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Abstract 

Accurate and robust indoor navigation systems are crucial in fields like robotics and 

autonomous vehicles. In the absence of an absolute positioning system like GPS, there is 

no single sensor that can provide an accurate and robust indoor navigation solution. The 

presented thesis tackles the indoor navigation challenge using two approaches; multi-

sensor fusion and semantic information. In the first approach, visual odometry is enhanced 

by the fusion of inertial sensors and wireless ranging measurements. The fusion filter is 

based on Extended Kalman Filter (EKF). Stereo vision can provide 3D positioning by 

triangulating visual features. However, depth estimation errors and expensive computation 

are key challenges. The developed multi-sensor system has dual-mode where stereo vision 

is applied first to estimate inertial sensor biases. Once converged, the estimated biases help 

the system to switch to a monocular mode which reduces the system complexity and 

enables the tracking of faster movements with higher frame rates. As both visual and 

inertial tracking are drifting solutions, wireless ranging/positioning is integrated into the 

system to provide absolute global positioning and ensure overall accuracy. In the second 

approach, an improved Visual Simultaneous Localization and Mapping (VSLAM) solution 

using semantic segmentation and layout estimation is developed. The system utilizes 

advanced semantic segmentation and indoor layout estimation to optimize map 

representation and increase positioning accuracy. A testbed has been developed to collect 

indoor multi-sensor data and to perform experiments and analysis. Out of this thesis work, 

three conference papers were published, one journal paper was published, in addition to 

one journal paper and one conference to be submitted.  
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Chapter  1: Introduction 

This chapter will provide brief background information about indoor and visual 

navigation systems, followed by a discussion of the common challenges in the field. Then, 

the motivation and objectives of the thesis work are presented. Subsequently, the 

contributions of the thesis work are discussed, and a list of publications is provided. Lastly, 

the chapter is concluded with the structure and organization of the thesis chapters. 

1.1 Background 

Indoor positioning and navigation are extremely important given the absence of 

Global Navigation Satellite Systems (GNSS) such as GPS indoors. Indoor navigation can 

be addressed using different sensor technologies such as vision, inertial, and range sensors. 

Vision sensors have attracted researchers' attention due to their lightweight and cost-

effective characteristics [1]. In addition, they provide rich information about the 

environment. Therefore, visual navigation and localization have become fundamental 

capabilities of autonomous mobile agents [2]. In an ideal scenario, a map of the 

environment where the autonomous agent is operating is available. The moving agent uses 

its camera feed to accurately track its motion and observe the visual points and landmarks 

to localize itself. However, the localization task is expected to be performed without a map 

in an unknown environment in many applications. In the absence of a map, the problem is 

redefined to either a Visual Odometry (VO) problem that requires only tracking the agent’s 

location or a Visual Simultaneous Localization and Mapping (VSLAM) [3] problem where 

joint estimation of the trajectory and the environment model is calculated.  

Visual navigation research has been undertaken since almost 1980. Although the 

first two decades witnessed many offline implementations, real-time working systems 
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flourished only in the third decade, which has led visual navigation systems to be used on 

another planet by two Mars-exploration rovers for the first time [4]. Visual navigation can 

be performed using a single camera or multiple cameras.  Stereo cameras allow a 

straightforward motion scale estimation through feature point triangulation; however, 

processing two camera streams require higher processing power limiting the overall frame 

rate. On the other hand, monocular cameras are incapable of observing the true scale of the 

world and can only estimate the map and camera trajectory up to a scale. In addition, the 

scale can drift, resulting in dissimilar scales for distant portions of the map. Additional data 

sources such as IMU or known distances on the map are required to scale the estimated 

solution properly. 

 Visual navigation tasks are performed accurately in a real-time fashion by the 

human brain. Whenever we are in motion, we use our visuals alongside the motor and 

inertial sensors to either localize ourselves or build spatial memories while navigating to 

exploit the future [5]. Also, our brain performs semantical and geometrical analysis of the 

environment to optimize the map representation and compensate for the errors in its 

position estimation. 

 Many visual localization (direct and feature-based odometry) [6] and SLAM 

(filtering and optimization) solutions have been presented in the literature. All available 

building on the mathematical SLAM problem formulation was laid in the late ’80s when 

the available technologies limited behavioural neuroscience and spatial memories studies. 

With the recent revolutionary finding in machine learning and virtual reality alongside 

neuroscientific studies, the SLAM problem needs to be revisited with the human brain 

navigational solution in mind. 
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1.2 Motivation 

While the visual navigation problem could be considered solved from the 

theoretical and mathematical point of view, it is still an active field of research in its 

practical aspects. Robustness and accuracy solutions are still open challenges. The term 

accuracy describes how close the estimated trajectory is to the ground truth, while the 

system’s robustness shows if the system is capable of tracking its position in all timesteps 

and the system’s ability to recover from tracking loss. Tracking scattered feature points 

without relating them geometrically or semantically decreases the chances of track loss. 

Additionally, visual SLAM systems are affected by the repetitive indoor structures, which 

could severely confuse the system into reporting a wrong loop. Moreover, in a real-world 

scenario, sensory measurements are contaminated by different sources of error and noise, 

which, if not compensated and complemented, significantly degrade the accuracy of 

localization. Hence, the general problem that this Ph.D. research targeted is to utilize sensor 

fusion and machine learning approaches to build robust and accurate indoor visual 

navigation system systems. 

1.3 Objectives 

The main objective of this Ph.D. study is to apply sensor fusion and machine learning 

techniques to achieve the following goals:  

• Enhancing the performance of visual odometry during partial occlusions. 

• Reducing the complexity of stereo platforms using an inertial-aided single camera. 

• Using inertial sensors to increase the processing rate of vision navigation systems. 

• Minimizing global drifts due to scale inaccuracies and visual features tracking 

errors. 
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• Enhancing robustness and handling loop closures inaccuracies of VSLAM systems. 

1.4 Contributions 

To achieve the thesis goals, the following contributions have been achieved: 

• The thesis developed and tested a hybrid vision-inertial fusion scheme that applies 

Kalman filtering to enhance the performance of indoor visual navigation systems 

against partial occlusions. The proposed system maintains the stereo vision system-

level accuracy using a single camera aided by inertial sensors while achieving 

higher frame rates. 

• The developed fusion filter is further enhanced by integrating measurements from 

UWB positioning observations. The filter design considers the platform motion 

physical limits as a non-holonomic constraint, further enhancing overall accuracy 

and robustness. 

• Inspired by neuroscience observations of how humans naturally navigate indoors, 

an improved visual SLAM system was developed using semantic segmentation and 

indoor layout estimation technologies to optimize the map representation and 

increase the positioning accuracy by imitating the human brain navigational and 

spatial representation approaches. 

• An embedded platform was developed to perform real-time multi-sensor 

synchronized logging and visualization of multiple navigational sensors’ data. The 

platform is a testbed that can support future research in the indoor navigation field. 

1.5 List of Publications 

In the pursuit of the thesis research, the following papers have been published/submitted: 
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1.6 Outline 

The Thesis organization is as follows: Chapter 2 is devoted to background and 

literature review, including visual odometry, visual SLAM problem, inertial navigation and 

UWB positioning. Chapter 2 also includes a comparison and performance analysis of direct 

SLAM and feature-based SLAM approaches, which discusses the robustness and real-time 

issues of the tested algorithms. The chapter also discusses the robustness and real-time 

issues of SLAM algorithms. Chapter 3 illustrates the design and implementation of a multi-

sensor navigation/logger embedded platform. The platform was developed to collect 

synchronized data indoors. Chapter 4 demonstrates a hybrid visual-inertial odometry 

system that combines the benefits of stereo and monocular vision positioning systems. The 

chapter then presents the sensor fusion system that integrates UWB-ranging sensors with 

IMU and stereo vision. Chapter 5 discusses the neuroscientific finding in navigational 

behavioural and spatial memory formation and then presents the design and the 

implementation of an improved VSLAM system using semantic segmentation and layout 

estimation. Finally, the thesis is concluded, and the future work directions are presented in 

Chapter 6. 
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Chapter  2: Background and Related Work 

Indoor navigation systems are increasingly needed for different applications such 

as asset/people tracking and robotics. Although Global Positioning System (GPS) is widely 

used for positioning in numerous applications, it cannot be used for indoor navigation 

systems as the walls of buildings block satellite signals. As a result, other positioning 

sensors/systems are commonly used. Common sensors include inertial, visual, and local 

wireless ranging sensors. Individual sensors have limitations that make it impossible to rely 

on one system or sensor to provide indoor navigation. This chapter discusses the various 

current approaches used to find the location of a moving platform in an indoor 

environment. In this work, we have used the vision sensor as the main technology and other 

sensors (i.e., IMU and UWB) as aiding sources. Therefore, the chapter will start with an 

extensive background on visual navigation systems 

2.1 Visual Navigation Systems 

Visual navigation is accurately tracking the camera's ego-motion using the image 

sequence it receives as input. The camera as a sensor is cost-effective, lightweight, and 

provides rich information, making it suitable for navigation, mapping, obstacle detection, 

and path planning applications. Vision sensors are influenced by lighting conditions, the 

distortion caused by rapid motion, and their limited field of view. The initial objective of 

the visual navigation research was to develop visual odometry (VO) solutions that 

accurately estimate the camera trajectory by finding the relative transformation between 

two consecutive camera frames. Nevertheless, visual odometry methods were susceptible 

to the unbounded drifts inherent to all odometry solutions. These unbounded errors led 

researchers to construct environment models concurrently with trajectory estimation, 
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resulting in visual simultaneous localization and mapping systems (VSLAM). In this 

section, the primary steps of visual odometry and the fundamentals of VSLAM are 

described. 

2.1.1 Visual Odometry 

 In VO solutions, motion tracking is achieved by tracking visual feature points in 

the environment. Observing how the relative pose between the camera and the tracked 

points evolves from one frame to the next incrementally builds the camera trajectory. 

Tracked points should be distinctive and reliably and repeatedly detected in images of the 

same scene, ideally under different viewpoints and illumination conditions. Once features 

have been extracted, the image can be discarded as feature-based methods only operate on 

these features.  

 

Figure 2.1 Epipolar Geometry of Stereo Vision. 

 

 Working on only features is faster and more accurate than direct methods. 

Therefore, most VO implementations rely on feature points. The main limitation of these 

approaches is that they can only work in texture-rich environments. Lack of texture can 

make feature-based methods perform very poorly or lose track. Using the Epipolar 
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constraint - illustrated in Figure 2.1- a stereo system could directly estimate the depth of 

any point in the stereo camera view by triangulation [7]:  

  𝑍 = 𝑓. 𝐵/(𝑥𝑙 − 𝑥𝑟), (2.1) 

Where 𝑍 is the point depth, 𝑓 is the focal length 𝐵 is the baseline, and (𝑥𝑙 − 𝑥𝑟) is the 

disparity between the two images. The basic components of any VO solution are shown 

in Figure 2.2: 

 

Figure 2.2. Visual Odometry Block diagram. 

 As illustrated in Figure 2.2, feature-based VO solutions have five main steps; each 

has been considered an independent research problem and has many solutions in the 

literature; each of these steps could be briefly summarized as follows: 

Feature detection: The image is searched for salient keypoints that are likely to 

match well with other images. A local feature is an image pattern that differs from its 



 23 

immediate neighbourhood in intensity, colour, and texture. The machine vision literature 

offers many corner point detectors such as Moravec [8], Forstner [9], Harris [10], Shi-

Tomasi [11], and FAST [12], or blob detectors such as SIFT [13], SURF [14], and 

CENSURE [15]. For each keypoint, a descriptor is computed by operating on a patch of 

pixels around it; that descriptor is typically a vector of binary or real values of a certain 

length. Descriptors enable key-point matching across images simply by comparing their 

descriptors.  

Feature Matching/Tracking: In this step, the extracted features from one image 

are searched for in another image. Feature matching detects features independently in the 

images and matches them based on some similarity metrics. In contrast, feature tracking 

consists of finding features in one image and then tracking them in the following images 

using a local search technique. Also, feature correspondences should not contain wrong 

data associations, namely outliers, for an accurate motion computation. Therefore, for the 

camera motion to be estimated accurately, outliers must be removed.  

 The solution to outlier removal is taking advantage of the geometric constraints 

imposed by the motion model. Robust estimation methods can be used, such as M-

estimation [16], case deletion, and explicitly fitting and removing outliers [17]. In the 

presence of many outliers, RANSAC [18] has become the standard method for model 

estimation. RANSAC is a probabilistic and nondeterministic method, as previously stated 

[19]. As a result, it produces a different solution on each run; however, the solution 

becomes more stable as the number of iterations increases. 

Motion Estimation: The camera motion between the current and previous images 
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is computed in this step. By concatenating all these single movements, the entire trajectory 

of the camera and the agent (assuming that the camera is rigidly mounted) can be recovered. 

Transformation 𝑇𝑘 between two images 𝐼𝑘−1 and 𝐼𝑘 can be computed from two sets of 

corresponding features 𝑓𝑘−1 , 𝑓𝑘 at time instants 𝑘 − 1 and 𝑘, respectively. Three different 

methods depending on whether the feature correspondences are specified in two or three 

dimensions. 

• 2-D-to-2-D: In this case, both 𝑓𝑘−1 and 𝑓𝑘 are specified in 2-D image coordinates. 

• 3-D-to-3-D: In this case, both 𝑓𝑘−1 and 𝑓𝑘 are specified in 3-D. It is necessary to 

triangulate 3-D points at each instant to acquire the 3-D point representations. 

• 3-D-to-2-D: In this case, 𝑓𝑘−1 are specified in 3-D and 𝑓𝑘 are their corresponding 

2-D reprojections on the image  𝐼𝑘.  

Nister et al. [20] pointed out that motion estimation from 3-D-to-2-D correspondences is 

more accurate than 3-D-to-3-D correspondences. It minimizes the image reprojection error 

instead of the 3-D-to-3-D feature position error, eliminating the errors generated from 

wrong depth estimations. The transformation  𝑇𝑘 is computed from the 3-D-to-2-D 

correspondences 𝑋𝑘−1 and 𝑝𝑘 : 𝑋𝑘−1 can be estimated from stereo data. The general 

formulation, in such a case, is to find  𝑇𝑘 that minimizes the image reprojection error. 

 

argmin
𝑇𝑘

∑‖𝑝𝑘
𝑖 − �̂�𝑘−1

𝑖 ‖
2

𝑖

, (2.2)  

where  �̂�𝑘−1
𝑖  is the reprojection of the 3-D point 𝑋𝑘−1

𝑖  into image 𝐼𝑘 according to the 

transformation 𝑇𝑘 . This problem is known as perspective n points (PnP) (or resection), 

and there are many different solutions to it in the literature [21].  
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 Local optimization and bundle adjustment: Since VO works by computing the 

camera path incrementally (pose after pose), the errors introduced by each new frame-to-

frame motion accumulate over time; this generates a drift of the estimated trajectory from 

the actual path. Therefore, it is essential to keep drift as small as possible, which can be 

done via local optimization over the last m camera poses. This approach, called sliding 

window bundle adjustment or windowed bundle adjustment, has been used in several 

works, such as  [22], [23], [24], [25]. In particular, in a 10-km VO experiment, Konolige 

et al. [24] demonstrated that windowed-bundle adjustment could decrease the final 

position error by a factor of 2–5.  

 This iterative refinement works by minimizing the sum of the squared reprojection 

errors of the reconstructed 3-D points over the last m images (i.e. local map). The 3-D 

points are obtained by triangulation of the image points.  Given a correspondence between 

a 3D point in world coordinates 𝑋𝑊 and a 2D key-point 𝑥𝐶 in a monocular camera, the 

reprojection error 𝑒𝑝𝑟𝑜𝑗 is computed as follows: 

 
𝑒𝑝𝑟𝑜𝑗 = 𝑥𝐶 − 𝜋𝑚(𝑹𝐶𝑤𝑿𝑤 + 𝑷𝑐

 
𝑤), 

(2.3) 

where 𝑹𝐶𝑊 ∈ 𝑆𝑂(3) and 𝑷𝑊𝐶
  are the rotation and translation of the inverse of the camera 

pose, which transforms points from world to camera coordinates. The optimization of the 

positions of a set of points Ƥ and the poses of a set of cameras 𝐶, minimizing the 

reprojection error, is called Bundle Adjustment (BA) [26]: 
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where 𝑥𝑖
𝑗
is the key-point associated with the 3D point 𝑿𝑤

𝑗
 in camera 𝑖, Σ𝑖

𝑗
𝑖s the covariance 

of the location of keypoint 𝑥𝑖
𝑗
 on the image of camera 𝑖, ‖. ‖∑ is the Mahalanobis distance, 

and 𝜌 is a robust cost function to down-weight outlier correspondences.  

 Triangulation and Keyframe Selection: Motion estimation and bundle 

adjustment steps require triangulating 3-D points from 2-Ds image correspondences. 

