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Abstract

A fundamental prerequisite of mobile robots is the ability to accurately localize itself in
a given environment. Accurate localization information is vital for a mobile robotic agent
where different modules such and motion planning and control rely upon. Global Naviga-
tion Satellite systems (GNSS) are a popular mechanism to obtain geolocation of a robot
in outdoor environments. However, GNSS systems can be unreliable in indoor/outdoor
environments where GNSS signals struggle to penetrate such as urban canyons, indoor en-
vironments, tunnels and underground infrastructure etc. Therefore, localization by means
of other sensory measurements and techniques in a requirement. The main purpose of this
research is to develop an accurate robot localization system via multi-sensor fusion from
available sensory information such as visual, inertial, and wheel encoder measurements.

As a solution to this requirement the fusion of monocular visual, inertial, and wheel
encoder measurements has recently gained immense interest as a robot odometry and
localization approach that overcomes the effects of navigation system uncertainties and
variations. However, the wheel encoder measurements fused to the visual inertial wheel
odometry (WO) system in this approach can be faulty mainly due to wheel slippages and
other inherent errors. This thesis proposes a strategy for compensating wheel slip effects,
based on a differential drive robot kinematics model. We use Gaussian process regression
to learn the error between the WO model and the ground-truth for a set of training
sequences. A deep kernel is constructed leveraging Long short term memory (LSTM)
networks to capture the sequential correlations of odometry error residual. The learned
WO error information is then used on the test sequences to correct the errors in WO. Then,
the corrected WO measurements are utilized in a multi-state-constraint Kalman Filter
based robot state estimation scheme. The enhancement is demonstrated via simulation
experiments based on real-world data sets and indoor experimental evaluations using a
test platform mobile robot.

In addition, the visual measurements are corrected via a feature point confidence esti-
mator design to discard dynamic features in the feature matching process and subsequently
for motion estimation. The development of the estimator design comprises of estimating
the fundamental matrix using an inertial measurement unit to geometrically verify the
matched confidence of visual key-points. Simulation results based on real world data sets
confirm the improved accuracy of the overall designed localization scheme.
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Chapter 1

Introduction

Mobile robots are becoming increasingly popular and necessary because of the various
applications they have to offer. Active and emerging applications are used in various
operations, including medical, warehousing, cleaning, navigation, autonomous driving, and
agriculture. This is primarily due to their ability to accurately estimate their position in an
unknown environment while simultaneously navigating and creating a map of the region.
Without location information, path planning cannot determine where the robot is heading
and its current location with respect to the destination. The aforementioned capabilities are
mainly due to the advances in SLAM (Simultaneous Localization and Mapping) techniques.
Hence, SLAM has been a very popular research area. During its initial phase between 1986
to 2004, probabilistic approaches such as EKF (Extended Kalman Filter), Particle Filter,
and Maximum likelihood estimation were used. Then from year 2004 to 2015 came the
”algorithmic-analysis” age where researchers mostly studied the fundamental properties of
SLAM such as consistency, observability, and convergence. It was also during this period
that the researchers sustained the idea of sparsity for the efficient computation of SLAM
solvers [14]. The current existing state-of-the-art SLAM methods can handle thousands
of landmarks at a given time [37]. Another factor that contributed to this effort was the
improvement in hardware, processing power, sensors, etc.

One of the key outputs of a SLAM algorithm is the estimation of a robot’s pose as a
pose vector, which is the combination of the location and orientation of the robot. To carry
out this operation many sensors have been discussed in literature. During the early stages
of SLAM sensors such as IMU (Inertial Measurement Unit), GPS (Global Positioning
System), Rotary Encoders, Laser Range sensors, and cameras were used independently or
in combination. Between 2010 and 2016, SLAM algorithms consisting of only cameras were
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popular due to the simple sensor configuration. Also, the technical difficulties associated
with it were lower compared to other types of sensors [132].

