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Abstract 

Positioning and navigation of unmanned ground vehicles (UGVs) in GNSS-denied environments is crucial 

to geological surveys required for subterranean and extraterrestrial exploration and mapping. While GNSS 

is the most accurate and reliable source of positioning service when operating in open sky environments, 

many field sites of geological interest for exploration and mining cannot receive GNSS signals. The use of 

robotic platforms helped improve data resolution and data collection speed compared to previous survey 

methods. The technological advances and the low cost of micro-electro-mechanical system (MEMS)-based 

inertial sensors (accelerometers and gyroscopes) enabled their use in positioning and navigation for many 

years. However, during prolonged surveys, the inertial-based positioning solution may become prone to 

rapid drift resulting in substantial position errors. This research explores integrating MEMS-based inertial 

sensors with a vision-based navigation system. The work completed in this thesis proposes a new method 

for aiding the inertial-based navigation solution with the vision-based navigation solution. Each of the 

subsystems is modified in order to optimize the navigation solution. The vision-based navigation relies on 

a visual odometry pipeline modified to replace the feature matching step with Lucas-Kanade optical flow. 

Simultaneously, the inertial-based subsystem is derived from the three-dimensional reduced inertial sensor 

system (3D-RISS), modified for a body-centred update. A unique body-centred approach relying on 

projecting position increments through time is used to minimize the errors previously occurring due to the 

correlation of position increment and heading angle. The fusion of both systems is based on a Kalman filter 

to estimate the position, heading and inertial sensor errors. The developed method was tested using a Husky 

A200 UGV. The field tests utilized the Robotic Operating System (ROS) for recording data from sensors 

and synchronization. The test trajectories were performed indoors at the Royal Military College of Canada 

in Kingston, Ontario and in the Brockville Railway Tunnel in Brockville, Ontario. This thesis presents 

illuminating findings of aiding a body-centred inertial system with only reliable vision updates, resulting 

in a reliable positioning and navigation solution operating for an extended duration in GNSS-denied 

environments.  
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Chapter 1 

Introduction 

1.1 Motivation 

Positioning and navigation of autonomous and teleoperated platforms have enormous potential for 

numerous geosciences and engineering applications. This motivation of this thesis was to position 

a teleoperated platform to enable geo-tag collected sensory information in a Global Navigation 

Satellite System (GNSS) denied environment. The type of sensory information of interest varies 

depending on the field location and application requirements. One of the most exemplary cases 

where robotic platforms provide critical information is mapping and exploration of subterranean 

environments [1], [2], [3].  The primary motivation behind the use of autonomous robots in 

geological surveys was initiated by safety and cost concerns associated with challenging-to-reach 

field sites and further driven by geological exploration of the Moon [4], [5] and Mars [6], [7]. [8] 

discussed how a teleoperated field geologist robotic platform needs to be configured to work on 

the Moon. Such a robot was drafted to be equipped with a visual infrared mapping spectrometer 

and an X-ray fluorescence spectrometer to perform spectral and chemical analysis of samples and 

identify samples for collection.  

In mining environments, robotic equipment has become an essential aspect of daily operations 

[9][10]. The development and deployment of automated or remote-controlled robots are critical for 

cost-efficient operations in the mining industry [11], where the cost of accessing high-grade mineral 

deposits is dramatically increasing [12]. Most of the easily accessible mineral resources have 

suffered from depletion in recent years. Geological engineers, mining engineers, robotic engineers, 

and algorithm developers are collaborating in an effort to realize the intelligent mines that represent 

the future [13]. Automating tasks in mining is a real challenge with a considerable possibility 

hidden in environments too risky for human operators such as unstable environments prone to 
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collapsing, low temperatures such as mining in the Arctic, or areas where it is unsafe for humans 

to work for extended periods of time.  

Positioning and navigation of excavation and mapping vehicles and mining equipment were 

considered in part during the algorithm's design, robotic platform payload, and field testing 

locations presented herein. While GNSS is a crucial component of the sensory systems currently 

operating under open-sky, many field sites of geological interest for exploration and mining cannot 

receive GNSS signals. The following section will outline the main research objectives designed to 

address the issues of positioning and navigation of unmanned ground vehicles in challenging sub-

optimal GNSS-denied environments such as those described above. 

1.2 Thesis Objectives 

This thesis describes the details of the research conducted to develop and verify an algorithm 

integrating a vision-based navigation system and a body-centred Reduced Inertial Sensor System 

(RISS) to position an unmanned ground vehicle (UGV) in GNSS-denied environments with meter-

level accuracy. As it entirely relies on dead reckoning (DR) technologies, the proposed integrated 

system provides reliable positions starting from a known position. Working in the same manner, a 

human surveyor would use control points to plan out the survey locations. A platform payload and 

sensor placement design, as well as trajectory design, was part of the research carried out in order 

to develop an algorithm that achieves the following objectives:  

1. Develop an optical flow-based vision-based Visual Odometry (VO) camera-based 

solution. 

2. Introduce self-evaluation criteria to assess VO motion estimation reliability. 

3. Develop a body-centred three-dimensional RISS (3D-RISS). 

4. Mitigate the gyroscope bias affecting Inertial Motion Estimation in 3D-RISS. 

5. Develop a body-centred Extended Kalman Filter Integration scheme. 
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1.3 Thesis Contributions 

The research presented in this thesis involves each of the primary three aspects of a geoscience 

application, namely, data acquisition, data processing, and implementation. Using the Robotic 

Operating System (ROS) to save various sensory information onboard, a robotic platform for the 

survey is explored and exploited in terms of data acquisition. In terms of data processing, new 

improvements to state-of-the-art methods are introduced in handling vision and inertial-based 

navigation solutions and their integration. The developed algorithm and platform are implemented 

in real-world scenarios, both indoor and in a tunnel environment, to test the performance of the 

UGV in GNSS-denied environments. 

1.4 Thesis Outline 

The thesis structure is divided into seven chapters. In chapter one, a brief introduction of the 

importance of UGVs positioning and navigation in GNSS-denied environments in geological 

surveys and mining applications is introduced as motivation for this research. Chapter two follows 

with a discussion of multi-sensor fusion and its importance in positioning and navigation and in 

controlling sensor errors. The integration method based on Kalman filtering and the two dead 

reckoning systems, inertial-based navigation and vision-based navigation, is introduced, discussing 

their fundamental operation modes. Chapter three describes the details of the developed 

methodology of a body-centred 3D-RISS and the vision-based VO mechanism to correct the error 

in inertial system updates. Both the system and the measurement models used by Kalman filtering 

are discussed in detail in chapter three. Chapter four describes the field tests performed to verify 

the proposed methodology, examine the performance, and determine how the robotic platform was 

equipped to simulate a geological survey. A description of the testing environments at both the 

Royal Military College (RMC) in Kingston, ON, and the Brockville Railway Tunnel in Brockville, 

ON, is also included in Chapter four. Chapter five presents and quantifies the results of the three 

different indoor navigation trajectories performed in the corridors of RMC. The quantification 
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relies on loop closures returning to the same start point to end each trajectory and a floor map of 

the environment enabling waypoint checks. Chapter six follows the same approach for the two 

navigation trajectories' results by travelling along the Brockville Railway Tunnel. Chapter seven 

concludes the work presented in this thesis and discusses different research directions for 

interdisciplinary teams to consider for future work. 
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Chapter 2 

Dead-Reckoning: Visual and Inertial Navigation 

Unmanned Ground Vehicles (UGVs) can aid with surveying and mapping in otherwise dangerous 

field scenarios for humans, as briefly discussed in the previous chapter. In this chapter, the basics 

of the selected methods for UGV positioning and navigation are introduced through a concise 

literature review of the fundamental concepts used to develop the methodology presented in the 

following chapter. 

2.1 Sensor Fusion for Dead-Reckoning 

Dead-reckoning (DR) is the most commonly used approach for positioning and navigation of 

moving platforms in GNSS-denied environments [14]. DR is a relative positioning approach that 

can be performed using onboard inertial sensors, machine vision through cameras, or any onboard 

perception system (LiDAR, radar, or ultrasound) mounted on a moving platform. This vehicle and 

payload developed for this research rely on a well-established system for autonomous navigation: 

The Inertial Navigation System (INS). A method for mitigating INS errors using a low-cost extra 

sensor, a camera, as an aiding source is developed and tested in this thesis. Over the last decade, 

machine vision camera development in terms of hardware and processing has enabled cameras to 

be operated in dynamic lighting environments and to detect rapid motion. Thus, it was the sensor 

of choice to correct for INS errors. 

2.1.1 Kalman Filter 

The Kalman filter has low processing demands, is optimal for linear systems, and has the most 

straightforward implementation [15]. Many variations of the Kalman filter have been derived, such 

as the unscented Kalman filter and extended Kalman filter that are discussed in detail in [16]. In 

time-constrained scenarios such as real-time INS, the error state Kalman filter [17] is commonly 

used. The former is also referred to as the indirect Kalman filter since it relies on modelling the 
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error of the system states instead of the system states themselves. The Kalman filter is used to 

estimate the value of a variable in real-time as the data is being collected. Unlike other estimation 

algorithms, such as the particle filter [18], the Kalman filter does not need to wait for a substantial 

amount of data to be collected to provide an accurate estimate [19]. The Kalman filter is known to 

process data with high uncertainty and noise components and fit it into a Gaussian model. Thus, 

the main limitation of the Kalman filter is the assumption of Gaussian noise. The main Kalman 

filter assumptions are [20]: 

- The process to be estimated is described by a linear system. 

- The process and measurement noise are uncorrelated, zero-mean, and white Gaussian 

random processes with known autocovariance functions. 

- The initial system state is a Gaussian random vector, uncorrelated to the process and 

measurement noise. 

2.1.2 Particle Filter 

The more nonlinear the model, or the more non-Gaussian noise, the more potential particle filters 

[18] have potential to be used in positioning and navigation. The particle filter is commonly used 

in a direct implementation estimating the navigation states rather than the error within as in the case 

of indirect Kalman filter mentioned in the previous section. Since the system errors for RISS are 

modeled as linear white Gaussian noise, the Kalman filter was sufficient with less computational 

requirements.  

2.2 Inertial Navigation System (INS) 

INS has a long history of use starting from the German guidance system used in the V–2 missiles 

in 1942, as highlighted in [21]. The most robust feature of INS is that it works under numerous 

circumstances and does not require a particular environment in order to operate. The only 

requirement for INS to operate is an estimate position or navigation status as the initial position, 

velocity, and attitude, called navigation states (since it is a DR system [22]). 
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2.2.1 INS Principles 

The essential operation of INS mainly depends on an inertial measurement unit (IMU) and a 

navigation algorithm. The IMU consists of three orthogonal gyroscopes and three orthogonal 

accelerometers measuring the three degrees of freedom in rotation and translation, respectively. 

The algorithm enables the INS to measure the position and rotations in three-dimensional (3D) 

space. The IMU-grade and its mechanical operation scheme significantly affect the quality of the 

inertial navigation solution and the complexity of the required algorithm [22]. The grade can be 

classified into strategic, navigation, tactical, and consumer (also called automotive grade) [22][23] 

and the mechanical operation scheme is either stable-platform fixed to the moving body or strap-

down INS; both are discussed in [23]. 

An INS position is obtained by double integrating the acceleration as a function of time in a well-

defined and stable coordinate system as shown in equation 2.1 [24] and Figure 2.1. 

 

∆𝑃(𝑡) = 𝑃(𝑡) − 𝑃(𝑡𝑜) =  ∫ ∫ 𝑎(𝑡)𝑑𝑡𝑑𝑡
𝑡

𝑡𝑜

𝑡

𝑡𝑜

 (2.1) 

Where; 

𝑃(𝑡) is a point within a reference frame representing the position at a time (t), 

𝑃(𝑡𝑜) is the start point of the trajectory, and 

𝑎(𝑡) is the acceleration along the trajectory from the start point to the point at which the 

estimate is calculated. 
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Figure 2.1: Conventional INS implementation, redrawn with permission from [22]. The 

input from the IMU is represented in blue, output in green, and the processing steps in red. 