Triangulated 3-D points are determined by intersecting back-projected rays from 2-D 

image correspondences of at least two image frames. In perfect conditions, these rays 

would intersect in a single 3-D point. However, image noise, camera model and calibration 

errors, and feature matching uncertainty never intersect. As a result, the point at the 

shortest distance from all rays can be used. When frames are taken at nearby positions, 3-

D points exhibit very large uncertainty. A common way to avoid this is to skip frames until 

the average uncertainty of the 3-D projections decreases below a certain threshold. The 

selected frames are called keyframes. Keyframe selection is essential in VO and should 

always be done before updating the motion. 

2.1.2 Visual Simultaneous Localization and Mapping 

 In Simultaneous Localization and Mapping (SLAM), the system is incrementally 

building a map representation while tracking its position [27]. In this section, the SLAM 

problem formulation is discussed then we introduce the graph SLAM approach.  

SLAM Problem Formulation: 

The accuracy of the trajectory estimation and map formulation is mutually 

dependent. SLAM solutions use the constructed map to allow localization in the same 

environment without continually accumulating drift. Also, accurate position estimation is 

crucial as an inaccurate localization will produce an erroneous map, making inferring 
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precise future positions even harder [28]. Figure 2.3 is a simple illustration of SLAM 

unknowns.  
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Figure 2.3 Localization and Mapping Unknowns. 

 

SLAM solutions correct VO drifts by recognizing previously visited places and then 

eliminating the drifts accumulated between the two visits. This process in SLAM is called 

a loop closure, illustrated in Figure 2.4.  

 

Figure 2.4 Loop Closure Illustration. 
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However, recognizing a previously visited place requires the observed landmarks to be 

associated with one of the landmarks on the map [29]; this process is called data 

association. A false-positive data association could result in an unusable map and the 

system losing track of its position. The complexity of the SLAM problem comes from the 

noise in sensor measurements. These erroneous measurements make neither the pose 

estimation nor the perceived environment structure estimated accurately. SLAM solutions 

are usually approached using probabilistic approaches to cope with uncertainties. 
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Figure 2. 5. Essential SLAM Problem Formulation. 

 Consider a mobile platform moving through an environment taking relative 

observations of several unknown landmarks using a sensor located on the system, as 

shown in Figure 2. 5. 

At any time instance 𝑘, the following mathematical quantities should be estimated: 

• 𝑥𝑡 :    The state vector that describes the location and orientation of the vehicle. 
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• 𝑢𝑡 :   The odometry vector, at time  𝑡 − 1  that  drives the system to the state  𝑥𝑡 at 

time  𝑡. 

• 𝑚𝑖 :   A vector describing the location of the  𝑖𝑡ℎ  landmark whose actual location is 

assumed time-invariant. 

• 𝑧𝑖𝑡 : the observation was taken to the relative pose of the 𝑖𝑡ℎ landmark at time 𝑡.  

In probabilistic form, the online SLAM problem could be expressed as: 

 
𝑃(𝑥𝑡 , 𝑚|𝑧1:𝑡, 𝑢1:𝑡), (2.5) 

 

Figure 2.6 SLAM Solution Taxonomy 

 For many years, filter-based methods, such as extended Kalman filters or particle 

filters, have been mainstream SLAM solutions. However, the past decade witnessed 

technological and mathematical evolution, which led the focus of recent developments 

away from filtering toward nonlinear least-squares optimization approaches that exploit 

the sparsity inherent in the SLAM problem. Figure 2.6 shows the taxonomy of the 

approaches that SLAM solutions use to estimate the trajectory and the environment model 

jointly. 
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Graph-Based SLAM: 

 State-of-the-art SLAM solutions reformulate the SLAM problem as a least-squares 

optimization problem and use nonlinear optimization approaches to solve it. Such SLAM 

solutions usually have a typical structure that divides the system into two parts, a so-called 

front-end and a back end.  

Sensor Data 
Processing

Data 
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OptimizationBuild Factor 
Graph

Sensor 
Data

Map and 
Trajectory

Front End Back End

 

Figure 2.7. Graph SLAM Framework 

Figure 2.7 illustrates the flow of information in a graph SLAM system. The front-end 

performs the typical visual odometry to estimate the localization priori for the optimization 

problem and creates a factor graph [30]. The second part of a graph SLAM system is called 

the back end, which solves the optimization problem encoded in the graph to gain a map 

and a position estimation. Then, the back end solves the optimization problem by finding 

the graph nodes' configurations that best align with the received measurements. Factor 

graphs are a powerful probabilistic tool for factorization over probability distributions. 

 The current standard formulation of Graph-SLAM has its origins in the work of F. 

Lu et al. [31], followed by [32]. Since then, numerous approaches have improved the 

efficiency and robustness of the optimization underlying the problem [33], [34], [35], [36], 
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[37], [38].  These approaches treat the SLAM task as a maximum a posteriori estimation 

(MAP) problem, and they frequently employ the formalism of factor graphs graphs [30] to 

reason about variable interdependence. Large-scale SLAM has been demonstrated to scale 

well with these graph-based representations [39], [40], [41]. 

 Unlike Kalman filtering, MAP estimation does not require a clear distinction 

between observation and motion models; both are treated as factors and seamlessly 

integrated into the estimation process. Graph-based SLAM solutions have many 

advantages over filter-based approaches: 

• Graphs allow for a clear visual representation of the problem. Figure 2.8 depicts 

the factor graph of a typical SLAM problem. The sequence of camera 

nodes, 𝑥1, 𝑥1, …  are linked to odometry commands, 𝑢1, 𝑢2, … that constrain the 

camera's relative poses, 𝐶1, 𝐶2, … camera calibration parameters 𝐾 could also play 

a role.  

• Simple incorporation of the loop-closure factors as relative pose constraints by 

registering previously visited landmark observations with current views.  

• Furthermore, factor graphs can incorporate additional sensory data, such as inertial 

measurement units (IMU), to improve camera trajectory and mapping accuracy. 

• The sparsity of the factor graphs enables fast linear solvers [41], [42]. Moreover, 

it allows the implementation of online solvers, which update the estimate of 𝑋 as 

new observations are acquired [36].  
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Figure 2.8. Illustration of Pose SLAM problem 

 Current SLAM libraries (e.g., GTSAM [40], g2o [43], Ceres [44], iSAM [42], and 

SLAM++ [45]) are able to solve problems involving tens of thousands of variables in a 

matter of seconds. Noticeably, EKF SLAM and Graph-SLAM estimation performance get 

comparable when the linearization point for the EKF is accurate, which happens in visual-

inertial navigation problems [46],[47], [48]. 

2.1.3 Performance Analysis of Common VSLAM Frameworks 

This section conducts a performance analysis of two existing open-source V-SLAM 

solutions, ORB-SLAM2 [49] and LDSO-SLAM [50]. These two solutions are considered 

the de facto V-SLAM approaches. Multiple SLAM solutions comparisons are presented in 

the literature. In [51], a theoretical comparison of many monocular VSLAMs, including 

ORB-SLAM and direct sparse odometry (DSO). Additionally, [50], [52] presented 

accuracy and robustness analysis between different V-SLAM solutions on publicly 

available datasets. This section performed further analysis to study the real-time 

performance and accuracy bottlenecks of common VSLAM frameworks. It is worth 

mentioning that we have tested more recent feature-based open-source solutions such as 
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SOFT-SLAM [53], OV2-SLAM [54], OpenV-SLAM [55], Kimera [56] and ORB-SLAM3 

[57]; however, these solutions are based on the original ORB-SLAM2 work and with 

comparable or similar performances and weaknesses. 

ORB-SLAM2 

Mur-Artal et al. build on their previous work ORB-SLAM [49] by presenting ORB-

SLAM2 [58]. ORB-SLAM2 is a feature-based SLAM system that extracts FAST features 

and calculates its ORB feature descriptors. The detected features are used throughout all 

the ORB-SLAM2 threads because ORB features are robust against feature rotation. 

Additionally, ORB descriptors have a lower time complexity than other popular descriptors 

(SIFT and SURF) while maintaining a high matching accuracy.  

 

Figure 2.9 ORB-SLAM2 Flow Diagram. 

ORB-SLAM2 can be used with a monocular camera as an input, similar to the 

original ORB-SLAM, or stereo or depth cameras to increase accuracy by removing scale 

ambiguity. The system has three threads: tracking, local mapping, and optimization. Figure 



 34 

2.9 shows the ORB-SLAM2 flow diagram. Although stereo and depth cameras are used to 

reduce scale error, the back-end tracking and optimization process for these two sensors 

are identical to that for the monocular camera. The system begins by extracting keypoint 

features and calculating the descriptor associated with them. The image frame is fed into 

the tracking thread. Once the system has been initialized, it uses Random Sample 

Consensus (RANSAC) [18] to find enough matches between the current and previous 

frames'. It then uses these matches to estimate the current camera pose based on the 

previous frame's camera pose prediction and then tracks the local map. Finally, the tracking 

thread checks if the local map needs a new keyframe to be inserted.  

 ORB-SLAM2 processes only keyframe to generate new map points and 

optimization because most frames contain redundant information that is not worth 

maintaining. The Bag-of-Words (BOW) technique accelerates the ORB descriptor 

matching. BoW [59] is a method for visual location recognition. The descriptor matching 

speed can be increased by constructing a vocabulary tree and discretizing a binary 

descriptor space. 

 The redundant and invalid keypoints and keyframes are deleted to reduce memory 

and computing costs. The number of keyframes would not continue to grow indefinitely if 

the scene remained static. ORB-SLAM2 reduces the computing cost of the optimization 

thread by utilizing two new graph structure concepts: visibility graph and essential graph. 

Otherwise, redundant keyframes would increase the number of the optimization graph 

edges, making the optimization task more complex. The Covisibility graph is a weighted 

undirected graph. Each node represents a keyframe, and an edge exists between two 

keyframes if they share a threshold number of observations of the same map points. The 
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edge's weight is equal to the number of shared map points. The essential graph is the 

visibility graph's minimum spanning tree. 

 ORB-SLAM2 continuously optimizes map points and keyframes throughout its 

runtime. Once the pose of the new frame is approximated in the tracking thread, the system 

optimizes the local map using bundle adjustment (BA) to obtain a more accurate pose 

estimate [26]. When a new keyframe is created, the system optimizes the current keyframe 

and the frames connected to it in the co-visibility graph using local BA. Additionally, 

global BA is used to optimize the essential graph when the system detects a loop. The pose 

of map points is refined as new keyframes arrive, as they would be seen from various 

perspectives. 

 ORB-SLAM2's superior performance has been demonstrated on various publicly 

available datasets [58], [49]. However, it has several flaws. To begin, the initialization step 

is time-consuming. A valid initial map requires a large number of keypoints. As a result, 

initializing the system typically takes some time, even in an environment rich in features.  

LDSO-SLAM 

 As a large-scale, direct monocular SLAM solution, Engel et al. presented LDSO-

SLAM [60]. While ORB-SLAM2 adopts the traditional VO steps presented in section 

2.1.1, LDSO tracks the camera position by operating directly on the pixel’s intensity. 

LDSO is a sparse version of the dense LSD-SLAM [61] and follows its general design and 

flow diagram. Tracking, depth map estimation, and map optimization are the three main 

threads of LDSO-SLAM. The solution presented a novel scale-aware image alignment 

algorithm that directly estimates the transformation matrix between two frames. In 
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addition, LDSO-SLAM estimates depth using probabilistically consistent incorporation in 

tracking to reduce scale drift. The LDSO-SLAM flow diagram is presented in Figure 2.10. 

 
Figure 2.10 LDSO-SLAM Flow Diagram. 

An initial map is created with a random depth map and a significant variance from 

the first keyframe during the initialization step. When the system receives a new image, 

the tracking thread minimizes the variance-normalized photometric error to estimate the 

transformation matrix between the current and reference keyframes. Photometric error 

measures the difference in intensity between two frames based on the assumption that a 

point's projections in different frames have the same intensity. Let the intensity of point 𝑝 

in frame 𝑖 with the pose, 𝑇𝑖 is represented by 𝐼 (𝑝, 𝑇𝑖 ). The photometric error between 

frames 𝑖 and 𝑗 is: 

𝑒𝑖𝑗 = ∑ (𝐼 (𝑝, 𝑇𝑖)  −  𝐼 (𝑝, 𝑇𝑗 ))𝑝∈𝑃 ,                        (2.6) 
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𝑃 stands for all of the points in the frame. By minimizing the photometric error, 𝑒𝑖𝑗, the 

relevant alignment similarity transform matrix between frame 𝑖 and frame 𝑗, 𝑇𝑖𝑗 = 𝑇𝑗𝑇𝑖
−1 

can be estimated. The system creates a new keyframe from the current frame if the camera 

moves too far away from the existing map. Otherwise, the map is refined according to the 

current frame by the system. Each keyframe created is saved in the map structure, which 

triggers the optimization thread. 

 LSD-SLAM algorithm proposed a method for performing direct, scale-drift aware 

image alignment on transformation matrix by using the photometric residual 𝑒𝑖𝑗. 

Furthermore, all keyframes in the map are scaled to have a mean inverse depth of one. As 

a result, because all keyframes are optimized simultaneously on the same scale, LDSO-

SLAM performs well in a large-scale environment. To detect large-scale loop closures, like 

ORB-SLAM2, LDSO-SLAM uses a feature-based mapping algorithm. The closest 

keyframes are then chosen to use reciprocal tracking checks to prevent the insertion of false 

or incorrectly tracked loop closures. Finally, the system optimizes the map using g2o [62], 

[63]. 

 LSD-SLAM and LDSO-SLAM have some flaws as well. As mentioned in the 

original paper on LSD-SLAM, it necessitates a very precise initialization. If the tracking is 

affected by a texture-less area or variations in lighting, pose estimation accuracy decreases 

[61]. LDSO-SLAM will not work in a dynamic environment because objects interfere with 

image alignment. LDSO-SLAM and direct SLAM, in general, are sensitive to noise in the 

frame because it affects depth estimation. 
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Datasets 

The tests were performed on data collected at the Minto Case and the Mackenzie 

Buildings at Carleton University in Ottawa. The data collection stage used two different 

stereo cameras, Intel Realsense T265 [64] and StereoLab ZED2 [65]. Realsense T265 is 

equipped with fisheye lenses and provides gray-scale images. StereoLab ZED2 has 

standard lenses, and both provide position estimation using built-in tracking solutions. 

Seven different image sequences were collected in different scenarios, four ZED2 cameras 

and three T265 sequences. Due to the absence of a ground truth indoors, we compared the 

estimated trajectory of the proposed solution to the built-in Intel Realsense trajectory 

solution.  

 Lab sequence is a short sequence collected by the ZED2 camera in a laboratory 

area. The environment is very well lit with natural light and highly textured, making this 

sequence perfect for visual tracking applications.  

 Square sequences: are two short sequences with each camera in a square-shaped 

corridor. The place was artificially lit and had a moderate number of visual features.  

 Stairs sequences: we recorded two image sequences in the same environmental 

conditions as the square sequences. However, the sequences were more complicated, 

traversing between two floors using the stairs and moving under different light sources in 

two different building sections.  

 Finally, Eight-shape sequences: again, both cameras were used in an eight-shape 

trajectory on a low-textured floor with very repetitive scene appearances and combined 

normal and artificial light sources.  
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Evaluation Metrics 

In this performance analysis, three metrics have been used; root mean squared 

error, frame rate, and memory usage. The three metrics are described as follows: 

Root Mean Squared Error (RMSE): The root mean squared error is a common 

metric used to indicate the accuracy of the estimated trajectory. It is calculated as follows:  

 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑(𝑃𝑝𝑟𝑒𝑑

𝑖 − 𝑃𝐺𝑇
𝑖 )2,

𝑁

𝑖=1

 

 

(2.7) 

where 𝑁 is the total number of time instances in which we have a position estimation, 𝑃𝑝𝑟𝑒𝑑 

is the predicted trajectory and 𝑃𝐺𝑇 is the Ground Truth (GT) at the same point in time. As 

there is no ground truth available for our tests, we used the Intel Realsense T256 solution 

as a reference. This decision is based on many experiments. The Intel camera proved that 

its position estimation (no map provided) is fairly accurate with limited scenarios in which 

its tracking fails. 

Frame rate and real-time tendency: We compare the output frequency and 

perform CPU profiling on both algorithms using Google gperf-tools [66]. The CPU profiler 

in gperf tools is an efficient tool that provides the CPU load of every single function in a 

software system. In addition, it interrupts the processor periodically and checks the 

processor context. It points out portions of the code that consume the CPU the most and 

must be optimized and sped up. 

Memory usage and solution embeddability: We calculated each algorithm's 

memory requirements using another Google tool, the TCMalloc library [67]. TCMalloc 

library tracks each defined variable in the program, counting the used memory bytes and 
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identifying the memory leaks. This memory profiling gives the necessary information to 

analyze the feasibility of running a specific algorithm on a specific embedded platform. 

For example, it shows the required memory for the program initialization and the memory 

overhead of adding a new frame to the estimated environment map. Finally, using these 

calculations alongside the power requirement for each embedded platform tells how long 

the system could operate on a single run.  