Algorithms of this nature are called VSLAM (Visual Simultaneous Localization and
Mapping) algorithms. The odometry obtained from these algorithms is called VO (Visual
Odometry), which is the determination of the ego-motion of an object using a single or
multiple set of cameras [123]. In the recent past, the trend has been to fuse IMU with
a camera to obtain better results, where the camera and IMU supplement each other to
compensate for each other’s disadvantages.

1.1 Problem Domain and Motivation

Using a camera as a sensor for SLAM problems has many advantages. Cameras in general
consume less power, are lightweight, cost comparatively less, and provide very rich infor-
mation. However, the camera does suffer from errors due to unavoidable circumstances
such as illumination changes, distortion due to fast movements, etc. [3]. Inertial sensors
are known to provide good signals at high frequency during fast movements. However,
they are prone to drift due to errors accumulated through the double integration process
to acquire position information. On the other hand, cameras provide an accurate estimated
ego-motion in low frequency for long-term steady movements but suffer from the aforemen-
tioned scenarios. Hence, the objective of using visual-inertial sensor fusion is to overcome
the fundamental limitations of VSLAM and INS (Inertial Navigation System). Accord-
ingly, navigating using a combination of camera and IMU is called a VINS (Visual-Inertial
Navigation System) system.

One of the key problems associated with VSLAM and VISLAM (Visual inertial simulta-
neous localization and mapping) is that they use static features in the environment, which
can lead to errors in dynamic/semi-static environments. Therefore, it is important to de-
vise a methodology to eliminate dynamic objects from the scene, so that VINS becomes
flexible and robust to operate in a heavily dynamic environment.

Another inherited problem is that VSLAM and VISLAM algorithms require a suffi-
cient amount of lighting to detect visual features. In indoor environments, there can be a
drastic contrast in illumination and lighting conditions, making the extraction of meaning-
ful features from the environment a challenging task. Especially in indoor environments,
there can be instances where the environment has limited features. Such an environment
with insufficient features would not allow the robot to localize properly. Hence, fusing
VIO (Visual-Inertial Odometry) with additional sensory information such as WO (Wheel
Odometry) has the potential to improve the accuracy of the overall localization.
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Furthermore, sensor fusion algorithms such as VINS are very sensitive to time synchro-
nization, a point that the developer must be concerned about to ensure robust and accurate
estimation [139]. In addition, a robust and fast initialization mechanism is required for
better overall accuracy and robustness.

1.2 Objectives

VIO is a well-studied problem in current literature. As an emerging topic to improve
accuracy and overcome observability issues of VIO using VIWO (Visual Inertial Wheel
odometry) is proposed. However, most of the current VIO and VIWO algorithms are
wrapped around key assumptions. Firstly, in the VO front end, the scene is assumed to be
static. Hence, a challenge VIO/VIWO algorithms face is navigating through environments
that have highly dynamic objects. Since the visual front-end of these algorithms relies on
feature matching of static objects, the dynamic objects will increase the error of motion
estimation of VO. However, IMU and other sensors attached to a mobile robot do not rely
on feature matching for motion estimation. Hence, it is possible to use other available
sensory information as a confidence estimator to detect and eliminate dynamic feature
points for motion estimation.

In addition, for VIWO algorithms, it is assumed ideal rolling scenarios for the wheels.
However, slippage inherently exists and can adversely affect localization accuracy. Hence,
by compensating for slippage the overall accuracy of VIWO can be improved.

Considering these challenges, the main objective of this thesis is to develop accurate
localization schemes achieving the following sub-objectives.

1. Development of a feature point confidence estimator to the VO front end to eliminate
dynamic feature points in the feature matching process for motion estimation

2. Development of a data-driven slip compensation scheme using deep kernel based GPR

1.3 Thesis Contributions

The following research articles have appeared for publication and comprise the technical
content of this thesis:
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1. Reginald, N., Al-Buraiki O., Fidan B., Hashemi E., “Confidence estimator design
for dynamic feature point removal in robot visual-inertial odometry,” in Proc. 48th
Annual Conference of the Industrial Electronics Society, Brussels, Belgium, October
2022 (6 double column pages).