2.2.2 Error Sources in INS 

The wide-spread availability of low-cost light-weight micro electro mechanical system (MEMS) 

IMUs provided an opportunity to improve the error modelling of inertial systems, thus increasing 

their reliability and use in safety-critical applications [25]. 

2.2.3 3D-RISS 

The methodology developed in this thesis was derived from 3D-RISS that was first introduced in 

2008 by [26] as a derivative of INS that is able to bridge GNSS outages in urban environments. 

The 3D-RISS derivation and error models are included in Appendix A as they are essential to 

formulate the methodology developed in chapter 3. The 3D-RISS algorithm provides improved 

accuracy for two main reasons [22]. First, pitch and roll angles are computed without relying on 

any gyroscope measurement. Thus, an order of magnitude in the positioning errors due to 

integration is reduced. Second, the forward speed is used directly for velocity computation and 

integrated once for position estimation. This is one integration less than that of a traditional INS 
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when utilizing accelerometers, hence leads to less errors. These reduced incremental errors provide 

motivation for utilizing 3D-RISS as a starting point for developing the incremental algorithm 

discussed in chapter 3. 

2.3 Vision-Based Navigation Systems 

The Vision-Based Navigation System used in this research relies on Visual Odometry (VO), as 

explained in [27], [28], and [29]. VO is a DR navigation approach that estimates the platform's 

motion on which the camera is fixed, also called ego-motion estimation of the moving platform. 

VO is accomplished by determining the camera's incremental location and attitude through tracking 

the 2D projection of points in the surrounding environment to the image plane from one camera 

frame to the next. 

2.3.1 Camera Model 

Before describing the different approaches to Vision-Based Navigation, it is important to explain 

how a camera image is represented. Digital cameras follow the perspective camera model, which 

is an approximation of the historical pinhole camera model [30]. This camera model is what 

constitutes the transformation from meters in the world to pixels in the image frame. This model is 

mathematically presented in equation 2.2 [30]: 

 

[�̃�] =  [

𝛼𝑥 𝑠 𝑐𝑥

0 𝛽𝑦 𝑐𝑦

0 0 1
] [

1 0 0
0 1 0
0 0 1

   
0
0
0
] [�̃�] (2.2)   

Where, 

�̃� represents the homogenous pixel coordinates within an image, 

𝛼𝑥 represent the horizontal length corresponding to a pixel, 

𝛽𝑦 represent the vertical length corresponding to a pixel, 

𝑐𝑥 represent the horizontal location of the camera's optical center, 

𝑐𝑦 represent the vertical location of the camera's optical center, and 



 

10 

 

𝑠 represents the skew in the image plane, usually equals zero, 

�̃� represent the homogenous point coordinates in the 3D-world. 

2.3.1.1 Scale ambiguity in Monocular Camera 

In using a monocular camera, the depth information is lost during projection [30]. That is why the 

developed algorithm discussed in chapter 3 requires extra input to calculate the translation scale 

between two camera positions. That occurs since the depth to the world point is lost and the 

camera's absolute distance remains ambiguous. 

2.3.2 Different Vision-Based Approaches (VO/ SfM/ SLAM) 

VO relies on the estimation of a DR navigation solution based on a stream of image frames. By 

tracking 2D points (features) from an image frame to the following one and applying geometric 

constraints, the camera's incremental change in position and heading is estimated. In comparison, 

there are two other camera-based motion estimation techniques—the first is structure from motion 

(SfM) [31]. SfM can be seen as an extension of the VO problem since it relies on image frames and 

camera motion to estimate the 3D position of world points in the surrounding environment. SfM 

needs at least three consecutive frames to solve the perspective from n-points (PnP) problem. One 

interesting way of calculating the solution to the PnP problem is discussed in [32]. Even though 

both the traditional VO and SfM rely on 3D features to minimize the re-projection error and 

compute a solution, SfM includes maintaining a consistent representation of local 3D features that 

require matching with 2D image features making it more computationally expensive in both 

required time and memory. Simultaneous localization and mapping (SLAM) discussed in detail in 

[33] represents one of the most challenging vision-based navigation and localization techniques. 

SLAM relies on continuously constructing and refining a map of the surrounding environment and 

localizing the camera (or the platform on which it is fixed) within that environment. SLAM requires 

more processing and memory than both VO and SfM, making it effortlessly discarded for highly 

dynamic and challenging environments underground. In conclusion, SLAM is a general approach, 
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while SfM and VO are concerned more about local surroundings. SLAM can provide centimetre-

level accuracy especially for slow-moving vehicles such as the one used in this research [34], but 

at much extra computational cost of storing and updating a map of the environment when compared 

to VO. 

2.3.3 The Standard VO pipeline 

The standard VO pipeline presented in Figure 2.2 is considered one of the most efficient vision-

based navigation algorithms and is debated by Nister in [29] that there is an advantage in using the 

2D-to-2D and 3D-to-2D methods compared to the 3D-to-3D method for motion computation. 

Nister compared the VO performance of the 3D-to-3D case to that of the 3D-to-2D case for a stereo 

camera system and found the latter being significantly superior to the former. That is the main 

motive of the performance optimization ideas discussed in the next chapter and the choice of a 2D-

to-2D method for development. 

 

Figure 2.2: Conventional VO pipeline where solid boxes are non-iterative algorithms, 

dashed steps are iterative, the input to the VO algorithm is two consecutive camera frames, 

and in the case of a monocular camera, the output is a rotation matrix and non-scaled 

translation vector 
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2.3.3.1 Feature Detection 

There are multiple feature detection algorithms used in a vision-based system compared in [35]. 

The aforementioned manuscript mentions the details of different feature detectors, performance, 

and implementations. However, the use recommended findings are to use simple linear features, 

which raise aperture issues in environments such as those under study within this thesis. Thus, the 

feature detector of choice was to follow the algorithm of Shi-Tomasi [36] as discussed in chapter 

3. 

2.3.3.2 Feature Matching  

Feature matching is usually done using brute-force algorithms, which have a minimum 

computational complexity of O(n2). That is because matching is represented as an optimization 

problem of possible many-to-many solution [30]. In the next chapter, the developed algorithm is 

detailed, showing how this step was replaced. 

2.3.3.3 Epipolar Geometry and Its role in Estimating Transformations 

Epipolar geometry is a specific case of multi-view geometry discussed in detail in [37]. The main 

problem with epipolar geometry is to solve for the essential matrix using the epipolar line through 

the epipolar constraint. Thus, the frame point of the second image must exist on a line that is formed 

by intersecting the plane established between the point in the real-world and the two positions of 
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the camera's optical center. The following equations 2.3 and 2.4 [30] represent the mathematics of 

what is represented in Figure 2.3. 

𝒙�̃�𝑬𝒙�̃� = 0 (2.3) 

𝑬 = [𝒕]1
2𝑹1

2 (2.4) 

Where; 

E is the essential matrix, 

𝒙�̃� is the normalized points (features) in the first image frame, 

𝒙�̃� is the normalized points (features) in the second image frame,  

[𝒕]1
2 is the skew-symmetric translation matrix from the first to the second image frame, 

𝑹1
2 is the rotation matrix from the first to the second image frame. 

The operation principle relies on using one of the two most common algorithms: the eight-point 

algorithm and the five-point algorithm, named after the minimum number of points required to 

reach a six-degrees of freedom solution. The eight-point algorithm solves a slightly different 

equation than the essential matrix, which is the fundamental matrix, and does not require the camera 

to be calibrated. 
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Figure 2.3: Illustration of epipolar constraints as discussed in [27], [37], and [30] 
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Chapter 3 

Methodology: Vision-Aided Inertial System 

3.1 System Overview and Architecture  

The method presented in this thesis is motivated by the benefits of sensor fusion of the two systems 

presented in the previous chapter; that is vision-based navigation and inertial navigation. The core 

of the proposed method relies on improving one of these two systems' motion estimation 

performance through the other. Even though neither system can work reliably in standalone mode 

for an extended period of time, the fusion of both can provide an overall reliable performance with 

reduced position drift. Each of these two systems inhabits various error sources that contribute to 

the overall positioning accuracy. Estimating the system reliability that is available through the 

newly introduced vision-based subsystem is a fundamental approach developed in this thesis and 

is used to improve the integration scheme. In this chapter, the methodology is outlined in detail, 

showing the dataflow of each of the inertial and vision-based subsystems as well as the integration 

scheme developed to compute a position. 

3.1.1 System Overview 

This thesis focuses on integrating the vision-based and inertial-based technologies for reliable 

positioning and navigation in GNSS-denied environments for this research's scope and the reasons 

discussed in the previous chapter. Relying solely on a vision-based algorithm is challenging in low 

illumination environments, and the performance may be inadequate in a visually degraded portion 

of the trajectory affecting subsequent positioning solutions. Nonetheless, relying solely on inertial 

measurements causes the positioning solution to drift over time due to the inherent inertial sensor 

errors. Thus, the integration of a vision-based positioning solution with inertial sensors can provide 

more reliable performance and sustain the positioning accuracy over extended periods. 

Furthermore, when the vision system performs well, it is used to reset the INS position errors and 
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correct the sensors' bias errors that cause the positioning solution to drift. As discussed in the 

previous chapter, sensor fusion is a common approach in robotics that permits noisy sensor readings 

to be incorporated into a more reliable solution than any of the fused subsystems in its standalone 

mode [15], [22], [38]. 

3.1.2 System Architecture 

The proposed system incorporates a camera, a gyroscope, and a three-axis accelerometer in addition 

to the forward speed supplied by the wheel encoder to provide control input for the inertial solution. 

The position estimates from the vision and the inertial solutions are fused in a unique approach 

producing an integrated positioning solution, as described in Figure 3.1. Figure 3.1 shows that the 

blue boxes represent inputs; dark red ones represent processing steps, and green represent outputs. 

This architecture is suitable for wheel-based vehicular platforms operating in GNSS-denied 

environments and is used in this research to provide uninterrupted positioning and navigation for a 

UGV exploring indoor environments.  



 

17 

 

 

Figure 3.1: Integrated system architecture developed for the position and attitude 

estimation of wheel-based vehicular system operating in a GNSS-denied environment 
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Two reference frames are utilized in this research. First the body frame, centred around the vehicle's 

current position and the measurements from the inertial sensors and the vision system's 

observations are referenced to it. The second reference frame is the local-level navigation frame, 

where the final position and attitude information are computed with reference to East and North 

directions. 
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3.2.1 Body-centred Frame  

The proposed system uses a body-centred approach for sensor fusion. Thus, instead of estimating 

the position relative to a fixed frame in each subsystem, then fusing that estimate to a position, an 

increment is estimated within each subsystem, fused, then added to the previous position. This 

approach decouples the states of motion, avoiding the influence of the errors in heading (attitude 

angles) on the position change components. The motion increment in each epoch computed using 

each subsystem ego-motion estimate and weighted through the sensor fusion algorithm, is then 

transformed to a local-level frame for a current (updated) position. A sample planar motion of (ΔPx, 

ΔPy) is represented in Figure 3.2. At each instance of the trajectory, a three-dimensional frame is 

introduced at an arbitrary point, chosen to be the front center in this thesis. The motion is counted 

as the difference between those body-centred frames through two consecutive instances in time. 

This navigation frame is represented in x for transversal, y for forward, z for up and θ as orientation 

angle about the vertical axis. It is crucial to notice that if the robot is static, those values are zero, 

which means that the increments of difference are what creates deltas of non-zero values in this 

representation.  
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Figure 3.2: Position change represented in the body frame. The position at instance 2 is 

measured with respect to the position at instance 1 and the new axes are introduced to 

measure the next iteration with respect to it. 