Results and Analysis 

 This section presents our comparative test results for ORB-SLAM and the LDSO-

SLAM. Our analysis covers the robustness and accuracy of the solution and the 

embeddability and real-time tendency. 

Robustness and Accuracy: 

 Overall results are given in Table 2.1. As we can conclude from Table 2.1, ORB-

Stereo gives the lowest RMSE in all scenarios, implying the best available accuracy; 

however, the proper judgement cannot be made without reviewing the produced 

trajectories as it completes the overall picture. This section uses “-t” to identify the 

Realsense T265 sequences and “-z” for the ZED2 sequences. 

Table 2.1 RMSE for ORB-Stereo, ORB-Mono and LDSO. 

Sequence Trajectory ORB-Stereo ORB-Mono LDSO-Mono 

LAB-z 62.8 m 2.9 m (4%) 6.04 m (9%) 5.25 m (8.3%) 

Square-t 55.0 m 14.03 m (25.5%) - - 

Square-z 103.5 m 10.3 m (10%) 16.9 m (16.4%) 21.5 m (20.7%) 

Eight-t 111.0 m 10.19 m (9.1%) - - 

Eight-z 221.85 m 18.08 m (8.1%) 19.3 m (8.7%) 18.9 m (8.5%) 

Stairs-t 148.6 m 21.27 m (14.3%) - - 
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 ORB-Stereo successfully tracked the complete inputted sequences and provided a 

trajectory in all tested scenarios with the best RMSE compared to the ORB-Mono and the 

LDSO-mono. In contrast, the ORB-Mono and LDSO-Mono could not track the camera’s 

position in all the fisheye sequences. The reason for the failure of the monocular solutions 

is the complicated process of triangulating feature points. A feature point can be 

triangulated directly using the epipolar constraint given a single stereo frame. However, to 

triangulate a feature using a single camera feed, the feature needs to be tracked for at least 

three consecutive frames. The results of the monocular solutions were greatly affected by 

the scale ambiguity in the single-camera approaches in both the sparse direct and feature-

based methods.  

At the same time, the ORB-Stereo managed to provide more accurate trajectories 

even when it could not detect the loop closures. The Eight-shaped sequences have a similar 

repetitive structure which misled both ORB-SLAM2 and LDSO-SLAM to accept a wrong 

loop closure. Repetitive geometrical structures are common in indoor environments, and 

without proper geometrical and geographical validation could easily lead to mutated 

trajectory estimation.  

Table 2. 2 Loop closing and relocalization capabilities of visual navigation solutions. 

 Type Mono Stereo RGB-D Loop Closing Relocalization 

DSO VO ✔ ✔ - - - 

LDSO SLAM ✔ - - Feature points Feature points 

ORB-SLAM2 SLAM ✔ ✔ ✔ Feature points Feature points 

Kimera VIO/SLAM ✔ ✔ - Feature points - 

OpenVSLAM SLAM ✔ ✔ ✔ Feature points Feature points 
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Finally, Table 2. 2 shows the existing visual navigation solutions' loop closing and 

relocalization capabilities. Both loop closing and relocalization capabilities are commonly 

implemented in the existing visual SLAM solutions to correct positional drifts and recover 

from any tracking loss; however, these capabilities still depend on feature points which 

cause a low rate of relocalization success and a high rate of wrong loop closures. 

Real-time performance: 

 As aforementioned, we created both CPU and memory profiles to determine 

whether it is feasible to run each tested algorithm in real-time and how much memory is 

needed in a given embedded platform for the algorithm to run on it. As presented in Table 

2.3, ORB-Mono has the highest frame rate per second (FPS) while maintaining the lowest 

memory needs from the hardware platform. However, 1400 MB for 2 minutes sequence is 

not commonly available in most commercial embedded platforms. A more intelligent 

scheme for loading/unloading portions of the created maps to/from the main memory is to 

solve this problem. 

Table 2.3 Real-time and memory analysis for ORB-Stereo, ORB-Mono and LDSO-Mono. 

 FPS Init-Mem 1K Frames 4K frames 

ORB-Stereo 10 635 MB 200 MB 1760 MB 

ORB-Mono 29 635 MB 80 MB 1400 MB 

LDSO-Mono 9 920 MB 250 MB 2000 MB 

 

 Noticeably, LDSO-Mono has high memory requirements and a low frame rate, 

which should not be the case, given that it only processes a monocular camera stream. 

These high memory and processing requirements can be explained because LDSO-SLAM 
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creates frames containing sparse, raw pixel values for the direct methods and the ORB 

features used in loop detection. 

 Finally, ORB-Stereo does not have a high frame rate; however, based on the CPU 

profile, around 50% of the CPU load is consumed to detect the ORB features in the stereo 

pairs and find the stereo matches. Having these bottlenecks spotted, we can solve the 

problem by offloading these functions from the CPU to a GPU to parallelize the execution 

and get a higher frame rate.  

Table 2.4 Memory requirement distribution for SLAM threads. 

 Tracking Local Mapping Loop Closure 

LDSO-Mono 39.4% 29.7% 15.1% 

ORB-Mono 43.2% 33.4% 17.3% 

ORB-Stereo 60.4% 25.2% 9.8% 

 

Table 2.4 illustrates the memory requirement distribution between different SLAM threads, 

showing the increased amount of memory needed to track stereo stream rather than 

monocular. Processing power distribution between different threads is presented in Table 

2.5. It is worth mentioning that loading and decoding images take 15-34% of the system’s 

total processing power.  

Table 2.5 Processing power distribution for SLAM threads. 

 

 

Tracking Local 

Mapping 

Loop 

Closure 

Image loading / 

decoding 

LDSO-Mono 50.1% 6.6% 2.5% 24.2% 

ORB-Mono 25.2% 24.4% 2.7% 34.1% 

ORB-Stereo 63.1% 17.8% 2.0% 15.6% 
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2.1.4 Semantic SLAM 

 Purely geometry-based maps could not provide conceptual knowledge of the 

surroundings to facilitate complex tasks; as a result, associating semantic concepts with 

geometry entities in the environment has recently become a popular research domain. 

Semantic SLAM incorporates semantic information into the SLAM process to improve 

overall performance by providing task-driven perception, resilience, and high-level 

understanding. Incorporating semantic data into a SLAM pipeline has been around for a 

long time. Nonetheless, the implementation was not achievable until recently, at least in a 

meaningful fashion, because extracting semantic information from visual data was nearly 

impossible until the epoch of deep learning. When fast and accurate semantic segmentation 

DNN architectures existed, the semantic SLAM drew much attention. However, because 

this occurred less than a decade ago and despite several contributions, the topic of 

integrating semantics in SLAM is still far from mature [68]. This section identifies and 

summarizes the primary topics of interest in semantic SLAM solutions. 

Semantics for loop closing: 

 Since it is challenging to detect a loop closing purely based on geometric features, 

robust loop closing is an open problem in SLAM. Changes in the observed environment, 

such as moving objects or changes in illumination, can cause dramatic changes in the 

geometry of a scene. When semantics are used, the problem becomes much easier to solve. 

Some researchers have concentrated their efforts on mathematically formulating the 

problem of combining geometric and semantic information into a single optimization 

framework for semantically associating observations and performing robust loop closing 

[69]. Others used semantic information to train a neural network to extract 3D descriptors 
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of the scene[70]. To detect loop closures, 3D descriptors are compared rather than words 

in a bag of binary words setting [71]. 

Semantics for handling dynamic environments: 

 Traditional SLAM pipelines have a critical flaw: they operate under the assumption 

that the environment is static. The RANSAC algorithm is commonly used in SLAM to 

eliminate erroneous feature correspondences. However, when a significant portion of the 

view is occupied by moving objects, this approach fails, causing the estimation process to 

diverge. Semantics can be used in various ways to deal with this situation. Semantic 

Segmentation is used to detect potentially moving parts of the image and exclude them 

from the tracking process entirely in a simple but effective approach. Mask-SLAM [72], 

which uses DeepLabv2 [73] to perform precise semantic scene segmentation, is one 

approach. Mask-SLAM discards ORB features detected within regions occupied by 

vehicles or the sky because vehicles move and the sky is too far away to show any parallax. 

 Before discarding potentially moving objects found using semantic Segmentation, 

more complicated methods check if they move. DS-SLAM [74], for example, examines 

whether the matched features are close to the epipolar line between frames. If multiple 

matched features belonging to a potentially moving object are far from the epipolar line, 

the object is considered moving. Li et al. [75] proposed a more complicated approach to 

avoid moving objects when estimating camera motion, but instead of discarding them, try 

to track them independently through time. They use an off-the-shelf deep network to get 

2D bounding boxes of vehicles, then train their own CNN to create 3D bounding boxes 

based on the 2D ones. Based on this information, they can then track each moving vehicle 
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separately using a motion model and an object bundle adjustment to the 3D bounding boxes 

camera static. 

Semantic reasoning within an unknown environment: 

 Semantic reasoning appears to be the most researched among the methods listed 

above. Since this is probably the simplest way of integrating semantics in SLAM, much 

research has created a dense or sparse semantic map of the environment. In this case, the 

SLAM framework assigns a semantic class to each map point produced by a semantic 

segmentation method. Even though the semantic maps generated by such methods can 

enable advanced interactions between the system and the outside world, most do not use 

them to improve the SLAM's robustness. 

 Building semantic maps with objects rather than 3D points is a unique approach. 

Object detectors have been used in place of feature detectors in QuadricSLAM [76],[77]. 

The detected objects are inserted into the map in a dual quadric representation. The dual 

quadrics positions and the camera pose are then estimated using a bundle adjustment. 

Because ignoring traditional features reduces SLAM's accuracy, Hosseinzadeh et al. [78] 

proposed integrating dual quadric representations of objects and traditional 3D points. 

Instead of abstract object representations, a more accurate but computationally expensive 

and complicated solution integrates detailed volumetric object reconstructions in the 

semantic map. By fusing the geometry of objects in successive planes, the object 

reconstructions are gradually refined over time. Similar concepts are implemented in a few 

published works, such as MaskFusion [79] and Fusion++ [80].  

 A more straightforward concept has been developed by Wang et al. [81]. As a 

starting point, ORB-SLAM2 [49] is employed. Then, the YOLO object detector [82] is 
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used to classify the frame's keypoints on each frame semantically. A voting system then 

propagates semantic information from keypoints to corresponding map points. All 

keypoints associated with the map point "vote" once for their semantic class. After 

integrating semantic information, semantics are used in feature matching, tracking, and 

loop closing. More specifically, associations between keypoints and map points of different 

classes are prohibited or reduced based on an adjustable ratio. 

2.2 Inertial Navigation 

The operating principle of inertial navigation is based upon Newton's first law of 

motion, which states that an object at rest will remain at rest. An object in uniform motion 

will continue to exhibit that motion unless an external force is external acts upon it.  

 

Figure 2.11 INS System of Coordinate Frames 

 

The external force is directly proportional to the body's inertia (linear acceleration and 

rotation rate), which can be sensed by an Inertial Measurement Unit (IMU). IMU is a self-
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reliant device that belongs to a class of proprioceptive sensors which do not need 

information from an external source.  

Table 2.6  The axes and origin of coordinate frames in INS solutions 

Frame Definition 

B: Body Frame Origin: Platform center of mass 

X: Longitudinal (forward) direction 

Y: Transversal (lateral) direction 

Z: Down (vertical) direction 

L: Local Level 

navigation frame 

Levelled with Earth's ellipsoid surface 

Origin: Vehicle location 

X: True north direction 

Y: East direction 

Z: Down vertical direction 

E: Earth-Centered 

Earth-Fixed (ECEF) 

Rotates with Earth 

Origin: Center of the Earth 

Z: Extends through the North Pole. 

X: Passes through the intersection of the equatorial plane and the prime 

meridian. 

Y: completes the right-hand coordinate system in the equatorial plane. 

Earth-Centered 

Inertial Frame (I) 

Coinciding with ECEF at a specific initial time and it does not rotate with Earth 

 

An Inertial Navigation System (INS) is a navigation method that provides 

positioning information by processing raw IMU data. INS is a common component of 

aircraft, ships, automobiles, and cellphones [83]. A typical IMU comprises three mutually 

orthogonal accelerometers and three orthogonal gyroscopes. Accelerometers measure the 

body’s acceleration in a body frame 𝐵. However, to provide meaningful navigation data, 

acceleration measurements are transformed into a local level frame 𝐿, commonly in the 

North-East-Down (NED) representation [84]. Gyroscope (and possibly magnetometer) 
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measurements are used to calculate the object’s orientation to perform this transformation. 

The definition of the coordinate frames [85] used in INS navigation is summarized in Table 

2.6, and it is visually illustrated in Figure 2.11. 

2.2.1 INS Motion Equations 

The dynamic model of an Inertial Navigation System (INS) defines how a rigid 

body's position, velocity, and attitude evolve dynamically through time. The rigid body 

fundamental rotation equation is defined as follows [86]: 
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(2.8) 

where 𝜔𝐼𝐵
𝐵  is the corrected rotation rate of the 𝐵 frame with respect to the 𝐼 frame as 

represented in the 𝐵 frame, 𝑞𝐵
𝐿  is the attitude of the body frame with respect to the 𝐿 frame, 

and [ ]× is the skew operator defined as: 

 

[𝜔]× ≜ [

0 −𝜔𝑧 𝜔𝑦

𝜔𝑧 0 −𝜔𝑥

−𝜔𝑦 𝜔𝑥 0
], 

 

(2.9) 

The velocity of the moving platform in the 𝐿 frame changes according to [86]: 

 �̇�𝐿𝐵
𝐿 = 𝑎𝑖𝐵

𝐿 + 𝑔𝐿 − (2𝜔𝑖𝐸
𝐿 + 𝜔𝐸𝐿

𝐿 ) × 𝑣𝐿𝐵
𝐿 ,  (2.10) 

where 𝑣𝐿𝐵
𝐿 = [𝑣𝑛, 𝑣𝑒 , 𝑣𝑑] is the velocity vector in the 𝐿 frame along the NED axes, 𝑎𝐼𝐵

𝐿  is 

the corrected acceleration measurement in the 𝐿 frame, 𝑔𝐿 is the gravity vector in the 𝐿 

frame, and the operator × is the cross product. In the above equation, 𝜔𝐼𝐸
𝐿  and 𝜔𝐸𝐿

𝐿  are, 

respectively, the Earth's rotation rate and transportation rate calculated as follows [86]: 
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 𝜔𝐼𝐸
𝐿 = [𝜔𝐼𝑒

 cos(𝜑) , 0,  −𝜔𝐼𝑒
 sin(𝜑) ], (2.11) 
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,

−𝑣𝑛
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,

−𝑣𝑒

(𝑅𝑛 + ℎ)
tan(𝜑)], 

(2.12) 

where 𝜔𝐼𝑒
 = (2𝜋/(24 × 60 × 60)) 𝑟𝑎𝑑/𝑠 is the Earth's rotation rate represented in the 𝐼 

frame, and 𝜑, 𝜆, ℎ are, respectively, the latitude, longitude, and altitude. 𝑅𝑚 and 𝑅𝑛 are, the 

meridian radius of curvature and normal radius of curvature of the Earth's ellipsoid model. 

The position of the 𝐵 frame in the 𝐿 frame evolves according to the following equation 

[86]: 

 �̇�𝐿𝐵
𝐿 = 𝑣𝐿𝐵

𝐿 − 𝜔𝐸𝐿
𝐿  ×  𝑃𝐿𝐵

𝐿 ,  (2.13) 

where 𝑃𝐿𝐵
𝐿  is the position of the 𝐵 in the 𝐿 frame.  

2.2.2 IMU Measurement Errors 

Primary sources of error in IMU's measurements are bias, scale factor, and random 

walk noise. Figure 2.12 shows how these errors affect the IMU measurements. The error 

model for IMU's measurements is defined as follows: 

 𝑎𝑖𝐵
𝐵 = 𝑅𝐼

𝐵(𝑠𝑎 ∘  𝑎𝑖𝐵
−𝐼 − 𝑏𝑎) + 𝑛𝑎 , (2.14) 

 𝜔𝑖𝐵
𝐵 = 𝑅𝐼

𝐵(𝑠𝑔 ∘  𝜔𝑖𝐵
−𝐼 − 𝑏𝑔) + 𝑛𝑔, (2.15) 

Where 𝑎𝑖𝐵
𝐵  and 𝑎𝑖𝐵

−𝐼 are,  the corrected and raw accelerometer's measurements, 𝜔𝑖𝐵
𝐵  and 𝜔𝑖𝐵

−𝐼 

are, the corrected and raw gyroscope measurements, 𝑅𝐼
𝐵 = 𝑅{𝑞𝐵

𝐿} is the rotation matrix that 

corrects the 𝐵 and 𝐼 frames misalignment. 𝑠𝑎 and 𝑠𝑔 are, respectively, accelerometer's and 

gyroscope's scale factor, 𝑏𝑎 and 𝑏𝑔 are, respectively, accelerometer's and gyroscope's 

biases, and 𝑛𝑎 and 𝑏𝑔 are zero-mean Gaussian noise. 
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Figure 2.12 Sources of IMU measurement errors. 

