectory. Moreover, the maximum errors are contained near the part
F of the trajectory, which can again be explained by the presence of the railings of the
staircase.

To evaluate the performance of BIM-Tracker in comparison with the state-of-the-art
algorithms, the results are compared with ORB-SLAM (Mur-Artal et al., 2015), which
is a feature-based monocular SLAM approach. The intrinsic parameters of the camera
were encoded along with the default parametrisation? of the ORB-SLAM. The obtained
trajectory from ORB-SLAM was scaled and oriented manually by comparing with the
ground truth trajectory.

Figure 3.12 shows the per frame root mean square (RMS) error of the trajectories es-
timated by ORB-SLAM and BIM-Tracker with respect to the reference trajectory. In con-
trast to ORB-SLAM, from Figure 3.12 it is evident that the error of estimation does not
increase with the length of the trajectory for BIM-Tracker, and therefore the drift in the
trajectory is eliminated. Figure 3.13 shows the CFD of the RMS errors for ORB-SLAM and
BIM-Tracker with respect to the reference trajectory and indicates that the BIM-Tracker is

more accurate as compared to ORB-SLAM.

(a) (b)

Figure 3.14: (a) The low level-of-detail model used for the tracking, containing only walls,
floor, ceiling and doors. The geometry of the wall-door intersection was kept, and other
details, such as the frame of the door was simplified (b) Projection of a banner for evalu-
ating the estimated pose for augmented reality applications

2https://github.com/raulmur/ORB_SLAM/blob/master/Data/Settings.yaml
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3.3.3 Experiment with real data

An experiment was conducted with the real dataset using the configurations of Is, ds.qrch,

dypy and d,i,, same as Set 2, due to identical image resolutions. To correct for lens distor-

tion of the images, Eq. 3.4 was used.

—OQORB-SLAM
—BIM-Tracker
Reference

Y (metres)

2 —
O —
2F I ! ‘
-20 -15 -10 -5 0 5
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Figure 3.15: The refrence trajectory and the trajectories estimated by ORB-SLAM and
BIM-Tracker. The door is represented in ligh blue colour.

The dynamic nature of some of the structural elements of the building, such as a door
(could be open or close), creates ambiguities between the 3D building model and the
images from a real camera. Also, there are ambiguities created due to the deviation of the
design type and the actual design of the building elements, for example, the design of the
frame of a door. However, the geometry of the structural elements remains constant, such

as the edge between a wall and a door. Hence, to reduce the ambiguities, a low level-of-
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detail 3D building model is used containing only the geometries of the main structural
elements of the building. Figure 3.14 (a) shows the low level-of-detail model used for the
tracking containing only the main structural elements of the corridor.

Figure 3.14(b) shows that the estimated pose by using real images and the low level-
of-detail model is sufficiently accurate to project a banner on a door demonstrating the
potential of BIM-Tracker for augmented reality applications.

The results are compared with ORB-SLAM for real image dataset. Also, a reference
trajectory is created in Agisoft PhotoScan Professional® software that uses bundle adjust-
ment for estimating and refining camera poses. The 3D coordinate of the reconstructed
environment were provided manually for performing accurate bundle adjustment, re-
sulting in the re-projection error of 0.36 pixels, and the reconstruction error of 4.65 mil-
limetres.

Figure 3.15 shows the estimated trajectory from the real dataset by ORB-SLAM, our
approach and the reference trajectory, where the starting and finishing locations were
different. The camera was traversed back and forth in the hallways and circled inside a
room. The length of the generated trajectory is approximately 75 metres. It is observed
that for all the frames the estimated trajectory by BIM-Tracker is within the navigable
space of the corridor and very close to the reference trajectory. Moreover, Figure 3.15
indicates that there is no accumulation of errors even after taking turns near Point A and
B and traversing the room, as there are overlaps at parts A and B of the trajectory as well
as near the door. In contrast, ORB-SLAM clearly suffers from a drift after a turn near

Point A, and the estimated trajectory lies outside the navigable space of the corridor.

3.3.4 Computational times

The average time required for processing each frame was approximately one second on
a desktop computer having an i7 processor at the speed of 2.6 GHz and 16 GB mem-
ory. Table 3.4 shows the average time requirement of each step of the localisation. The
approach was implemented in MATLAB without any hardware optimisation. It is ex-
pected that implementation on a suitable platform will improve the computational times

for real-time operations.
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Table 3.4: The average time for each step of localisation

Process time (sec)
Visible edge detection 0.11
Image edge detection 0.03
Point sampling 0.01
Search for correspondences 0.01
MSAC (selection of best set) 0.37
MSAC (updating correspondences) 0.19
MSAC (pose estimation by least-squares) 0.16
Kalman filtering 0.01
Total average time 0.89
15 7

" .

o ° °

© e o o

S ° o o o °

£10 [ o o o L °

@ o o o o o o

&) e o o e o o o

o e o ¢ o 0 o o o

o) o o o o o o o

=

=05 | © e e o o o o °

— e o o o o o o

e o o o o o o °

2 e o 0o 0 0 0 o o o

8 ® o ¢ 0 o 0 0 o o o

o 0 ! ! w

—

0 5 10 15 20
Angular differences in Degrees

Figure 3.16: The region of convergence for pose initialisation. A red dot indicates con-
vergence, whereas the absence of red dot indicates the region of failure of tracking. Eu-
cledian distances are used to calculate the locational differnces and Euler angles are used
calculate the angular differences.



70 BIM-Tracker: A model-based visual tracking approach using a 3D building model

3.3.5 Region of convergence

In an indoor environment, a small change in the camera pose results in large displace-
ments of the back-projected model edges. Considering the clutter present due to the
edges of the image, a wrong initial camera pose can lead to failure in the tracking. Thus,
experiments are conducted with the real data to analyse the region of convergence for
different values of the initial pose. Since ground truth was not available for the real
data, the true poses of the camera were estimated manually for a few random frames.
Subsequently, the poses are selected randomly in the interval of [££1500 millimetres] for
translation and [+20°] for rotation from the true poses of the camera. For convenience,
the Euler angles were converted to a single Euler angle (Section 3.3.2). Figure 3.16 shows
the region of convergence for pose initialisation with respect to the previous pose as a
function of Euler angles and Euclidean distances. From Figure 3.16 it is observed that
the approach can handle combined rotational and translational deviation in the range of
approximately £9° and £700 millimetres respectively for each frame.

This experiment also provides an insight into the minimum frame rate required for
normal operation. For example, assuming the average walking speed of a human to be 2
metres per seconds the tracking can be performed successfully at a minimum frame rate

of three FPS.

3.3.6 Discussions and future directions

Although BIM-Tracker is quite robust against motion blur, occlusions and illumination
variations, it fails under notoriously challenging conditions. Firstly, in the presence of
heavy motion blur, the edges extracted by the edge detector might be missed, noisy or
displaced by a few pixels. Therefore, wrong 3D-2D correspondences will be generated
that results in the estimation of a bad pose. Figure 3.17 (a) shows one of such poses where
the image blur caused the failure of tracking. Although the Kalman filter can provide a
good initialisation for a jerky frame, the uncertainty of the pose increases for prolonged
motion blur thus leading to a failure, and this usually happens during long turns.

Secondly, the narrow FoV of the camera (= 56°), results in the low number of visible
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—Pose of previous frame
— Predicted pose by Kalman filter

(b)

© | @

Figure 3.17: (a) The effect of Kalman filter. The Kalman filter was able to predict a better
pose (green colour) compared to the pose estimated from the previous frame by Gauss-
Newton optimisation (red colour) for a blurry frame. (b) A severely blurry frame during
a turn having one model edge visible (c) A frame having one model edge visible (d) A
frame having no model edge visible.

edges observed in the images when the camera is close to the wall. For instance, consider
Figures 3.17 (b)-(d) where only one or none model edges are visible, the tracking failed
completely after a few frames, and the estimated trajectory was the prediction of the
Kalman filter with increased uncertainty. Moreover, the uncertain camera poses causes
the wrong rendering of the model edges that results in complete failure of the tracking.
Thirdly, during sharp rotations, there is a large displacement of the image edges. If the
search distance ds,, is less than the displacement, very few correct correspondences

are made that results in the estimation of bad camera poses. On the other hand, using
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a long search length is computationally expensive and often not necessary. Lastly, an
inaccurate 3D building model can impact the camera pose estimation and can lead to
tracking failure, for instance, incorrect locations of walls, floor or roof in the 3D building
model.

The main limitation of BIM-Tracker is the inability to recover the camera pose after
a complete loss of tracking as discussed in the above paragraph. Integration of addi-
tional sensors such as the data from an inertial measurement unit (IMU) can improve the
robustness of BIM-Tracker in the event of complete failure of tracking. However, that
does not eliminate the necessity of an initial pose for starting the tracking, and a suitable
reinitialisation process is desirable. Hence, as a part of the future work, a proper reinitial-
isation process (such as the work of Kendall et al., 2015) is proposed to be incorporated

with BIM-tracker along with the integration of an IMU.

3.4 Conclusions

An approach is developed for performing infrastructure-independent indoor localisation
by performing a model-based visual tracking. Evaluation of the approach suggests that
a localisation accuracy of 10 centimetres can be achieved using a low level-of-detail 3D
building model derived from a BIM. Moreover, there is no accumulation of error, which
makes this approach suitable for indoor localisation tasks for long periods. Experiments
with photo-realistic synthetic data suggest that a higher resolution of the image and a
moderate FoV of the camera is suitable for accurate localisation. Additionally, the ap-
proach is robust against occlusions and motion blur of the camera.

A detailed evaluation of the trajectory reveals a systematic error in the localisation
when there is no building structures in the FoV of the camera. Experiments with real
datasets suggest that the pose estimated by the approach is suitable for augmented reality
applications. The achievable accuracy is sufficient to localise within the navigable space
of a corridor. Additionally, the range of convergence suggests that the approach can
handle rotational and translational deviations which are sufficient for indoor localisation.

Motion blur due to jerky camera motion for the real dataset was identified as the major
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challenge in addition to the lack of visible edges for continuous tracking. Future work
includes the integration of IMU data for increased robustness during sharp turns and
automatic pose initialisation at the start of the tracking and in the event of a tracking

failure.
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Transfer learning is the application of gained knowledge to solve
different but related problems ...”

~ Old Quadrangle, The University of Melbourne, Australia
(Courtesy: http:/ /stephaniebower.blogspot.com/2017/05/)






Chapter 4

BIM-PoseNet: Camera localisation
using a 3D building model and deep
learning

Existing approaches for indoor localisation using images either require an initial location or need
first to perform a 3D reconstruction of the whole environment using structure-from-motion (SfM)
approaches, which is challenging and time-consuming for large indoor spaces. In this chapter, a visual
localisation approach is proposed to eliminate the requirement of image-based reconstruction of the
indoor environment by using a 3D building model. A deep convolutional neural network (CNN) is
fine-tuned using synthetic images obtained from the 3D building model to regress the camera pose.
Results of the experiments indicate that the proposed approach can be used for indoor localisation in

real-time with an accuracy of approximately 2 metres.

4.1 Introduction

As discussed in Section 2.3.2, the visual approaches that are independent of initial lo-
cation are image retrieval or pose regression from a database of images or image fea-
tures (Piasco et al., 2018). These approaches either require a database of images with
known pose (Arandjelovic and Zisserman, 2012; Radenovi¢ et al., 2016) or additional
data sources such as 3D point clouds (Irschara et al., 2009) or depth data of the scene
(Shotton et al., 2013). However, the creation of a database of images with known pose
and acquisition of additional data for large indoor spaces is a challenge due to the cost,
time and post-processing involved.

A viable solution to this problem is a pose regression network, such as PoseNet (Kendall

et al., 2015), which is fine-tuned with real images of known poses that are obtained us-
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ing the structure-from-motion (5fM) (Furukawa and Ponce, 2010) approaches. The major
limitation of PoseNet and its following approaches (Kendall and Cipolla (2016); Kendall
et al. (2017); Walch et al. (2017); Clark et al. (2017)) is the requirement of a 3D recon-
structed model derived from the SfM approaches. The StM approaches require capturing
images of the whole indoor space in advance, which is a laborious task. In addition, the
SfM approaches are slow and error-prone.

The objective of this research is to investigate whether pose estimation can be done
by fine-tuning a pre-trained network using synthetic images derived from a 3D building
model rather than geotagged real images or images from the SfM approaches. A solution
is proposed in this chapter to indoor camera pose regression based on a 3D wire-frame
model (referred to as 3D building model henceforth), which is derived from a building
information modelling (BIM). The proposed approach eliminates the requirement of per-
forming the SfM approach and does not need a database of images, point clouds or depth
data. Furthermore, it is showed that the approach can work with low level-of-detail 3D

building models. The following are the main contributions:

1. The proposed approach eliminates the requirement of performing SfM approaches,
which is the prerequisite for the existing visual localisation approaches that provide
the initial location. This is achieved by fine-tuning a pre-trained deep convolutional
neural network (CNN) with synthetic images derived from the 3D building model

with known camera poses, and testing the network with real images.

2. The localisation accuracy is improved by pre-processing the fine-tuning and test
images and accuracy of approximately 2 metres is achieved in real-time. The results

are compared with a test benchmark that was performed on real images.

3. The effects of level-of-detail of the 3D building model used for fine-tuning the deep
CNN network is assessed.

4. Anew dataset is introduced that is derived from the corridor of a building, covering
an area of 43 m?, which extends the existing room-level indoor datasets (Shotton

et al., 2013; Handa et al., 2014).
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4.2 Methodology

The proposed approach is based on PoseNet architecture (Kendall et al., 2015). Figure
4.1 shows the design of the approach, where slightly modified versions of GoogLeNet
(Szegedy et al., 2015) are fine-tuned individually with different sets of synthetic images
with known pose, rendered from a 3D building model. Before fine-tuning, the weights
of the network are updated from a pre-trained network of GoogLeNet that is trained on
Places dataset (Zhou et al., 2014), which is a large collection of images of different places.
Subsequently, the fine-tuned networks are tested with real images captured in the indoor

environment to evaluate their pose regression ability.