2. Reginald N., Al-Buraiki O., Fidan B., Hashemi E., “Augmented visual inertial wheel
odometry through slip compensation,” Chapter 7 in Measurements and Instrumen-
tation for Machine Vision, O. Sergiyenko and J.E. Miranda-Vega (eds.), CRC Press,
pp. 157-170, 2024.

3. Reginald N., Al-Buraiki O., Choopojcharoen T., Fidan B., Hashemi E. “Visual Iner-
tial Wheel Odometry With Slip Compensation and Dynamic Feature Elimination,”
IEEE Sensors Journal, 2024, Submitted.

Specifically, the thesis contributions are of twofold:

1. Development of a module for checking the confidence of feature matching:

This development encompasses using the IMU motion model to check the geometric
consistency of feature points. The IMU unit translation and rotation is used to esti-
mate the geometric Fundamental matrix to check the visual feature point’s geometric
consistency to classify them as static or dynamic. Once the dynamic feature points
are eliminated, the refined feature points are processed through the VO front end
to estimate the camera motion for improved accuracy. The improved VO is used
for robot pose correction via a multi-state constraint Kalman filter (MSCKF). If
the IMU data is deemed invalid as a redundant method RANSAC (Random Sample
Consensus) is used to eliminate outliers based on trifocal geometry.

2. Development of a data-driven slip compensation scheme using deep kernel based GPR
(Gaussian Process Regression):

We estimate the WO residual at each sampling time given the velocity and heading
angle, assuming planar motion using a GPR approach. The kernel is extended using
LSTM (Long Short Term Memory) layers to better capture the sequential correlations
of odometry. Based on this slip compensated WO the MSCKF is updated to obtain
VIWO estimate.

4



1.4 Thesis Outline

Background information and references to current existing literature have been discussed
in Chapter 2. These can be considered as the main tools required for implementing VINS
algorithms. Chapter 3 includes a comparison between the current state-of-the-art methods
in VINS via experimental evaluation using public datasets. Chapter 4 includes a method-
ology for a confidence estimator design to remove dynamic point data association for visual
SFM (Structure From Motion) and thereby improve the overall localization accuracy. The
enhancement to odometry using the proposed method is validated using real-world data
simulation studies. Chapter 5 includes augmenting slip-compensated WO measurements
to improve localization accuracy. Wheel slippage error is estimated using a data-driven
Gaussian Process Regression approach. The enhancement to the odometry is demonstrated
via real-world data simulations and indoor experimental studies. In addition, Chapter 6
provides the design of an additional filter utilizing semantic segmentation to eliminate dy-
namic feature points. Finally, Chapter 7 provides the concluding remarks and encapsulates
the future research directions.
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Chapter 2

Background and Literature Review

2.1 Preliminaries of Localization

The main goal of SLAM is to construct a map with information from sensors while si-
multaneously localizing itself to the map. In terminology, Full SLAM means the posterior
estimation of the entire path of the robot whereas Online SLAM refers to the estimation
of the current posterior only [134].

In general, there are three main principle paradigms to tackle the problems associated
with SLAM. They are respectively EKF based methods, particle filter-based methods,
and graph-based optimization methods. Of these paradigms, EKF based SLAM methods
can be computationally ineffective due to scaling limitations. Furthermore, the covariance
matrix is quadratic to the number of features. In comparison, particle filter-based methods
try to mitigate this issue relating to the feature correlations in the map. The individual
landmarks in the map are independent and hence become uncorrelated. FastSLAM [98]
is one of the methods that use particle filter to tackle the SLAM problem. However, the
number of particles can grow infinitely, especially for robotic agents who are seeking to map
multiple nested loops of the environment. The graph-based SLAM approach is currently
the most popular method amongst researchers, as it tries to address the full problem of
SLAM through highly efficient sparse nonlinear optimization [130].