Commercial IMUs often suffer from stochastic behaviour in their measurement 

errors. To model the stochastic behaviour of scale factor and bias errors of the IMU, the 

first-order Gauss-Markov (GM) random processes are commonly used as follows [87]: 

 

�̇� = −
1

𝜏𝑥
𝑥 + √

2

𝜏𝑥
𝜎𝑥

2𝑛𝑥, 

(2.16) 

where 𝑥 is the IMU error, 𝜏𝑥 is a time constant, 𝑛𝑥 is zero-mean Gaussian noise, and 𝜎𝑥 is 

the standard deviation of the GM process. 

2.3 Wireless Positioning using Ultra-wideband Technology 

Recently, ultra-wideband technology (UWB) has been introduced as an indoor 

positioning technology using the concept of wireless ranging and localization, a technique 

similar to GNSS but applied indoors. The system consists of fixed anchors and mobile 
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antennas (TAGs), and it uses active measurements for distance estimation based on Time 

of Flight (ToF), Time of arrival (ToA, TDoA), and angle of arrival (AoA) principles [88]. 

Using UWB technology in localization approaches yields accurate estimations under clear 

line-of-sight (LOS) conditions as distance estimation is directly correlated to the signal 

bandwidth. Knowing the UWB uses large frequency bandwidth, allowing high resolution 

in time and range. This technology is quite suitable for precise indoor positioning. UWB 

is especially useful for an environment where multipath is high because the wide bandwidth 

facilitates the detection of multiple Time-delayed versions of signal sequences.  

2.3.1 Two-way Round-Trip ToA Ranging 

UWB Transceivers can be grouped into anchors with known locations and tags with 

unknown locations. Once range measurement is available between a tag and at least three 

anchors, the tag location can be estimated using trilateration. The movable device gets this 

information by messages via a UWB network; the ranges are computed by a Two-Way- 

Round-Trip (ToA) Range method. Double-Sided Two-Way-Range (DS-TWR) [89] 

estimates the distance based on the time of flight (ToF) of messages exchanged between 

two devices. Since the speed of the propagation of radio waves can be considered constant 

in a particular environment, the range can be obtained if the measure of the two-way time-

of-flight is accurate enough.  

Suppose (𝑥𝑖,𝑦𝑖) denotes the 𝑥 and 𝑦 coordinates of 𝑛 anchors where (𝑖 =  1,2, . . , 𝑛) 

and  𝑇 = (𝑡𝑥, 𝑡𝑦)𝑇 represents the  unknown tag coordinates, then the distance between an 

anchor and tag is calculated as follows: 

 

 

𝑑𝑖 = √(𝑡𝑥 − 𝑥𝑖)2 + ( 𝑡𝑦 − 𝑦𝑖)
2
, 

(2.17) 



 53 

2.3.2 UWB Positioning using Least-Squares 

Given the availability of ranges from at least three different anchors, a dataset 

containing the range information is created. Then, to obtain the tag position, the least 

square-based trilateration method is used as follows [90]: 

 
           (

𝑡𝑥
𝑡𝑦

) =  (𝐴𝑇𝐴)−1𝐴𝑇𝑏   , 
(2.18) 

Where, 

 

𝐴 =  (
2(𝑥1 − 𝑥2) 2(𝑦1 − 𝑦2)

⋮ ⋮
2(𝑥1 − 𝑥𝑛) 2(𝑦1 − 𝑦𝑛)

)   , 
(2.19) 

And 
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(2.20) 

Secondly, the resulted distances are verified, and errors are calculated. Finally, the 

positions with the highest errors are removed, and the best estimate is considered 

incumbent. Also, a quality factor based on the calculated errors is reported. 

It is worth highlighting the availability of high accuracy anchors' positions is a key factor 

in tag position trilateration which means UWB positioning is only possible in a structured 

environment in which the anchors are placed, and their positions are measured accurately. 

2.3.3  UWB Positioning errors 

Although UWB has many advantages for a variety of indoor navigation applications, it 

also has some weaknesses. For instance, misconfiguration may cause interference with 

nearby systems that operate in the ultra-wide spectrum [91]. Also, while it is known that 

UWB systems are resistant to multipath issues, they are not completely immune to its 

effects [92]. Additionally, designing and implementing antennas for UWB systems can be 
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more difficult than the bandwidth and variable operating conditions. This may impose 

some restrictions on UWB systems compared to conventional RF. 

2.4 Summary 

This chapter provided background about commonly used sensors for indoor 

navigation, namely, vision, inertial, and wireless ranging sensors. The next chapter will 

demonstrate the multi-sensor logging/navigation system that was developed during this 

thesis to collect indoor data and perform all tests. 
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Chapter  3: Multi-sensor Testbed for Indoor Environments 

Our work on sensor fusion to improve indoor navigation solutions faced the 

challenge of the unavailability of suitable multi-sensors datasets. Publicly available 

datasets are application-specific (designed specifically for an application such as 

autonomous vehicles and collected mostly outdoors under open-sky clear conditions). One 

example of such is an open-source KITTI dataset [93]. They also lack important modern 

tracking technologies, such as local wireless ranging technologies like ultrawideband 

(UWB). Another option is to collect the needed data for the application at hand. A major 

problem when collecting datasets for sensor fusion is accurate data acquisition, as sensor 

fusion algorithms require accurate sensor data time-synchronization. Moreover, it is hard 

to acquire an accurate ground truth. 

 This chapter demonstrates the development of an efficient multisensor indoor 

navigation system composed of off-the-shelf, low-cost commercial sensors needed for 

almost every autonomous navigation and SLAM research integrated with multiple 

connected embedded platforms. The developed system adopts client-server architecture 

where multiple embedded platforms are reported to a central server. The server is dedicated 

to real-time synchronization, visualization, and storage management. The embedded 

platforms control and interface with the body-mounted sensors. The entire system is 

implemented and organized under the umbrella of the Robot Operating System (ROS). 

Thus, all the implemented software programs are encapsulated within ROS Nodes. 

 The proposed system comprises two main sub-systems; Data Acquisition and 

Processing System (DAPS) module and the Remote-Controlled System (RCS) module. All 

the sensors are integrated on embedded platforms using the DAPS module, while the RCS 
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module monitors and controls the DAPS module's status and operations. The integrated 

sensors include a stereo vision camera system, multiple Inertial Measurement Units 

(IMUs), a Global Navigation Satellite System (GNSS) receiver, UWB wireless system 

(consists of a tag mobile receiver and multiple anchors) in addition to 3D LiDAR sensor. 

The presented system in this chapter offers the following novelties: 

• A multi-sensor data collection platform for indoor/outdoor navigation provides an 

accurate ground truth. 

• The system comprises a stereo camera, multiple IMUs, GNSS receiver, UWB 

positioning network, and LIDAR. These sensors span a wide range of navigation 

and positioning technologies. 

• The system utilizes multiple processing units to interface and logs the sensor’s data 

and dedicates a separate network for the bandwidth-demanding LIDAR sensor 

allowing the datasets to be uninterrupted and accurately synchronized. 

• Finally, the system provides redundant IMUs to capture the full aspects of the 

motions in human/humanoid applications. 

3.1 Hardware Architecture  

Figure 3.1 shows the hardware configuration of the developed system. The system has a 

central server, and it incorporates state-of-art sensors that span visual, inertial, laser, local 

wireless networks, and global satellite positioning technologies. The sensors are configured 

and controlled by multiple computing platforms that communicate with each other 

wirelessly and exchange ROS messages.  This section describes the individual sensors and 

the computing platforms. 
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Figure 3.1 System Configuration (Node Distribution View) 

3.1.1 Sensors Overview 

 This subsection summarizes the specifications of the utilized sensors, including the 

hardware and the logged sensory data. 

Stereovision Tracking Module: 

 We use the Intel Realsense T265 Tracking Stereovsion camera module [64]. This 

stereovision tracking camera module outputs 3D pose data by processing inputs from dual 

fisheye cameras and IMU using a vision processing unit (VPU) from Movidius MA215x 

ASIC. The IMU is a system-in-package for detecting acceleration in 3 dimensions and 

rotations in 3 dimensions. The fisheye images are used to produce 6DoF data streamed to 
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the host platform.  The imagers provide monochrome images at a high frame rate of 30 fps 

and 800x800 active pixels; the images are in 8bit, 10-bit RAW format. 

  The stereo camera field of view is close to the hemispherical shape with a 163±5° 

field of view to sustain robust tracking even with fast motion. 3D pose data are transmitted 

to the host platform at a sample rate of 200Hz. Also, raw images from left and right cameras 

are serialized at a real-time rate to the server through the GPU-enabled platform Jetson 

Nano board from NVIDIA.  

Handheld 3D LiDAR Scanner System: 

 We used a "ZEB-Revo" portable 3D laser scanner from "GeoSLAM"[94] that 

provides accurate 3D point cloud and pose data. The maximum range of the laser scanner 

is 30m, and the data acquisition rate is 43,200 points/sec with a resolution of 0.625° 

horizontal, 1.8° vertical and an angular field of view of 270° x 360°. As the user walks 

through the area of interest, the data is captured on a body-mounted Remote Terminal (RT) 

that transmits pose, point-cloud, raw IMU, and raw LiDAR scans in real-time to the server. 

The RT performs a post-processing trajectory and point-cloud optimization when the data 

logging is concluded. In this stage, the system detects any loops and reduces the overall 

drift by applying loop closures. This post-processing optimization leads to a high-end 

optimized trajectory. The GeoSLAM 3D LiDAR SLAM system post-processed solution's 

accuracy was verified through loop errors and visual overlay of the results on floor maps 

of the area. 

High accuracy IMU and AHRS  

 To provide precise spatial alignment that enables accurate transformation between 

different sensor frames, we have used three motion tracker MTI-300 [95] from Xsens. The 
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Xsens MTi IMU includes a MEMS-based IMU combined with a triad of magnetometers 

in a lightweight, low-power small package. The Xsens MTi IMU unit has an onboard 

sensor fusion engine designed for high performance under vibrations and magnetic 

distortions. The attitude heading & reference system (AHRS) unit [96] outputs stabilized 

magnetically referenced heading along with accurate roll and pitch estimates. 

GNSS Receiver 

 We used a Global Navigation Satellite System (GNSS) receiver M8T EVK from 

U-Blox [97]. The GNSS receiver is serially connected to the logging system through a 

Raspberry Pi 4 Model B board. The system can save both the position fixation and the raw 

pseudorange and pseudorange rates data at 1Hz. 

Decawave Ultrawide Band (UWB) Kit 

 We incorporated an ultrawideband (UWB) wireless setup into the developed 

system to evaluate wireless indoor positioning technology. We used the MDEK UWB kit 

from  Decawave based on the DWM1001 module [98]. The kit consists of 12 nodes; each 

node has a Bluetooth communication module and UWB ranging/communication module. 

The node can be configured either as an anchor or as a tag. The developed system serializes 

both position and raw wireless range data to the server. 

3.1.2 Computing Platforms 

 The implemented system runs on three different computing platforms, which 

exchange ROS messages over wireless media. Each computing platform constitutes a ROS 

node. Having multiple small computing platforms makes the system more resistant to 

single-point failures and allows a more flexible workload distribution that exploits the 
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computing platforms' diverse capabilities. The overall system's tasks can be classified into 

three categories: 

1. User interface (visualization and control). 

2. Sensors’ interface. 

3. Sensors’ data processing (pose and map estimation). 

All these tasks have different memory and processing requirements, which require different 

computing capabilities. As  Figure 3.1 shows, three main computing platforms are used, a 

Linux-based server running ROS, Raspberry Pi 4 board, and Jetson Nano GPU-enabled 

platform. In addition to storage management, the server is used for visualization and user 

interface tasks. The Raspberry Pi 4 [99] has a 4GB memory with a sufficiently capable 

processor to process low bandwidth sensor data. Raspberry Pi runs six different nodes in 

the presented system controlling three Xsens MTi IMUs, Decawave UWB tag and UBlox 

GNSS receiver and communicating their data to the server. 

 Moreover, we dedicated 'NVIDIA's Jetson Nano [100] for the Intel Realsense T265 

tracking stereovision camera node and having the onboard GPU dedicated for the camera 

with its parallel computing and machine learning capabilities. Having this kind of 

flexibility and diversity in the system makes it easier to scale and add more features. 

Finally, it is worth mentioning that the GeoSLAM 3D LiDAR SLAM system has its 

processing unit encapsulated in the remote terminal (RT). It publishes all its sensor 

readings directly to the server. 

3.1.3 Wireless Connection Bridge  

 The communication between the different computing platforms is implemented 

wirelessly through a locally connected Wi-Fi-TCP communication module. ROS provides 
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all the necessary tools to use Wi-Fi-TCP communications. The ZEB-Revo GeoSLAM 3D 

LiDAR SLAM system provides its own local portable wireless network and   ROSCore 

node. The two separate networks can handle high bandwidth streaming from camera feeds 

and the 3D LiDAR platform. A TP-Link AC1900 wireless router was used to augment the 

GeoSLAM 3D LiDAR SLAM system local network. Statistic IPs were assigned to all the 

computing platforms in the developed system to communicate effectively over the ROS 

communication bridge. 

3.2 Software Architecture 

 The software architecture of the system was based on the distributed ROS 

environment. The implemented software comprises two main interactive software 

packages: the data acquisition and processing software (DAPS) and the remote-control 

software (RSC).  Figure 3.2 depicts the tasks' distribution of the implemented software. 

 

Figure 3.2 Software Architecture (Task Distribution) 

3.2.1 Data Acquisition and Processing Software (DAPS) 

 The DAPS combines the ROS nodes, which run on the embedded platforms that 

interface with and control the sensors and prepare the sensory data to be transmitted to the 

RCS. DAPS package is also designed to perform pose estimation based on the logged 

sensory data, offloading any extensive optimization calculations to the remote server. The 
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modules running within the DAPS package are shown in Figure 3.2 on the left side. For 

each sensor, one or more ROS node was developed in C++ under Linux to configure and 

control the sensor, then encapsulate each data frame into the proper ROS message and then 

transmit it to the RSC. This distributed processing framework guaranteed real-time 

performance. 

3.2.2 Remote Controlled Software (RCS) 

 As shown in Figure 3.2 (the right side), the RCS is running on the server and 

managed by the Qt framework [101], which is known for its real-time efficiency and 

suitability for embedded systems with a graphical user interface (GUI). The general 

software tasks implemented by the RCS are summarized as follows:  

1) It provides an easy-to-use GUI. 

2) It Initiates, control, and monitor the system modules. 

3) Logging received ROS messages into a ROS bag file. 

4) It provides real-time 3D visualization. 

 

Figure 3.3 RCS – Visualization 
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Figure 3.3 shows a screenshot displaying the localization results, 3D point cloud map, 

camera frames and the raw IMU (accelerometer and gyroscope) data. 

3.3 Tracking Algorithms 

3.3.1 Pedestrian Dead Reckoning (PDR)  

 IMU was used for step counting in the developed system to measure forward 

motion. The person's step length is then projected in the direction of motion to estimate the 

person's new position. This technique is called Pedestrian Dead Reckoning (PDR). PDR 

uses acceleration to detect steps by applying a peak detection algorithm [84]. The peak 

detection is applied to the vertically projected acceleration data, which shows strong peaks 

corresponding to human walking steps. Then an attitude and heading reference system 

(AHRS) is used to project the user's step in the motion direction. 

 

Figure 3.4 PDR- General Block Diagram 

By concatenating the estimated relative motion steps, the whole trajectory is constructed. 

The step length is estimated using different techniques such as empirical models or 

machine learning methods in some algorithms. We kept the algorithm simple by using a 
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fixed empirically estimated step length in our implementation. A general block diagram of 

PDR is shown in Figure 3.4. 

3.3.2 LIDAR Odometry and Simultaneous Localization and Mapping (SLAM): 

 A LiDAR scan can be projected as a point cloud where each beam is represented 

by a cartesian coordinate of a point in 3D space. A relative pose between two successive 

scans can be estimated using scan-matching algorithms. Scan-matching is the process of 

finding the rigid body transformation (a combination of translation and rotation) that 

optimally aligns two point-cloud scans. One popular algorithm that performs scan-

matching is the Iterative Closest Point (ICP) approach [80], shown in Figure 3.5. ICP 

algorithm iteratively revises the transformation needed to minimize an error metric, usually 

a distance from the source to the reference point cloud, such as the sum of squared 

differences between the matched pairs' coordinates. This odometry process results in a 

trajectory construction that is vulnerable to drifts 

 

Figure 3.5 Iterative Closest Point (ICP) Algorithm 

3.3.3 UWB Wireless Ranging and Positioning System 

   

 

Figure 3.6 UWB Tag pose estimation 
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In this work, we used the Decwave MDEK1001 wireless module where radio-ranging is 

implemented using round-trip Symmetrical Double-Sided Two-Way Ranging (SDS-TWR) 

[102]. Figure 3.6 shows the basic UWB tag pose estimation process. UWB Transceivers 

can be grouped into anchors with known locations and tags with unknown locations. Once 

range measurement is available between a tag and at least three anchors, the tag location 

can be estimated using trilateration [90]. For a more detailed discussion on the UWB 

positioning, refer to section 2.3. 