4.21 Network architecture and fine-tuning

As shown in Figure 4.1 the architecture of PoseNet proposed by Kendall et al. (2015) is
adapted, which is essentially GoogLeNet with 23 layers and containing six inception mod-
ules. An additional fully connected layer having a dimension of 2048 is added before the
final regression layer, which serves as the localisation feature vector. The softmax classi-
fication layers are replaced by affine regressors, and the last layer is modified to produce
two outputs having a dimension of three (location) and four (orientation).

During the fine-tuning phase, the inputs to the network are the synthetic images and
their known pose at which they are rendered in the 3D building model. At the test phase,
the pose of the images is unknown and is to be estimated by the network in the coordinate

system of the 3D building model. The pose vector p can be represented by Eq. 4.1.

p=[xq] (4.1)

where x = [X, Y, Z] is a vector representing the location of the camera and q = [w, p, q,7]
is a vector representing the orientation of the camera in quaternion format.

Kendall et al. (2015) show that using the weights of a pre-trained network on Places
dataset is suitable for fast convergence as compared to networks pre-trained on other
datasets such as ImageNet or networks that have random initialisation. Hence, in this

research, the weights of the GoogLeNet pre-trained on Places dataset is updated. The
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Figure 4.1: The design of BIM-PoseNet.
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weights of the pre-trained network are suitable for the specific task of classifying places,
and hence can not be used directly for the task of pose regression. Hence, the network is
fine-tuned using the objective loss function suggested by Kendall et al. (2015):

loss(I) = || — x|+ B 4.2)

A q
|q‘uqu
2

where £ and 4 are the observed value of location and orientation vector for an image I
and f is a scaling factor to balance the error of location and orientation vectors. The value

of B is dependent on the indoor space and is experimentally determined.

4.2.2 Use of 3D building model

The present research evaluates a pre-trained deep CNN fine-tuned with the different
synthetic images with known pose to regress the unknown pose of real images. A 3D
building model is used to generate different sets of synthetic images of the indoor space

as described in Section 4.3.1.

The deep networks learn a hierarchy of increasingly complex features at each layer.
Therefore, the lower layers learn generic low-level image features such as edges and tex-
tures. The deeper layers can differentiate high-level features such as windows, doors,
roads, sky and patches of grasses. Moreover, these high-level features serve as image

landmarks that the networks use for localisation.

Peng et al. (2015) train linear classifiers on features derived by deep CNNs from a few
rendered synthetic images. The authors show that features derived from deep CNNs are
invariant to colour, texture, pose and context (background). In other words that means
if a network is invariant to an object’s texture (such as a bird’s texture), then it will have
similar activations of neurons for the object with or without texture. The network hallu-
cinates the right texture when given a texture-less object’s shape. Therefore, if a network
fine-tuned with synthetic images can recognise objects with different colour and texture
in real images, then it is believed that a network fine-tuned with synthetic images with

known pose should be able to estimate the pose of real query images.
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The benefit of fine-tuning a pre-trained network is the requirement of only a few
fine-tuning images compared to millions of images to train a network from scratch. A
pre-trained network learns generic features that can be used for other tasks as well by
leveraging transfer learning. As rendering millions of images is a time consuming and
computationally expensive task, a pre-trained network is used and fine-tune with the
synthetic dataset for pose regression. Therefore, different sets of synthetic images are
created to assess the effects of different fine-tuning data on the pose regression ability of
the network. The question is whether the network can learn relevant high-level geomet-
rical features in the synthetic images that will be present in the real images for accurate
pose regression. The relevant high-level geometrical features could be the doors, ceiling

tube-lights or edges corresponding to a wall-floor intersection.

Fine-tuning a network that was initially trained for classifying real images, for pose
regression with synthetic images, could be challenging. The task is more complicated
than it seems, as now the network has to regress continuous pose values by looking into
entirely different image examples that have similar geometry. For instance, consider the
case, where the network sees synthetic examples, such as Figure 4.2 (a) - (c) during fine-
tuning and has to make pose predictions on the real image, such as those shown in Figure

4.4 (a).

A relevant question is whether different model renderings and processing the real
images to make them similar to the synthetic images will increase the pose estimation ac-
curacy. To test this, the synthetic training images and the real test images are transformed
to edge gradient magnitude (gradmag) images. Converting images to edge gradmag comes
at the cost of loss of information such as colour and texture, but on the other hand, the
main geometrical features of the images are preserved. The effect of pre-processing the
synthetic and real images is evaluated on the performance of the pose regression net-

work.
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4.3 Experiments and results

Three experiments were conducted to evaluate the pose regression ability of a network

fine-tuned with synthetic images on real images:

e Experiment 1: This experiment consisted of creating a baseline accuracy using real
images for comparing the results with our experiments. Additionally, the optimum
value of  for the scene was determined that is subsequently used as a tuning pa-

rameter for the next experiments and is explained in Section 4.3.2.

e Experiment 2: This experiment consisted of two sub-experiments to evaluate dif-
ferent renderings for the generation of synthetic images. In the first sub-experiment
(Section 4.3.3), five networks with synthetic datasets are fine-tuned and tested with
the respective synthetic datasets. In the second sub-experiment (Section 4.3.3), five
networks are fine-tuned with synthetic image datasets, and their transfer learning

ability was assessed by testing with real images directly.

e Experiment 3: In the last experiment, the effect of the level-of-detail of the 3D build-

ing model on the accuracy of the localisation was explored in Section 4.3.4.

The networks were implemented using Caffe (Jia et al., 2014) library on Linux. The
fine-tuning loss was minimised using the Adagrad gradient descent optimisation algo-
rithm with a fixed learning rate of 10~2 for 160 epochs. An NVIDIA GTX980M graphics
processor unit (GPU) with 4GB of memory was used to fine-tune the networks using a
batch size of 40. The average time for fine-tuning each network was approximately one-
hour using NVIDIA CUDA® deep Neural Network library (cuDNN). The fine-tuning
and testing images were resized to a resolution of 320x240 pixels, and a crop of dimen-
sion 224x224 was applied. The mean of the fine-tuning dataset was subtracted from the

input images at test time.

4.3.1 Dataset used

In the current research, a 3D building model is used that was used in our previous works

(Khoshelham et al., 2017; Ramezani et al., 2017; Khoshelham et al., 2018; Tran et al., 2019).
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The 3D building model was derived from a BIM of the third floor of Block B of the De-
partment of Infrastructure Engineering at the University of Melbourne, Australia. The
3D building model consists mainly of a part of the corridor having an approximate cov-
erage of 230 m?. Figure 3.5 shows the plan view of the 3D building model. The BIM
contains the main building elements including walls, floors, ceilings, doors, ceiling tube-
lights, and stairs, but not details such as material, fabrication, assembly and installation
information (such as mounting details). As per BIM specifications, the level-of-detail of
the BIM used in this experiment can be considered as LoD 300 (Volk et al., 2014; Porwal
and Hewage, 2013).

Synthetic image dataset

In the literature, the ground truth poses of the real images are derived from SfM ap-
proaches (Kendall et al., 2015; Clark et al., 2017; Walch et al., 2017; Kendall and Cipolla,
2016). The images are usually taken along a trajectory to cover the indoor or outdoor
spaces. To generate the synthetic dataset, the same concept is imitated and a trajectory
is defined in the 3D building model. The points in the trajectory serve as the ground
truth poses of the synthetic images. The height of the trajectory was kept in the range of
1.5 — 1.8 metres from the floor, which is the usual height of holding a camera in hand.
Artificial point light sources were placed near the actual locations of the ceiling tube-
lights, to illuminate the corridor (except for edge render). The length of the trajectory
was approximately 30 metres.

A virtual camera was moved along the trajectory to render four different sets of syn-
thetic images in Blender!, as shown in Figure 4.2. The intrinsic parameters of the virtual
camera were kept identical to the real camera (Section 4.3.1). As pointed out by Wu et al.
(2017), to address the challenge of an inadequate number of fine-tuning images, addi-
tional images are rendered at each point of the trajectory. In theory, synthetic images at
all possible locations and orientations should be captured in the indoor space. However,

this will increase the time required for image rendering and for fine-tuning the network.

IBlender is an open-source 3D computer graphics software and finds its applications in video games,
animated films, simulation and visual art. For more information please visit: www.blender.org


www.blender.org

Table 4.1: The details of each set of synthetic data with the rendering times of each frame.

Rendering model Resolution Render time Render time No. of images Pseudonym
on CPU (sec) on GPU (sec) rendered
Cartoonish 640x480 0.59 - 2500 Syn-car
Photo-realistic 640x480 109.26 10.11 2500 Syn-pho-real
Photo-realistic textured 640x480 111.78 10.26 2500 Syn-pho-real-tex
Gradient magnitude of Cartoonish ~ 640x480 0.62 - 2500 Gradmag-Syn-car
Edge render 640x480 0.48 - 2500 Syn-edge

(a) Cartoonish (b) Photo-realistic (c) Photo-realistic textured (d) Gradmag of Cartoonish (e) Edge render

Figure 4.2: Different sets of synthetic images rendered from the 3D building model.

(a) Original pose (b) 10° around +ve Y axis  (c) 10° around -ve Y axis  (d) 10° around +ve Z axis  (e) 10° around -ve Z axis

Figure 4.3: Generation of additional images on the trajectory by rotating the camera along Y and Z axes.
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Therefore, images are rendered along the trajectory at 0.05 metres interval and 410° tilt,
and this has been shown in Figure 4.3. A total number of 2500 images were generated for
each dataset.

As shown in Figure 4.2, the main difference between the cartoonish (Syn-car) and
photo-realistic images (Syn-pho-real) is the model of rendering. Photo-realistic rendering
is a physics-based model that traces the path of light rays in the scene, which is similar
to the real world, whereas the cartoonish rendering roughly traces the path of light rays.
The photo-realistic textured images (Syn-pho-real-tex) were rendered by adding repeat-
ing synthetic textures to the 3D building model, such as the textures of brick, carpet and
wooden ceiling. The realism of the photo-realistic rendering comes at the cost of render-
ing times which is shown in Table 4.1. However, the rendering times of the photo-realistic
datasets were considerably reduced with the help of a GPU. Note that the naming con-
vention used for the datasets (e.g. cartoonish) is according to Blender terminology.

An additional dataset (Gradmag-Syn-car) was derived from the cartoonish images by
taking the edge gradient magnitude of the images and suppressing weak edges below
a threshold. The edge rendered images (Syn-edge) were generated by rendering only
the edges of the 3D building model, without taking into account the lighting conditions.
This dataset is similar to the Gradmag-Syn-car dataset, however, does not contain the ef-
fect of illumination of the scene, such as reflections and shadows. Table 4.1 shows the

pseudonyms of the respective datasets.

Real image dataset

A smartphone camera (Motorola G 1% generation with a field-of-view (FoV) of 56.32°)
was used to record a video sequence of the corridor. The intrinsic parameters of the
camera were estimated by calibrating the camera. The focus of the camera was fixed to
reduce any out-of-focus images. Additionally, the exposure of the camera was set to a
constant to limit the underexposed images. A total number of 950 images of 640x480
pixels resolution (Figure 4.4 (a)) were acquired at a constant 30 frames per second. The
edge gradmag images (Figure 4.4 (b)) were generated by pre-processing the real images,

and suppressing weak edges that were below a threshold value.
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Figure 4.4: A real image (left) and its gradient intensity image (right).

4.3.2 Baseline performance using real images

To obtain a baseline performance of the network trained with real images and tested
with real images, a network is fine-tuned with real images, and ground truth poses. The
ground truth poses of the images sequence was estimated by using the SfM approaches
of the Agisoft PhotoScan Professional® software. The image sequence was randomly
partitioned into two halves for creating fine-tuning and test set. The coverage of the
reconstructed mesh was 43 m?, the re-projection error was 0.91 pixels, and the total error

of SfM was 2.60 centimetres.
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Figure 4.5: The variation of the locational and angular errors for the baseline experiment
to determine the ideal value of B for the scene.
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Figure 4.6: The saliency map predicted by a network fine-tuned with real images, over-
laid on the test image. The red colour indicated the pixels in the image that the network
considers important for pose regression.
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Figure 4.7: Validation results for the baseline experiment in which the network was
trained with real images and tested with real images. The red line represnts the ground
truth trajectory estimated by the SfM approaches. The estimated locations by the fine-
tuned network corresponding to the points in the trajectory are plotted in dark blue to
yellow colours, where the colour provides a measure of error of the points.

To find a suitable value of the parameter p (introduced in Section 4.2.1), a grid search
is performed in the expected range with the fine-tuning set. The optimum value of 8 is
the ratio between the expected error of location and orientation at the end of fine-tuning.

Hence for indoor scenes where the location errors are small, the value of B lies in the
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range of 120 to 750 (Kendall et al., 2015). From Figure 4.5, a B value of 600 is selected,
after which there is a increase in the location errors.

Figure 4.6 shows the saliency map of a real image as predicted by the fine-tuned net-
work. The saliency maps (Simonyan et al., 2013) are an indicator of the sensitivity of
image pixels or parts of an image that the network considers vital for the task of locali-
sation. It is observed that the network considers the floor, roof and edges corresponding
to wall-floor intersection important for the pose regression task. Figure 4.7 shows the
distribution of the estimated points by the network fine-tuned with a  value of 600. The
median of validation error is 0.33 metres and 1.85° and is summarised in Table 4.2. It is
observed that the largest localisation errors can be related to part of the trajectory that
has a turn. It could be the effect of motion blur (explained in Section 4.3.3), that degrades

the quality of the images.