3.2.2 Local-Level Frame 

The local-level frame is used to present the final navigation solution (position and attitude) near or 

on the Earth's surface. The center of the local level frame is arbitrary [22] and is chosen within this 

work to be at the center of the vehicle's initial position with its axes pointing towards the East, 

North, and Up directions.  

3.3 Inertial Navigation Subsystem 

In standard INS, the full IMU, 3-axis gyroscope, and 3-axis accelerometer are used as discussed in 

chapter 2, but in the proposed algorithm, the three-Dimensional (3D) Reduced Inertial Sensor 

System (3D-RISS) is utilized [26]. For a wheel-based platform, such as passenger cars or wheel 

robots, 3D-RISS can be sufficient to provide a complete 3D position solution [26]. 3D-RISS utilizes 

the measurement from only one gyroscope with its sensitive axis mounted along the moving 

platform's vertical direction, with three accelerometers with their sensitive axes mounted along with 

three mutually orthogonal directions. The pitch and the roll angles are computed from the 
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accelerometers measurements assuming that land vehicles do not perform significant dynamics 

along the transversal and vertical directions [26][39]. The computation of the pitch and the roll 

angles is facilitated by incorporating the forward velocity obtained from the wheel encoder 

Odometry. The developed subsystem data flow is detailed in Figure 3.3, and the equations are 

detailed afterward. This developed body-centred 3D-RISS mechanization relies on the same 

concepts introduced for integration with GNSS in for the first time in [26] with a change to the 

frame of reference such that it is more suitable for integration with the Vision-Based Navigation 

Subsystem. 
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Figure 3.3: Reduced inertial subsystem dataflow developed for the estimation of the motion 

increment – modified from [26] and [22] 
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Firstly, the accelerometer measurements and the forward acceleration estimated from the odometer 

𝑎𝑜𝑑 are used to calculate the pitch (𝑝) and roll (𝑟) angles in radians. As detailed in equations 3.1, 

3.2.  

𝑝 =  tan−1 (
(𝑓𝑦 − 𝑎𝑜𝑑)

√𝑓𝑥
2 + 𝑓𝑧

2
) (3.1) 

𝑟 =  tan−1 (
−𝑓𝑥
𝑓𝑧

) (3.2) 

Where; 

𝑓𝑦 is the forward accelerometer measurement in m/sec2, 

𝑓𝑥 is the transversal accelerometer measurement in m/sec2, 

𝑓𝑧 is the vertical accelerometer measurement in m/sec2, 

𝑎𝑜𝑑 is the acceleration calculated from the change in forwarding velocity (𝑎𝑜𝑑 =
Δ𝑣𝑜𝑑

∆𝑡
). 

Then, the time rate of the angular change of the moving platform  ∆𝜃  is expressed as follows: 

 

∆𝜃

∆𝑡
= ((𝜔𝑧 − 𝛿𝜔𝑧) −

1

(cos(𝑝) cos(𝑟))
(𝜔𝑒𝑠𝑖𝑛𝜑 −

𝑉𝑒𝑡𝑎𝑛(𝜑)

𝑅 + ℎ
)) (3.3) 

 

Where; 

∆𝜃 is the angular change from the previous epoch of the system in radians (rad), 

𝜔𝑧 is the reading of the vertical gyroscope in rad/sec, 

𝛿𝜔𝑧 is an estimate of the deterministic noise component (bias offset) in the gyroscope reading 

calculated when a stop is detected and is measured in rad/sec, 

𝜔𝑒𝑠𝑖𝑛𝜑  is the stationary vertical component of the Earth rotation, where  𝜔𝑒 is the Earth's 

rotation rate around its spin axis (15o/hr or 0.00007272 rad/sec), and φ is the latitude of the 

moving platform. 



 

23 

 

𝑉𝑒𝑡𝑎𝑛(𝜑)

𝑅+ℎ
 accounts for the non-stationary rotation component, where 𝑉𝑒 is the vehicle's velocity 

along the East direction in m/sec, ℎ is the altitude of the moving platform to the sea surface in 

meters, and R is the Earth's radius approximated as 6356752.3 meters.  

It should be noted that the gyroscope measurements are corrected by the static bias error calculated 

at the most recent instant at which the vehicle comes to a complete stop. It is worth mentioning that 

both the stationary and the non-stationary components of the Earth's rotation are along the vertical 

axes of the local level frame and  have to be projected to the vertical axis of the body frame by 

multiplying by 
1

(cos(𝑝) cos(𝑟))
 to compensate for their impact in the body frame.  

It is essential to recognize that the gyroscope bias, which is the leading cause of inertial system 

drift, consists of two components, as discussed in chapter 2. These are the deterministic error (bias 

offset) and the stochastic (drift) component. The bias offset component of the gyroscope error is 

compensated with the average of the most recent measurements recorded when the system detects 

that the vehicle came to a complete stop. In contrast, the gyroscope's bias drift is modelled 

stochastically, estimated using the optimal estimator (Kalman filter in this thesis) using updates 

from the vision-based subsystem. 

The RISS utilizes the forward speed (𝑉𝑂𝑑) obtained from the wheel encoder as a control input. With 

known pitch and roll angles, the vehicle speed along the three body frame axes can be obtained as 

a projection over time from the measured speed and computed angular change from the previous 

epoch as follows in equations 3.4, 3.5, and 3.6 to provide the ego-motion estimation of the moving 

platform. 

𝑉𝑥(𝑘 + 1) = 𝑉𝑂𝑑(𝑘) sin(∆𝜃(𝑘))  (3.4) 

𝑉𝑦(𝑘 + 1) = 𝑉𝑂𝑑(𝑘) cos(∆𝜃(𝑘)) (3.5) 

𝑉𝑧(𝑘 + 1) = 𝑉𝑂𝑑(𝑘) sin(𝑝) (3.6) 

Where, 
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𝑉𝑂𝑑 is the forward velocity detected in the last wheel encoder measurement in m/sec. 

𝑉𝑦(k + 1) is the forward velocity at time instance (k +1) and measured in m/sec. 

𝑉𝑥(k + 1) is the transversal velocity at time instance (k +1) and measured in m/sec. 

𝑉𝑧(k + 1) is the vertical velocity at time instance (k +1) and measured in m/sec. 

 

The position increments along the body frame axes can then be computed from the above velocities 

through time integrations as follows in equations 3.7, 3.8, and 3.9 

 

∆𝑃𝑥(𝑘 + 1) = 𝑉𝑥  (𝑘 + 1)∆𝑡 (3.7) 

∆𝑃𝑦(𝑘 + 1) = 𝑉𝑦 (𝑘 + 1)∆𝑡 (3.8) 

∆𝑃𝑧(𝑘 + 1) = 𝑉𝑧 (𝑘 + 1)∆𝑡 (3.9) 

Where, 

∆𝑃𝑦(k + 1) is the forward displacement from the previous epoch of the system in meters. 

∆𝑃𝑥(k + 1) is the transversal displacement from the previous epoch of the system in meters. 

∆𝑃𝑧(k + 1) is the vertical displacement from the previous epoch of the system in meters. 

∆𝑡 is the reciprocal of the data rate, that is, the time between two consecutive sensor 

measurements. 

3.4 Vision-Based Navigation Subsystem 

The vision-based navigation subsystem relies on features visible in the surrounding environment 

to estimate the ego-motion between two consecutive image frames (epochs). Figure 3.4 shows the 

position estimation principle through commonly visible points between two consecutive camera 

image frames.  
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Figure 3.4: Position change between two positions from the camera perspective, where there 

are commonly visible feature points in the surrounding environment. The 3D points are 

represented in blue and their projections in green, modified from concepts in [27]   

 

The vision-based ego-motion estimation is achieved through multiple steps that are explained in 

detail later in this chapter, namely: 

(i) Optical flow applied in a pyramidal scheme (Lucas-Kanade algorithm) [40] to track the 

displacement of the recently extracted or tracked features between consecutive camera 

image frames,  

(ii) Interest point detection: a feature extractor that periodically runs to detect new features 

appearing in the camera's field of view based on the Shi-Tomasi method [41] that extracts 

features (corners) in the scene that are favourable to track, this detector runs every few 

frames or when the number of tracked features drops below a certain threshold, and 
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(iii) an estimation of the Essential matrix to provide the platform's motion in the world frame. 

The decomposition of the essential matrix into rotation and translation parameters allows 

for the transformation of the motion into metric measurements. In the case of monocular 

cameras, the odometer provides the scale of the translation parameter. This estimation 

relies on Nistér's five-point algorithm [42] applied iteratively utilizing a random sample 

consensus scheme (RANSAC) [43]. 

Other useful outputs from the vision-based algorithm include the number of feature points 

available in the scene, which can be used to measure accuracy, and a flag raised if the vision-based 

motion estimation fails. The vision-based motion estimation failure threshold is set to fifteen 

points, which is triple the minimum of five points required to apply Nistér's five-point algorithm 

[42].  Figure 3.5 shows the workflow for the operations conducted as a new camera frame is 

captured; then, each step is discussed in detail. 
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Figure 3.5: Vision-based navigation subsystem dataflow where the 

dashed lines indicate conditional steps  

 

3.4.1 Feature Extraction 

Shi-Tomasi Corner Detector is used for feature extraction in the vision-based navigation 

subsystem; J. Shi and C. Tomasi introduced the detector in [36] as an improvement on the Harris 

Corner Detector [44]. The modification improved the feature traceability through motion between 

different camera frames and is implemented in OpenCV [45] as a commonly used detector with 

few parameters to set. Those parameters are the maximum number of features to detect, the lowest 

accepted quality of eigenvalue for a corner, and the neighbourhood's size considered for corner 

detection.  
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3.4.2 Feature Tracking 

Tracking the feature points' motion across consecutive camera frames through optical flow is 

known to follow features' motion through small displacements robustly. For a feature point, 

𝐹(𝑥, 𝑦, 𝑡) that moved within the camera frame by (𝑑𝑥, 𝑑𝑦) displacement in 𝑑𝑡 change in time, the 

motion is described by:  

𝐹(𝑥, 𝑦, 𝑡) = 𝐹(𝑥 + 𝑑𝑥, 𝑦 + 𝑑𝑦, 𝑡 + 𝑑𝑡) (3.10) 

Furthermore, through a Taylor series approximation, this equation can be represented as: 

𝑓𝑥𝑢 + 𝑓𝑦𝑣 + 𝑓𝑡 = 0 (3.11) 

Where:  

𝑓𝑥 = 
𝜕𝐹

𝜕𝑥
, 𝑓𝑦 =

𝜕𝐹

𝜕𝑦
, 𝑓𝑡 = 

𝜕𝐹

𝜕𝑡
, 𝑢 =  

𝜕𝑥

𝜕𝑡
, and 𝑣 =  

𝜕𝑦

𝜕𝑡
. 

In the Lucas-Kanade method, the assumption that the neighbouring pixels move correspondingly 

is explained in [35], [40], and [46]. This assumption also helps filter out features that lie on moving 

objects since they move beyond the flow window, which is a crucial concept in essential matrix 

estimation. The overall equation for Lucas-Kanade optical flow is presented in equation 3.12. 

Where the subscript i is an integer count for pixels in the optical flow window. 