3.4 Experiment and Results 

3.4.1 Experiment Setup 

 The system was tested, and data was collected at Carleton University (CU) campus 

in Ottawa, ON, Canada. The full test trajectory overlayed on the Carleton University 

campus map is shown in Figure 3. 7; the green portion of the trajectory is the outdoor 

portion, while the blue is the indoor section. The indoor section included multi-floor walks 

by stairs to add versatility to the dataset. The logging started indoors in the Minto Building 

lab area, where all the UWB Anchors were mounted at pre-defined locations, as seen in 

Figure 3. 8. Upon exiting the lab office, the test navigated different indoor places in the 

Minto Building, including four floors of stairs. The testing trajectory continues outdoors, 

exiting the building from the southwest side, entering the building again from the northeast 

side, and returning to the lab office area to the same point we started performing several 

loops.  
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Figure 3. 7 Full test trajectory: blue is indoors, and green is outdoors – Minto Building, Carleton 

University. 

 The test trajectory included several loop closures to enable SLAM loop closures to 

reduce errors and drifts. Each sensor provides data in its body frame of reference. However, 

a high-accuracy AHRS MTi unit was rigidly attached to each sensor (LiDAR scanner, 

Stereo vision platform, and chest-mount IMU). Therefore, the spatial transformation 

between individual sensors can be obtained from the orientation estimated by the Xsens 

MTi IMU AHRS modules. 

3.4.2 Results and Analysis 

 This section demonstrates sample results and trajectory comparisons between the 

different sensors’ solutions. Some segments that provide different test scenarios, such as 

indoor/outdoor segments and climbing stairs segments, are demonstrated. The Decawave 

UWB Anchors were installed only in the office in the reported experiment.  
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Figure 3. 8 UWB anchors' distribution in the lab area. 

Figure 3. 9 shows all the GeoSLAM 3D LiDAR SLAM system trajectory estimation stages 

showing the iterative loop-closure effects. It shows multiple copies of the trajectory in red. 

Loop closures iteratively enhance the trajectory. The final post-processed optimized 

trajectory is shown in Figure 3. 7. 

 

Figure 3. 9 GeoSLAM estimated trajectory before (Red) and after optimization (Green) - Carleton 

University. 
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 The optimized post-processed 3D point-cloud map generated by GeoSLAM 

software is shown in Figure 3. 10. The lab is a typical indoor area with a short loop and 

rich visual and spatial features. Therefore, the stereovision results are consistent with the 

LIDAR solution with a small scale difference, as shown in Figure 3.11. Figure 3.12 shows 

the UWB solution demonstrating great decimeter-level accuracy thanks to the dense and 

elevated distribution of the UWB anchors. 

 Figure 3.13 shows the results of the IMU-based PDR solution showing moderate 

deviation from the reference. The results show that the performance of the stereovision 

tracking solution is comparatively smoother than UWB. The path from the office-area exit 

to the outdoor south-east side of the building shows transiting from indoors to outdoors, as 

demonstrated in Figure 3. 7. This section included 4-floors stairs. Figure 3.14 shows the 

stereovision solution against the LIDAR solution.  

 

Figure 3. 10 LiDAR Point Cloud Map Solution (3D View) 

 After we exited the indoor area, a clear drift happened between the stereovision and 

the LIDAR solutions. In the outdoor space, the stereovision generated longitudinal drifts 

due to the short baseline between the right and left cameras, which leads to a lack of close, 

evenly spatially distributed visual features, which is pertinent for cameras to generate good 
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pose information. The PDR solution showed good performance within the building even 

during the stairs but gradually drifted later, as  Figure 3.15 shows the typical behaviour of 

PDR technology. The performance in the multi-level stairs section is demonstrated in 

Figure 3.16 Experiment Path Segment - Stairs section. 

 The implemented PDR solution does not provide vertical positional estimation, so we 

display only the GeoSLAM SLAM and the stereovision solutions. For a complete video of 

the experiment, readers are referred to the video link [103]. 

 

 

Figure 3.11 Stereovision vs LIDAR - Indoor Segment - Office. 
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Figure 3.12 UWB vs. LIDAR- Indoor Segment – Office. 

 

Figure 3.13 PDR vs. LIDAR- Indoor Segment - Office. 
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Figure 3.14 Stereovision vs LIDAR– Indoor/Outdoor section. 

 

Figure 3.15 PDR vs LIDAR– Indoor/Outdoor section. 
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Figure 3.16 Experiment Path Segment - Stairs section. 

3.5 Summary 

 This chapter discussed the design and implementation details of multisensor indoor 

pedestrian navigation using body-mounted sensors. The hardware and software 

architecture of the system was described in detail. The presented system adopts distributed 

multi-embedded platform architecture connected wirelessly using a high-speed portable 

wireless local network. The software architecture utilizes a client-server scheme using the 

Robot Operating System (ROS) framework. The system incorporated state-of-art tracking 

sensors and technologies, including stereovision, UWB wireless ranging and positioning, 

LiDAR and IMU. UWB showed decimeter-level accuracy when high-elevation anchors 

properly covered the area. Stereovision showed meter-level accuracy provided that rich 

features with proximity suitable for the stereo baseline are available. PDR showed reliable 

performance for approximately seven minutes before starting to drift. The concluding 

remark is that accurate long-term pedestrian tracking in complex GNSS-denied 

environments is feasible by combining these different technologies in one system. The 

experiment was performed in a complex environment incorporated indoors, outdoors, and 
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stairs sections with several loops. Results and analysis were presented, and a link to the 

experiment video was provided. The collected dataset was publicly released to the research 

community upon the publication of this work.  
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Chapter  4: Hybrid IMU/UWB-Aided Visual Odometry 

This chapter presents two approaches to aid visual odometry solutions using sensor 

fusion. The first approach is a hybrid IMU-aided visual odometry, which aims to increase 

the system’s robustness and frame rate while maintaining the solution's accuracy.  To 

further increase the accuracy of visual-inertial odometry solutions, we introduce another 

solution which integrates a UWB radio positioning network to limit the trajectory 

estimation drift. The novelties presented in the chapter could be summarized as follows: 

• Present a novel approach that enables switching between stereo and 

monocular camera odometry. The monocular visual odometry utilizes a 

motion scale estimation from an INS solution.  

• Provide an implementation of a loosely coupled EKF for camera-IMU 

integration benefits from the motion constraints as non-holonomic 

constraints. 

• Enhance the accuracy of the implemented visual-inertial odometry system 

using external updates from a UWB network. 

4.1 Hybrid IMU-Aided Approach for Optimized Visual Odometry 

 Visual Odometry (VO) solutions can be classified into two main groups [4]; 

monocular and stereo. In monocular visual odometry algorithms [104], a single camera 

feed is used to estimate the new camera position and orientation. The weakness of this class 

of solutions is that a single camera can only estimate the translation and rotation between 

two image frames up to an unknown scale. This scale is necessary to transform the 

estimated camera motion into real-world physical motion. Consequently, monocular visual 

odometry is commonly integrated with other sensors like IMU [105]. This integration aims 
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to estimate this unknown scale and provide real-world positioning. However, uncalibrated 

IMU with large stochastic noise and errors accurately estimates these unknown scale 

challenges.  

 In stereo visual odometry algorithms [106], the visual feature's physical depth in 

the real world is directly measured by triangulation using images from two or more cameras 

and then constructing the camera motion in the physical, real-world domain. Although 

stereo vision does not suffer from scale ambiguity, stereo vision processing is more 

computationally expensive. It processes two input video streams that consume larger 

memory and power, leading to a shorter battery lifetime and limited operating range. 

Moreover, either approach loses track of the visual features with high dynamics and poor 

illumination. 

 Even with stereo cameras on board, having a monocular vision-based navigation 

solution is more suitable for small autonomous vehicles' restrictions imposed by the 

characteristics. The smaller the vehicle, the less the processing power available and the 

shorter the baseline distance between cameras which causes degeneration to a monocular 

mode whenever the visual features are at a distance that is significantly larger than the 

baseline between stereo cameras.  Therefore, having a dynamic switch between a 

monocular and stereo mode could greatly benefit autonomous vehicle navigation. This 

work integrates visual odometry with INS using Extended Kalman Filter (EKF), which is 

widely used for its simple implementation and suitability for real-time applications [107], 

[108].  

 The proposed solution addresses visual-inertial odometry's accuracy and 

computation challenges by proposing a hybrid and adaptive fusion scheme that minimizes 
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the processing requirements by dividing the navigation mission into two interchangeable 

phases. Firstly, A stereo vision-based navigation phase is performed in which a loosely 

coupled integration between the camera and IMU solution. The vision solution is used to 

update the EKF to estimate the INS errors. The second phase is the monocular phase. We 

downgrade our vision system into only one camera-based system with minimum 

computations and get the motion scale from the calibrated INS solution. Results showed 

that the proposed hybrid adaptive fusion scheme could provide accuracy comparable to full 

stereo vision tracking with the advantage of fewer computations and less tendency to lose 

track. 

4.1.1 Extended Kalman Filter (EKF) 

 EKF is an extension of the Kalman Filter (KF) that has been proposed for state 

estimation in nonlinear dynamic systems [96]. The EKF linearizes a nonlinear system about 

its current estimate of the state's mean. Consequently, the system is represented linearly in 

terms of the state error, allowing the Kalman filter to be applied to the linearized system. 

Even though the optimal mean-square error is not guaranteed in the EKF case, EKF 

provides an accurate approximation of it in many applications [109]. The definition of a 

nonlinear dynamic system [75] is given by: 

�̇�(𝑡) = 𝑓(𝑥(𝑡), 𝑢(𝑡), 𝑤(𝑡)), (4.1) 

𝑦(𝑡) = ℎ(𝑥(𝑡)) + 𝑣(𝑡), (4.2) 

Where 𝑢(𝑡) ∈ ℝ𝑚 is the m-dimension control input, 𝑥(𝑡) ∈  ℝ𝑛 is the n-dimension state 

vector and 𝑤(𝑡) is the process noise model. 𝑓(. ) is a nonlinear function defining the 

systems’ prediction model. 𝑦(𝑡) ∈  ℝ𝑑 represents the d-dimension measurement vector. 

ℎ(. ) is the measurement model, while 𝑣(𝑡) ∈  ℝ𝑑 is the model of the measurements 
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additive noise. By expanding equations (4.1) and (4.2) with Taylor series approximation, 

a linear system in terms of states’ error can be obtained as follows: 

𝛿�̇�(𝑡) = 𝐹(𝑡)𝛿𝑥(𝑡) + 𝐺(𝑡)𝑤(𝑡), (4.3) 

𝛿𝑦(𝑡) = 𝐻(𝑡)𝛿𝑥(𝑡) + 𝑣(𝑡), (4.4) 

where 

𝐹𝑛×𝑛(𝑡) =
𝛿𝑓(𝑥(𝑡), 𝑢(𝑡), 𝑤(𝑡))

𝛿𝑥
, (4.5) 

𝐺𝑛×𝑛(𝑡) =
𝛿𝑓(𝑥(𝑡), 𝑢(𝑡), 𝑤(𝑡))

𝛿𝑤
, (4.6) 

𝐻𝑛×𝑛(𝑡) =
𝛿ℎ(𝑥(𝑡))

𝛿𝑥
, (4.7) 

where 𝐹, 𝐺, and 𝐻 matrices are the Jacobians of the system, input, and measurement 

models, respectively. System states error, 𝛿𝑥 = �̃� − 𝑥, is the difference between the actual 

state value and the estimated value of the state vector. Similar to KF, the system noises 

(process and measurement) are considered Gaussian noise with zero-mean. The process 

and measurement covariance matrices 𝑄(𝑡) ∈  ℝ𝑛×𝑛 and 𝑅(𝑡) ∈ ℝ𝑑×𝑑 are defined as 

follows: 

𝑄(𝑡) = 〈𝑤(𝑡)𝑤𝑇(𝑡)〉, (4.8) 

𝑅(𝑡) = 〈𝑣(𝑡)𝑣𝑇(𝑡)〉, (4.9) 

where 〈 〉 is the mathematical exception operator. The covariance of the state error 

estimation can be calculated as: 

 𝑃(𝑡) = 〈𝛿𝑥(𝑡)𝛿𝑥𝑇(𝑡)〉. (4. 10) 

Equations (4.3) and (4.4) in discrete space are redefined as follows: 

𝛿𝑥𝑘 = (𝐼 + 𝐹𝑘𝑇𝑠)𝛿𝑥𝑘−1 + 𝐺𝑘𝑤𝑘−1, (4.11) 
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𝛿𝑦𝑘 = H𝑘𝛿𝑥𝑘 + 𝑣𝑘, (4.12) 

where 𝑇𝑠 is the sampling period of the discretization, and 𝑘 denotes the discrete time step. 

Finally, with the measurement 𝑦𝑘, the EKF process can be described as two recursive 

prediction and update steps defined as follows: 

1- Prediction Step: 

a. Calculate the full state �̃� which is the operating state that we linearize the 

system around. 

𝑥𝑘+1 = 𝑓(𝑥𝑘, 𝑢𝑘), (4.13) 

b. Predict the error state covariance. 

𝑃𝑘+1 = (𝐼 + 𝐹𝑘+1𝑇𝑠)𝑃𝑘(𝐼 + 𝐹𝑘+1𝑇𝑠)
𝑇 + 𝐺𝑘+1𝑄𝐺𝑘+1

𝑇 𝑇𝑠
2, (4.14) 

2- Update Step: whenever an update 𝑦𝑘+1 is available calculate the following: 

a. Update error state covariance. 

𝑃𝑘+1 = (𝐼 − 𝐾𝑘+1𝐻𝑘+1)𝑃𝑘+1, (4.15) 

b. Calculate the Kalman gain. 

𝐾𝑘+1 = 𝑃𝑘+1𝐻𝑘+1
𝑇 (𝐻𝑘+1𝑃𝑘+1𝐻𝑘+1

𝑇 + 𝑅𝑘+1)
−1, (4.16) 

c. Correct the states. 

𝑥𝑘+1 = 𝑥𝑘+1 + 𝐾𝑘+1[𝑦𝑘+1 − ℎ(𝑥𝑘+1)], (4.17) 

Equations (4.13) and (4.14) propagate the state and covariance to the following time step. 

Once a new measurement 𝑦𝑘+1 is obtained, we update the state covariance in equation 

(4.15), then the Kalman gain, 𝐾 is calculated from equation (4.16), and  then the state is 

corrected in equation (4.17). The error state covariance 𝑃𝑘 is a positive definite and 

symmetric matrix, it is reported that update step in equation (4.15) violates the 
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characteristics of 𝑃𝑘 due to the smallest error in the estimation of the Kalman gain 𝐾. To 

ensure the positive semi-definiteness of 𝑃𝑘 the following equation is used: 

𝑃𝑘+1 = (𝐼 − 𝐾𝑘+1𝐻𝑘+1)𝑃𝑘+1(𝐼 − 𝐾𝑘+1𝐻𝑘+1)
𝑇 + 𝐾𝑘+1𝑅𝑘+1𝐾𝑘+1

𝑇 , (4.18) 

To maintain the semi-posiiveness of the covariance matrix 𝑃𝑘, it can be normalized after 

each processing epoch. For the complete details of EKF estimation equations, refer to [75].  

4.1.2 System Description 

 We propose a loosely coupled visual-inertial odometry (VIO) system. The 

proposed fusion scheme benefits from the stereo vision-based system's accuracy and scale-

free positioning estimate by updating a full 3D IMU positioning solution within an EKF 

module that considers the vehicle’s non-holonomic constraints. Stereo mode is activated 

in the beginning until a reliable, accurate estimate of the IMU errors is obtained, and stable 

EKF convergence is achieved. Then, the system switches to IMU-aided monocular mode 

benefitting from its lower memory and computation requirements. The motion scale 

generated by the IMU is tested every few seconds. When the error in the motion scale goes 

beyond a certain threshold, the system switches back to the stereo mode and feeds its 

estimation to the EKF to re-estimate IMU biases. 

 The implemented EKF uses a full 3D IMU dynamic model [96] to generate its 

predicted trajectory estimation of the moving platform's position, velocity, and orientation 

at a rate of 100Hz. At a lower rate (15 Hz), a stereo vision system that processes images 

sequence from a couple of cameras is developed. The developed stereo vision uses a SOFT 

SLAM library [110]. While using the SOFT estimation as a position update, EKF 

convergence is watched. Once converged, the system automatically switches to the 

monocular mode using the calibrated IMU position prediction, aided by non-holonomic 
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constraints.  This way, the system can estimate the motion scale leading to a full 3D 

monocular visual-inertial solution scale-free. Switching to monocular mode frees extra 

resources for other tasks like motion planning or mapping. The Flowchart of the proposed 

VIO system is shown in Figure 4.1. 

 

Figure 4.1 Flowchart of the proposed VIO system. 