Table 4.2: The test errors of the fine-tuned networks on real images (training dataset with
475 images) and tested with real images (test dataset with 475 images).

Fine-tuned on Validated with Error (metres, degrees)
Real images Real images 0.33 m, 1.85°

4.3.3 Fine-tuning with synthetic images

To evaluate the performance of the network when trained with synthetic images, two
experiments were performed using five networks that were fine-tuned on the synthetic
datasets, namely Syn-car, Syn-pho-real, Syn-pho-real-tex, Gradmag-Syn-car and Syn-edge.

The value of  was kept at a constant value of 600 for the five networks.

Localisation accuracy for synthetic images

In this experiment, the five synthetic datasets were randomly partitioned into two halves
(Table 4.3) for creating fine-tuning and validation sets. Subsequently, the fine-tuning er-
rors of the networks were determined by testing the five networks with their validation
sets. Figure 4.8 shows the estimated locations of the synthetic images by the five fine-

tuned networks and Table 4.4 summarises the validation errors.
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Table 4.3: The number of synthetic images used for fine-tuning the five networks to vali-
date with synthetic images.

Total synthetic images Fine-tuning images Validation images
2500 1250 1250

Table 4.4: The fine-tuning errors for the five networks with respect to validation datasets.

Fine-tuned on Validated with  Fine-tuning error ~Shown in
(metres, degrees) Figure 4.8
Syn-car Syn-car 0.37m, 2.12° (a)
Syn-pho-real Syn-pho-real 0.33m, 1.83° (b)
Syn-pho-real-tex ~ Syn-pho-real-tex 0.31m, 1.71° ()
Gradmag-Syn-car ~ Gradmag-Syn-car 0.40m, 2.37° (d)
Syn-edge Syn-edge 0.35m, 2.88° (e)

From Figure 4.8 it is observed that the distribution of the estimated locations follows
the same trend observed in the baseline experiment (Figure 4.7), for example, the largest
error can be backtracked to the part of the trajectory that has a turn. It is noticed that the
maximum localisation errors for a few points on the trajectory for the synthetic datasets
are higher (approximately three metres) as compared to the baseline experiment (approx-
imately one metre). However, from Table 4.4 it is observed that the validation errors of
the five fine-tuned networks on synthetic data are competitive with the baseline con-
dition. This experiment provides an insight into the ability of the network to adapt to
diverse fine-tuning data.

It is interesting to note that the networks fine-tuned with Gradmag-Syn-car and Syn-
edge, perform similarly to the network fine-tuned on the real images (baseline experi-
ment). This fact indicates that a network fine-tuned with edge images (or edge gradmag)
of a scene, which does not contain any texture or colour information, is sufficient for the

task of pose regression.

Localisation accuracy for real images

In this experiment, the five networks fine-tuned with synthetic data were tested with
the two sets of real images (Table 4.6) to estimate the cross-domain localisation errors by

leveraging transfer learning. Wu et al. (2017) state that the fine-tuned networks exhibit
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Figure 4.8: The validation results for the networks (a) fine-tuned with Syn-car and tested
on Syn-car (b) fine-tuned with Syn-pho-real and tested on Syn-pho-real (c) fine-tuned with
Syn-pho-real-tex and tested on Syn-pho-real-tex (d) fine-tuned with Gradmag-Syn-car and
tested on Gradmag-Syn-car (e) fine-tuned with Syn-edge datasets and tested on Syn-edge
datasets. D1 and D2 represent the locations of two doors in the corridor.
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Figure 4.9: Estimated locations by the network (a) fine-tuned with Syn-car and tested on
real images (b) fine-tuned with Syn-pho-real and tested on real images (c) fine-tuned with
Syn-pho-real-tex and tested on real images (d) fine-tuned with Gradmag-Syn-car and tested
on gradmag of real images (e) fine-tuned with Syn-edge and tested on edge gradmag of real
images.



(a) Svn-car (b) Syn-pho-real (c) Svyn-pho-real-tex (d) Gradmag-syn-car (e) Svn-edge

Figure 4.10: The saliency maps of (a) - (c) a real image and (d) - (e) edge gradmag of real image predicted by networks fine-tuned
with synthetic image datasets. The red colour shows the pixels in the image the network considers important for pose regression.

(a) Frame 54 (b) Frame 73 (c) Frame 74 (d) Frame 441 (e) Frame 573
(0.40m,2.70°) (0.31m, 2.83°) (0.70m, 1.84°) (0.88m, 10.56°) (3.45m, 6.72°)

Figure 4.11: Overlay of the predicted pose on real images by the network fine-tuned on Syn-edge dataset. The values in the
bracket represent the errors.
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Table 4.5: The test errors of the three networks on real images (third column) and the test
errors on the edge gradmag of the real images (fourth column).

Fine-tuned with Validated with Error for real images Shown in
(metres, degrees)  Figure 4.9
Syn-car Real images 6.25m, 37.16° (a)
Syn-pho-real Real images 5.99 m, 11.33° (b)
Syn-pho-real-tex Real images 3.06 m, 12.25° (c)
Gradmag-Syn-car  Gradmag of real images 2.63 m, 6.99° (d)
Syn-edge Gradmag of real images 1.88 m, 7.73° (e)

a good transfer learning ability for synthetic images. They derive synthetic images from
a 3D reconstruction of the scene from the SfM approaches that contain real textures of
the environment. However, this is different in our case, where any texture information
is not used (Syn-car, Syn-pho-real, Gradmag-Syn-car and Syn-edge) or repetitive synthetic

textures are used to populate the scene (Syn-pho-real-tex).

Table 4.6: The number of synthetic images used to fine-tune the five networks for testing
with real images/ gradmag of real images

Synthetic images used for fine-tuning Real/ Real gradmag images for testing
2500 950

As the three synthetic datasets namely the Syn-car, Syn-pho-real and Syn-pho-real-tex
are similar in appearance to the real images, the three networks are tested with real im-
ages directly. However, for the Gradmag-Syn-car and Syn-edge datasets, the edge gradmag
of the real images are used for testing. Figure 4.9 shows the predicted locations of the
real images, tested with networks fine-tuned on synthetic datasets and Table 4.5 shows

the errors of the localisation.

From Figure 4.9 (a) - (b) and Table 4.5 it can be seen that the performance of the net-
works fine-tuned with the two synthetic datasets (Syn-car and Syn-pho-real) for localising
with real images are poor. However, for the network fine-tuned with Syn-pho-real-tex
dataset (Figure 4.9 (c)), the results are better, and the reason might be the high realism
of the images as compared to the two other datasets. Additionally, the distribution of
the estimated locations is uneven, and clusters are formed near one part of the trajectory,

which indicates the presence of bias (or a shift).
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Figure 4.12: Visualising error for the differnt parts of the trajectory. The colour represents
the magnitude of the errors. The maximum error is present (red colour) in the part AB of
the trajectory. In the part CD of the trajectory, the errors are consistently larger compared
to other parts of the trajectory.

Figure 4.9 (d) - (e) shows the estimated locations of the edge gradmag of the real images
by networks fine-tuned with Gradmag-Syn-car and Syn-edge datasets. It is observed that
there is an improvement in the distribution of the estimated locations. From Table 4.5 it is
observed that the test errors reduce as compared to testing with the real images directly.
The test errors of the network fine-tuned with the Syn-edge dataset is the least. Although
the bias is reduced by using the edge gradmag images for fine-tuning and testing, it is not
eliminated.

Figure 4.10 (d) - (e) shows the saliency maps of the networks fine-tuned on Gradmag-
Syn-car and Syn-edge datasets respectively. It can be seen that both the networks consider
patches of floor and roof important for the task of localisation, however, there are two
differences. Firstly, the network fine-tuned with Gradmag-Syn-car dataset additionally
considers patches of brick textures (top left part and right part of the image) important.
As brick textures are repeating structures throughout the indoor spaces and using them
as features for localisation causes an ambiguity. This fact can explain the poor perfor-
mance as compared to the network trained with the Syn-edge dataset. Lastly, the network
fine-tuned on Syn-edge dataset considers the edges corresponding to the pillar (on the
right) more important. It is, however, interesting to note that both the networks do not
consider ceiling tube-lights as important features for localisation.

Figure 4.11 shows the predicted pose of the camera by the network fine-tuned with

the Syn-edge dataset, by overlaying the 3D building model on the real images. On a
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(a) Frame 164 (b) Frame 233 (c) Frame 274 (d) Frame 491 (e) Frame 591
(9.51m, 34.83°) (7.54m, 66.29°) (6.66m, 4.59°) (5.05m, 8.67°) (7.47m, 9.47°)

Figure 4.13: Visualising frames with high errors. The first row of images shows the real images of the frames. The second row
shows the respective edge gradmag of the images and the third row shows the images of the Syn-edge dataset with the same pose
of the virtual camera. Frame 164, 233 and 274 shows the effects of motion blur, which results in low values of edge gradmag for
the blurry areas. Frame 491 and 591 shows the effects of artefacts in the edge gradmag of real images, due to structural differences,
such as the presence of posters, notice boards and fire-extinguisher. Errors are shown in brackets.
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Figure 4.14: Generation of a low level-of-detail 3D building model (Right) from the 3D
building model derived from BIM (Left) by simplfying geometries. The colours are added
to the roof (green), walls (white), doors (orange) and floor (gray) for better visualisation.

i ]

(a) Syn-edge-lights (b) Syn-edge-reduced (b) Syn-edge-reduced-lights

Figure 4.15: Different sets of synthetic images rendered to evaluate the effects of level-of-
detail of a 3D building model on the errors of localisation.

Table 4.7: The test errors the three fine-tuned networks on edge gradmag of real images to
determine the effects of level-of-detail of the 3D building model on their pose regression
abilities.

Fine-tuned with Validated on Error for gradmag of real Shown in
images (metres, degrees) Figure 17
Syn-edge-lights Gradmag of real images 2.44m, 7.80° (a)
Syn-edge-reduced Gradmag of real images 2.32m, 8.16° (b)

Syn-edge-reduced-lights Gradmag of real images 2.46m, 8.89° ()
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Figure 4.16: The results of the estimated locations of real images and edge gradmag of real
images on fine-tuned networks on (a) Syn-edge-lights (b) Syn-edge-reduced and (c) Syn-
edge-reduced-lights

(a) Syn-edge-lights (b) Syn-edge-reduced (b) Syn-edge-reduced-lights

Figure 4.17: The saliency maps of the edge gradmag of real images as predicted by the net-
works fine-tuned with (a) Syn-edge-lights (b) Syn-edge-reduced (c) Syn-edge-reduced-lights
datasets. The red colour represnts the image pixels that the network considers important
for the task of pose regression.



4.3 Experiments and results 99

closer look at the distribution of the errors along the trajectory, as shown in Figure 4.12, it
is observed that the maximum errors (up to 9.5 metres) are present in the part AB of the
trajectory which is a turn. Additionally, it is noticed that for the part CD of the trajectory,
the errors are consistently higher (in the order of three to eight metres), as compared to

the other parts of the trajectory.

Examining images with large localisation errors reveals that these images contained
a significant amount of motion blur or artefacts in the real image. Motion blur in the
real images result in low values of edge gradmag in the test images which results in in-
formation loss (Figure 4.13 (a) - (c)), hence explains the large errors for the part AB of the

trajectory.

Artefacts are introduced in the edge gradmag of the real images due to the presence
of external elements that are not present in the 3D building model, such as posters and
notice boards. Additionally, due to the structural difference between the real scene and
the 3D building model, some artefacts are introduced in the real images. These structural
differences are a result of errors in modelling the indoor spaces. Lighting of the scene
plays a vital role in the appearance of the scene, and this adds more artefacts in the real
images, such as the top left of Figure 4.13 (d). These artefacts result in large location errors
for the part CD of the trajectory. The large errors can be accounted for the occlusions by
the artefacts, which cover the parts of the images that the network considers important

for localisation.

Differently, the high errors might be a result of the learnt features for each network,
which might not be suitable for pose regression with real images. This fact is reflected in
the saliency maps of the real images as predicted by the fine-tuned networks (Figure 4.10
(@) - (c)), which considers other parts of the image more important as compared to the
saliency map for the baseline experiment (Figure 4.6). However, the closest saliency map
with the baseline experiment is for the network fine-tuned with Syn-pho-real-tex dataset,
where it considers parts of the floor, roof and side walls are important for the pose re-
gression. This fact additionally explains the better results of the Syn-pho-real-tex dataset

as compared to the other two synthetic datasets.
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4.3.4 Effects of level-of-detail of 3D building models on localisation

So far the experiments were conducted using a single 3D building model, without con-
sidering the effects of the level-of-detail of the models. In practice, 3D building models
are generated at different levels of detail. For example, a 3D model obtained from a 2D
floor plan by extruding the walls will have a very low level-of-detail. Therefore, a door
might just be represented by a rectangle. Hence, to assess the effects of the level-of-detail
on the pose regression ability of the fine-tuned networks, three 3D building models were
derived from the original model.

The first dataset called Syn-edge-lights was created by adding ceiling tube-lights to the
original 3D building model, keeping all other building elements identical to the model
used to render Syn-edge dataset. As the saliency map shown in Figure 4.10 (e) indicate
that the network trained on Syn-edge do not consider the ceiling tube-lights important for
localisation, and therefore, this dataset is created to assess the effects of ceiling tube-lights
on the localisation performance of the network.

The second 3D building model was derived from the original model to create a low
level-of-detail 3D building model, using which the Syn-edge-reduced dataset was created.
The low level-of-detail 3D building model was created by retaining only the geometries
of the main building elements, such as walls, floors, doors, ceiling and ceiling tube-lights.
The geometry of the wall-door intersection was kept, and other details, such as the frame
of the door was simplified. Figure 4.14 shows the same view of a virtual camera for the
3D building model derived from the BIM and the low level-of-detail 3D building model
generated from it.