The SLAM problem can be illustrated using a graph where every node in the graph
corresponds to a pose of the robot during mapping, and an edge between two nodes corre-
sponds to a spatial constraint between them. Here, the final objective is to build the graph
and find a node configuration that minimizes the error introduced by the constraints.
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Figure 2.1: Graph SLAM structure [45].

Figure 2.2 illustrates one single edge of the graph. Here, two arbitrary nodes consisting
of robot poses of the graph are denoted as xi and xj. For simplicity purposes, consider
the robot poses ∈ R2×S1 in 2D. If we observe the node xj from xi, our observation model
denotes that node xj is in the location described by a mean representing an observation
zij and covariance information matrix Ωij. Hence, in the context of a SLAM problem,
the information matrix will consist of many edges ⟨eij,Ωij⟩, where eij = zij − ẑij and ẑij

is the predicted observation. Let C be the set of pairs of indices for which a constraint
(observation) z exists. Then, the graph SLAM approaches targets to find the nodes that
minimize the negative log-likelihood F (x) of all observations

F (x) =
∑

i,j∈C
Fij(x) =

∑

i,j∈C
eij(x)⊤Ωijeij(x), (2.1)

thus, it looks to solve the following equation

x∗ = arg min
x

F (x). (2.2)

eij(x) is the error as the function of the whole state vector x =
[
x1, · · · ,xn

]
where

xi ∈ R2 × S1 consist of robot poses in 2D.

To further analyze the meaning of each error, a map between each pose to its corre-
sponding homogeneous transformation matrix H can be denoted by
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Figure 2.2: Pose graph example [45].

T(·) : R× S1 → SE2 (2.3)

An error term eij will be zero if T(zij) = T(xi)
−1T(xj) where the observation is

the same as relative graph configuration. Here, H(xi) and T(xj) are poses of the robot
represented as homogeneous transformation matrices. A least square approach can be used
to solve the minimization problem 2.2. The error function of the state vector consisting of
poses is linearized as

eij(x + ∆x) ≈ eij(x) + Jij∆x, (2.4)

where

Jij =
∂eij(x)

∂x
=
[
0 · · · Aij · · · Bij · · · 0

]

Aij =
∂eij(x)

∂xi

Bij =
∂eij(x)

∂xj

∆x = x∗ − x̆

,and x̆ is an initial guess of the robot poses.

Since eij(x) only depend on xi and, xj the jacobian function Jij will have a sparse nature,
which has a great effect on computational capacity. From this, the sparse matrices b and
H is derived to obtain a linear system of equations as
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H =
∑

ij

Hij =
∑

Jij
ijΩijJij, (2.5)

where the coefficient matrix of an edge is

Hij =




...
A⊤

ij
...

B⊤
ij
...



Ωij

[
· · · Aij · · · Bij · · ·

]
=

[
A⊤

ijΩijAij A⊤
ijΩijBij

B⊤
ijΩijAij B⊤

ijΩijBij

]
. (2.6)

Below, Algorithm 1 summarizes the outline of graph based SLAM illustrated above. Here,
the convergence condition is fulfilled once the system of equations is solved for ∆x to
update x. This is usually solved using techniques such as sparse Cholesky factorization.

Algorithm 1: Optimize(x)

Result: optimized x
while not converged do

(H,b)←buildLinearSystem(x)
∆x←SolveSparse(H∆x = −b)
x← x + ∆x

end

2.2 Visual Odometry

Visual odometry (VO) for any agent can be defined as estimating its ego-motion using
monocular or multiple cameras attached to the rigid body of the agent. VO incremen-
tally estimates the robot agent’s position by looking at the changes of image frames it
perceives, which are induced by its motion. Thereby, this is analogous to wheel odometry
(WO) where the motion of the robot agent is incrementally estimated by integrating the
number of rotations of its wheels. Compared to WO, the advantage of VO is that it is not
affected by wheel slippages [123]. Figure 2.3 outlines the main components of VO. Chap-
ter 4 demonstrates the importance of feature matching for VO front end by developing a
mechanism to eliminate dynamic feature points by checking their geometric consistency
using IMU motion model.
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Figure 2.3: VO pipeline.