 Referring to equations (4.1) and (4.2), the EKF nonlinear dynamic system f(.) is 

given by the IMU dynamic system model provided in section 2.2.1. The stereo vision-

based position updates provide the measurements incorporated into the system by the 

measurement model h(.). In our loosely coupled system, given our state vector 𝑥(𝑡) =

[𝑃𝐿 𝑞𝐵
𝐿 𝑣𝐿 𝑏𝑔 𝑏𝑎], the design matrix 𝐻 relates the visual states’ updates to the 

system states as follows: 

 

𝛿𝑦 = [

𝑃𝑣𝑖𝑠𝑖𝑜𝑛
 − 𝑃𝐼𝑁𝑆

 

𝑅𝑣𝑖𝑠𝑖𝑜𝑛
 − 𝑅𝐼𝑁𝑆

 

𝑣𝑣𝑖𝑠𝑖𝑜𝑛
 − 𝑣𝐼𝑁𝑆

 
] = 𝐻𝛿𝑥(𝑡) = [

1 0 0 0 0
0 1 0 0 0
0 0 1 0 0

]

[
 
 
 
 
𝛿𝑃𝐿

𝛿𝑞𝐵
𝐿

𝛿𝑣𝐿

𝛿𝑏𝑔

𝛿𝑏𝑎]
 
 
 
 

  , 

 

(4.19) 
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Where 𝛿𝑦 is the difference between the VO estimation and the INS prediction states, 

𝑃𝐿 , 𝑞𝐵
𝐿  𝑎𝑛𝑑 𝑣𝐿 are the system position, rotation and velocity, respectively and 𝑏𝑔and 𝑏𝑎 are 

the IMU estimated biases. The process noise covariance matrix 𝑄 and the measurement 

noise covariance matrix 𝑅 were tuned to ensure the robustness and accuracy of the EKF 

fusion. 

 To sustain the system's accuracy, the following mechanism could be implemented. 

Every few seconds, we switch on the stereo SOFT odometry solution and test the EKF 

estimated motion scale against the SOFT odometry solution for one iteration. Suppose 

there is a large discrepancy between the two estimations. In that case, the system 

automatically switches off the monocular estimation and feeds the SOFT odometry updates 

to the EKF to re-converge and re-estimate the IMU biases. The system also can rely on the 

IMU readings to adjust for high dynamics. This adjustment could be made by switching 

from monocular mode to stereo mode when the sensed acceleration and rotation rates are 

within a certain low limit. Additionally, switching from stereo to monocular in case of 

high-speed motions or fast rotations. These fast motions require processing over 25 fps to 

estimate the system’s trajectory. The remainder of this section is devoted to describing both 

SOFT stereo VO and the monocular VO. The proposed solution pseudo-code is as follows: 
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Algorithm: Hybrid IMU-Aided Approach for Optimized Visual Odometry 

Inputs: 

Stereo pair: {𝑰𝒍, 𝑰𝒓}                                                                  // left and right images 

IMU measurements: {𝒂𝒙, 𝒂𝒚, 𝒂𝒛, 𝝎𝒙, 𝝎𝒚, 𝝎𝒛}                         // IMU raw data 

Output: 

Platform Pose: {𝑷𝒙, 𝑷𝒚, 𝑷𝒛, 𝑹𝒙, 𝑹𝒚, 𝑹𝒛}                                    // The estimated 3D pose 

 

 

 

set_scale_error_limit(scale_error_limt)                                // set allowed scale error 

set_test_count_limit (test_count_limit)                                //define scale test frequency 

IMU_biases_estimated=false                                               // IMU not calibrated 

Count=0      

                                                                           

while “new input data available” do                                                // new data frame 

        if “IMU_biases_estimated is true” then                                  // if IMU is calibrated 

                scale = INS_Scale_prediction(𝒂𝒙, 𝒂𝒚, 𝒂𝒛, 𝝎𝒙, 𝝎𝒚, 𝝎𝒛)    // get scale prediction 

                {𝑷𝒙, 𝑷𝒚, 𝑷𝒛, 𝑹𝒙, 𝑹𝒚, 𝑹𝒛}=Monocular_VO(𝑰𝒍,scale)         // run monocular VO 

                 count+=1 

                 if count >= test_count_limit then                                  // if test is needed 

                          scale_error = perform_scale_test(scale)               // perform scale test 

                          if scale_error > scale_error_limt then                  // IMU not calibrated 

                                  IMU_biases_estimated=false                    

                                  count=0                                                         // reset counter 

                          end 

                           

                 end 

        else                                                                                   // if IMU is not calibrated 

               {𝑷𝒙, 𝑷𝒚, 𝑷𝒛, 𝑹𝒙, 𝑹𝒚, 𝑹𝒛}=SOFT_VO(𝑰𝒍, 𝑰𝒓)              // run Stereo VO 

               estimate_INS_biases(𝑷𝒙, 𝑷𝒚, 𝑷𝒛, 𝑹𝒙, 𝑹𝒚, 𝑹𝒛)            // calibrate IMU 

                if “INS_biases_converged” then 

                      IMU_biases_estimated=true                              // IMU calibration is done 

                end 

       end 

end 
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SOFT Visual Odometry System: 

 We used the SOFT odometry method for the stereo visual odometry stage [53], 

which ranks as one of the highest accuracy visual odometry solutions on the KITTI vision 

benchmark suite [93]. The name SOFT stands for Stereo Odometry algorithm relying on 

Feature Tracking [111]. As can be seen in the proposed solution in Figure 4.2, the estimated 

change of position and orientation estimated from the SOFT is fed to the EKF as an update 

to estimate the IMU biases and errors optimally. The main drive that motivated every 

decision to design the SOFT odometry algorithm is to enable real-time performance and 

optimize the processing requirements. The algorithm comprises four primary stages, as 

shown in Figure 4.3. The first stage is the feature detection and selection in which the idea 

of bucketing is applied. Bucketing technique divides the image into 50x50 pixel-sized 

buckets. Figure 4.2 shows visual features and visual tracking solution sample. 

 

 

Figure 4.2 Sample of Visual Features and visual tracking solution 

 In every bucket, corner and blob masks are applied, followed by a non-maximum 

suppression step to have four class lists of carefully selected strong features. Then, these 

features go through a circular matching process in which the features are tested if they are 

matched in two consecutive frames. Only the features that pass this test are taken into 
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account. Using this small subset of the image features reduces the computational time for 

all the following stages. 

 

Figure 4.3 SOFT Visual odometry flowchart. 

 The second stage is the feature tracking stage. Each feature point has the following 

associated properties: 

1. Unique identifier. 

2. Age.  

3. Refined current position in the image.  

4. Feature strength.  

5. Belonging class.  

6. Initial descriptor. 

A unique identifier is assigned for it with the feature's first appearance, and the age is 

initialized with zero. In each iteration, the position of the feature point is refined on a 

subpixel level with respect to the initial feature position; using the same descriptor during 

the entire feature lifetime reduces the drift. The third stage is the rotation estimation. In this 

stage, the feed from the left camera is used as an input to the RANSAC 5 points module 

[110], [4] to estimate the rotation matrix and then apply the spherical linear interpolation 

(SLERP) step that refines the rotation estimation. Finally, the translation estimation stage 

is implemented. Having all the correspondences determined, the 3D point cloud estimation 
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of the previous view is projected into the image plane of the current view. Then the 

translation is calculated iteratively by minimizing a cost function. 

Monocular Odometry System: 

In monocular mode, we implemented the basic components of the visual odometry 

algorithm as described in [112], [4]; the monocular solution flowchart is shown in Figure 

4.4. The monocular mode solution satisfies the most basic implementation of the visual 

odometry solution. We applied the ORB feature detector [113], and then we tracked the 

features using Kanade-Lucas-Tomasi [114] sparse optical flow technique. 

 

Figure 4.4 Proposed Monocular VO. 

 The choice of optical flow came from its ability to track features between frames 

without the need to detect the features with each coming frame. A threshold of the 

minimum features was tuned to trigger a new feature detection search. The sparse 

technique was selected because it is faster than the dense optical flow. Once we have point 

correspondences, we used RANSAC 5-points [115], a standard technique to handle 

outliers' existence and remove them and then compute the essential matrix using the 
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Epipolar geometry constraints. The epipolar constraint between two views of a calibrated 

camera can be expressed as:  

 𝐼′𝐸𝐼 = 0, (4. 20) 

Where I and I’ are the corresponding features image coordinates between two views, and 

E is the essential matrix. Since the scale in monocular vision is unobservable, we get the 

motion scale from the IMU prediction model.  Having the essential matrix and the motion 

scale, we estimate the rotation R and translation T. Finally. We construct the final position 

Tf and rotation matrix Rf: 

 𝑅𝑓 = 𝑅 𝑅𝑓 ,    (4. 21) 

 𝑇𝑓 = 𝑇𝑓 + 𝑆 𝑅𝑓𝑇,   (4. 22) 

S is the motion scale. In the proposed system, the motion scale S is calculated from the 

calibrated IMU compensated for biases estimated by the EKF during the stereo mode 

phase. 

4.1.3 Experimental Work and Results 

   

Figure 4.5 Accelerometer estimated biases. 
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The experiments were performed on the 30mx30m 5th floor of the Mackenzie Building at 

Carleton University in Ottawa. We measured the final position loop error, which is the 

positional difference between the starting and ending coordinate when we close the loop in 

the testing area. In the beginning, the system enabled the stereo mode by default. Figure 

4.5  and Figure 4.6 show that the EKF needed less than 50 seconds to converge to the 

optimum estimate of the accelerometers and gyroscopes biases.  

 

Figure 4.6 Gyroscopes estimated biases. 

 A comparison between the estimated trajectory of the ZED mini (ZED), RealSense 

(RS) and the SOFT odometry is illustrated in Figure 4.7. The presented figure suggests that 

SOFT results are comparable to the RS position estimation in our test conditions while 

outperforming the ZED Mini position estimation with less than 20 cm end-of-loop position 

error after a complete loop (23.5mX18.5m) which took approximately 90 seconds. Using 

the SOFT estimated trajectory as a position update to the EKF for 50 seconds, the EKF has 

converged, as shown in Figure 4.5 and Figure 4.6. An accurate estimation of the IMU 
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biases has been obtained. Then the system automatically switched to the monocular mode 

visual odometry solution and continued for 40 seconds, resulting in the blue trajectory 

illustrated in Figure 4.8. The red trajectory in Figure 4.7 is the full SOFT stereo solution 

with a 20 cm end-of-loop position error.  

 

Figure 4.7 SOFT, Realsense and ZED mini estimated trajectories. 

 Five accuracy tests were performed on the IMU-generated scale during the 

experiment to verify its consistency with that estimated scale from stereo vision. No 

discrepancy has been detected as the error was smaller than the selected threshold, and the 

overall error at the end of the tested loop was 0.5 meters. Additionally, the output frame 

rate is compared to judge the proposed system’s complexity. While The SOFT stereo 

solution operated at 10 fps and the monocular solution operated at 30 fps, the proposed 

hybrid solution worked at 19 fps. Although the calibrated IMU-aided monocular vision 

solution is slightly less accurate than the SOFT stereo vision solution, given the huge 
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saving in computation by switching to the monocular solution instead of a stereo solution, 

the advantage of the proposed hybrid scheme is clear. 

 

 
Figure 4.8 Stereo (Red) vs. IMU-aided monocular vision (Blue) solutions. 

4.2 Stereo Visual odometry aided by IMU and UWB Sensor Fusion 

To further enhance the visual-inertial odometry accuracy [116], ranging 

technologies such as UWB have been introduced as an indoor replacement for GNSS. 

However, UWB has some drawbacks, including reflections, multi-path and Non-line-of-

sight (NLOS) conditions [88]. This section presents a robust fusion framework based on 

(EKF) [117] to accurately and efficiently fuse these sensors. The proposed design applies 

non-holonomic speed-aided motion constraints to minimize positional drifts in lateral and 

vertical directions induced by IMU sensors' biases integration [118], [119]. A non-

holonomic constraint is a condition that is derived from the characteristics of the motion 
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prediction model or the measurement model, which could reduce the system's degrees of 

freedom.  

Using non-holonomic constraints can decrease the system’s complexity and 

increase the solution’s accuracy. In contrast to some existing fusion schemes, such as those 

in [120], the non-holonomic motion constraints enabled the fusion of speed information 

obtained from processing stereo vision sensors. Using vision-estimated single-dimensional 

forward speed instead of a 3D position has shown more robustness against visual 

positioning errors. To further control positional error drifts, whenever reliable, UWB 

ranging and positioning have been used as an update to the EKF. The developed system 

has been demonstrated in a real indoor environment using a stereo-camera sensor, a built-

in IMU sensor, and a local wireless infrastructure of the UWB radio network. 

4.2.1 System Description 

 

Figure 4.9 UWB-Vision-IMU System Block diagram. 



 91 

In previous work [89], [88], conventional EKF designs and updates are taken as 

absolute positions calculated by stereo vision [121], [120]. However, this technique is not 

robust against visual tracking errors. The rigid body's motion is mainly concentrated in the 

forward direction (x-axis in B frame). Using this fact as a non-holonomic constraint could 

greatly enhance the trajectory accuracy. Our proposed system estimates the platform speed 

from visual tracking and then projects it into the platform orientation. The speed value is a 

single value that is more immune to orientation errors introduced by the stereo vision 

projection. The proposed system overall block diagram is shown in Figure 4.9. In the 

presented loosely coupled fusion, given our state vector 𝑥(𝑡) = [𝑃𝐿 𝑞𝐵
𝐿 𝑣𝐿 𝑏𝑔 𝑏𝑎]. 

The design matrix 𝐻 relates the UWB position updates to the system states as follows: 

 

𝛿𝑦 = [𝑃𝑈𝑊𝐵
 − 𝑃𝑉𝐼𝑂

 ] = 𝐻𝛿𝑥(𝑡) = [1 0 0 0 0]

[
 
 
 
 
𝛿𝑃𝐿

𝛿𝑞𝐵
𝐿

𝛿𝑣𝐿

𝛿𝑏𝑔

𝛿𝑏𝑎]
 
 
 
 

  , (4.23) 

Where 𝛿𝑦 is the difference between the UWB estimation and the VIO prediction states, 

𝑃𝐿 , 𝑞𝐵
𝐿  𝑎𝑛𝑑 𝑣𝐿 are the system position, rotation and velocity, respectively and 𝑏𝑔and 𝑏𝑎 are 

the IMU estimated biases. 

4.2.2 Experimental Work and Results 

The experiments were performed in a 30mx30m area on the 5th floor of the 

Mackenzie Building at Carleton University in Ottawa (see Figure 4.11). We installed 11 

battery-enabled UWB nodes as anchors in known locations and programmed one node as 

a tag. Figure 4.10 shows the UWB estimated trajectory against the Realsense T265 

solution. The UWB solution did not accumulate drifts with time; however, it is very noisy 

compared to the RS solution. Figure 4.11 compares the visual tracking solution (red), the 
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EKF fusion (yellow) and the ground truth (blue). To avoid confusion, we did not display 

the UWB solution on the same 2D plot. However, Figure 4.12 shows all solutions in terms 

of cumulative error percentage.  

 

Figure 4.10 UWB vs RealSense T265 solution. 

            
Figure 4.11 Stereo vision solution (Red) vs. Proposed Fusion Solution (Yello). 
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To test the developed EKF against outages (failures of UWB anchors or the 

presence of an insufficient number of anchors), we simulated five UWB outages for 10 

seconds each at different locations and computed the EKF solution error. As seen in Figure 

4.13, the error was in sub-meter accuracy (maximum is 57 cm), which shows the robustness 

and accuracy of the developed EKF fusion framework. 

 

 

Figure 4.12 Cumulative Error Percentage(m) 



 94 

 

Figure 4.13 Positional Errors during Outages. 

4.3 Summary 

This chapter presented two visual odometry systems that use sensor fusion to 

increase their robustness, speed and accuracy. First, a hybrid IMU-aided visual odometry 

solution fuses both visual and inertial sensors in a hybrid and adaptive scheme. The solution 

uses a high-precision visual odometry algorithm (SOFT) to update the EKF to estimate 

IMU biases. Then the system minimizes the processing power requirements by switching 

to a monocular visual odometry mode, which frees resources for the additional tasks. The 

presented solution could help navigate unknown environments, and the obtained accuracy 

encourages an embedded implementation targeting small autonomous battery-operated 

vehicles. For 50 seconds update outages, the overall position estimation error was less than 

0.5m. 

Second, the chapter illustrated a robust fusion framework for indoor navigation 

using IMU, stereo vision, and UWB. The developed EKF benefits from non-holonomic 

constraints limiting drifts and resisting visual tracking orientation errors. Experimental 

results revealed that the proposed solution outperformed individual sensors having a 
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position error of 84cm (root mean square). We further showed that our system achieved an 

average accuracy of 30cm under outage of 10 seconds, even under temporal outages. 
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Chapter  5: Improved Visual SLAM Using Semantic Segmentation and 

Layout Estimation 

 The technological advances in computational systems enabled very complex 

computer vision and machine learning approaches to perform efficiently and accurately. 