The third 3D building model was created by adding ceiling tube-lights to the low
level-of-detail model, using which the Syn-edge-reduced-lights dataset was created. This
dataset was generated to simulate the effects of the presence of the ceiling tube-lights in
the low level-of-detail 3D building model, in case the auxiliary information is available.
Sample synthetic images of the three datasets are shown in Figure 4.15. As per BIM
specifications the low level-of-detail 3D building models used in these experiments can
be considered to be derived from a LoD 200 BIM (Volk et al., 2014; Porwal and Hewage,
2013).
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Subsequently, three networks were fine-tuned with the three modified datasets and
were tested with the edge gradmag of the real images. Table 4.7 suggests that there is
an increase in the localisation error for all the three networks compared to the network
fine-tuned on Syn-edge dataset. In addition, Figure 4.16 shows that the distribution of
the estimated points is worse as compared to the network fine-tuned with the Syn-edge
dataset (Figure 4.9 (e)). Figure 4.17 shows the saliency maps of the three fine-tuned net-
works.

It is surprising that the networks that contained the ceiling tube-lights in the fine-
tuning datasets (Syn-edge-lights and Syn-edge-reduced-lights) do not consider the ceiling
tube-lights important. Additionally, the two networks consider roof as less important
compared to the other network trained on the Syn-edge-reduced dataset. The saliency map
of the network fine-tuned with the Syn-edge-reduced dataset is similar to the saliency map
of the network fine-tuned on the Gradmag-Syn-car dataset.

The results indicate that the presence of the ceiling tube-lights in the fine-tuning
dataset does not improve the localisation performance. Additionally, comparing errors
from Table 4.2 and Table 4.7 (1.88 vs 2.32 metres) it can be concluded that a high level-of-
detail of a 3D building model is desirable.

4.3.5 Discussion and future directions

Due to the constraint nature of indoor spaces, there are several instances where two
places might appear similar due to symmetry or repetitiveness. Consider the case of
a 90° turn in a corridor, especially if there are not enough distinguishing features in the
FoV of the camera. The problem is referred to as perceptual aliasing (Lowry et al., 2016),
and currently, is a limitation of the proposed approach. Figure 4.18 shows an example of
perceptual aisling. Figure 4.8 shows the images that are associated near a 90° turn (near
point B) have the highest errors. In contrast, images near point A has some unique fea-
tures (kitchen door without a door frame) in the FoV of the camera, hence explaining low
error compared to point B.

In the literature, to address the problem of perceptual aliasing, a sequence of images

(or video) is used by exploiting the spatio-temporal information of the consecutive frames
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such as the works of Walch et al. (2017), Clark et al. (2017) and Valada et al. (2018a).
In addition, Bayesian CNN have been used to model the uncertainty of the estimated
location by the networks (Kendall and Cipolla, 2016), which can be used to measure the

confidence of the location estimations by the network.

Figure 4.18: Left: Door D1 and Right: Door D2. An example of perceptual aliasing result-
ing in large errors in two test images containing two different doors whose appearance is
identical.

The proposed approach has a potential to replace the existing infrastructure-dependent
indoor localisation approaches, considering the easy availability of the 3D building mod-
els. However, the only limiting factor is the accuracy of localisation for applications. An
accuracy of two metres is suitable for indoor localisation applications such as guiding
personnel to a general location (Taneja et al., 2011) and is suitable for pedestrian naviga-
tion. However, this accuracy is not sufficient for robot navigation applications such as
unmanned aerial vehicles or unmanned ground vehicles, since the width if a corridor or
the dimensions of a room could be less than the error of localisation by our approach.

Itis evident from Section 4.3.4 that there is a significant decrease in localisation perfor-
mance when using a low level-of-detail 3D building model (1.88 vs 2.32 metres). How-
ever, this accuracy in localisation is still suitable for pedestrian navigation. Thus, the
proposed approach can potentially work with 3D models derived from 2D floor plans,
even without the knowledge of the ceiling tube-lights, in the case of unavailability of a
BIM. The verification of the same will be a part of a future work.

In contrast to approaches that use a central server for processing data and infrastruc-

ture for communicating with the users, such the approach of Kumar et al. (2016), the
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proposed approach is independent of a processing server or any infrastructure to com-
municate with it. The processing time for each image for the proposed approach is 5
milliseconds during test time on a GPU or 0.625 seconds on a CPU (i7 @ 2.6 GHz). The
GPUs on the modern ubiquitous mobile devices can be utilised for real-time processing.
Alternatively, the real-time localisation can be performed at lower update rates on CPU
alone. Another interesting direction for future research is to explore miniature networks
that are suitable for mobile platforms such as Miiller et al. (2017) or Howard et al. (2017),
with less computational expenses.

There is still a room for improvement in the current approach which is left as a part of
future studies. Firstly, the semantic knowledge derived from a BIM can be incorporated
into the approach, such as the work of Valada et al. (2018b), where the real test images
can be segmented at the test phase. Secondly, constraints from the 3D building models
can be used during fine-tuning of the networks, so that the estimated locations of the
camera is always inside the navigable area of the indoor space. Lastly, the fine-tuned
networks could be combined with model-based visual tracking approaches to increase

the accuracy and the robustness for performing indoor localisation.

4.4 Conclusions

In this chapter, a deep CNN pose regressor trained by synthetic images is proposed that
solves the problem of indoor localisation. The presented approach does not require any
additional infrastructure nor a point cloud, 3D image-based reconstructed models, image
database or depth of the environment. Synthetic images derived from a 3D building
model has been used to fine-tune a deep CNN for camera pose regression in an indoor
space.

The validation results of the networks fine-tuned with synthetic images suggest that
the networks retain the camera pose information accurately even for the gradmag im-
ages that contain no colour or texture, but only structural edges. The main finding of the
research is that the deep CNN regressor fine-tuned by synthetic edge images can success-

fully estimate the pose of real images represented as edge gradient magnitude, achieving
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a localisation accuracy of approximately two metres. A higher level-of-detail 3D build-
ing model is desirable for better results, but the proposed approach can work with low
level-of-detail 3D building models as well.

The localisation errors are mainly caused by the motion blur, the structural differ-
ences of the 3D building model and the real indoor space, and the presence of artefacts
in the real image. Alternatively, the errors could be an effect of the features learnt by
the network for localisation. Perceptual aliasing due to symmetry and repetitiveness of
indoor spaces remains a challenge for this approach. The outcomes of the present study
suggest the approach has the potential to provide initial locations in real-time for the
infrastructure-independent localisation approaches such as pedestrian dead reckoning

(PDR), simultaneous localisation and mapping (SLAM) and visual odometry.
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Chapter 5

Bayesian BIM-PoseNet: Modelling
localisation uncertainty of
BIM-PoseNet

In this chapter, Bayesian BIM-PoseNet is presented to model the uncertainty of camera pose esti-
mates by BIM-PoseNet. A deep Bayesian convolutional neural network is fine-tuned with synthetic
images generated from the 3D building model to estimate the camera pose of real images. The un-
certainty of the estimated camera poses is modelled by sampling the outputs of the Bayesian network
fine-tuned with synthetic images. The results of the experiments indicate that a localisation accuracy
of 2 metres can be achieved using the proposed approach. The modelled uncertainties are correlated
with the actual errors of the pose estimates, thus providing confidence with which the camera pose

estimates can be trusted.

5.1 Introduction

The discussions in the previous chapter revealed that one of the limitations of BIM-
PoseNet that restricts wide application is its poor accuracy, which is approximately 2
metres, and the maximum errors were in the order of 10 metres. Uncertainty of localisa-
tion provides an indication of confidence and trust in estimated locations in the absence
of ground truth. As discussed in Section 2.3.3, uncertainty modelling in pose regres-
sion networks has been done based on real images by previous workers. The results
of those studies show a correlation between the errors and the modelled uncertainties.
Therefore, the uncertainty of camera pose regression of real images is modelled with a
Bayesian neural network (Kendall and Cipolla, 2016) using synthetic images generated

from a 3D building model. This approach, called Bayesian BIM-PoseNet eliminates the

107
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requirement of real images with their ground truth poses during the fine-tuning phase
(similar to BIM-PoseNet). The results are compared with a benchmark that is created by
using real images and structure-from-motion (5fM) approaches. The following are the

main contributions:

1. The uncertainty of the estimated camera poses from a network fine-tuned with syn-

thetic images is modelled to show the correlation with actual errors.

2. The proposed approach eliminates the requirement of performing image-based re-
construction of indoor spaces by utilising synthetic images rendered from a 3D

building model.

3. A detailed analysis of the trajectory is performed to identify the factors contributing

to large errors and uncertainties.

5.2 Methodology

Bayesian BIM-PoseNet uses a pre-trained Bayesian convolutional neural network (CNN)
fine-tuned with different types of synthetic images with known camera poses to estimate
the unknown camera poses of real images. Figure 5.1 shows the overview of the ap-
proach, where a modified architecture of GoogLeNet (Szegedy et al., 2015) is used. The
network is fine-tuned with a synthetic dataset containing several types of images gener-
ated by graphical rendering from the 3D building model. Subsequently, the fine-tuned
networks are tested with real images for its pose regression ability and uncertainty of
the network is modelled to check the correlation with actual errors. Besides, the factors
contributing large errors and uncertainties are identified for networks that are fine-tuned

with synthetic images and tested on real images.

5.2.1 Rendering synthetic images from a 3D building model

In the literature, the ground truth camera poses are estimated using SfM approaches
for fine-tuning the networks ( Kendall et al., 2015; Walch et al., 2017; Clark et al., 2017;

Kendall and Cipolla, 2016). In this research, the ground truth camera poses are known,
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Figure 5.1: The design of Bayesian BIM-PoseNet.
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and a virtual camera is used to render synthetic images. The details of the creation of the

synthetic dataset are described in Section 4.3.1.

A pre-trained deep CNN requires only a few fine-tuning images as compared to mil-
lions of images required for training from random weights. As generating millions of
synthetic images is an overwhelming task, a pre-trained network is fine-tuned with 2500
synthetic images and perform pose regression by leveraging transfer learning. A relevant
question is whether the fine-tuned network can learn relevant high-level geometrical fea-
tures from the synthetic images for camera pose regression with real images. The relevant

high-level features in the context of indoor spaces could be doors, walls and ceilings.

Additionally, another question is whether processing the real images to make them
similar to the synthetic images will improve the pose regression ability of the network.
To examine the concept, the real and the synthetic images are converted to edge gradient
magnitude (gradmag) images, hence transforming them both to a common image feature
space. Consequently, the networks are fine-tuned with edge gradmag of synthetic images

and test with edge gradmag of real images.

5.2.2 Fine-tuning a Bayesian network

Bayesian neural networks model the uncertainty in neural networks by gathering distri-
butions over the network weights (MacKay, 1992). Drop-out )(Srivastava et al., 2014) is a
common practice that is used to avoid over-fitting a network while training with limited
training data. Sampling a Bayesian network with randomly dropped out connection at
test time can be considered as a way of getting Monte Carlo samples from the posterior
distribution of the estimations (Kendall and Cipolla, 2016). Moreover, as the posterior
distribution is not directly traceable for such a network, a variational inference usually is

used to approximate the distribution of the weights (Gal and Ghahramani, 2016a).
A 24 layer deep Bayesian CNN (Kendall and Cipolla, 2016) is adopted, where the soft-

max classifier (Szegedy et al., 2015) is replaced with a fully connected layer of dimension
2048. The fully connected layer is connected to a 7-dimensional affine pose regressor that

regresses the camera pose p:
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p=[xq] (5.1)

where xis the location of camera [X, Y, Z], g is the quaternions defining camera rotation
[90, 91,92, 93]

The weights are taken from a pre-trained network trained on Places dataset (Zhou
et al., 2014). The Places dataset contains millions of images of different locations and
is suitable for training networks to classify places. Using the weights of a pre-trained
network eliminates the tedious task of training the network with millions of images.
Drop-outs are performed only before the convolution layers that had randomly initialised
weights, in order to improve the pose regression ability of the network. The network is

subsequently fine-tuned with synthetic images using the objective loss function:

loss(I) = || —x||]2+ B (5.2)

51
T Il

where £ is the estimated location, 4 is the estimated orientation, I is the Image and S is
the scaling factor to balance errors of x and 4.

At the test time, the Bayesian network is sampled to obtain Monte Carlo drop-out
samples, and the pose is estimated by taking a mean of the samples. The number of sam-
ples required for optimum performance of the network is 40, beyond which there is no
evidence of improvement (Kendall and Cipolla, 2016). The distribution of the samples
follows a unimodal Gaussian distribution for both location and rotation (Kendall and
Cipolla, 2016), and the distributions contains only one peak corresponding to the max-
ima. The locational and rotational uncertainties are expressed as the trace of the unimodal
Gaussian’s covariance matrices and are represented by numbers. Note that the locational
uncertainties have the unit of metre and the rotational uncertainties are dimensionless

scalers (product of two quaternions).

5.3 Experiments and results

Two experiments were performed to model the uncertainty of the network’s pose re-

gression on real images when fine-tuned with synthetic images. The first experiment
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consists of creating a baseline performance using real images, and to determine the op-
timum value of weighting factor B. The second experiment was performed to measure
the performance of the network fine-tuned with different types of synthetic images on
real images. In addition, the experiment involved fine-tuning two networks with edge
gradmag of synthetic images and testing with the gradmag of the real images.

Caffe (Jia et al., 2014) deep learning library was used for the experiments. The loss was
minimised with a learning rate of 1073 using Adagrad gradient descent optimisation for
160 epochs on an NVIDIA GTX980M graphics processor unit (GPU) with 4GB memory.
The images were resized to 320x240 pixels, and a crop of 224x224 pixels was applied

subsequent to mean subtraction during fine-tuning and testing.