[
𝑢
𝑣
] =

[
 
 
 
 ∑𝑓𝑥𝑖

2

𝑖

∑𝑓𝑥𝑖
𝑓𝑦𝑖

𝑖

∑𝑓𝑦𝑖
𝑓𝑥𝑖

𝑖

∑𝑓𝑦𝑖
2

𝑖 ]
 
 
 
 
−1

[
 
 
 
 −∑𝑓𝑥𝑖

𝑓𝑡𝑖
𝑖

−∑𝑓𝑦𝑖
𝑓𝑡𝑖

𝑖 ]
 
 
 
 

 (3.12) 

3.4.3 Essential Matrix Estimation and Outlier Rejection 

After feature extraction and tracking, it is vital to calculate the camera's change in position in terms 

of rotation and translation. The transformation matrix between two camera views needs to be 

estimated using feature point pairs. In this research, the Essential matrix was selected instead of the 

Fundamental matrix [47]. Since the number of points needed to estimate the Essential matrix is five 

instead of nine for the Fundamental matrix, this approach led to a more robust motion estimate. 

The camera matrix (K) is estimated automatically in the camera, reducing the number of required 
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computations. The Essential matrix is a 3x3 matrix representing the translation and rotation in 3D 

space; after the estimation, it is decomposed to get the incremental translation and rotation between 

two consecutive camera frames. The Essential matrix estimation is accomplished using OpenCv’s 

implementation of Nistér's five points algorithm [42][48]. The algorithm utilizes RANSAC for 

outlier rejection to iteratively fit the maximum number of points within the estimated motion model. 

RANSAC was able to provide the accuracy of 99.9% of the feature points as inliers with less than 

one-pixel error with negligible iteration delay due to the use of feature tracking that does not detect 

as much outlier points as a standard VO implementation. 

It is worth mentioning here that outlier rejection in feature matching is omitted due to feature 

tracking. Feature tracking with a history length set to a fraction of a second with a sufficient frame 

rate is capable of discarding features that belong to moving parts of the scene, such as people 

passing by in the Brockville Railway Tunnel [49], as shown in Figure 3.6.  The field test location 

at the Brockville Railway Tunnel is introduced in chapter 4, and the results are presented in chapter 

6.   
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Figure 3.6: A Camera frame from the conducted experiments showing the outlier rejection 

effect of feature tracking. Green circles represent the Shi-Tomasi features in the image 

frame with lines connecting to their location in the previous image frame. The points on the 

moving people are rejected since their motion is greater than the tracking window. 

3.4.4 Confidence Evaluation of Vision-Based Subsystem 

Since the Vision-Based subsystem is used to remove systematic biases from the inertial system, it 

is vital to use it for correction only when it provides a reliable position increment solution. The 

reliability is enhanced when there are multiples of the five points needed to solve for the essential 

matrix unknown parameters. So, if the number of points drops below 15, a flag is raised, suspending 

the integration and relying on the inertial subsystem solely to provide position updates. This 

threshold and the subsequent stopping of vision update is shown by the orange dotted line in Figure 

3.8. 
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3.5 Sensor Fusion and subsystems Integration 

The subsystems are integrated through an Inertial-based subsystem error model that estimates the 

stochastic drift parameter through regular vision-based subsystem updates. By removing the effect 

of that drift from the position increment, the drift is corrected before accumulation. 

3.5.1 Kalman Filter Integration Scheme 

The integration scheme shown in Figure 3.8 relies on estimating the error in position increment 

provided by the inertial system. It is designed to provide a more robust positioning solution than 

the inertial system in its standalone case. This position increment calculation is possible even 

though Vision-Based DR experience failures when the number of points detected falls below a 

certain threshold. A condition is added to avoid integrating the Vision-Based subsystem at the 

instance when the number of points in the scene falls below the critical threshold for essential 

matrix estimation. The Kalman filter consists of two main steps: (i) Prediction, which is triggered 

by a time update on the system model, (ii) Correction, which relies on using new sensor 

measurements to update the prior estimates of the model. A simple flow diagram of the Kalman 

filter's two main steps is presented in Figure 3.7.  

 

Figure 3.7: The two principal steps of a Kalman Filter; Prediction and Correction 
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Figure 3.8: Loosely-coupled open-loop Kalman filter integration scheme developed for the 

ego-motion estimation of the moving platform using the vision-based and inertial-based 

subsystems with a dynamic system error model 

The Kalman filter model for system error at a particular time point is given by equation 3.13 and 

adapted from [22] 

𝜹𝒙(𝒌 + 𝟏) =  𝚽 𝜹𝒙(𝒌) + 𝑮𝒌𝝎𝒌 (3.13) 
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𝚽 is the state transition matrix of the error model. 

𝑮 is the noise distribution covariance matrix of the integrated system. 

𝝎 is the process noise; zero-mean normal distributed white noise with covariance 𝑮. 

𝜹𝒙  is the error state vector. 

Moreover, the error state vector 𝜹𝒙(𝒌 + 𝟏) is given by: 

𝜹𝒙(𝒌 + 𝟏) =  

[
 
 
 
 
 
 
 
 
𝛿∆𝑃𝑋

𝛿∆𝑃𝑌

𝛿∆ℎ
𝛿𝑣𝑋

𝛿𝑣𝑌

𝛿𝑣𝑧

𝛿∆𝜃
𝛿𝜔𝑧

𝛿𝑎𝑜𝑑 ]
 
 
 
 
 
 
 
 

 (3.14) 

Where; 

(𝛿∆𝑃𝑋) is the error in the transversal displacement. 

 (𝛿∆𝑃𝑌) is the error in the forward displacement. 

 (𝛿∆ℎ) is the error in the upward displacement. 

 (𝛿𝑣𝑋) is the error in the transversal velocity. 

 (𝛿𝑣𝑌) is the error in the forward velocity. 

 (𝛿𝑣𝑧) is the error in the upward velocity. 

 (𝛿∆𝜃) is the error in the vehicle's angular change. 

 (𝛿𝜔𝑧) is the stochastic (drift) component of the gyroscope error. 

 (𝛿𝑎𝑜𝑑) is the stochastic odometer scale factor error. 

3.5.2 Measurement Model 

The error measurement model for the Kalman filter is represented by equation 3.15, and it is 

adapted from [22]: 

𝜹𝒛(𝒌 + 𝟏) = 𝑯 𝜹𝒙(𝒌 + 𝟏) +  𝜼 (3.15) 

Where; 

𝑯 is the design matrix shown in equation 3.17. 



 

34 

 

𝜼 is the measurement noise vector, zero-mean normal distributed white noise with variable 

covariance 𝑹. 

𝜹𝒛(𝒌 + 𝟏) is the measurement vector at a time (𝒌 + 𝟏), as follows in equation 3.16.  

 

𝜹𝒛(𝒌 + 𝟏) =  

[
 
 
 
∆𝑃𝑋

𝑅𝐼𝑆𝑆 − ∆𝑃𝑋
𝑉𝑂

∆𝑃𝑌
𝑅𝐼𝑆𝑆 − ∆𝑃𝑌

𝑉𝑂

∆ℎ𝑅𝐼𝑆𝑆 − ∆ℎ𝑉𝑂

∆𝜃𝑅𝐼𝑆𝑆 − ∆𝜃𝑉𝑂 ]
 
 
 

 (3.16) 

 

Due to using an indirect Kalman filter (see explanation chapter 2), the measurement vector consists 

of the difference between the incremental 3D-RISS and VO measurements, i.e., 𝜹𝒛(𝒌 + 𝟏) =

𝒙𝑅𝐼𝑆𝑆(𝒌 + 𝟏) − 𝒙𝑽𝑂(𝒌 + 𝟏). 

 

Also, given that VO measures only the increment in the three components of position and the 

increment in the heading angle quantities out of the error states, the design matrix is given by 

equation 3.17: 

 

𝑯 = [

1 0 0
0 1 0
0 0 1

0 0 0
0 0 0
0 0 0

0 0 0
0 0 0
0 0 0

0 0 0 0 0 0 1 0 0

] (3.17) 

 

Figure 3.9 describes the detailed steps of applying the Kalman Filter. That can also be detailed by 

equation 3.18, representing the state vector prediction of the error model, and equation 3.19 

representing the covariance matrix prediction of the error model: 

 

�̂�𝒑𝒓𝒊𝒐𝒓(𝒌 + 𝟏)  = 𝚽 �̂�𝒑𝒐𝒔𝒕𝒓𝒊𝒐𝒓(𝒌) (3.18) 

𝑷𝒑𝒓𝒊𝒐𝒓(𝒌 + 𝟏) = 𝚽 𝑷𝒑𝒐𝒔𝒕𝒓𝒊𝒐𝒓(𝒌)𝚽𝑻 (3.19) 
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Then after a measurement update, the corrections are calculated by:  

𝑲𝒈  =  𝑷𝒑𝒓𝒊𝒐𝒓(𝒌 + 𝟏)𝑯𝑻{𝑯 𝑷𝒑𝒓𝒊𝒐𝒓(𝒌 + 𝟏)𝑯𝑻 + 𝑹(𝒌 + 𝟏)}
−𝟏

(3.20) 

𝑷𝒑(𝒌 + 𝟏) = 𝚽 𝑷𝒑𝒐𝒔𝒕𝒓𝒊𝒐𝒓(𝒌)𝚽𝑻 (3.21) 

𝑷𝒑𝒐𝒔𝒕𝒓𝒊𝒐𝒓(𝒌 + 𝟏) =  𝑷𝒑𝒓𝒊𝒐𝒓(𝒌 + 𝟏) − 𝑲𝒈 𝑯  𝑷𝒑𝒓𝒊𝒐𝒓(𝒌 + 𝟏) (3.22) 

 

 

Figure 3.9: Flow of the Kalman filter steps for Prediction and Correction 
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3.5.3 Scaling Covariance Matrix of Measurement Noise (R) VO auto-tuning 

Finally, the covariance of the measurement noise 𝑹(𝒌 + 𝟏) is tuned based on the number of features 

used to estimate the update within the vision-based subsystem at a time (𝒌 + 𝟏). The value changes 

at each epoch, depending on the number of points tracked in the most recent vision-based update. 

This dynamic 𝑹 matrix tuning contrasts with the covariance of the process noise Q that is tuned 

based on the IMU grade and is fixed per system. 

The tuning of the covariance of the measurement noise is determined as follows in equation 3.23 

 

𝑹 =

[
 
 
 
 

𝑐

𝑛𝑝𝑜𝑖𝑛𝑡𝑠
⋯ 0

⋮ ⋱ ⋮

0 ⋯
𝑐

𝑛𝑝𝑜𝑖𝑛𝑡𝑠]
 
 
 
 

 (3.23) 

 

Where;  

The term (𝑛𝑝𝑜𝑖𝑛𝑡𝑠) is the number of points tracked in the most recent vision-based update. 

𝑐 is a tuning constant for the filter. 

3.6 Summary 

This chapter introduced the details of the developed positioning methodology. The conditions for 

which the ideally non-drifting vision-based system is used to correct for the continually drifting 

inertial-based system unless the IMU is of a very high-grade (tactical grade), are also detailed. The 

methodology presented can provide near real-time updates and can be configured to position the 

UGV for many different applications. In particular, the methodology was developed with GNSS-

denied environments in mind, including 'indoor' type environments (within buildings) and 

geological environments such as inside tunnels. In the next chapter, the robotic platform used, as 

well as the experiment locations, are introduced.   
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Chapter 4 

Description of Field Tests and Setup for Data Acquisition and 

Processing 

This chapter provides a detailed description of the experimental setup, including the Unmanned 

Ground Vehicle employed in this research to examine the performance of the proposed RISS/VO 

indoor positioning and navigation system, the onboard motion sensors, and the vision camera 

utilized, and the testing environments. The performance was evaluated in two different GNSS-

denied environments. The first is a typical indoor environment inside the corridors and the rooms 

of the Sawyer building at the Royal Military College (RMC) in Kingston, ON, and consisted of 

three different trajectories. The second environment tested is inside a tunnel located in Brockville, 

ON. Each environment posed its own set of challenges. The indoor environment involves several 

turns during the trajectories and varying illumination levels. The tunnel environment was mostly a 

straight line but involved a 'rougher' terrain with a mix of uphill and downhill ramps.    