VO is accomplished in real-time by using a sequence of ordered images to estimate the
motion of the camera. On top of estimating the motion of, the camera VSLAM also does
the mapping and recognizes the places that have already been visited.

Direct SLAM methods do not search for key points in images, but instead look for
image intensities to estimate the location of the surroundings. On the other hand, feature-
based methods use feature extraction methods and depend on the features to estimate the
location of the surroundings.

2.2.1 Feature Extraction and Tracking

During the feature detection stage of VO and VSLAM pipeline, the images are searched
for key points that are likely to match well in other images. In Literature, there are
many corner detectors such as Moravec, For-stner, Harris, Shi-Tomasi, FAST etc; and blob
detectors such as SIFT, SURF, and Censure etc.[40]. A key point is a locally distinct
location in an image. The feature descriptor summarizes the local structure around the
key point (usually as a vector). In other words, they find locally distinct points given
an image. Corners are considered highly distinct points. This is due to the high image
gradients that corners have. They are invariant to translation, rotation, and illumination
changes. Corners can be defined as edges in roughly orthogonal directions. An edge can
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be interpreted as a sudden brightness change. Corners are found by searching for intensity
changes in two directions. By computing the sum of squared differences (SSD) around the
neighbors (x, y) image coordinates, the key interest points in the image are obtained. The
function for computing SSD is given as

f(x, y) =
∑

(u,v)∈Wx,y

{
I

([
u
v

])
− I

([
u+ δu
v + δv

])}2

, (2.7)

where u, v are image coordinates. δu, δv are the shift in x and y direction of the window
W . I(·) is the function that calculates the intensity value of a given image coordinate. The
areas with maximum SSD values can be thought of as areas that have higher gradients.

Unlike finding key interest points in images, the feature descriptors are used to describe
a point of interest uniquely. As an example, SIFT Key-points are generated using the
difference of Gaussian’s approach over scale-space pyramid. SIFT stands for scale-invariant
feature transform where over different image pyramid levels Gaussian smoothing is applied
[89]. SIFT tries to find scale-invariant feature points from the local maxima of scale space.

2.2.2 Feature-based Visual SLAM

Feature-based SLAM uses the corner or blob detectors and tries to find their correspon-
dences of them in subsequent images. Since only certain key points or features of the image
are taken into account, the feature-based methods can be identified as sparse methods. Due
to their sparse nature, feature-based methods are widely used in literature compared to
direct methods. These algorithms use the found key points or features to obtain 3D pose
estimates through geometric error. Given a 3D point of a feature pi and its corresponding
2D point p̄i, feature-based VSLAM aims to minimize the image re-projection error er as

er = p̄i − πm(Cpi + t), (2.8)

where πm is a function for projecting world 3D point coordinates into 2D camera coordi-
nates. C, t are the rotation matrix and translation vector respectively.

One of the most popular approaches in feature-based SLAM is ORB-SLAM [102]. The
front-end process uses the sensor data and constructs the graph by using nodes and edges.
ORB-SLAM also recognizes if the current scene was repeated before to perform loop clo-
sure. The back-end process does graph optimization using this loop information. Figure
2.4 summarizes ORB-SLAM in a holistic viewpoint. Some other examples of feature-based
VSLAM algorithms are MonoSLAM [29] and S-PTAM [110].
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Figure 2.4: Overview of ORB-SLAM [102].

2.2.3 Direct Methods for Visual SLAM

The direct methods eliminate the pre-processing steps mentioned in the feature-based
methods such as feature extraction. Direct methods utilize the displacement of every pixel
intensity from a part or full image to estimate the pose by minimizing photo-metric error
ep as

ep = Ii(p̄)− Ij(πd(p̄, D(p̄),Tij)), (2.9)

where Ij(πd is a function which projects a 2D point from an image with its corresponding
inverse depth value D(p̄), into a new image by the transformation of the camera Tij.