5.3.1 Dataset

Two datasets were used in the experiments, namely a synthetic image dataset and a
real image dataset. The synthetic image dataset that was used in the experiments of
BIM-PoseNet were used in the experiment of Bayesian BIM-PoseNet. The dataset con-
tained five different type of synthetic images obtained from the 3D building model, and
is shown in Figure 4.2 . The methodology and the details of the image generation from
the building information modelling (BIM) is explained in details in Section 4.3.1. The real
image dataset that was used in the experiments of BIM-PoseNet was used for the current
experiments. The dataset consisted of images of a corridor of a building captured with a
camera of a smartphone. Figure 4.4 shows a real image and its gradient intensity image

and other details of the dataset is summarised in Section 4.3.1.

5.3.2 Baseline performance using real images

A baseline performance is created by fine-tuning a network with real images (not grad-
mag) of known camera poses and tested with real images again. The process of gener-
ation of ground truth camera poses is described in Section 4.3.2. The image sequences
were randomly portioned into fine-tuning and validation sets, containing equal number

of images. The suitable value of the parameter 8 was estimated by performing a grid
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search in the expected range of 120 to 750 for indoor environments (Kendall et al., 2015).
Figure 5.2 shows the median location and rotation errors with the variation of f. The loca-
tion errors are calculated as the Euler distances from the ground truth and the rotational
errors in radians are calculated by 2cos~!((4q)), where {.) denotes the inner product of

two vectors.
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Figure 5.2: The variation of locational and rotational errors with f.

Figure 5.3 shows the distribution of location and rotation uncertainties corresponding
to the different values of B. The correlation of the locational and rotational uncertainties
are estimated by using the correlation coefficient R which is defined as:

cov(U;, Uy)
UUZUU,

R= (5.3)

where cov is the covariance of two random variables, U; is the Uncertainty of location, U,
is the uncertainty of rotation, oy, is the standard deviation of U; and oy, is the standard

deviation of U,.

R has a range of [-1,1]. The sign of the coefficient denotes the positive or negative
correlation, whereas the magnitude indicates the strength of the relation of two random
variables. Figure 5.3 indicates that a strong positive correlation for the value of g = 500.

Therefore, a B value of 500 is selected for our experiments, as the ideal network should
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have correlated locational and rotational uncertainties. Figure 5.4 (a) shows the distribu-
tion of the estimated camera poses along with the locational and rotational errors and it
is observed that the largest errors are near the 90° turns of the corridor. Figure 5.4 (b)
and (c) shows the variation of locational uncertainty with location errors and rotational

uncertainty with rotational errors respectively.

5.3.3 Estimating uncertainty with synthetic images

In this experiment, five networks were fine-tuned with synthetic datasets and were tested
with two types of real images, to estimate the best type of image suitable for performing
cross-domain pose regression. Moreover, it is investigated whether the uncertainties of
the estimated camera poses from a network fine-tuned with synthetic images are corre-
lated with actual errors. The location and rotation errors, uncertainties and the distribu-
tion of the estimated points are accounted.

Three datasets namely Syn-car, Syn-pho-real and Syn-pho- real-tex are similar in ap-
pearance to the real images. Therefore networks fine-tuned with the three datasets are
tested directly with real images. However, the two networks fine-tuned with Gradmag-
Syn-car and Syn-edge datasets are tested with edge gradmag of real images. Figure 5.5
(a) - (e) shows the distribution of the estimated camera poses for real images with errors
by the networks. Figure 5.5 (f) - (j) shows the locational and rotational uncertainties of
the estimated camera poses.

In Figure 5.5 the networks fine-tuned on edge gradmag images (Gradmag-Syn-car
and Syn-edge) perform better than the other networks. There is approximately two-fold
accuracy improvement for the networks fine-tuned on edge gradmag images (Gradmag-
Syn-car and Syn-edge), compared to Syn-car, Syn-pho-real and Syn-pho-real-tex images.
The best camera pose estimations (both locational and rotational) came from the network
fine-tuned with Gradmag-Syn-car dataset and tested with edge gradmag of real images,
followed by the network fine-tuned with Syn-edge images.

Additionally, the distribution of the estimated locations from the network fine-tuned
with Gradmag-Syn-car images (Figure 5.5 (d)) is best amongst other image types, fol-
lowed by Syn-edge images (Figure 5.5 (e)). Figure 5.5 (i) - (j) show higher correlation
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for locational and rotational uncertainties, for both the edge gradmag images, Gradmag-

Syn-car being the most correlated.

Itis observed from Figure 5.5 that the locational errors for the network fine-tuned with
Syn-pho-real-tex is least, as compared to Syn-car and Syn-pho-real images, but the errors
of all the three networks are comparable. The possible explanation could be the presence
of the synthetic textures in Syn-pho-real-tex dataset that make this type of images appear
similar to the real image. However, the rotational errors of network fine-tuned with Syn-
car dataset are least, followed by networks fine-tuned with Syn-pho-real-tex and Syn-car
images.

From Figure 5.5 (a) - (c) it is noted that the distribution of the estimated locations by
the networks fine-tuned with Syn-car and Syn-pho-real are poor as compared to Syn-
pho-real-tex images dataset. For all three networks, the estimated poses result in cluster
formation away from the ground truth trajectory. Additionally, there exists a shift in
the estimated camera locations, indicating the presence of a bias. Regarding uncertain-
ties, from Figure 5.5 (f) - (h), it is seen that the network fine-tuned with Syn-car and
Syn-pho-real-tex has the similar correlation for locational and rotational uncertainties, as
compared to very low correlation for Syn-pho-real dataset. This fact explains the high

errors of the Syn-pho-real images as compared to other image types.

Figure 5.6 shows the overlay of the 3D building model on five selected test images us-
ing the camera poses estimated by the network fine-tuned with Gradmag-Syn-car dataset
and Table 5.1 shows the errors and uncertainties of the corresponding camera poses. The
locational and rotational errors in those frames varied from 0.24 - 1.61 metres and 2.77°
- 7.70° respectively. The range of locational and rotational uncertainties was 1.00 - 1.21

metres and 0.22 - 0.25 respectively.

Figure 5.7 (a) - (b) show the trend of the locational errors and uncertainties respec-
tively for visualising the most error-prone and uncertain areas of the trajectory. Figure
5.7 (c) shows the images corresponding to the large estimation errors. In Figure 5.7 (a) -
(b) it can be seen that the most substantial errors and uncertainties are present in part BC
of the trajectory, which corresponds to a 90° turn and a few large errors exists near Point

D,Eand F.



118 Bayesian BIM-PoseNet: Modelling localisation uncertainty of BIM-PoseNet

(d) Frame 371 (e) Frame 541

Figure 5.6: Predicted camera poses by a network fine-tuned with Gradmag-Syn-car
dataset and tested with edge gradmag of real images.

Frame | Location | Location | Rotational | Rotational
error uncertainty error uncertainty

77 0.55m 1.00 m 5.74° 0.22

98 0.24 m 1.20 m 2.77° 0.24

113 0.46 m 1.10 m 5.31° 0.22

371 1.61m 1.19m 5.30° 0.25

541 1.05m 1.21m 7.70° 0.23

Table 5.1: Errors and uncertainties corresponding to Figure 5.6. The unit of the rotational
uncertainty is scalar dimensionless number.

The images with large errors, as seen in Figure 5.7 (c), contain significant amount of
either motion blur or artefacts. Motion blur results in low values of edge gradmag of the
real images, which results in loss of information and explain the large errors in Points B,
C and D of the trajectory. Artefacts are objects that are present in the real image but not
in the 3D building model, such as posters and notice boards and results in higher errors
for Points A, D, E and F. Additionally, artefacts are also introduced due to the structural
difference of the 3D building model and the actual building, which are introduced as a

result of errors in modelling the building.
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Locational errors along the trajectory
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Figure 5.7: (a) shows the average normalised errors of the trajectory (b) shows the aver-
age normalised uncertainties of the trajectory and (c) shows corresponding points on the
trajectory with high errors.
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Table 5.2 shows the errors and uncertainties of the frames shown in Figure 5.7 (c) with
high errors. The locational and rotational errors in those frames varied from 6.74 - 10.10
metres and 9.01° - 62.10° respectively. The range of locational and rotational uncertainties
was 1.20 - 1.75 metres and 0.24 - 0.35 respectively. Comparing Table 5.2 with Table 5.1

indicate that larger uncertainties are associated with images having larger errors.

Frame | Location | Location | Rotational | Rotational
error uncertainty error uncertainty
10 6.97 m 1.69 m 10.05° 0.25
167 10.10 m 141 m 62.10° 0.27
240 6.93 m 1.75m 42.73° 0.35
277 8.07 m 1.57 m 19.02° 0.25
405 6.74m 1.20 m 23.34° 0.27
591 8.19m 1.37 m 9.01° 0.24

Table 5.2: Errors and uncertainties corresponding to Figure 5.7 (c)
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Figure 5.8: (a) Location uncertainty vs error (b) Rotational uncertainty vs errors for
Gradmag-Syn-car images.

Figure 5.8 shows the correlation of the locational errors with locational uncertainties
and rotational errors with rotational uncertainties. Figure 5.8 (a) indicates the locational
uncertainties are more correlated with the location errors as compared to baseline exper-
iment with real images in Figure 5.4 (b). Similar trend is observed for rotational errors
and uncertainties when comparing Figure 5.8 (b) with 5.4 (c). Thus, the estimated uncer-
tainties can be used as a measure of errors and are particularly useful in the absence of

ground truth, as it provides the confidence of the camera pose estimations.
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5.3.4 Discussion and future directions

In indoor spaces, specifically with repetitive structures, two places might appear similar,
and it is impossible to differentiate between them without some auxiliary information.
This problem is referred to as perceptual aliasing (Lowry et al., 2016) and is also a limita-
tion of the current approach. For example, consider frame 240 in Figure 5.7 (c), where the
camera is close to the wall, and only one door is visible. As all the doors and walls in the
building have the same appearance, it creates confusion for pose estimation. This phe-
nomenon can explain the high errors and uncertainties near part Point C of the trajectory
in Figure 5.7. Similarly, the high errors in the benchmark experiment with real images
can be explained based on this fact.

The proposed approach is independent of any central processing server and hence
does not need any additional infrastructure for operation, in addition, the network is
very lightweight concerning storage (approximately 50 MB). The processing time for each
image on a GPU is approximately 67 milliseconds and 9.07 seconds on an i7 CPU. Fortu-
nately, most of the modern pervasive devices contain a GPU that can be used to accelerate
the processing.

The achievable accuracy by the localisation approach is suitable for pedestrian nav-
igation (Taneja et al., 2011) but is not sufficient for robotic applications; however, there
is still room for improvement. A potential future direction to overcome the perceptual
aliasing could be the use of Kalman filter to integrate the uncertainties derived from the
network with the spatio-temporal information from a video sequence, or the use of long-
short-term-memory (LSTM) to exploit spatio-temporal information alone. On the other
hand, to address the computational challenge, another future direction for the research
could be exploring mini-networks that are made explicitly for operation in mobile de-

vices.

5.4 Conclusions

The uncertainty of camera pose regression of BIM-PoseNet is modelled by fine-tuning a

Bayesian neural network with different types of synthetic images generated from a 3D
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building model, and regress the camera pose of real images. The proposed approach
eliminates the requirement of performing SfM approaches before operation. The experi-
ments indicate that a localisation accuracy of approximately two metres can be achieved
by representing real images as edge gradient magnitude images. The localisation errors
are the result of the presence of motion blur, artefacts in the images and perceptual alias-
ing. Moreover, the uncertainties associated with the estimated locations are correlated
with the localisation errors, thus providing the measure with which the estimated loca-

tions can be trusted.
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the spatio-temporal dependency of consecutive images improves
localisation performance ...”

~ Block B, Department of Infrastructure Engineering, The University of Melbourne, Australia
(Courtesy: Agisoft PhotoScan Professional®)






Chapter 6

Recurrent BIM-PoseNet: Learning
pose estimation from synthetic image
sequences

A limitation of BIM-PoseNet and Bayesian BIM-PoseNet is the low accuracy that occurs as a re-
sult of estimating the pose of each image frame independently. In this chapter, a visual localisation
approach called Recurrent BIM-PoseNet is proposed that exploits the spatio-temporal information
from synthetic image sequences to improve the localisation accuracy. A deep Bayesian recurrent CNN
is fine-tuned using synthetic image sequences obtained from a building information model (BIM)
to regress the pose of real image sequences. The results of the experiments indicate that Recurrent
BIM-PoseNet estimates a smoother trajectory with smaller inter-frame error as compared to existing
methods. The achievable accuracy with Recurrent BIM-PoseNet is 1.6 metres, which is an improve-

ment of approximately thirty per cent compared to the existing approaches.

6.1 Introduction

Previous chapters revealed that BIM-PoseNet and Bayesian BIM-PoseNet eliminate the
requirement of 3D image-based reconstruction by making use of a 3D indoor model.
These approaches fine-tune a deep CNN using synthetic images rendered from a build-
ing information model (BIM), to regress the camera pose of real images. However, the
camera pose for each image frame is estimated, without considering the spatial depen-
dency between the consecutive frames. The per-frame error varies largely, thus resulting
in high variance of distances between consecutive frames. Another limitation of pose
regression methods based on a single image is the so-called perceptual aliasing where

indoor locations with similar appearances result in large pose estimation errors.

125
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Therefore, a relevant question is whether the performance of approaches that use
synthetic images for visual localisation, such as BIM-PoseNet (Acharya et al., 2019a) and
Bayesian BIM-PoseNet (Acharya et al., 2019¢), can be improved by applying the con-
straint of spatio-temporal dependencies between consecutive images. Besides, the uncer-
tainty of camera pose plays a vital role in the estimation, as it provides the confidence
of the predicted camera poses in the absence of ground truth. Ideally, localisation errors
should be correlated with the estimated uncertainties. The uncertainty of camera pose
have been modelled using synthetic images (Acharya et al., 2019¢c). However, that ap-
proach estimates the localisation uncertainty from a single image without considering
the spatio-temporal continuity of image sequences. Therefore, another relevant question
is explored as to whether the uncertainty of camera pose can be modelled by using a

sequence of synthetic images.