4.1 Experimental Setup 

A Husky A200 UGV [50], shown in Figure 4.1, is used in this research. It is a medium-sized 50kg 

robotic development platform from Clearpath Robotics. The UGV dimensions are 99 cm in length, 

67 cm in width, and 39 cm in height [51]. Data collection was achieved using a laptop connected 

through a USB cable to the Microcontroller Unit (MCU) of the robot to acquire all the sensors in 

the setup. The original Husky A200 UGV setup was modified as part of this research by adding a 

custom mount to hold additional remote sensing sensors shown in Figure 4.1, partially exploiting 

the maximum 75kg payload. The UGV travels with a maximum speed of 1 m/s (3.6 km/h). 

Synchronization of different sensors was facilitated using an Ubuntu 16.04 Linux environment, 

running the open-source robotic operating system (ROS) packages for each sensor. In Figure 4.2 
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and Figure 4.3, the development of the configuration before the setup shown in Figure 4.1 is 

displayed. 

 

Figure 4.1: Setup used in experimental field tests showing the Husky robotic vehicle and 

sensor payload  
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Figure 4.2: Initial setup (December 2018)  

 

 

Figure 4.3: Multiple sensors for sensor-

rate testing and selection (July 2019) 

 

4.1.1 Inertial Measurement Unit (IMU) 

A low-cost MEMS-grade IMU (CHR-UM6) [52] was used to measure the accelerations and angular 

velocities with a rate of 20 Hz. The Husky setup from 2014 came equipped with this IMU mounted 

on one of the inner walls. A USB connector is used to power the IMU and collect its readings 

simultaneously. Some other IMUs were tested, but the rigid mount and system compatibility made 

replacing the IMU inefficient. The IMU relevant Hardware Specifications are provided in Table 1. 

Of note is the operating temperature range between -40°C and +85°C, which is suitable for most 

geological environments. However, the sensitivity change due to temperature may result in 

challenges in environments where the temperature fluctuates significantly. This is a consideration 

that is typically not an issue for standard indoor (building) environments. 
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Table 1: IMU properties of the CHR-UM6 (selected from [52]) 

Value Typical Minimum Maximum 

Supply Voltage 

(Volts) 

3.5-5 3.5 5 

Supply Current (milli 

amperes) 

52 50 58 

Gyro Measurement 

Range 

+/- 2000 ̊/s   

Gyro Cross-axis 

Sensitivity 

  2% 

Rate noise density 0.03  °/s/rt   

Accelerometer 

Measurement Range 

+/-2 g   

Accelerometer 

Sensitivity (mg/LSB) 

(mili g per least 

significant bit) 

1 0.9 1.1 

Sensitivity change 

due to temperature 
+/- 2 (%/°C) 

  

Operating 

temperature 

 -40°C +85°C 
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4.1.2 Camera 

A ZED stereo camera [53] was used to capture the right camera frames with 15 frames per second 

(fps). High definition (HD) quality (720p) was used as a tradeoff between image size and quality. 

The ZED camera hardware specifications are listed below: 

 Field of View: 90° (H) x 60° (V) x 100° (D) max. 

 RGB Sensor Type: 1/3" 4MP CMOS. 

 Active Array Size: 2688x1520 pixels per sensor (4MP). 

 Interface: USB 3.0. 

 Dimensions: 175 x 30 x 33 mm. 

 Weight: 170g. 

 Power: 380mA / 5V USB Powered. 

 Operating Temperature: 0°C to +45°C. 

In addition to its preferred hardware specifications for the application, the camera manufacturers 

provide a ROS integration package. ROS-Wrapper [54] encapsulates camera configurations such 

that the parameters are set through ROS, and the compressed images are recorded within the same 

file as the rest of the data. 

4.1.3 Husky Platform Base 

The Husky A200 UGV used for this research can be manually teleoperated when connected with 

its designated ROS package [55], setting the package on the control computer and connecting the 

USB of the wireless joystick.  

4.1.4 Wheel encoder 

The wheel encoders are built-in the Husky and connected to its MCU, providing more than 200,000 

pulses/m updates through the USB connection that sends and receives controls between the Husky 

base and the control computer. 
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4.1.5 Control Computer 

The Alienware m15, a gaming laptop, was used for controlling the Husky robotic platform, 

equipped with one of Nvidia's latest RTX series GPUs: a powerful 8GB GeForce RTX 2070. The 

operating system installed on the control computer was Ubuntu 16.04 LTS [56], and the ROS 

Kinetic Kame [57] was set up to run the sensor-specific ROS packages. Kinetic is the tenth ROS 

distribution release. Since it was released on May 23rd, 2016, Kinetic supported all the sensors in 

the setup, most importantly, the Zed camera [53], which did not have many supported software 

interfaces available at the time of experiments in the fall of 2019. ROS utilization enabled the time 

synchronization of sensors, limiting errors due to the fusion of multi-sensor subsystems. 

Furthermore, ROS enabled the data saving and processing using the bagfile [58] format, which 

enabled the repetition of calculation with different parameters on the same data. Each sensor 

operates at a different rate, so the closest time readings were used, and the difference in rate was 

compensated for with the help of timestamps, calculating the difference in time between every two 

consecutive updates from a subsystem. 

4.1.6 Joystick 

The Husky setup purchased in 2014 was accompanied with Logitech F710 wireless gamepad [59]. 

The joystick was utilized to manually move the robot during the field tests and the ROS driver [60] 

was installed to enable its utilization within the software environment in the control computer. 

4.2 Processing Software Environment 

The system used to process the data was similar to the control computer in terms of: utilizing 

Ubuntu 16.04 LTS [56], and the ROS Kinetic Kame [57]. Python 2.7 [61] was used for 

implementation of the algorithms, with Rosbag [58] interface to read the data topic messages of the 

utilized sensors one-by-one in a callback implementation. The VO algorithms were implemented 

utilizing the open source computer vision library (OpenCV) [45] robust implementations through 

its python interface. Matplotlib [62] library was utilized for creating plots.  
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4.3 Field Testing Location I: Indoor Environment 

Three different trajectories were performed on the 5th floor of the Sawyer building navigation 

scenario that replicates scenarios such as a self-driving indoor airport shuttle, indoor mail 

distribution robot, exploratory indoor military UGV, or first responders' applications. This thesis 

focuses on developing a method suitable for real-time positioning regardless of the navigation 

application or surrounding environment. It is also assumed that no map is available for the 

environment.  

 

Figure 4.4: Field testing location I located at the Royal Military College, Kingston, Ontario 

 

Hence, to examine the performance of the developed the RISS/VO methodology, three 

experimental field tests were conducted inside the corridors of RMC on the fifth floor near the 

NavInst lab, shown in Figure 4.4.  The setup shown in Figure 4.1 and discussed in section 4.1 was 

used. The test starts and ends at the same location for all trajectories, marked with an orange arrow 

in Figure 4.4. At the start point, given it is close to the windows, an initial position (latitude, 
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longitude, and altitude) is obtained from the GNSS receiver onboard the Husky UGV. Performing 

loop closures is a common error-measurement used in vision-based positioning, mapping, and 

surveying [63]. Also, to examine the positioning accuracy along the trajectory, some waypoints 

were introduced with the position accurately calculated by measurements to evaluate the proposed 

RISS/VO method's performance. 

4.4 Field Testing Location II: Brockville Railway Tunnel 

The two trajectories performed in the Brockville Railway Tunnel represent an almost straight line 

navigation scenario, where the tunnel goes up and down in multiple locations, and some turning 

maneuvers were required to compensate for wheels' slipping. The Brockville Railway Tunnel [49] 

is Canada's first railway tunnel constructed in 1860 and located in the city of Brockville, Ontario, 

close to its waterfront. The tunnel is approximately half a kilometre in length from Northern to 

Southern doors. The trajectories included an extra few meters, each starting before and ending after 

crossing the doors. The tunnel includes parts where water is leaking from the ceiling. Hence extra 

plastic wrapping was added to the setup, as shown in Figure 4.9, before starting the experiments, 

as shown in Figure 4.10. The Brockville Railway Tunnel is arch-shaped, measuring approximately 

four and a half meters from the top of the arch to the ground and 4.2 meters across. The tunnel 

passes right under Brockville City Hall and contained a single track when it was operational. The 

bottom and top thirds of the tunnel are entirely lined with stones covered in lime. The center third 

of the tunnel is unlined, with the uneven rocks still exposed and dripping water resulting in 

colourful mineral deposits visible along the walls. At each end of the tunnel, portals made of 

limestone were constructed, with the southern portal being more extensive than the north. The 

tunnel possesses unique wooden doors at the north and south portals, opened each day and closed 

at night. In the early years, the doors prevented stray animals from wandering into the tunnel, but 

now give residents and tourists access to view the very southern portion of the tunnel. Figure 4.6, 

Figure 4.7, and Figure 4.8 were captured during the tests. 
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Figure 4.5: Tunnel field test location, the Brockville Railway Tunnel located in Brockville, 

Ontario  (longitude: 75° 40' 54.30516"W, latitude: 44° 35' 22.58188"N ) 
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Figure 4.6: Brockville Railway Tunnel southern entrance, captured during the preliminary 

site investigation (September 2019) 
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Figure 4.7: Brockville Railway Tunnel northern entrance, captured during the preliminary 

site investigation (September 2019) 
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Figure 4.8: Brockville Tunnel sign for visitors during the field test 
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Figure 4.9: The setup before starting the Brockville Railway Tunnel field tests. Plastic 

protective wrapping used to protect electronic parts from dripping water inside the tunnel 
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Figure 4.10: Image captured while starting the Rosbag file recording for the tunnel 

experiment (October 2019), the wireless joystick controller used to send motion commands 

to the Husky is circled  
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Chapter 5 

Results for Field Test Location I: Indoor Environment 

Three different indoor trajectories were tested with the developed methodology and platform setup. 

Each trajectory is designed to pose various challenges present in positioning an autonomous UGV 

in the GNSS-denied environment. Such challenges face both vision-based and inertial-based 

solutions differently. The developed sensor fusion mechanism and its performance on system 

stability thrives is exemplified herein. 

The testing periods for each of the trajectories, recorded at the location shown in Figure 4.4, are as 

follows:  

Trajectory 1: 5 minutes and 20 seconds. 

Trajectory 2: 7 minutes and 32 seconds. 

Trajectory 3: 9 minutes and 13 seconds. 

Results from each of the trajectories, including a summary of loop closure errors and waypoints 

errors, are presented. The gyroscope biases are corrected, and the effect is also discussed in detail 

below. Trajectory 2 is highlighted in Figure 5.1, while trajectories 1 and 3 are included with images 

along their corners in Appendix B. 

The indoor environment in which those trajectories were recorded is a traditional office 

environment, where the trajectories recording was performed after work hours; thus, minimal 

interference of moving people was observed. The lighting conditions were optimal within trajectory 

1, but trajectories 2, and 3 were chosen to be recorded in a maintenance time where some of the 

lighting bulbs were being replaced, and that could be observed in the images shown in Appendix 

B.   
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Figure 5.1: The location of the field tests, a floor map of the fifth floor at RMC overlaid on 

the building using Google Earth [64] and trajectory 2 overlaid in red 

5.1 Trajectory 1 

5.1.1 Description of Trajectory 1 

Trajectory 1 is a loop around the fifth floor inside the Sawyer building at RMC, starting from the 

southwest side of the building going counter-clockwise (CCW) through the central corridor without 

entering any room, as presented in Figure 5.2. This trajectory length was approximately five 

minutes and twenty seconds and was conducted with an average forward velocity of 0.607 m/s (2.2 

Km/hr). Trajectory 1 involves several turns and different levels of illumination (indoor lighting) 

that impact the vision system.    