These new approaches can be considered a new set of tools to reshape the visual SLAM 

solutions. We present an investigation of the latest neuroscientific research that explains 

how the human brain can accurately navigate and map unknown environments. The 

accuracy suggests that human navigation is not affected by traditional visual odometry 

drifts resulting from tracking visual features. It utilizes the geometrical structures of the 

surrounding objects within the navigated space. The identified objects and space 

geometrical shapes anchor the estimated space representation and mitigate the overall drift. 

This chapter presents our efforts to incorporate two machine learning techniques into the 

VSLAM solution: semantic segmentation and layout estimation to imitate human abilities 

to map new environments. 

5.1 Background 

 As a human or an animal navigates through an unfamiliar environment, some form 

of spatial memory is formed. This memory creates a cognitive map representing a spatial 

environment and contains information about metric and directional relationships of objects 

in that environment. Humans are highly visual creatures [122], and under typical situations, 

vision forms a critical foundation for representing space [123]. While extensive research 

on navigational behaviour and spatial memory has been carried out in rodents, memory 

research in humans has traditionally focused on more abstract, language-based tasks [122]. 

Recent studies have begun to address the gap in human navigation research benefiting from 



 97 

the Virtual Reality evolution that enabled virtual-navigation simulations combined with 

human electrophysiological recordings [124]. These studies suggest that the medial 

temporal lobe [5] (MTL) is equipped with a population of the place and grid cells similar 

to that previously observed in the rodent brain. We believe that recent neuroscience 

discoveries related to cognitive memory could revolutionize VSLAM solutions. In this 

section, we discuss the neuroscientific answers to the following questions: 

• Does the Human brain perform SLAM? 

• How does the human brain solve navigation tasks? 

• What landmarks and semantic information could form human brain spatial maps? 

5.1.1 Brain spatial mapping process 

 John O'Keefe, Moser and Edvard were awarded the Nobel Prize for Medicine in 

2014. They won the prize for discovering two types of cells in the hippocampus: place cells 

and grid cells. These findings significantly impacted cognitive neuroscience, particularly 

spatial cognition. Further research found other cell types in the hippocampus, boundary 

vector cells, and head direction cells [125]–[127]. 

 Place cells are activated when an animal is in a specific position in an environment, 

regardless of the aspects of the job at hand [128]; they include data about a specific area. 

Grid cells fire at regular intervals and represent the layout of an environment. When an 

animal is near a given edge of an environment, boundary vector cells show activity, 

providing additional information about the animal's relative position in its surroundings. 

The head direction cells signal the animal's head orientation. Combining these cells that 

code for position, layout, borders and head orientation creates a mental map of the 
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environment in a useful state for navigation. This mental map depicts the spatial 

organization of an environment without regard to a particular point of view.  

 Finally, it is essential to acknowledge the brain motor sensor that provides the brain 

with an initial guess of the body motion that helps the brain control the eye movements to 

prevent disorientation and always anticipate where surrounding objects should be [5], 

[129], [130]. Also, our brain optimizes memory and calculations needed to perform its 

navigation tasks by abstracting the environment to the space boundaries and objects 

referenced to these boundaries [131]–[133]. 

5.1.2 Human Navigation Strategies 

 We use three basic ways to plan our trajectory to reach our goal: allocentric, 

egocentric, and beacon [134].  

 The allocentric or spatial memory strategy is a navigational strategy that 

involves intricate geometric calculations [135]. These calculations take distance and 

directional information into account [136]. An environmental representation (map) is 

formed and referenced outside of one's current body position [137], [138]. The navigator 

explores the environment by establishing relationships between various landmarks and 

orienting oneself with respect to those landmarks [139]. Creating external maps is part of 

human navigation skills [140]–[142]. Still, they are helped by a variety of more 

complicated cognitive activities that extract abstract semantic information from landmarks 

[143], routes taken, and the environment's architecture [144]–[147].  

 Recent work in human spatial navigation has shown that the environmental 

boundaries provide a way to establish an allocentric coordinate system [137], [148]. The 

surrounding spatial geometry, such as the square or rectangle shape defined by an 
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environment's boundaries, can be a powerful cue for organizing externally referenced 

knowledge. Several investigations [149]–[152] have reported that aligning the objects with 

the environment axis increases the accuracy of the brain's awareness of the locations of the 

objects.  

 Egocentric representation [148] is a strategy that is more typically utilized in 

everyday scenarios like reaching for a pen or remembering where the key chain is in the 

room. Our current body position is the reference in egocentric representations. The pen is 

on the table in front of us, about 30 degrees around our current facing orientation. We 

frequently use this type of representation to avoid collisions with objects and traverse our 

immediate, peripersonal space, as demonstrated by various studies of human spatial 

cognition [153]–[155].  

 Several studies imply that egocentric representations are high-resolution visual 

snapshots linked to our current head direction. We may create a single coherent egocentric 

representation related to our current location in space by taking a succession of these high-

resolution, static, body-referenced images [156]. These representations can then be updated 

as we walk through an environment, constituting the basis for path integration [143], [157]. 

However, these representations diminish during disorientation [154]–[156] or in large-

scale environments [158].  

 A beacon or reaction method [128], [159]–[161] is the third navigation strategy. 

It requires learning a series of behavioural actions from specific environment points that 

act as stimuli. With a succession of stimulus-response associations, one can learn to 

navigate from home to work in an automated manner. These responses may involve turning 

at a specific corner or building, with the corner and building acting as stimuli and the 
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response involving turning [161]–[163]. The reaction approach is inflexible when the 

remembered route is unavailable since it can not create a novel way to the target place.  

 As a result, navigation tasks are as simple as moving closer to or further away from 

a specific object. Its position on the retina grows or shrinks, giving an important clue for 

locating the object. When combined with egocentric codes like "right" and "left," Beacon 

navigation is a replica of how we travel using mobile devices like GPS on our phones. Like 

GPS, beacon strategies decrease the navigator's job to simply search for a specific landmark 

and link it with a response. 

5.1.3 Mapping and Navigation Tasks in Human Brain: 

 We presented neuroscience and behavioural analysis findings describing how our 

brain solves navigation tasks and forms a surroundings model. These findings could be 

summarized as follows: 

1. The human brain builds short-term, high-resolution body-referenced visual maps 

(egocentric) to be used with the motor sensors' motion predictions to solve the 

immediate navigational tasks; however, these maps fade with time and when 

navigating in large spaces (environmental spaces). These maps are the equivalent 

of the local maps that VO and VSLAM systems use in pose estimation. 

2. Alongside the egocentric maps, the human brain forms a more general 

representation that integrates visual and motor sensors over time, generating 

allocentric environmental models. The allocentric maps are referenced outside the 

human body to a distinct point or a landmark in the environment. This type of model 

is equivalent to the global maps in SLAM systems. 



 101 

3. Unlike SLAM systems in the literature, the human brain depends on the 

environment's geometry and layout to recognize and map the visited places.  

4. The brain mainly tracks the surrounding objects for pose estimation. It does not 

depend on feature points unless they are essential for describing the space layout or 

belong to a distinct landmark. Alternatively, the brain abstracts all the background 

points into colour and shade information. 

These navigational guidelines resulted from generations of training and evolution of the 

human brain, the most sophisticated computer ever existed. Designing a SLAM solution 

based on these findings could yield scalable, more robust and optimized solutions. 

5.2 Layout Estimation 

 Layout estimation research considers the task of estimating the spatial layout of an 

indoor scene from single or multiple images. Layout estimation solutions aim to delineate 

the walls, ground, and ceiling boundaries [164]. Early layout estimation solutions 

approached the problem intuitively as a semantic segmentation problem, assigning 

geometric context classes (floor, walls, and ceiling) to each pixel and then trying to obtain 

room layout keypoints and boundaries based on the pixel-wised labels  [165]. However, it 

is non-trivial to identify layout keypoints and boundaries from the raw pixel output. 

Furthermore, the traditional pixel-based representation created ambiguity as researchers 

have shown that CNNs often have difficulty distinguishing between different surface 

identities [166]. This phenomenon largely undermines the overall room layout estimation 

performance. 

RoomNet [167] reformulated the task of room layout estimation as an ordered room 

layout keypoint localization problem which can be directly addressed using CNNs as a 
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trainable end-to-end problem. RoomNet considered a list of different layout possibilities 

with their respective keypoint definition that could be inferred from a single image; these 

possibilities are first introduced by [168] and are listed in Figure 5.1. These 11 layouts 

cover most possible situations under typical camera poses and common cuboid 

representations under the "Manhattan world assumption" [169]. Once the trained model 

estimates correct keypoint locations with an associated room type, we can simply connect 

these points in a specific order to produce a boxy room layout representation. 

 

Figure 5.1 Definition of scene layout types. 

RoomNet adopts the SegNet architecture proposed in [170] with modifications. The 

base architecture of RoomNet adopts the same convolutional encoder-decoder network as 

SegNet. Using an image of an indoor scene, the system can directly identify a set of 2D 

room layout keypoints to recover the room layout. Each keypoint is represented by a 2D 
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Gaussian heatmap centred at the true keypoint location. The encoder-decoder architecture 

processes the information flow through bottleneck layers, enforcing it to implicitly model 

the relationship among the keypoints that encode the 2D structure of the room layout. 

 

Figure 5.2 RoomNet base architecture. 

 RoomNet predicts room layout keypoints and the associated room type with respect 

to the input image in one forward pass. To achieve this goal, the channels in the output 

layer are 11 as the number of the layout scenarios shown in Figure 5.1. The output channel 

is selected by the side head with fully connected layers to the bottleneck [171]–[174], as 

shown in Figure 5.2. 

5.3 Proposed System 

 We propose a semantically improved visual SLAM solution inspired by human 

reasoning in solving navigational tasks. The proposed SLAM builds an accurate joint map 

for sparse feature models for foreground objects, the environment's geometric bounds and 

detected sparse feature points to represent the background. The system depends on a 

RoomNet-trained network to estimate the layout keypoints in the input image sequences. 

RoomNet considers a Cuboid shape of the indoor spaces and infers its cuboid corners. The 

proposed system then incorporates the layout constraints into the global optimization 
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process to enhance the overall trajectory accuracy. The proposed system uses ORBSLAM2 

as its SLAM backbone and propagates the semantic and geometric inferences across the 

tracking, mapping and loop closure tasks with the following novelties: 

1- A complete visual SLAM system tracks and maps geometric and semantic 

structures in indoor environments. The system was built on ORB-SLAM2 as its 

SLAM backbone and redesigned its threads to utilize semantic observations 

throughout the tracking, mapping and loop closing tasks. 

2- The system also uses an offline created object model database to provide a point 

of view independent object tracking and provide the physical relationship 

between the object points as a set of constraints that anchor the odometry 

positional drifts.  

3- Because background feature points are hard to precisely re-detected and matched, 

the proposed system is configured to allow object points to be more influential in 

pose optimizations. 

4- With most of the images in the tracked sequences containing at least one cuboid 

corner, tracking and mapping threads are modified to detect and track cuboid 

corners and include them in the map optimization process. 

5- The proposed system introduces the idea of slicing the map into multiple 

geometrical links. Each link represents keyframes connecting two environment 

corners and exploits the geometric relationship between these corners as map 

optimization constraints. 

6- Two modifications are introduced to the loop closure thread: First, the local map 

is queried for objects and cuboid points to verify loop detections before accepting 
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it. The second modification introduces a new loop closure approach by detecting 

all the cuboid corners of the traversed space. Four cuboid corners allow the 

system to optimize the four edges defining the space limits. 

5.4 System Description 

 

Figure 5.3 Proposed Solution Flow Diagram. 

Figure 5.3 shows an overview of the proposed system. Like ORB-SLAM2, the 

developed system consists of three threads: tracking, local mapping and Loop closing. Each 

thread was redesigned to exploit the semantic and geometric information to accurately 

estimate the trajectory and environment map. The system embedded an offline learnt object 

model database for the common objects in AI2Thor [175] scenes. This section presents a 
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detailed description of the system's threads, highlighting the modified (grey) and the new 

(orange) components introduced to the ORB-SLAM2. 

5.4.1 Object Model Database: 

 One of the system contributions is creating a sparse 3D point model database for 

common objects in AI2Thor simulator scenes. Figure 5.4 shows the model database 

creation and query flow diagram. To create an object model, 12 images of the object are 

taken 30 degrees apart from the same distance. Then ORB feature points are extracted and 

matched using the same ORB extractor and matcher from ORB-SLAM2. The matched 

points are then triangulated to create a point cloud of the features. 

 

Figure 5.4 Object Model Database Flow Diagram. 

 For each point, the model saves the BRIEF descriptor and the transformation 𝑇𝑜𝑝 

from the center point of the point cloud. Finally, each point also contains the mean viewing 

angle at which it could be detected. To query the database for a new detection, the system 

uses the object ID provided by the semantic segmentation node to retrieve all models of 

the same kind (Chair, Sofa, …). Then perform feature matching on the retrieved models to 

select the right model and a rough estimate of its relative pose with respect to the camera 
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frame. The feature matching process considers the relative pose of the features and whether 

the detected object is cropped by the image pounds. 

5.4.2 Frame Preprocessing: 

 While AI2Thor provides a semantic segmentation solution for each frame, the 

layout estimation solution is still needed. The solution should be able to identify and track 

the cuboid vertices of the surrounding space. RoomNet was utilized to perform this task 

for its compatible and efficient representation. We trained the RoomNet network on an 

AI2Thor-generated dataset. The dataset was composed of 10k images divided into 8k for 

training and 2K for the test data. To avoid overfitting, the image sequences used for the 

training were different from the test and trajectory sequences. The room type and layout 

keypoints indices are generated for the trajectory sequences. To evaluate the accuracy of 

the trained network, two standard room layout estimation evaluation metrics were used:  

(1) Pixel error: is the pixel-wise error between the predicted surface labels and ground 

truth labels. 

(2) Keypoint error: is the average Euclidean distance between the predicted keypoint 

and annotated keypoint locations, normalized by the image-diagonal length.  

The model is trained with pixel-wise cross-entropy loss, optimized with Stochastic 

Gradient Descent (SGD), with a patch size of 32 and a 0.001 learning rate. The trained 

RoomNet network achieved 7.01% keypoint error and 10.9% pixel error. This high 

accuracy is due to the clean images generated from the AI2Thor simulator. The term clean 

means that most of the presented corners are un-occluded and visible in the images. Finally, 

our presented SLAM system only considers room types 0 – 5, as types 6 – 10 provide no 

real room corners (refer to Figure 5.1). 

https://en.wikipedia.org/wiki/Stochastic_gradient_descent
https://en.wikipedia.org/wiki/Stochastic_gradient_descent
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5.4.3 System Threads: 

Tracking Thread: 

 The tracking thread localizes the camera with every input frame by finding feature 

matches to the local map and minimizing the reprojection error by applying motion-only 

BA. The flow of the proposed system’s tracking thread is as follows: 

1- After extracting ORB features from the current frame, all detected features are 

annotated using the semantic segmentation input data. 

2- The previous frame is searched for matches; the encoded semantic annotations 

guide the search limiting the mismatches and the number of match candidates. An 

initial estimate of the pose is then optimized using the found correspondences. 

3- Once an initial pose is acquired and we have an initial set of matches, we project 

the local mappoints into the current frame; this includes observed feature points, 

object points and layout corner points. If the point projection lies inside the image 

bounds and with a viewing angle less than 60◦, we search the still unmatched 

features in the current frame and associate the mappoint to the best match.  

4- Finally, the camera pose is optimized with Motion-only bundle adjustment, a 

variant of the generic BA described in Chapter 2, where the camera pose 𝑻𝑐𝑤 =

[𝑹𝑐𝑤|𝑷𝑐𝑤] is optimized to minimize the reprojection error between the 3D map 

points 𝑿𝑤 matched to the current frame's 2D keypoints 𝑥𝑐: 

 𝑻𝑐𝑤 = argmin
𝑹𝑐𝑤,𝑷𝑐𝑤

∑𝜌 (‖𝑥𝑐
𝑗
− 𝜋𝑚(𝑹𝑐𝑤𝑿𝑤

𝑗
+ 𝑷𝒄𝒘)‖

Σ𝑗

2
)

𝑗

, (5.1) 

 

 All map points included in the pose optimization are fixed; only the camera pose is 

optimized. Our system's optimization process is modified to respect the physical 
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relationship governing the map points belonging to the same object. The system considers 

each matched mappoint an observation of either an object or the background. Background 

points are usually mappoints that lie on surfaces like floors, walls and ceilings. These 

surfaces are generally homogeneous, making it hard to track background points accurately, 

yet background points are usually the majority of the tracked mappoints. We propose 

performing the pose optimization with multiple subsets of the matched points. Each subset 

is composed of the mappoints belonging to the same object instance to remedy the effect 

of erroneous background matches. The final estimate is the mean of the subset estimates 

as shown in the equation: 

 
𝑻𝑐𝑤 =

1

𝑁
∑argmin

𝑹𝑐𝑤,𝑷𝑐𝑤

∑𝜌 (‖𝑥𝑐
𝑗
− 𝜋𝑚(𝑹𝑐𝑤𝑿𝑤

𝑗
+ 𝑷𝒄𝒘)‖

Σ𝑗

2
)

𝑗𝑁

, 
(5.2) 

Where N is the number of tracked object instances, our experiments on the generated 

AI2Thor dataset showed that tracking objects improve trajectory accuracy.  