In this chapter, Recurrent BIM-PoseNet is proposed, which is a deep Bayesian recur-
rent CNN to localise a single image, using a short sequence of images. Previous methods
that use a single image for pose regression (e.g. Kendall et al., 2015) give pose estimates
that vary largely for consecutive images resulting in a jagged trajectory. Our method
takes advantage of temporal dependencies between consecutive images in a sequence to
model the uncertainty, reduce the pose estimation error, and generate a smoother trajec-
tory. Smoothness is defined as having consistent inter-frame distances, so that there are

no sudden jumps between two consecutive camera poses.

The network is fine-tuned using synthetic image sequences generated from a BIM,
therefore eliminating the requirement of 3D image-based reconstruction of indoor spaces.
At the test time, the camera poses of a sequence of real image is regressed. It is shown
that Recurrent BIM-PoseNet results in a smoother trajectory with smaller inter-frame er-
rors as compared with BIM-PoseNet (Acharya et al., 2019a) and Bayesian BIM-PoseNet
(Acharya et al., 2019c). Additionally, the estimated uncertainties show correlation with
the localisation errors, suggesting the suitability of the approach for modelling uncer-
tainty. Moreover, the proposed method does not need any color or texture information to

perform localisation. The following are the contributions:
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1. The proposed approach eliminates the requirement of 3D image-based reconstruc-
tion for camera pose regression. In the proposed approach, a network is trained
by synthetic images to estimate the pose of real images. The proposed method im-

proves the localisation accuracy of previous pose regression networks.

2. The spatio-temporal information of the synthetic image sequences is utilised to gen-

erate a smoother trajectory when tested with real image sequences.

3. The uncertainty of camera pose estimation is modelled, and shows correlation with

the actual errors obtained from a ground truth trajectory.

In Section 6.2, the theory and methodology of Recurrent BIM-PoseNet are explained,
which is followed by experiments and results in Section 6.3. Section 6.4 concludes with a

summary of the outcomes of the research and possible future directions.

6.2 Methodology

The design of the proposed approach is shown in Figure 6.1. Recurrent BIM-PoseNet
is fine-tuned using several types of synthetic image sequences generated from a 3D in-
door model or a BIM. Subsequently, the networks are tested using real image sequences
captured by a smartphone camera. The network regresses the camera poses correspond-
ing to each test image in the sequence. The architecture of Recurrent BIM-PoseNet is
described in Section 6.2.1, fine-tuning and loss function are described in Section 6.2.2,
and Section 6.2.3 explains the uncertainty modelling for camera pose estimations. The

implementation details are presented in Section 6.3.1.

6.2.1 Deep learning Architecture

The proposed network consists of a Bayesian CNN module and an LSTM module. The
LSTM (Hochreiter and Schmidhuber, 1997) is a particular recurrent neural networks that
is capable of learning long-term patterns in the input data. A standard LSTM consists of

forget, input, output and reset gates in addition to a memory cell that enables the flow of
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data in and out of the memory cells that is regulated by the input and forget gates. The
activations of the LSTM (/) at time step ¢ for a location feature vector v; are calculated

by the following equations:

fi = U'(vat + Ushy 1 + bf)

it = c(Wior + Ujhy—1 + b;)

0r = 0c(Wov; + Upht_1 + by) (6.1)
¢t = froci—1 +ir o0 (Weor + Uchy—1 + be)

ht = 0t © (Th(Ct)

where, f; is the forget gate’s activation vector, i; is the input gate’s activation vector, o;
is the output gate’s activation vector, c; is the cell state vector and /; is the hidden state
vector. W, U and b are the weights and the bias vectors of the LSTM that are learnt during
the training process. ¢ and ¢, denote the sigmoid function activation and hyperbolic
tangent function respectively, and o denotes the Hadamard product of two vectors.

The CNN module uses a deep CNN called GoogleNet (Szegedy et al., 2015) for im-
age feature extraction. Similar to PoseNet (Kendall et al., 2015) the softmax layers are
removed, and a 2048-dimensional dense layer is added, which acts as the location fea-
ture vector. The initial weights of the network are updated from GoogleNet pre-trained
on the Places image dataset (Zhou et al., 2014) due to its suitability for the task of scene
classification and localisation (Kendall et al., 2015).

In the literature, sliding window has been used to generate samples from the data,
which are used in conjunction with LSTMs to exploit the spatio-temporal information of
consecutive samples, and subsequently to model the uncertainty of the estimations (Zhu
and Laptev, 2017; Clark et al., 2017). Therefore, to capture the spatio-temporal informa-
tion, sequences of consecutive images are generated by sliding a window of length #,
from the total number of N images, and are the input to the network. The CNNs gen-
erate a sequence of location feature vectors (vy, v, ..., v,) which is the input to the LSTM
module. The output of the hidden states of the LSTM is utilised to regress the camera

pose of the images in the sequence.
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6.2.2 Fine-tuning and loss function

The output of the LSTM units are connected to a 7-dimensional dense layer to regress n

camera pose estimates (p]) at each time step which is defined as:

pi =[x/, 4] (6.2)

where x{ is the 3-dimensional location vector and g/ is the 4-dimensional rotational vec-

tor of the camera in quaternion format, for T sequence for time step .

The network is fine-tuned by minimising the following objective loss function (L)
that represents the errors of the whole sequence of images by unrolling the network and

performing back-propagation through time:

t=n
L=Y |12 —x{ll2+Bll4 —afll2 (6.3)
t=1

where £] and 47 are the estimated values of location and rotation vector of the ¢ im-
age of the sequence and f is the scaling factor to weigh the location and the rotational
errors respectively. The value of B is dependent on the indoor scene and is determined

experimentally.

6.2.3 Modelling uncertainty

During the test phase, the network regresses the unknown pose of the images from a
window of real images. The uncertainty is modelled by gathering posterior distribution
of the weights of the network (Gal and Ghahramani, 2015). The Monte Carlo samples are
obtained by applying dropout during testing phase on the output of the network, and
the mean of the samples is considered as the pose estimate. The trace of the covariance
matrices of the camera pose samples is used to model uncertainty, which provides a good
numeric measure of the uncertainty (Kwon et al., 2018; Depeweg et al., 2017). The mul-
tiple pose predictions by the network are utilised in the following manner to model the

location and rotation uncertainties:
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UI = sqgrt(trace (C xT,xT,...,xZ
; qrt( (C(x1,% ) (6.4)
U; = sqrt(trace (C (q1,43,...,.q1)))

where, U! and U% denotes the uncertainty of camera location and rotation, respectively
for the T™ frame, and C denotes the covariance matrix. Subsequently, the correlation
factor R (Acharya et al., 2019c¢) is defined to quantify the correlation of the estimated

localisation uncertainty and localisation errors in the following equations:

Ruujie = coo(UN, EN)
TuNOEy
Rru/Re = M (6.5)
TuNTEy
2 coo(Uy, U})
LU/RU — W

where Rpy;/.r denotes the correlation of estimated location uncertainties vs location er-
rors, Rpy/ru denotes the correlation of the estimated rotation uncertainties vs rotation

errors, and Rpy; gy denotes the correlation of the estimated location uncertainties vs es-

timated rotation uncertainties. UY = [U}Ct, ll%t, v llfc\t] ] is the vector containing the es-
timated location uncertainties, Ué\] = [U;t, U,i, ey Ué\f ] is the vector containing the esti-

mated rotation uncertainties, E;\] = [E}Ct, Eit, ey E;\[] | is the vector containing the location

g Eqir
opy and OEN denotes the standard deviations of UY, U,;\’ ,ENand E fi‘] respectively, and cov

errors and Eé‘] = [E},E2,.., Ef]\t] | is the vector containing the rotation errors. oy, ouN,

represents the covariance between two random variables.
6.3 Experiments and results

6.3.1 Implementation details

The networks were implemented in Keras (Chollet et al., 2015) using TensorFlow libraries
(Abadi et al., 2015) on Linux. Adam gradient descent optimisation algorithm with a fixed
learning rate of 1073 was used to fine-tune the networks for 400 epochs. A Tesla P100

graphics processor unit (GPU) was used to accelerate the code with NVIDIA CUDA®
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Deep Neural Network library (cuDNN). The fine-tuning and testing images were resized
to a resolution of 320x240 pixels, and a central crop of dimension 224x224 was applied.
The mean of the fine-tuning dataset was subtracted from the input images during fine-

tuning and test time.

6.3.2 Experimental design

To evaluate the performance of Recurrent BIM-PoseNet and determine which rendering
of synthetic images is the most suitable for camera pose estimation and modelling uncer-

tainty, the following experiments are designed.

e Experiment 1: Using real images for training and testing. A baseline accuracy was
established by fine-tuning Recurrent BIM-PoseNet using real images, to compare
the results obtained from the proposed approach being fine-tuned using synthetic
data. Parameters such as ideal LSTM length, ideal window length and the corre-
lation of localisation errors with the estimated localisation uncertainties are identi-

fied. The results are presented in Section 6.3.4.

e Experiment 2: Using synthetic images for training and real images for testing. In
this experiment, Recurrent BIM-PoseNet was fine-tuned using several types of syn-
thetic image sequences. Subsequently, pose regression ability of these fine-tuned
networks were evaluated by using real image sequences during test, and compared

with the previous approaches. The results are presented in Section 6.3.5.

e Experiment 3: Modelling uncertainty. This experiment consisted of modelling the
uncertainty of the estimated camera poses, and evaluating the correlation of the lo-
calisation errors with the estimated localisation uncertainties. The results are com-

pared with the results of Bayesian BIM-PoseNet, and are presented in Section 6.3.6.

6.3.3 Dataset

Two datasets were used in the experiments, namely a synthetic image dataset and a real
image dataset. More details of generating the dataset and the example images (Figure 4.2

and Figure 4.4) can be found in Section 4.3.1.
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6.3.4 Experiment 1: Baseline performance using real image sequences

The process of generation of ground truth camera poses is described in Section 4.3.2. The
value of the weighing parameter § in the loss function (Equation 6.3) is set to 600 based
on our previous experiments (Acharya et al., 2019a). The dataset was partitioned into

fine-tuning, validation and testing sets maintaining the sequence of the images.

Achievable accuracy

The length of the LSTM units is important for network performance. A longer length of
LSTM units will lead to over-fitting, where the network will perform excellently for the
validation data but will perform poorly for another unseen test data. On the other hand,
short LSTM units will lead to under-fitting where the network will not be able to perform
well on validation and test data as well. Additionally, the input to LSTM units are the
location feature vector, having a length of 2048. Therefore the short length of LSTM units
might not be able to correlate the image features with the camera pose.

To identify the ideal number of LSTM units required for the proposed network, an
experiment is performed by fine-tuning networks with different LSTM lengths (64, 128,
256, 512, 1024 and 2048). The window size for this experiment was maintained at a con-
stant of three images. It was experimentally identified that there is no improvement in
the accuracy of the estimations using more than 512 LSTM units. Therefore for the rest of

the experiments using real data, 512 LSTM units are used.
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Figure 6.2: The predictions of Recurrent BIM-PoseNet fine-tuned and tested using a se-
quence of ten real images. The colour represents the magnitude of error of each point,
and the red line denotes the ground truth trajectory.
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To identify the ideal window length the networks were fine-tuned and tested using
different window lengths of images. Four networks are fine-tuned using a window of 3,
5,10 and 15 images and tested them with a window of 1, 3, 5, 10 and 15 images. It was
identified that the network fine-tuned using a window of ten image sequences and tested
with a window of ten images performs best amongst the other networks, and the median
of test error is 0.17 metres and 0.83°. Figure 6.2 shows the distribution of the predicted

points by the network.

Estimated uncertainty

Figure 6.3 shows the correlation between the estimated uncertainties and the actual er-
rors for the predictions of a network that was fine-tuned and tested with a window of
ten images. Compared to the uncertainty modelled by Bayesian BIM-PoseNet on the
same dataset (Acharya et al., 2019c), Recurrent BIM-PoseNet shows a better correlation
between the estimated location uncertainty vs location errors (R = 0.31), as well as for
the estimated rotation uncertainty vs rotation errors (R = 0.67). However, the location
uncertainty vs rotation uncertainty estimated by Recurrent BIM-PoseNet shows low cor-

relation (R = 0.22) with the rotation errors as compared to Bayesian BIM-PoseNet.
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Figure 6.3: The modelled uncertainty by Recurrent BIM-PoseNet. (a) Estimated location
uncertainty vs location errors (b) Estimated rotation uncertainty vs rotation errors (c) Es-
timated location uncertainty vs estimated rotation uncertainty. R denotes the correlation
factor.
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Figure 6.4: Cumulative distribution function (CDF) of the (a) errors and (b) inter-frame
distances of the predictions by BIM-PoseNet, Bayesian BIM-PoseNet and Recurrent BIM-
PoseNet for the baseline performance using real images.

Table 6.1: The comparison of the median errors and inter-frame distances of BIM-
PoseNet, Bayesian BIM-PoseNet and Recurrent BIM-PoseNet for the baseline experi-
ment.