5.1.2 Results of Trajectory 1  

Figure 5.2 demonstrates the proposed method's performance, where it is depicted that the RISS/VO 

solution (in green) was able to give the vehicle position within the corridor boundaries with minimal 

drift. The proposed integrated solution quantitatively provided a robust positioning solution with a 
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loop closure error of less than one meter. It can also be depicted that the standalone solutions based 

on 3D-RISS (in blue) and VO (in red) both experienced position drift that resulted in positioning 

solution off the actual trajectory and outside the corridor boundaries. For instance, the standalone 

3D-RISS positioning solution drifts slightly to about four meters' loop closure error. Furthermore, 

as mentioned in chapter 3, the vision-based solution is not reliable in its standalone case unless 

supplemented with a map of the environment, and a re-detection of the surrounding is implemented. 

In such cases, it would recover when tracking feature points fails in degraded visual areas where 

lighting is limited/unavailable, or if the scene is very uniform such that the feature detector is unable 

to find enough corner points to perform the essential matrix estimation. In this trajectory, the VO 

standalone solution has suffered from several degraded vision areas (highlighted in yellow in Figure 

5.2) that resulted in a 0.5-meter loop closure error. Over the whole trajectory, the proposed method 

could detect the degraded vision areas and discard the VO solution to avoid a negative influence 

on the integrated RISS/VO method. This approach resulted in avoiding updating the RISS solution 

with erroneous position corrections from the VO. 
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Figure 5.2: Trajectory 1 with the integrated RISS/VO solution is demonstrated compared to 

the standalone RISS and VO solutions.  

5.1.3 Impact of the Gyroscopic Bias Error Reset  

It is crucial to handle the static component of the gyroscope bias before integration using the 3D-

RISS error model embedded within the Kalman filter (see discussion in section 3.5). This section 

discusses how the static bias component affects the positioning performance while using the same 

tuning parameters that resulted in the solutions demonstrated in Figure 5.2. These results emphasize 

the importance of correcting for static bias before integration. The biases corrected are shown in 

Figure 5.3; the spikes marked with red dots represent the trajectory's static parts when the gyroscope 

bias offset is computed. In between the red regions, Figure 5.3 demonstrates the recent average bias 

removed when processing the gyroscope measurements inside the RISS algorithm to calculate the 
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position increments. The effect of removing the gyroscope's static bias appears clearly in Figure 

5.4, where the loop closure error grows dramatically from approximately half a meter in the case 

of using the full algorithm shown in Figure 5.2 to about twelve meters. It is also important to note 

that the bias here is positive since this affects the direction of the drift for the position estimation.  

 

Figure 5.3: Static Bias Removed within Trajectory 1, red points represent readings at static 

parts of the trajectory 
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Figure 5.4: Results for trajectory 1 for the case where the gyroscope bias is not corrected 

5.1.4 Auto-Tuning of the Measurement Noise Covariance Matrix (R)  

Figure 5.5 demonstrates the number of detected tracked features by the vision system during 

trajectory one. As shown in Figure 5.5, for any feature count below 100, the proposed VO algorithm 

is considered in a degraded mode, and for any feature count below 15, the proposed VO algorithm 

is discarded. Therefore, the measurement noise covariance matrix R is automatically tuned with a 

scale of 0.1 for the degraded vision parts of the trajectory, and the VO updates were stopped for the 

discarded vision parts. A pattern could be noticed within the feature count with respect to time 

graph the minima points represent locations when the robot approaches a wall right before turning, 

then after the turn, a longer corridor appears in the camera frame, increasing the feature count until 

the next wall approaches before a new turn. 
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Figure 5.5: Points detected and tracked in the vision-based subsystem for Trajectory 1. The 

red line represents the threshold at which the vision-based solution is considered discarded, 

and the orange line is considered the degraded visual environment 

5.2 Trajectory 2 

5.2.1 Description of Trajectory 2 

Trajectory 2 consists of two loops within the fifth floor inside the Sawyer building at RMC; one is 

similar to trajectory one, and the other is a smaller loop that involves entering the eastern door of 

the robotics lab and exiting from its southern entrance making an inner loop inside the outer one, 

as shown in Figure 5.6. This trajectory faces some different challenging scenarios: few to no 

features challenging the vision-based solution and some sharp turns where the robot wheels suffer 

from slipping, challenging the inertial solution. This trajectory length was approximately seven 

minutes and thirty-two seconds and was conducted with an average forward velocity of 0.498 m/s 

(1.8 km/hr). 



 

58 

 

5.2.2 Results of Trajectory 2 

Figure 5.6 demonstrates the performance of the proposed method for trajectory 2, where it can be 

depicted that the RISS/VO solution (in green) was able to give the vehicle position within the 

corridor boundaries with minimal drift. That was except for the very last part of the trajectory 

because of refraction due to features coming through the glass from inside a room that had light off 

in other trajectories shown in Figure 5.7, ending with a loop closure error of 3 m. It can also be 

seen that the standalone solutions based on 3D-RISS (in blue) and VO (in red) have both 

experienced position drift that resulted in positioning solution off the actual trajectory and outside 

the corridor boundaries. For instance, the standalone 3D-RISS positioning solution drifts to a 12 m 

loop closure error while the standalone VO solution resulted in a 30 m loop closure error. In this 

trajectory, the VO standalone solution has suffered from several degraded vision areas (highlighted 

in yellow in Figure 5.6). The visually degraded scene is shown in Figure 5.8, one of the challenging 

parts of the first two trajectories, where the direction of travel makes the UVG encounters a very 

feature-poor scene. 
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Figure 5.6: Results of indoor trajectory 2 with the integrated RISS/VO solution is 

demonstrated compared to the standalone RISS and VO solutions. 
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Figure 5.7: Scene with refraction features. 

 

Figure 5.8: Features Below Threshold Scene for Trajectories 1 and 2; feature points marked 

by circles and their location in the previous frame is connected with the faded line  
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5.2.3 Impact of the Gyroscopic Bias Error Reset  

The biases corrected are shown in Figure 5.9, where the spikes marked with red dots represent the 

static parts of the trajectory when the gyroscope bias offset is computed. In between the red regions, 

Figure 5.9 demonstrates the recent average bias removed when processing the gyroscope 

measurements inside the RISS algorithm to calculate the position increments. The effect of 

removing the gyroscope's static bias appears clearly in Figure 5.10 compared to Figure 5.6, where 

it can be noticed that the integrated RISS/VO solution has ended to a much larger loop closure error 

of 12 m. 

 

Figure 5.9: Static Bias Removed within Trajectory 2, red points represent readings at static 

parts of the trajectory 
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Figure 5.10: Results for trajectory 2 in the case where the gyroscope bias is not corrected 

5.2.4 Auto-Tuning of the Measurement Noise Covariance Matrix (R)  

The same auto-tuning of the R matrix performed in trajectory one has also been utilized for 

trajectory two. Figure 5.9 shows the number of detected tracked features by the vision system 

during trajectory two. Like trajectory one, for any feature count below 100, the proposed VO 

algorithm is considered in a degraded mode, and for any feature count below 15, the proposed VO 

algorithm is discarded. Therefore, the measurement noise covariance matrix R is automatically 

tuned with a scale of 0.1 for the degraded vision parts of the trajectory, and the VO updates were 

stopped for the discarded vision parts.    
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Figure 5.11: Points Detected and Tracked in the Vision-Based subsystem for Trajectory 2; 

The red line represents the threshold at which the vision-based solution is considered 

discarded, and the orange line is considered degraded visual environment 

5.3 Trajectory 3 

5.3.1 Description of Trajectory 3 

Trajectory 3 consists of two loops within the fifth floor in the RMC, making a trajectory similar in 

shape to a number eight. The vehicle starts from the southwest end travelling east, then turns north 

to enter a lab that has an entrance on the opposite side of the building and then exits the lab via a 

northern door. The vehicle continues in a clockwise manner through the main corridor's floor, 

entering the same lab again through its southern entrance heading north and then heading in a 

counter-clockwise direction towards the starting point (presented in Figure 5.12). This trajectory 

length was approximately nine minutes and thirteen seconds and was conducted with an average 

forward velocity of 0.42 meters per second. 
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5.3.2 Results of Trajectory 3 

In this trajectory, the repeated turns and extended runtime show the effect of drift on the inertial 

subsystem and the challenging visual maneuvers and increase areas of degradation of the vision-

based solution. This trajectory highlights the strength of the integrated navigation scheme and its 

ability to improve the solution significantly. 

 

Figure 5.12: Results of indoor trajectory 3 with the integrated RISS/VO solution is 

demonstrated compared to the standalone RISS and VO solutions. 

5.3.3 Impact of the Gyroscopic Bias Error Reset   

The biases corrected for trajectory three are shown in Figure 5.13, where the spikes marked with 

red dots represent the static parts of the trajectory when the bias is sampled, while the straight parts 

represent the recent average removed when calculating the inertial motion increment. The effect of 

removing the gyroscope's static bias appears clearly in Figure 5.14 compared to Figure 5.12. 
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Figure 5.13: Static Bias Removed within Trajectory 3, red points represent readings at 

static parts of the trajectory 
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Figure 5.14: Results for trajectory 3 in the case where the gyroscope bias is not corrected 

5.3.4 Auto-Tuning of the Measurement Noise Covariance Matrix (R)  

As discussed for the first two trajectories, Figure 5.12 shows the number of features the vision 

system has detected tracked during trajectory two. Again, for any feature count below 100, the 

proposed VO algorithm is considered in a degraded mode, and for any feature count below 15, the 

proposed VO algorithm is discarded. Therefore, the measurement noise covariance matrix R is 

automatically tuned with a scale of 0.1 for the trajectory's degraded vision parts, and the VO updates 

were stopped for the discarded vision parts.    
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Figure 5.15: Points Detected and Tracked in the Vision-Based subsystem for Trajectory 3; 

The red line represents the threshold at which the vision-based solution is considered 

discarded, and the orange line is considered degraded visual environment 

5.4 Performance Evaluation 

Loop closure is a standard measurement for accuracy in vision-based systems, mostly indoors, since 

a GNSS-based reference system is not accessible. Loop closure is used here to give an overall 

performance comparison between the different methods discussed in this thesis (RISS, VO, and 

RISS/VO). The results of the loop closure position errors for the three trajectories are detailed in 

Table 2. Furthermore, by setting fixed points (with prominent positions) along the pathway and 

measuring how close the UGV position during the trajectory is to the center of the corridor, the 

position error at these waypoints can be computed.  The waypoints are introduced in Figure 5.16, 

and the position errors at the respective points calculated for the three trajectories are detailed in  
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Table 3. As depicted from Table 2, loop closure errors were kept at or below the meter level except 

for trajectory 2, which experienced 3 m errors due to light refraction occurring with features coming 

through the glass at the last part of the trajectory. The robustness of the proposed RISS/VO method 

can be verified by observing the accuracy at the waypoint, which is mostly at one meter or less 

except for four cases for the three trajectories.  The developed RISS/VO method, together with the 

R matrix's automatic tuning, avoided deprived VO updates, thus avoiding feature-deprived 

estimates to be included by the EKF. The gyroscope bias offset reset every time the UGV stops has 

resulted in a robust RISS algorithm, thus sustaining the desired level of accuracy.     