Local Mapping Thread: 

 In ORB-SLAM2, the Local Mapping thread manages the local map and optimizes 

it by performing local BA. The map management includes adding new keyframes and 

removing redundant keyframes and map points. The proposed system added object 

management and map layout management tasks to the local mapping thread.  

Object management module: Each object detection in newly created keyframes 

that does not exist in the local map is considered a new object. The object model database 

is queried for the detected object model. New objects are then aligned by computing the 

position of the object center point and the object orientation using the matched points. After 

performing any map optimization (global/local), the objects within the optimized map are 
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realigned. After object alignment, the local mapping creates object points for all the object 

model points regardless of their existence in the view of the keyframe. All points are then 

added to the object instance. 

Layout management module: Indoor environments are characterized by limited size, 

which enforces low-speed movements and many pure rotations to correct directions. In our 

collected and tested datasets (real and simulated) for cuboid spaces, we noticed that over 

80% of the images contain at least one cuboid corner. In the remaining 20%, the images 

are either occluded by close objects or walls, suggesting that the following motion would 

be a large rotation to correct the direction and avoid a collision. Large pure rotations are 

usually miscalculated or even could cause the tracking thread to lose track. Tracking cuboid 

corners can restore lost tracking and correct wrongly estimated rotations. Detected corners 

are kept in an ordered stack in the same order of corner observations. The corner stack can 

only contain four corners at max. The layout management module shown in  Figure 5.3 as 

a part of the local mapping thread limits the solution drifts as follows: 

1- Each corner instance should contain a list of all object instances in the local map 

when the corner was observed with the relative transformation between the object 

instance and the corner point. Object instance lists are used in corner matching and 

are updated with each new corner observation. 

2-  Each cuboid corner detected in newly created keyframes that do not have matches 

in the local map is required to pass two tests. First, the corner should be cross-

examined with the previously detected corners geometrically and through object 

list validation to ensure it is a new corner. Then the distance 𝑑𝑐𝑖,𝑐𝑚
 between the 
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detected corner  𝑐𝑖 and the center point of the map 𝑐𝑚, which is updated with each 

new keyframe, should meet the following condition: 

 𝑑𝑐𝑖,𝑐𝑚
= 𝑑𝑚𝑒𝑎𝑛 ± 10%, (5.3) 

 Where 𝑑𝑚𝑒𝑎𝑛 is the mean distance between all the corners in the corner stack.  

3- The first and second cuboid corners are directly inserted into the corner list. Now, 

the system can correct every newly detected corner by projecting the distance 

between the newly detected corner and the last inserted corner in the corner list in 

the direction of the perpendicular unit basis of the last link.  

4- With 3rd and 4th corner detection, the estimated map is optimized using the corrected 

corner point position in edge optimizations. Edge optimization is the process in 

which the geometric constraints between the different corners are enforced. The 

optimizations are performed whether the corner is new or already included in the 

list as long as it is its first appearance on the current local map. An edge 𝑒𝑖 is all 

keyframes that connect two subsequent corners. In other words, all keyframes 

inserted in the map from the beginning of the observation of the corner 𝑖 to the end 

of the observation of corner 𝑖 + 1. Edge optimization is similar to local map 

optimization, with one key difference, corner points are fixed. 

With four corners already in the corner's list and the oldest corner is redetected, a full 

loop has already been navigated. In this case, we perform four edge optimizations which 

is equivalent to a loop closure. As presented in the analysis section, this process should 

yield a more accurate trajectory shape and scale. Also, edge optimization gives a much 

more accurate initial state to the full graph bundle adjustment, which decreases the number 

of iterations needed to find the final state. 
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Loop Closure Thread: 

 The Loop Closing thread is assigned to detect large loops and correct the 

accumulated drift by performing a pose-graph optimization. After accepting a loop closure 

candidate, this thread launches a fourth thread to perform full BA for the pose-graph 

optimization to compute the optimal map structure and motion solution. Originally, the 

ORBSLAM2 detects if a loop is closed by recognizing the visual bag of words of a 

previously visited scene. The proposed system implements an enhanced loop closure 

detection approach based on the layout corner detection. The new approach is performed 

by the layout management module in the local mapping when detecting four different and 

valid cuboid corners. The proposed system added a layer of verification for loop closure 

candidates, which query the objects and cuboid corners at both sides of the loop to validate 

its correctness.  

5.5 Experiments and Analysis 

In this section, the experiments are discussed, and a full accuracy analysis of the proposed 

system against ORB-SLAM2 is presented. As ORB has become the standard VSLAM in 

the literature as can be seen in [49] and [50], ORB-SLAM2 were considered as the baseline 

of the comparisons to evaluate the enhancements introduced by the proposed 

modifications. 

5.5.1 Test Data: 

 The developed system was tested on multiple sequences generated from the 

AI2Thor environment simulator embodied AI agents [176]. AI2Thor was created by Allen 

Institute for AI in 2016 to facilitate research in many domains, including deep 

reinforcement learning, object detection and Segmentation, motion planning and visual 
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SLAM. AI2-THOR provides near photo-realistic 3D indoor scenes, where AI agents can 

navigate the scenes and interact with objects to perform tasks. The simulator offers RGB 

and depth images, annotated semantic Segmentation, and navigational ground truth [170]. 

To generate stereo frames from the simulator, a second view camera was added to the 

scenes, and the position and orientation of the camera were updated with each time step. 

The experiments were performed on five stereo/RGBD image sequences generated from 

the AI2Thor simulator. The sequences represent a full loop in the scenes with the following 

names: TrainFloor10_1, TrainFloor10_2, TrainFloor10_3, TrainFloor10_4 and 

TrainFloor10_5. The trajectories experienced many large pure rotations (with no combined 

translation) to test the robustness and accuracy of the systems. The length of the exported 

sequences varies from 1.3K to 3.6K steps per sequence.  

5.5.2 Evaluation Metrics 

 To evaluate the proposed SLAM system against ORB-SLAM2, the estimated 

camera motion for both systems is compared against the true trajectory using two 

frequently utilized methods: the relative pose error (RPE) and the absolute trajectory error 

(ATE). RPE measures the difference between the estimated motion and the true motion. It 

can evaluate the drift of a visual odometry system [177] which is especially useful if only 

sparse and relative relations are available as ground truth. Instead of judging the drift of 

relative poses, the ATE tests global trajectory consistency. ATE aligns the two trajectories 

and then directly evaluates the absolute pose differences. This method is well suited for 

assessing visual SLAM systems [178] but requires that absolute ground truth poses are 

available. Finally, we use the frame rate to judge the systems’ complexity. 
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5.5.3 Results and Analysis: 

 The quantitative comparison results are shown in Table 5.1 to Table 5.3. RMSE, 

Mean Error, Median Error and Standard Deviation (SD) values are presented, while 

RMSE and SD are more concerned because they can better indicate the robustness and 

stability of the system. We also show the values of improvement compared to the original 

ORB-SLAM2. The improvement values in the tables are calculated as follows: 

 
𝜂 =

𝑜 − 𝑏

𝑜
× 100%, 

(5.4) 

Where 𝜂 represents the value of improvement, 𝑜 represents the value of ORB-SLAM2 and 

𝑏 represents the value of the proposed system. 

Table 5.1 Results of Metric Rotational Drift (RPE). 

Sequences 

ORB-SLAM2 Proposed Improvements 

RMSE MEAN Median S.D. RMSE MEAN Median S.D. RMSE MEAN Median S.D. 

Floor10_1 4.299 3.472 3.662 2.537 2.567 2.086 2.208 1.496 %40.2

9 

%39.9

2 

%39.71 %41.0

1 
Floor10_2 1.501 1.246 1.367 0.839 0.753 0.609 0.630 0.443 %49.8

6 

%51.1

1 

%53.89 %47.2

1 
Floor10_3 1.395 0.936 0.728 1.035 0.798 0.648 0.639 0.467 %75.8

8 

%24.9

4 

%53.66 %62.6

6 
Floor10_4 3.604 2.570 1.493 2.528 2.107 1.533 0.979 1.446 %41.5

5 

%40.3

7 

%34.41 %42.7

9 
Floor10_5 3.699 3.231 3.092 1.799 2.431 2.126 2.128 1.179 %34.2

7 

%34.2

0 

%31.19 %34.4

8 
  

 

Table 5.2 Results of Metric Translational Drift (RPE). 

Sequences 

ORB-SLAM2 Proposed Improvements 

RMSE MEAN Median S.D. RMSE MEAN Median S.D. RMSE MEAN Median S.D. 

Floor10_1 0.0036 0.095 0.064 0.164 0.0004 0.032 0.020 0.058 %87.77 %68.55 %66.28 %64.62 

Floor10_2 0.0035 0.153 0.144 0.109 0.0009 0.063 0.038 0.072 %73.79 %58.52 %73.42 %33.74 

Floor10_3 0.0014 0.058 0.035 0.103 0.0003 0.043 0.016 0.038 %75.88 %24.94 %53.66 %62.66 

Floor10_4 0.0038 0.105 0.076 0.165 0.0016 0.098 0.075 0.083 %56.89 %7.193 %1.594 %49.48 

Floor10_5 0.0004 0.045 0.030 0.047 0.0003 0.041 0.012 0.045 %11.26 %7.752 %60.60 %4.074 
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Table 5.3 Results of Metric Absolute Trajectory Error (ATE). 

Sequences ORB-SLAM2 Proposed Improvements 

RMSE MEAN Median S.D. RMSE MEAN Median S.D. RMSE MEAN Median S.D. 

Floor10_1 0.696 0.552 0.504 0.424 0.23 0.181 0.158 0.142 %66.96 %67.25 %68.66 %66.47 

Floor10_2 0.367 0.334 0.353 0.152 0.15 0.138 0.145 0.061 %58.97 %58.74 %58.92 %60.08 

Floor10_3 1.170 0.188 0.157 1.156 0.36 0.013 0.079 0.359 %69.36 %92.96 %49.72 %68.98 

Floor10_4 0.752 0.655 0.643 0.369 0.15 0.132 0.130 0.075 %79.83 %79.85 %79.79 %79.76 

Floor10_5 0.717 0.514 0.478 0.499 0.261 0.176 0.162 0.193 %63.53 %65.77 %66.11 %61.29 

 

Table 5.1 to Table 5.3 illustrate that by tracking objects and geometrical structures in 

indoor environments, the proposed SLAM solution outperforms ORB-SLAM2 by order of 

magnitude. The RMSE and SD improvement values can reach 79% in terms of ATE. The 

results indicate that the proposed approach can significantly improve the robustness and 

stability of the SLAM system in indoor environments.  

 

 

(a) 

 

(b) 

Figure 5. 5 Estimated Trajectories for Floor10_1 Sequence.  
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(a) 

 

(b) 

Figure 5.6 Estimated Trajectories for Floor10_2 Sequence.  

Figure 5. 5 to Figure 5.9 show the estimated trajectory of the proposed SLAM 

system and ORB-SLAM2 against the ground truth. We can notice how starting the 

sequence by large pure rotation severely affects ORB-SLAM2 trajectory estimation in 

sequences 3 and 4, which also suffered large inaccuracy in the first sequence due to 

multiple large pure rotations. Our solution recovered from these rotations by tracking the 

environment boundaries in all cases. Finally, while the ORB-SLAM2 ran with 10 fps on 

stereo frames, the proposed system ran with 8 fps. 

 

(a) 

 

(b) 

Figure 5.7 Estimated Trajectories for Floor10_3 Sequence. 
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(a) 

 

(b) 

Figure 5.8 Estimated Trajectories for Floor10_4 Sequence. 

 

 

(a) 

 

(b) 

Figure 5.9 Estimated Trajectories for Floor10_5 Sequence. 

5.6 Summary 

 The human brain can perform navigation-related tasks flexibly and with very low 

accumulated errors. In this chapter, an improved visual SLAM system was presented. A 

new indoor SLAM system is inspired by the human ability to understand and relate 

semantic and geometrical information and then exploit it to navigate the environment 

accurately. The proposed system incorporated RoomNet, a CNN network designed to 

detect geometric properties of the image scenes and successfully used this information to 
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enhance its trajectory estimation. The proposed SLAM solution utilized the geometric 

constrained between the environment corners to correct the system drifts and create an 

improved loop closure approach. The presented work included the creation of an object 

model database to provide more robust object tracking. The proposed system showed 

robustness and accuracy in all tested sequences and outperformed its backbone SLAM 

engine, ORB-SLAM2, especially against pure rotations. 
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Chapter  6: Conclusions and Future work 

6.1 Conclusion 

This thesis presented sensor fusion and machine learning approaches to aided visual 

navigation systems in indoor environments. A thorough background review, detailed 

problem statement, in-depth explanation of the proposed solutions and experimental results 

on real and simulated datasets were discussed. Chapter 2 presented a detailed discussion 

about indoor navigation solutions. The chapter also investigated the bottlenecks of the 

existing SLAM solutions. The reported limitations span both robustness and accuracy of 

the trajectory estimations. The experimental results showed the following problems: losing 

track of the position, large drifts in the estimated trajectory and wrong loop closure 

detections.  

A full design and implementation of a multi-sensor indoor tracking system were 

discussed in Chapter 3. The system incorporated many navigation sensors and accurately 

collected massive data in ROSbag format. The system utilized the robot operating system 

(ROS), and tasks were distributed on three different computing platforms communicating 

wirelessly. Each runs tailored software to successfully control the sensors and interact with 

each other in real-time. 

In Chapter 4, a novel IMU-aided visual odometry system was presented. The 

system efficiently switches between stereo and monocular visual odometry schemes. 

Experimental results on a real dataset showed that the proposed approach added robustness 

to the system against rapid movements and single-camera occlusions without sacrificing 

the system’s accuracy. Chapter 4 also illustrated yet another sensor fusion approach. The 

presented system integrated two navigation solutions with the visual odometry, UWB 
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positioning and an INS-based navigation solution. The fusion EKF was designed to utilize 

the platform motion constraints as a non-holonomic constraint, limiting the overall solution 

drift. Compared to the single sensors solutions, the system showed higher accuracy even 

with up to 10 seconds of UWB outages. 

 Chapter 5 presented an improved visual SLAM system using semantic 

segmentation and layout estimation. The system design was inspired by the human ability 

to estimate its position accurately by tracking the semantic and geometric structures in the 

traversed environment. By integrating the mature semantic segmentation and layout 

estimation approaches, the solution imitated the human brain’s awareness of the objects 

and the space limits. It improved the accuracy and robustness of the estimated trajectory. 

6.2 Potential Direction for Future Research 

The research works presented in this thesis have opened new opportunities for 

further investigation in the following potential directions: 

Optimized Semantic SLAM for real-time indoor navigational tasks: An 

intuitive future step is to optimize the presented visual SLAM implementation for real-time 

embedded applications. The optimization should aim to reduce the memory and processing 

power requirements of the solution to be suitable for the limited resources of the 

commercial embedded platforms. The suggested optimization is twofold: 1) to optimize 

the neural network’s size of the semantic segmentation and layout estimation modules. 

However, this research direction should be guided by the fact that reducing the neural 

network size has a trade-off with its generalizability and accuracy. 2) to optimize the 

SLAM implementation. The current implementation of the proposed SLAM solution 

considers both feature points and object instances in the tracking and local mapping 
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threads. A good potential optimization practice is to consider only the detected object 

instances and neglect the corresponding feature points entirely whenever enough objects 

are present. Treating object instances as visual features increases tracking accuracy and 

reduce map size allowing for faster BA optimizations. 

Multi-Modal layout estimation for generalized Semantic SLAM system: This 

Ph.D. thesis illustrated the power of exploiting environments’ layouts as a geometrical 

constraint for more accurate trajectory estimations. An encouraging research direction is 

to generalize the layout estimation module in our proposed SLAM to include more 

environment models. For indoor environments, these layout models could include solutions 

for stairs, hallways and non-cuboid spaces. The system should be trained to recognize and 

switch between these space portions to estimate longer trajectories and model larger 

environments. Another benefit of pursuing this research direction is allowing the system to 

operate beyond indoor applications. The improved SLAM system can be used outdoors, in 

tunnels, or even in agricultural fields by redefining the environment's boundaries. 

Explore different approaches for sensor fusion: In this thesis, the developed 

sensor fusion solutions used EKF to estimate the systems’ states optimally. However, EKF 

requires a robust formulation of the error models and a long iterative calibration process to 

estimate sensors’ error parameters. The higher the number of integrated sensors, the longer 

and more complicated the calibration process is. Additionally, the slightest drifts in the 

estimated error model compromise the solution’s accuracy.  A benifitial research trend is 

to explore different sensor fusion approaches to shorten the calibration process or enhance 

the overall system accuracy and realtime performance. Examples of such approaches are 
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the Particle Filters (PF) [179], Dynamic Data Reconciliation (DDR) [180] and the Random 

forest filter (RFF) [181].  
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