Approach Median errors ~ Median inter-frame
(metres, Degrees)  distances (metres)
BIM-PoseNet 0.33m, 1.85° 0.30m
Bayesian BIM-PoseNet 0.29m, 1.53° 0.38m
Recurrent BIM-PoseNet 0.17m, 0.83° 0.15m
Walch et al.(2017) 0.15m, 1.62° 0.14m

Comparison with previous approaches

Figure 6.4 shows the cumulative distribution function (CDF) of the location errors and the
inter-frame distances for Recurrent BIM-PoseNet compared to BIM-PoseNet, Bayesian
BIM-PoseNet and Walch et al. (2017). The location errors are calculated as the Euclidean
distances from the ground truth, and the inter-frame distances are the Euclidean dis-
tances between two consecutive frames. Compared to BIM-PoseNet and Bayesian BIM-
PoseNet, Recurrent BIM-PoseNet achieves smaller localisation errors and inter-frame dis-
tances for the predictions. However compared to the work of Walch et al. (2017), a similar

trend is noticed in the accuracy and inter-frame distances (i.e. smoothness).
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Table 6.1 summarises the median errors and the inter-frame distances for the four
approaches. It can be seen that even by using a window of ten images, the location
and rotation errors for Recurrent BIM-PoseNet approach are reduced by a factor of 2 as
compared with BIM-PoseNet and Bayesian BIM-PoseNet. Besides, the effect of percep-
tual aliasing is reduced which was one of the main limitations of the BIM-PoseNet and
Bayesian BIM-PoseNet. For instance, consider the part AB in Figure 6.2 of the trajectory,
where the errors of the camera pose estimates are reduced compared to the previous ap-
proaches. Compared to Walch et al. (2017), comparable errors and inter-frame distances

are noticed, with a slight improvement in the rotational errors.

6.3.5 Experiment 2: Performance of the network fine tuned using synthetic
images

Recurrent BIM-PoseNet was fine-tuned with the synthetic image datasets namely, Syn-
car, Syn-pho-real, Syn-pho-real-tex, Gradmag-Syn-car and Syn-edge. The value of the
loss function parameter B was kept 600 for the fine-tuning. Naive (0 — 0.5) and vari-
ational dropouts (0 — 0.5) are used for the LSTM units (Gal and Ghahramani, 2016b)
which improved the accuracy of camera pose regression for synthetic image sequences
(However, for real image sequences adding dropouts to LSTM units showed no improve-
ment, where all the connections were retained).

Similar to the experiments with real data, to identify the ideal length of the LSTM
units for synthetic image sequences, networks are fine-tuned using different LSTM lengths
(64, 128, 256, 512, 1024 and 2048 units). Gradmag-Syn-car dataset, which has shown the
best performance among different renderings (Acharya et al. (2019c)) was used to fine-
tune the networks. For fine-tuning and testing a window of length three was used. It
was identified that there is no improvement in the location and rotation accuracy beyond
using 256 LSTM units. Compared to using real data (512 units) this is lower and can be
explained by the less information content of synthetic images as compared to real images.

Figure 6.5 shows the location and rotation errors for the network that was fine-tuned
using different window lengths of Gradmag-Syn-Car dataset and tested with varying

window lengths of gradmag of real images. Similar to the benchmark experiment using
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Figure 6.5: The effects of window length on the (a) location errors and (b) rotation errors
for networks fine-tuned using Gradmag-Syn-car dataset and tested on Gradmag of real
images.

real images, Figure 6.5 indicates that the localisation accuracy of the network fine-tuned
using a window of ten synthetic images and tested with a sequence of ten real images is
the best amongst the other combinations, where the achievable accuracy is 1.62 metres

and 9.29°.

The fine-tuned networks can generalise well on a longer window of test image se-
quences than it was fine-tuned. For instance, consider the network that was fine-tuned
on a window of three synthetic images, which makes good predictions of the location
and rotation of the real image sequences having a window length of 5, 10 and 15 images.
The performance of the networks to predict the location of image sequences having a
shorter window length is worse, compared to testing with the same window length. For
example, consider the network fine-tuned using a window of ten images, where its per-
formance for predicting the location of the sequence of images having a length of 1 and
three images is worse, compared to testing it using a window of ten image sequences. In
contrast, this trend is not valid for rotational errors, where the networks can make sound
predictions of rotation for a longer and shorter window of image sequences than it was
fine-tuned. Figure 6.5 (b) shows that there is a slight decrease in the rotation errors with

the increase in the length of the window of the image sequence.
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Table 6.2: The comparison of the errors of BIM-PoseNet, Bayesian BIM-PoseNet and Recurrent BIM-PoseNet for the five networks
fine-tuned using the different synthetic image datasets and tested using real images.

Fine-tuned on Tested on BIM-PoseNet Bayesian BIM Recurrent Walch et
(metres, degrees) PoseNet BIM-PoseNet al. (2017)
(metres, degrees) (metres, degrees) (metres, degrees)
Syn-car Real images 6.25m, 37.16° 3.87m, 8.38° 3.97m, 15.20° 4.09m,22.28°
Syn-pho-real Real images 5.99m, 11.33° 4.08m, 25.03° 3.01m, 8.50° 2.88m,15.31°
Syn-pho-real-tex Real images 3.06m, 12.25° 3.73m, 13.53° 2.23m, 8.31° 2.50m,11.99°
Gradmag-Syn-car Gradmag of real 2.63m, 6.99° 1.98m, 7.33° 1.62m, 9.29° 2.89m,19.22°
Syn-edge Gradmag of real 1.88m, 7.73° 2.41m, 12.53° 1.87m, 11.15° 1.90m,12.42°
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Figure 6.6: Estimated camera poses by the proposed Recurrent BIM-PoseNet (a) fine-
tuned using Syn-car and tested on real images (b) fine-tuned using Syn-pho-real and
tested on real images (c) fine-tuned using Syn-pho-real-tex and tested on real images (d)
fine-tuned using Gradmag-Syn-car and tested on gradmag of real images (e) fine-tuned
using Syn-edge and tested on edge gradmag of real images.
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Accuracy evaluation and comparison with previous works

To evaluate and compare the performance using different types of synthetic images, five
networks were fine-tuned using the five different synthetic datasets and tested using
real images. As the datasets, Syn-car, Syn-pho-real and Syn-pho-real-tex are similar in
appearance to the real image, the networks fine-tuned using these datasets were tested
directly using real images. However, the networks that were fine-tuned using the grad-
mag datasets, namely Gradmag-Syn-car and Syn-edge were tested using gradmag of real
images. For fine-tuning all the networks, a window of ten synthetic images were used,
and for testing a window of ten real images were used. Figure 6.6 shows the estimated
trajectories by the networks and Table 6.2 shows the test errors of Recurrent BIM-PoseNet

compared to the previous approaches.

The proposed Recurrent BIM-PoseNet achieves a better localisation accuracy than
BIM-PoseNet, Bayesian BIM-PoseNet for all renderings of synthetic images. Compared
to Walch et al. (2017) improvements are noticed for all renderings except for Syn-car and
Syn-pho-real renderings. The improvement on rotation accuracy however is apparent
only for some of the renderings. Table 6.2 also shows that among the different renderings
of the synthetic images the network fine tuned using Gradmag-Syn-car images achieves
the best localisation accuracy. This trend can also be seen in Figure 6.6 (d) that shows
the improvement of the distribution of the estimated points by the networks fine-tuned
using Gradmag-Syn-car images as compared to the other three networks. The test errors
(fine-tuned with Gradmag-Syn-car and tested on gradmag of real) with Recurrent BIM-
PoseNet are reduced to 1.62 metres, 9.29°, as compared to 2.63 metres, 6.99° for BIM-
PoseNet, 1.98 metres, 7.33° for Bayesian BIM-PoseNet and 2.89 metres, 19.22° for Walch
etal. (2017).

The synthetic Gradmag-Syn-car images achieve the best localisation performance and
agrees with the results of Bayesian BIM-PoseNet, but is different from those of BIM-
PoseNet and Walch et al. (2017), where Syn-edge images achieve the best performance.
However, for all approaches the performance of Gradmag-Syn-car and Syn-edge is quite
similar and noticeably better than that of the other types of synthetic images. Addi-

tionally, the bias or a shift in the location of the estimated points that was reported in
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BIM-PoseNet and Bayesian BIM-PoseNet is greatly reduced, especially for the network

fine-tuned using Gradmag-Syn-car dataset.
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Figure 6.7: The distribution of the (a) Location errors and (b) Estimated location uncer-
tainties along the trajectory for the network fine-tuned using Gradmag-Syn-car dataset.
The first row shows some of the frames with large location errors near Point A - E. Table
6.3 shows the errors and estimated uncertainties of the frames.

Table 6.3: The comparison of the errors and estimated uncertainties for the frames of
Figure 6.7.

Frame Location error Location uncertainties Rotation Rotational

(metre) (metre) error uncertainty
11 6.82 0.36 4.52° 0.09
149 7.60 0.41 2.85° 0.08
188 9.11 0.73 30.61° 0.16
250 5.92 0.68 9.67° 0.14
400 6.45 0.53 4.51° 0.09

568 6.91 0.53 15.16° 0.12
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Figure 6.8: Cumulative distribution function (CDF) of the (a) localisation errors and (b)
inter-frame distances of the predictions by BIM-PoseNet, Bayesian BIM-PoseNet and Re-
current BIM-PoseNet for Gradmag-Syn-car dataset.

Figure 6.7 (a) shows the distribution of the localisation errors and some of the frames
that resulted in largest errors along the trajectory for the network fine-tuned on Gradmag-
Syn-car dataset, to identify error-prone areas. Table 6.3 shows the localisation errors and
estimated uncertainties for these frames. The large errors are likely the result of poor
geometry of the scene, where the doors are far away from the camera, for example, Point
A. Other error sources include the motion blur that results in larger errors for the Point B,
C and D of the trajectory. Additionally, the objects that are present in the images, but not
in the 3D indoor model, such as the notice boards, poster and light flares (seen in Point
E and F), are sources of errors. The errors due to the perceptual aliasing near Point D in
Figure 6.7 (a), are reduced for Recurrent BIM-PoseNet (up to 6 metres) as compared to
BIM-PoseNet (up to 8 metres) and Bayesian BIM-PoseNet (up to 10 metres), for the same
part of the trajectory.

Figure 6.8 shows the cumulative distribution function (CDF) of the localisation errors
and the inter-frame distances of Recurrent BIM-PoseNet for Gradmag-Syn-Car images,
as compared with BIM-PoseNet, Bayesian BIM-PoseNet and Walch et al. (2017). The
localisation errors are calculated as the Euclidean distances from the ground truth trajec-

tory and the inter-frame distances are the Euclidean distances between two consecutive
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frames. It is evident that Recurrent BIM-PoseNet outperforms BIM-PoseNet, Bayesian
BIM-PoseNet and Walch et al. (2017) in terms of localisation errors. However, in terms of

inter-frame distances, only a slight improvement is identified.

6.3.6 Experiment 3: Modelling uncertainty using synthetic images

Figure 6.9 shows the correlation between the estimated uncertainties and the actual er-
rors for the networks. Figure 6.9 (a) - (i) shows the 1) localisation errors vs estimated
location uncertainties, 2) rotation error vs estimated rotation uncertainties, and 3) esti-
mated location uncertainties vs estimated rotation uncertainties for the networks fine-
tuned using the Syn-car, Syn-pho-real and Syn-pho-real-tex datasets. The network fine-
tuned using Syn-pho-real-tex dataset shows the highest correlation for location errors
vs estimated location uncertainties, and estimated location uncertainties vs estimated
rotation uncertainties, and similar rotational errors vs estimated rotation uncertainties,
compared to the network fine-tuned using Syn-pho-real dataset. With the exception of
the network fine-tuned using Syn-car dataset, there is an improvement in the correla-
tion of the location and rotational uncertainties for Recurrent BIM-PoseNet compared to
Bayesian BIM-PoseNet for Syn-pho-real (R = 0.50 vs R = 0.04) and Syn-pho-real-tex
(R =0.66 vs R = 0.33) datasets. However, the network fine-tuned using Syn-car dataset
shows a negative correlation with location errors vs estimated location uncertainties as
well as with rotation errors vs estimated rotation uncertainties. Also, the correlation of
the estimated location uncertainties vs estimated rotation uncertainties are least as com-
pared to the other datasets. Table 6.4 compares the correlation factor for the uncertainties
of Bayesian BIM-PoseNet with Recurrent BIM-PoseNet.

Figure 6.9 (j) - (0) shows the errors and the uncertainties for the networks fine-tuned
using Gradmag-Syn-car and Syn-edge datasets. It is identified that the network fine-
tuned using Gradmag-Syn-car dataset performs better as compared to the network fine-
tuned using Syn-edge dataset for rotation error vs estimated rotation uncertainty, and
estimated rotation uncertainty vs estimated location uncertainty. However, there is a
slight decrease in the correlation for the location error vs estimated location uncertainty.

Compared to Bayesian BIM-PoseNet, the correlation of estimated location uncertainty vs
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Figure 6.9: The uncertainty modelled by the network (a) - (c) fine-tuned using Syn-car and tested on real images, (d) - (f) fine-
tuned using Syn-pho-real and tested on real images, (g) - (i) fine-tuned using Syn-pho-real-tex and tested on real images, (j) -
(1) fine-tuned using Gradmag-Syn-car and tested on gradmag of real images, (m) - (o) fine-tuned using Syn-edge and tested on
gradmag of real images. The first column shows the estimated location uncertainty vs location error. The second column shows
the estimated rotation uncertainty vs rotation error, and the third column shows the estimated location uncertainty vs estimated

rotation uncertainty.
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Table 6.4: The comparison of error and uncertainties for Recurrent BIM-PoseNet with
Bayesian BIM-PoseNet.