Table 2: Loop closure errors for indoor trajectories when applying the proposed algorithm 

Trajectory / Method RISS/VO (m) RISS (m)  VO (m) 

Trajectory 1 ~ 0.5  ~ 4 ~ 0.5 

Trajectory 2 ~ 3 ~ 12 ~ 30 

Trajectory 3 ~ 1 ~ 30 ~ 40 
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Figure 5.16: RMC fifth floor with indicated waypoint markers used to measure errors along 

trajectories 

 

Table 3: Waypoint errors for each trajectory and the different solution methods 

Waypoint RISS/VO (m) RISS (m) VO (m) 

Point 1 

Trajectory 1 

Trajectory 2 

Trajectory 3 

 

0.5 

0 

2 

 

1 

0.5 

5 

 

3 

3 

10 

Point 2 

Trajectory 1 

Trajectory 2* 

Trajectory 3 

 

0.5 

0.5/0.5 

0.5 

 

2 

0.5/5 

4 

 

4 

2/5 

6 

Point 3 

Trajectory 1 

Trajectory 2 

Trajectory 3 

 

1 

1 

0.2 

 

2 

3 

3 

 

4 

5 

3 

Point 4 

Trajectory 1 

Trajectory 2 

Trajectory 3 

 

2 

1 

1 

 

2 

5 

2 

 

3 

10 

1 

Point 5    
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Trajectory 1 

Trajectory 2 

Trajectory 3 

0.5 

1.5 

2 

5 

7 

10 

3 

15 

20 

Point 6 

Trajectory 1 

Trajectory 2 

Trajectory 3 

 

0.5 

2.5 

0.5 

 

4 

12 

30 

 

1 

30 

40 

* first value for the first pass and second value for the second pass 0.5/0.5 

5.5 Summary 

This chapter introduced the field trajectories performed at the Sawyer building of RMC, showing 

the performance of the developed algorithm (discussed in chapter 3) on real UGV indoor 

trajectories. The impact of both the gyroscope bias offset reset approach, and the automatic tuning 

of the measurement noise covariance matrix based on the number of detected features are 

demonstrated and discussed.  It is evident that the proposed RISS/VO method, together with 

automatic detection of the static vehicle state and the number of features detected by the vision 

system, can lead to a robust positioning performance sustaining meter-level positioning accuracy 

with minimal drift in a GNSS-denied environment. The next chapter discusses the performance of 

the proposed methods on trajectories performed inside the Brockville Railway Tunnel. 
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Chapter 6 

Results for Field Testing Location II: Brockville Tunnel 

Two different trajectories were tested with the developed methodology introduced in chapter 3 and 

the platform setup introduced in chapter 4. Each trajectory is designed to pose various challenges 

in positioning an autonomous UGV in the GNSS-denied tunnel environment. The testing periods 

for each of the trajectories recorded at location II, the Brockville Railway Tunnel, that was shown 

in Figure 4.5.  

Trajectory 1: Travel Direction [South-to-North] 11 minutes and 58 seconds. 

Trajectory 2: Travel Direction [North-to-South] 12 minutes and 9 seconds. 

In a format similar to chapter 5 indoor results, each performed trajectory, including a summary of 

end-point errors, is presented. The gyroscope biases that are corrected and the effects are also 

discussed for this field test location.  

The environment in Brockville Railway Tunnel had different attributes than the indoor 

environment, such as lighting conditions and passerby people visiting the tunnel affecting the 

vision-based subsystem and: slippery floors that make the turns suffer from sudden changes that 

could challenge the inertial subsystem. In terms of lighting conditions, rather than the stable 

lighting present in the indoor environment, The Brockville Railway Tunnel features continuous 

sound and light shows, where the lighting changes colour and intensity, moving with the music, or 

simulating an approaching train. The team was allowed to perform the data collection while the 

tunnel was open for visitors; thus, the features detected by the camera were affected at some parts 

of the trajectory. 
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6.1 Trajectory 1 

6.1.1 Description of Trajectory 1 

Trajectory 1 is a pass through the tunnel heading from its southeastern entrance to the northern 

entrance, as shown in Figure 5.2. This trajectory length was approximately eleven minutes and 

fifty-eight seconds and was conducted with an average forward velocity of 0.8 m/s (2.88 km/hr). 

Trajectory 1 involves different illumination conditions that impact the vision system and some turns 

to navigate the slippery ground surface. The light shows of flashing and colour changing operating 

in Brockville Railway Tunnel and the passersby were an extra challenge to the proposed method's 

vision-based subsystem. 

6.1.2 Results of Trajectory 1  

Figure 5.2 demonstrates the proposed method's performance, where it can be seen that the RISS/VO 

solution (in green) was able to give the vehicle position within the tunnel boundaries with minimal 

drift. The proposed integrated solution quantitatively provided a robust positioning solution with 

an end-point error of less than one meter. It can also be seen that the standalone solutions based on 

3D-RISS (in blue) and VO (in red) have both experienced position drift that resulted in the 

positioning solution off the actual trajectory and outside the tunnel boundaries. For instance, the 

standalone 3D-RISS positioning solution drifts slightly to about twenty-meters end-point error. 

Furthermore, as mentioned in chapter 3, the vision-based solution is not reliable in its standalone 

case, and even if one was provided with a map of the environment, the re-detection of the 

surroundings is hindered by the extended length of similarly shaped walls of the tunnel. A trial to 

run [65] failed for the trajectories here. In that case, it would never recover when tracking feature 

points fails in degraded visual areas where the light is not available, or if the scene is very uniform 

(facing a person or a wall from proximity) such that the feature detector is unable to find enough 

corner points to perform the essential matrix estimation. In this trajectory, the VO standalone 

solution has suffered from several degraded vision areas (highlighted in yellow in Figure 6.1), 
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resulting in about thirty-meter end-point error. Over the entire trajectory, the proposed method was 

able to detect the degraded vision areas and discard the VO solution to avoid a negative influence 

on the integrated RISS/VO method. This approach led to the successful avoidance of updating the 

RISS solution with erroneous position corrections from VO. 

 

Figure 6.1: Trajectory 1 with the integrated RISS/VO solution is demonstrated compared to 

the standalone RISS and VO solutions.  

6.1.3 Impact of the Gyroscopic Bias Error Reset  

It is crucial to handle the static component of the gyroscope bias before integration using the 3D-

RISS error model embedded within the Kalman filter (see discussion in section 3.5). The biases 

corrected are shown in Figure 6.2; the spikes marked with red dots represent the trajectory's static 

parts when the gyroscope bias offset is computed. In between the red regions, the recent average 
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bias removed when processing the gyroscope measurements inside the RISS algorithm to calculate 

the connecting value represents the position increments. It is also important to note that the bias 

here is positive since this affects the drift's direction for the position estimation.  

 

Figure 6.2: Static Bias Removed within Brockville Railway Tunnel Trajectory 1, red points 

represent readings at static parts of the trajectory 

 

6.1.4 Auto-Tuning of the Measurement Noise Covariance Matrix (R)  

Figure 6.3 demonstrates the number of detected tracked features by the vision system during 

trajectory 1. As shown in Figure 6.3, for any feature count below 500, the proposed VO algorithm 

is considered to be in a degraded mode, and for any feature count below 15, the proposed VO 

algorithm is discarded. The measurement noise covariance matrix, R, was automatically tuned with 

a scale of 0.1 for the trajectory's degraded vision parts, and the VO updates were stopped for the 

discarded vision parts.    
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Figure 6.3: Points Detected and Tracked in the Vision-Based subsystem for Trajectory 1. 

The red line represents the threshold at which the vision-based solution is considered 

discarded, and the orange line is considered a degraded visual environment 

 

6.2 Trajectory 2 

6.2.1 Description of Trajectory 2 

Trajectory 2 is a pass through the tunnel heading from its northwestern entrance to the southeastern 

one, as shown in Figure 6.4. This trajectory length was approximately twelve minutes and eight 

seconds and was conducted with an average forward velocity of 0.767 m/s (2.7612 km/hr). The 

trajectory was recorded right after trajectory 1 with similar challenges, added the length of 

operation of the IMU as no power shutdown was performed between the two recordings. 
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6.2.2 Results of Trajectory 2  

Similar to trajectory 1, Figure 6.4 demonstrates the performance of the proposed method, where it 

can be depicted that the RISS/VO solution (in green) was able to give the vehicle position within 

the tunnel boundaries with minimal drift in a similar result to trajectory 1. The proposed integrated 

solution quantitatively provided a robust positioning solution with an end-point error of less than 

one meter. It can also be depicted that the standalone solutions based on 3D-RISS (in blue) and VO 

(in red) have both experienced position drift that resulted in positioning solution off the actual 

trajectory and outside the tunnel boundaries. For instance, the standalone 3D-RISS positioning 

solution drifts slightly to about thirty-meters end-point error. In this trajectory, the VO standalone 

solution has suffered from several discarded vision areas (highlighted in red in Figure 6.4), resulting 

in an almost seventy-meter end-point error. Over the whole trajectory, the proposed method was 

able to detect the degraded vision areas and discard the VO solution to avoid a negative influence 

on the integrated RISS/VO method. This trajectory is an extra confirmation of how the approach 

allowed us to avoid updating the RISS solution with erroneous position update corrections from 

VO. 
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Figure 6.4: Trajectory 2 with the integrated RISS/VO solution is demonstrated compared to 

the standalone RISS and VO solutions.  

 

6.2.3 Impact of the Gyroscopic Bias Error Reset  

It is crucial to handle the static component of the gyroscope bias before integration using the 3D-

RISS error model embedded within the Kalman filter, as discussed within all the previous 

trajectories. Figure 6.5 shows the gyroscope bias along time in trajectory 2, where the red dots are 

readings when the platform is static, and the blue lines are the plot lines, but with averages appended 

at the end of the static section such that the horizontal blue connection represents the removed 

average within the motion. 
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Figure 6.5: Static Bias Removed within Brockville Railway Tunnel Trajectory 2, red points 

represent gyroscope readings at static parts of the trajectory 

6.2.4 Auto-Tuning of the Measurement Noise Covariance Matrix (R)  

Figure 6.6 demonstrates the number of detected tracked features by the vision system during 

trajectory two. As shown in Figure 6.6, in a similar way to trajectory 1, for any feature count below 

500, the proposed VO algorithm is considered in a degraded mode, and for any feature count below 

15, the proposed VO algorithm is discarded from the integrated solution. Therefore, the 

measurement noise covariance matrix R is automatically tuned with a scale of 0.1 for the 

trajectory's degraded vision parts, and the VO updates were stopped for the discarded vision parts.    
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Figure 6.6: Points Detected and Tracked in the Vision-Based subsystem for Brockville 

Railway Tunnel Trajectory 2. The red line represents the threshold at which the vision-

based solution is considered discarded, and the orange line is considered a degraded visual 

environment 

6.3 Summary 

In this chapter, the results of a field test in a tunnel environment were presented. The platform was 

positioned, achieving a similar navigation accuracy to the indoor navigation scenarios presented in 

the previous chapter. The only needed adjustment to the algorithm is to enable the detection of 

more features per image frame. The vision-based subsystem was able to detect 5000 feature points 

in some areas of the tunnel trajectories, in contrast to 1000 feature points in the case of indoors. 

Thus, a more extended tracking period was able to be sustained between the feature detection 

iterations. That Enabled the algorithm to be modified to a feature detection frequency every 15 

image frames (i.e. one second) in contrast to a feature detection frequency every 3 image frames 

(i.e. five times per second).  
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Chapter 7 

Conclusions and Future Work  

7.1 Summary 

In this thesis, a positioning and navigation method was developed for UGVs to perform surveys 

for numerous applications (including, but not limited to, geological mapping, mining, and indoor 

applications) in GNSS-denied environments. The developed method integrates a VO solution 

obtained from a monocular camera with onboard motion sensors to provide a full 3D position and 

navigation solution. The data from the camera, the wheel encoder, and the inertial sensors onboard 

the Husky UGV during five different trajectories were recorded, processed, and analyzed to test 

the developed algorithm. Three of those trajectories were performed indoors inside the Sawyer 

building of the RMC, and two performed at the Brockville Railway Tunnel. An overview of vision-

based and inertial-based navigation, as well as their integration, was presented. Improvements to 

both navigation schemes as well as their integration philosophy were developed and discussed. The 

research in this thesis proposed the body-centred RISS mechanization, VO, and their integration. 

A description of the inertial system and the vision-based navigation system and the discussion of 

their reliability was also an integral part of the research presented. An automated approach was 

developed to control the vertical gyroscope's drift and the VO solution's measurement updates. The 

newly incorporated body-centred approach appears to be more reliable when correcting for the 

inertial system drifts only by clear vision-based updates. Besides, improving the VO by limiting 

the gradient quality of the tracked features within image frames and using the count of features 

above that limit as a measurement of quality of the vision-based motion estimate improved the 

RISS/VO integration reliability. The indoor lighting in the RMC corridors was turned off at some 

locations to examine the proposed RISS/VO method's performance in degraded visual 

environments. Furthermore, the Brockville Railway Tunnel field tests involved degraded visual 
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scenarios with the added challenge of people (visitors to the tunnel) moving around the Husky 

platform while recording the test trajectories.  

7.2 Conclusions 

The method developed in this thesis is unique in that, for the first time, both the RISS mechanization 

and the RISS/VO integration were performed in the body frame. Performing the KF based 

integration on body-centred updates provided a competitive positioning solution with less than one-

meter drift in most GNSS-denied field tests for up to twelve minutes. Furthermore, the proposed 

method provided a measure of reliability from the vision-based system that helped perform a sensor 

fusion update to reset the RISS position and velocity errors and correct the gyroscope bias drift. 

During the two field testing environments (indoor and tunnel), the vision-based navigation solution 

was utilized to aid the RISS solution in limiting its drift, only when it identified sufficient 

confidence in the VO solution. During periods of degraded vision environments, the RISS solution 

could bridge the vision-based solution outages, resulting in a reliable RISS/VO integrated 

positioning and navigation system that exploits the complementary characteristics of both vision 

and inertial based solutions.  

7.3 Recommendations for Future Work  

Many research directions could branch out of the research presented in this thesis. In terms of 

vision-based navigation, infra-red cameras could be tested for positioning accuracy and feature 

detection and tracking using the proposed vision-based algorithm. Also, LiDAR and radar systems 

could be incorporated in order to aid the INS in the extended dark (or inadequate lighting) segments 

of trajectories. The reliability of different INS-based algorithms could be studied for integration 

with the vision-based algorithm. It is also worth exploring a body-centred full INS mechanization 

in the future, with a comparative analysis to the RISS based mechanization discussed in this 

research, performing a full error growth and runtime analysis showing a quantitative measure of 

the two gyroscopes reduction effect in optimizing the system. For VO, the feature distribution in 
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the image scene is an interesting direction to study as a complementary tuning parameter in the 

sensor fusion rather than relying only on the number of points. Although it does not appear in the 

performed field tests within this thesis, but in mine tunnels with poor lighting conditions the 

features can be present in a localized area of the image, posing a challenge to VO, thus having a 

biased motion estimate degrading its accuracy. 

Further work is required to improve the navigation solution in GNSS-denied environments to 

develop a multi-sensor navigation solution capable of navigating different robotic platforms under 

any condition and environment. In particular, for geoscience applications, the issue of rougher 

terrain should be assessed since the unmanned ground vehicle may experience significant variations 

in rougher and more remote environments. This fieldwork may also require changes in the vehicle's 

direction of travel and velocity during the trajectory. Field sites of particular interest are lunar lava 

tunnels and subterranean unstructured environments. The use of the machine and deep learning 

techniques in evaluating and switching different sensor systems to supplement or completely 

replace the Kalman filter is also an exciting area of future research.  
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Appendix A 

RISS Mechanization 

The work done in this thesis was inspired by the 3D-RISS algorithm discussed in [22] and first 

developed in [26]. This appendix is added with the authors' permission to discuss the development 

of 3D-RISS in its traditional navigation frame giving context to work done in this thesis to convert 

it into a body-centred algorithm. In traditional RISS, the position is represented in longitude and 

latitude rather than meters because the system was initially developed to be integrated with GNSS. 

Gravity component effect in pitch and roll angles 

In traditional RISS, the accelerometer readings are transformed from the body frame to a local-

level frame, and the effect of gravity is compensated to calculate pitch and roll angles.  

[

𝑓𝑥
𝑓𝑦
𝑓𝑧

]

𝑏

= [

𝑟11 𝑟12 𝑟13

𝑟21 𝑟22 𝑟23

𝑟31 𝑟32 𝑟33

] [
0
0

−𝑔
]

𝑙

 (𝐴. 1) 

Where the used terms of the equation used to transform are: 𝑟13 = − cos 𝑝 sin 𝑟, 𝑟23 = sin𝑝, 

and, 𝑟13 = cos 𝑝 cos 𝑟. 

Thus, the pitch and roll angles could be deduced from the accelerometer readings as follows in 

equations A.2 and A.3:  

𝑟(𝑘) = −𝑎𝑟𝑐𝑡𝑎𝑛 (−
𝑓𝑥
𝑓𝑧

) (𝐴. 2) 

𝑝(𝑘) = 𝑎𝑟𝑐𝑡𝑎𝑛 (−
𝑓𝑦

√𝑓𝑥
2 + 𝑓𝑧

2
) (𝐴. 3) 

Then the calculation of the change in azimuth angle at time k is calculated through equation A.4: 

�̇� = (−𝑐𝑜𝑠(𝑝(𝑘)) 𝑐𝑜𝑠(𝑟(𝑘))𝜔𝑧(𝑘) + 𝜔𝑒 𝑠𝑖𝑛(𝜑(𝑘 − 1)) +
𝑣𝑒(𝑘 − 1) 𝑡𝑎𝑛(𝜑(𝑘 − 1))

𝑅 + ℎ(𝑘 − 1)
) (𝐴. 4) 

Leading to velocity calculation equations in the form, represented by equations A.5, A.6, and A.7: 

𝑣𝑒(𝑘) = 𝑣𝑂𝑑(𝑘) 𝑠𝑖𝑛(𝐴(𝑘)) 𝑐𝑜𝑠(𝑝(𝑘)) (𝐴. 5) 
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𝑣𝑛(𝑘) = 𝑣𝑂𝑑(𝑘) 𝑐𝑜𝑠(𝐴(𝑘)) 𝑐𝑜𝑠(𝑝(𝑘)) (𝐴. 6) 

𝑣𝑢𝑝(𝑘) = 𝑣𝑂𝑑(𝑘) 𝑠𝑖𝑛(𝑝(𝑘)) (𝐴. 7)   

Then the position change would be in the form, represented by equations A.8, A.9, and A.10: 

�̇� =  
𝑣𝑛

𝑅 + ℎ
 (𝐴. 8) 

�̇� =  
𝑣𝑒

(𝑅 + ℎ) cos𝜑
 (𝐴. 9) 

ℎ̇ =  𝑣𝑢 (𝐴. 10) 

Leading to a vector of errors to be used as an error model for the integration Kalman filter: 

𝛿�̇�𝑅𝐼𝑆𝑆 = [𝛿�̇�, 𝛿�̇�, 𝛿ℎ̇, 𝛿�̇�𝑒 , 𝛿�̇�𝑛, 𝛿�̇�𝑢, 𝛿�̇�, 𝛿�̇�𝑂𝑑 , 𝛿�̇�𝑧]
𝑇
 (𝐴. 11) 

 

RISS error model 

The error of the RISS is model is traditionally derived in the next section of equations A.12 to 

A.20. 

Position error (simplified) 

𝛿�̇� =  
𝛿𝑣𝑛

(𝑅 + ℎ)
 (𝐴. 12) 

𝛿�̇� =  
𝛿𝑣𝑒

(𝑅 + ℎ) cos𝜙
 (𝐴. 13) 

𝛿ℎ̇ =  𝛿𝑣𝑢 (𝐴. 14) 

Velocity error 

𝛿𝑣𝑒 = 𝛿𝐴 𝑎𝑂𝑑(𝑘) 𝑐𝑜𝑠(𝐴(𝑘)) 𝑐𝑜𝑠(𝑝(𝑘)) + 𝑠𝑖𝑛(𝐴(𝑘)) 𝑐𝑜𝑠(𝑝(𝑘))  𝛿𝑎𝑂𝑑 (𝐴. 15) 

𝛿𝑣𝑛 = − 𝛿𝐴 𝑎𝑂𝑑(𝑘) 𝑠𝑖𝑛(𝐴(𝑘)) 𝑐𝑜𝑠(𝑝(𝑘)) + 𝑐𝑜𝑠(𝑝(𝑘)) 𝑐𝑜𝑠(𝐴(𝑘))  𝛿𝑎𝑂𝑑 (𝐴. 16) 

𝛿𝑣𝑢 = 𝑠𝑖𝑛(𝑝(𝑘))   𝛿𝑎𝑂𝑑 (𝐴. 17) 

Azimuth error (Simplified) 

𝛿�̇� =  𝛿𝜔𝑧 (𝐴. 18) 
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Stochastic Error Models 

The errors in gyroscope and odometer acceleration are modelled as a first-order Gauss-Markov 

error model as follows: 

𝛿𝑎𝑂𝑑 = − 𝛾 𝛿𝑎𝑂𝑑 + √2 𝛾𝜎𝑂𝑑
2  𝑊 (𝐴. 19) 

𝛿𝜔𝑧 = − 𝛽 𝛿𝜔𝑧 + √2 𝛽𝜎𝑧
2 𝑊 (𝐴. 20) 
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Appendix B 

Journey Along the Trajectories 

In this appendix, a journey along two of the indoor trajectories through the camera fixed on the 

Husky and used to generate results is shown. The two trajectories presented were recorded more 

than 3 months apart; thus, the lighting condition is different, showing how the lighting could 

challenge the algorithm if it were not to reject poor vision updates. 

Indoor Trajectory 1 

 

Appendix Figure 1: Trajectory 1 outlined on the map of the RMC building 
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Appendix Figure 2: Corner 1, Trajectory 1 

 

Appendix Figure 3: Corner 2, Trajectory 1 
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Appendix Figure 4: Corner 3, Trajectory 1 

 

Appendix Figure 5: Corner 4, Trajectory 1 
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Appendix Figure 6: : Corner 5, Trajectory 1 

 

Appendix Figure 7: Corner 6, Trajectory 1 
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Appendix Figure 8: Corner 7, Trajectory 1 

 

Appendix Figure 9: Corner 8, Trajectory 1 
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Appendix Figure 10: Corner 9, Trajectory 1 

 

Appendix Figure 11: Corner 10, Trajectory 1, end before turning 
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Appendix Figure 12: Start/Endpoint of Trajectory 1 

Indoor Trajectory 3 

 

 

Appendix Figure 13: Trajectory 3 outlined on the map of the RMC building 
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Appendix Figure 14: Start/Endpoint of Trajectory 3 

 

Appendix Figure 15: Corner 1, Trajectory 3 
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Appendix Figure 16: Corner 2, Trajectory 3 

 

Appendix Figure 17: Corner 3, Trajectory 3 
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Appendix Figure 18: Corner 4, Trajectory 3 

 

Appendix Figure 19: Corner 5, Trajectory 3 
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Appendix Figure 20: Corner 6, Trajectory 3 

 

 

Appendix Figure 21: Corner 7, Trajectory 3 



 

101 

 

 

Appendix Figure 22: Corner 8, Trajectory 3 

 

Appendix Figure 23: Corner 9, Trajectory 3 
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Appendix Figure 24: Corner 10, Trajectory 3 

 

Appendix Figure 25: Corner 11, Trajectory 3 
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Appendix Figure 26: Corner 12, Trajectory 3 

 

Appendix Figure 27: Corner 13, Trajectory 3 
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Appendix Figure 28: Corner 14, Trajectory 3 

 

Appendix Figure 29: Corner 15, Trajectory 3 
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Appendix Figure 30: Corner 16, Trajectory 3 

 

Appendix Figure 31: Corner 17, Trajectory 3 

 