Fine-tuned Bayesian Recurrent
on BIM-PoseNet BIM-PoseNet
Rru/Le Rru/rE Rru/ru | Rruy/Le RRru/rE Rru/ru
Syn-car 0.12 0.31 0.34 -0.32 -0.03 0.03
Syn-pho-real 0.36 -0.01 0.04 0.26 0.54 0.50
Syn-pho-real-tex 0.33 0.53 0.33 0.46 0.51 0.66
Gradmag-Syn-car | 0.42 0.50 0.59 0.29 0.49 0.65
Syn-edge 0.46 0.40 0.41 0.34 0.36 0.51

estimated rotational uncertainties improve for both the datasets and is summarised in
Table 6.4. Moreover, the location error vs estimated location uncertainty, and rotation
error vs estimated rotation uncertainty for the network fine-tuned using Gradmag-Syn-

car dataset is better as compared to Bayesian BIM-PoseNet (Table 6.4).

Figure 6.7 (b) shows the trend of the uncertainties modelled by the network fine-
tuned on Gradmag-Syn-car dataset, for the visualisation of the uncertain areas of the
trajectory. It is observed that there is a good correlation between the errors (Figure 6.7 (a))
and the uncertainties throughout the trajectory, except for Point A, where the errors are
large, but the modelled uncertainties are low. Recurrent BIM-PoseNet is more confident
in handling perceptual aliasing, for instance, near Point D in Figure 6.7. However, the
uncertainty of camera pose estimation increases in the presence of artefacts such notice

boards, posters and light flares and that explains the high uncertainties for Point E and F.

6.3.7 Computation times

Table 6.5 shows the fine-tuning times and test times of the networks for different window
lengths. A Tesla P100 GPU (@1.32 GHz) having a memory of 12 GB and a Xeon (@2.20
GHz) CPU was used for fine-tuning the networks. A memory of 64 GB was allocated
for the fine-tuning process and for testing a memory of 16 GB was allocated for all the
networks. A batch size of 25 was used to fine-tune the networks, except for the network
trained on a window of 15 images, where a batch size of 15 was used due to memory

constraints.
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Table 6.5: The fine-tuning time and test times for the networks using different window
lengths. The network with window length 1 is the implementation of BIM-PoseNet for
comparing times.

Window length  Fine-tune time (hrs) Test time GPU (millisec) Test time CPU (sec)

1 1:44 12 0.13
3 4:34 16 0.40
5 7:07 35 0.67
10 12:43 52 0.94
15 23:48 108 212

As most of the smartphones are equipped with a GPU (Sehgal and Kehtarnavaz,
2019), Recurrent BIM-PoseNet can run in real-time on such devices, deeming it suitable
for practical applications. However, there will be a lag in the camera pose estimation de-
pending on the window length. For instance, while using a window length of ten images,

there will be a lag of ten frames, which is feasible for real-time operations.

6.4 Conclusions

A deep Bayesian recurrent CNN is proposed that when fine tuned using sequences of
synthetic indoor images can estimate the camera pose for a sequence of real images. The
proposed approach eliminates any requirement of 3D reconstruction of the indoor space
by SfM approaches. The results of the experiments suggest that an accuracy of 1.6 metres
can be achieved by fine-tuning the proposed network using synthetic edge image se-
quences, that do not contain any colour or texture information, but only structural edges.

It is identified that a window of ten synthetic images is ideal for fine-tuning the pro-
posed network for camera pose regression. The estimated camera poses results in a
slightly smoother trajectory as compared to the existing approaches by exploiting the
spatio-temporal information of the image sequences. Moreover, it is showed that the

modelled uncertainty of the estimated camera poses is correlated with the errors.

The errors due to perceptual aliasing are reduced using image sequences as compared
to the previous approaches, and as a result, the proposed network estimates the camera

poses more accurately. The large errors are caused either due to the presence of motion
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blur or artefacts in the image, such as light flare or notice boards. Poor geometry of the
scene is another error source where the image landmarks such as doors cover a small
portion of the image being far away from the camera.

The accuracy of the proposed approach is suitable for many indoor applications such
as pedestrian navigation, but, this accuracy might not be suitable for autonomous robots,
such as unmanned ground vehicles. However, there is still some room of improvement
that points towards interesting future directions. The semantic information of the BIM
can be used to generate segmented images that can be used to fine-tune the proposed
network, to reduce the effect of the artefacts. At the test time, semantically segmented

real images (Long et al., 2015) can be used.
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Chapter 7

Conclusions

This thesis explores visual indoor localisation approaches that are infrastructure- inde-
pendent, are suitable for mass-market applications, and can be applied to ubiquitous
devices. Following that objective the thesis addresses the two challenges of the state-
of-the-art visual indoor localisation approaches, using a 3D building model. The first
addressed challenge is the accumulation of error for visual approaches like simultaneous
localisation and mapping (SLAM) and visual odometry. The second addressed challenge
is the requirement of 3D image-based reconstruction of the indoor space for camera pose
regression approaches using convolutional neural networks (CNN). Consequently, four
approaches namely BIM-Tracker, BIM-PoseNet, Bayesian BIM-PoseNet and Recurrent

BIM-PoseNet are proposed in the thesis to reach the research objectives.

The proposed approaches are suitable for applications such as augmented reality and
pedestrian navigation. Besides, these approaches are not prone to the accumulation of
error and do not depend on the 3D image-based reconstruction of the indoor space for
operation. The only requirement is a 3D building model that can be easily obtained from
a building information model (BIM) that is commonly created and maintained by ar-
chitects, construction engineers, and the facility managers. Therefore, the outcomes of
the research point towards the use of infrastructure-independent visual localisation ap-
proaches that can be adapted by most of the ubiquitous devices, and are suitable for
many mass-market applications. The following section outlines the main findings of the

research and the respective achievement of the research objectives.
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7.1 Achieved research objectives

The thesis fulfils the four research objectives and addresses the two challenges of the
state-of-the-art visual localisation approaches. The first research objective of the thesis
was to achieve centimetre level accuracy without any drift by integrating image infor-
mation with a 3D building model. The objective is fulfilled with BIM-Tracker, where
a drift-free visual localisation is performed by integrating image information with the
3D building model. The experiments with real data captured by a smartphone suggest
that a localisation accuracy better than ten centimetres can be achieved by BIM-Tracker.
Moreover, the estimated camera poses are suitable for augmented reality applications.

The second research objective was to perform camera pose regression of real images
without performing a 3D image-based reconstruction of the indoor environment by us-
ing synthetic images obtained from the 3D building model. The objective is achieved
with BIM-PoseNet where the requirement of 3D image-based reconstruction of indoor
space is eliminated for camera pose regression approaches using CNNSs, like PoseNet.
The proposed BIM-PoseNet uses synthetic images generated from a 3D building model
to perform camera pose regression with real images. It is identified that BIM-PoseNet can
perform pose regression of real images by learning from synthetic edge gradmag images
that do not contain any colour or texture, and the achievable accuracy is under two me-
tres. In addition, it is identified that BIM-PoseNet can perform camera pose regression
with low level-of-detail 3D building models, as well.

The third research objective was to model the uncertainty of camera pose estimates
by BIM-PoseNet using a Bayesian CNN. The objective is fulfilled with Bayesian BIM-
PoseNet that models the uncertainty of camera pose estimates with BIM-PoseNet. The
results of the experiments suggest that the modelled uncertainties are correlated with the
actual errors, and therefore the uncertainties provide confidence of the estimated camera
pose. Besides, the best localisation results are obtained by learning from the synthetic
edge gradmag images (similar to BIM-PoseNet), and accuracy of under 2 metres can be
achieved.

The fourth research objective was to reduce the errors of pose regression with real im-

ages for the networks that learn from synthetic images, by exploiting the spatio-temporal
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information of image sequences using recurrent CNNs. The objective is achieved with
Recurrent BIM-PoseNet that reduces the errors of camera pose regression of BIM-PoseNet
and Bayesian BIM-PoseNet by using the spatio-temporal information of synthetic image
sequences. Results of the experiments indicate that a localisation accuracy under 1.6 me-
tres can be achieved by Recurrent BIM-PoseNet using synthetic edge gradmag images
(similar to BIM-PoseNet and Bayesian BIM-PoseNet). Besides, the modelled uncertain-
ties of camera pose estimations show a correlation with the actual errors.

One of the major findings of the thesis is that the deep CNN pose regression networks
learn more from structural information (edges) rather than texture. This information is
repetitively validated with the experiments with BIM-PoseNet, Bayesian BIM-PoseNet
and Recurrent BIM-PoseNet.

7.2 Limitations and future directions

The experiments with synthetic and real data in Chapter 3 reveal that BIM-Tracker is
robust against moderate motion blur, occlusions and illumination variations. However,
the main limitation of BIM-Tracker is the inability to recover the camera pose after a
complete loss of tracking. The loss of tracking could be a result of extreme situations.
For instance, BIM-tracker fails under severe motion blur that can be a result of a sudden
rotation of the camera. Also, sharp rotations often result in the failure of tracking due to
the wrong initialisation of the next frame. Another failure case arises when there are no
visible building edges in the image due to the low field-of-view (FoV) of the camera, or
when the camera is very close to the wall. Furthermore, the loss of tracking can result
when the user takes the smartphone temporary for other purposes (e.g. making a call).
The future research directions for BIM-Tracker include the integration of approaches
that can provide the initial camera pose in the event of a tracking loss, such as Recurrent
BIM-PoseNet. Another possible future direction to mitigate the loss of tracking includes
the integration of sensors present in the smartphones such as inertial measuring units
(IMU) and using large FoV cameras. Additionally, one of the assumptions of BIM-Tracker

is that the motion of the camera follows a constant velocity model, and therefore Kalman
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Figure 7.1: An example of semantic segmentation (right image) of an indoor scene (left
image), after Zheng et al. (2019).

filtering was used. In practice, this assumption might be valid for controlled robotic local-
isation applications, however, for pedestrian navigation this might not always be valid.
Therefore, an additional research direction points towards the integration of extended
Kalman filtering to improve the robustness of the proposed method. Furthermore, BIM-
Tracker assumed that the camera intrinsic parameters are correctly obtained from the
calibration process. However, calibration errors can affect the accuracy of BIM-Tracker

and perhaps is another research direction.

Chapter 4 and 5 indicate that BIM-PoseNet and Bayesian BIM-PoseNet can learn
from synthetic edge gradmag images that do not contain any texture or colour infor-
mation, and can perform localisation with real images. However, the limitations of these
approaches include the lack of precision of pose estimates, high variance of estimated
distances between consecutive frames and high localisation errors (approximately two
metres). The large errors are a result of artefacts, motion blur and perceptual aliasing.
Chapter 6 proposes Recurrent BIM-PoseNet that uses spatio-temporal information of the
synthetic edge gradmag images. This strategy reduces the effect of perceptual aliasing,
and the median error is improved to 1.6 metres. However, the large errors of Recurrent

BIM-PoseNet are due to motion blur and artefacts.

The other future directions include the use of semantic information from the BIM
to generate segmented synthetic images which can be used to reduce the effects of the
artefacts. Figure 7.1 shows an example of the use of segmented images. Next, in Chapter

4 it is demonstrated that BIM-PoseNet can perform localisation with a low level-of-detail
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3D building model. Therefore, BIM-PoseNet can potentially work with 3D models derived
from 2D floor plans by extruding the walls, and verifying the same can be a part of future
work. Additionally, we have explored the localisation accuracies for BIMs having LoD
200 and LoD 300 in Chapter 4, and we leave the verification of the effects of LoD 350,

LoD 400 and LoD 500 on the localisation accuracy as a part of future work.

Another future direction would be the use of constraints from the 3D building model
so that the estimated camera poses are inside the navigable area of the indoor space.
This constraint can be incorporated in the loss function that will be optimised during the
fine-tuning process. Also, the localisation performance of shallow networks that operate
real-time in smartphones and mobile platforms, such as SqueezePoseNet (Miiller et al.,
2017), can be evaluated as a part of future work.

The experiments performed in the thesis were conducted in a university corridor,
and the future research can explore the applicability of all these methods in larger and
less constrained indoor environments, such as large halls, or open spaces such as multi-
storey shopping malls, or perhaps in outdoor environments. Additionally, for the scope
of the research it was assumed that the BIM is a correct representation of the physical
space, and there is no inconsistency (apart from measurement errors during creation of
the BIM). However, in practice, due to the dynamic nature of the indoor spaces, this
assumption might not always be valid. Although the proposed methods can handle this
inconsistency to some extent, they might fail under certain situations, for instance in a
construction site. Therefore, future experimentation is required to assess the performance

of the proposed approaches in environments whose structures change with time.

7.3 Recommendation and applications

BIM-Tracker has localisation less than 10 centimetres, which makes it suitable for many
applications, such as pedestrian navigation, augmented reality and autonomous robots,
such as unmanned ground vehicles. For the ideal operation of BIM-Tracker, a medium
field-of-view (approximately 90°) camera operating in a landscape orientation and cap-

turing high-resolution images is recommended. Additionally, the 3D building model
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that is used for the localisation needs to be accurate. Any discrepancy of the 3D building
model with the indoor space will result in the artefacts in the image which can result in
increased localisation errors or perhaps loss of tracking. Moreover, for a smooth opera-
tion of BIM-Tracker, the camera needs to be away from the walls to have a good view of
the structural elements of the building.

BIM-PoseNet, Bayesian BIM-PoseNet and Recurrent BIM-PoseNet achieve localisa-
tion accuracy in the range of 1.6 — 2 metres, and can be used independently of BIM-
Tracker. While this accuracy is suitable for pedestrian navigation, it is not suitable for
autonomous robots. For ideal operation of these approaches, the 3D building model
needs to be an accurate representation of the indoor space (similar to the case of BIM-
Tracker). As the modelled uncertainty is an indication of the change in the scene, one of
the interesting future applications using the uncertainty can be change detection. This
detected change can perhaps be used to update the 3D building model automatically.

Regarding computational times, BIM-Tracker can be optmised to run on CPU in real-
time by implementing in proper language (such as C++) and platform, and therefore can
be utilised for robotic localisation in indoor spaces. Also, BIM-PoseNet and the related
approaches can be optmised to run on real-time on platforms such as NVIDIA nano that

contains on-board GPUs.
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