Some examples of these direct methods are DTAM [105] and LSD-SLAM [37]. These
methods have an advantage over feature-based methods in low-textured environments, as
they do not depend on sparse features.

2.3 Visual Inertial Navigation Systems

In recent years, there has been great interest in multi-sensor fusion-based algorithms for
localization problems in the field of mobile robotics. This is especially important in the
case of global navigation satellite system (GNSS) as it is unavailable in indoor scenarios.
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VINS combine IMU and camera measurements in real-time to output 6-DOF position and
orientation information along with a 3D map of the environment. In literature, to tackle
the VINS problem there exist multiple methods ranging from filtering-based methods to
optimization-based methods as well as deep learning-based methods [24, 126]. A common
point that these state-of-the-art methods proposed in recent times is that they follow a
tightly coupled sensor fusion scheme, which provides better accuracy compared to loosely
coupled methods.

One of the well-known methods for sensor fusion of VINS systems is the MSCKF
(multi-state constraint Kalman filter) technique [101]. An advantage of visual sensing is
that it can provide highly rich information, whereas feature extraction methods can provide
information of hundreds of features. If these features are utilized properly, one can obtain
good localization results. However, the problem here is that the high volume of data leads
to high computational demands, in which real-time implementation can be challenging. In
contrast to other methods, MSCKF does not need 3D feature-based points in the filter state
vector, making them computationally efficient and suitable for real-time implementation.
Enhanced MSCKF based algorithms have gained attention in recent times for this matter
[125].

As mentioned in the introduction, another drawback of low-level feature-based methods
is that sometimes they lack robustness when exposed to textureless areas. Due to this
reason optimization-based techniques are utilized as an alternative approach to compensate
for this issue [65]. A drawback of such nonlinear optimization methods is that they require
solving a non-linear least square optimization problem which can be highly computationally
expensive.

2.3.1 Inertial Kinematics

The inertial kinematics of an IMU are briefly discussed below. Figure 2.5 shows the IMU
frame of reference {I} along with the global frame of reference {G}. The parameter notation
descriptions for the below equations are provided in table 2.1. The IMU measurement
models containing the measured rotational velocity ωm and measured linear acceleration
am are given by [23]

ωm = IωG
I + bg + ng, (2.10)

am = C
(
IqG

) (
GaG

I − Gg
)

+ ba + na, (2.11)
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where IωG
I =

[
ωx ωy ωz

]⊤
is the IMU’s angular velocity relative to frame {G} and

expressed in frame {I}, GaG
I is the linear acceleration of the IMU relative to frame {G}

and with respect to frame {G}.

Notation Representation
q orientation in form of quaternion
C orientation in form of rotation matrix
p position
v linear velocity
a linear acceleration
ω angular velocity
ba accelerometer bias
bg gyroscope bias
g gravitational acceleration
na accelerometer measurement noise
ng gyroscope measurement noise
nbg gyroscope bias process noise
nba accelerometer bias process noise

Table 2.1: IMU kinematic model parameters.

Furthermore, from this IMU measurement model we denote the states of the IMU given
in the continuous-time state equations given as

Iq̇G =
1

2
Ω (ωm − bg − ng)

IqG, (2.12)

GṗG
I = GvG

I , (2.13)

Gv̇G
I = C

(
IqG

)⊤
(am − ba − na) + Gg, (2.14)

ḃg = nbg, (2.15)

ḃa = nba, (2.16)

where Ω(ω) =

[
−ω× ω
−ω⊤ 0

]
, ω× =




0 −ωz ωy

ωz 0 −ωx

−ωy ωx 0


.

Using these continuous time state equations, the state evolution model is written in
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simplified form as [80]

ẋ = fc(x,u− n), (2.17)

u =
[
ω⊤

m a⊤
m

]⊤
, (2.18)

where x =
[
Iq̄⊤

G (GpG
I )⊤ (GvG

I )⊤ b⊤
g b⊤

a

]⊤
. Here, IqG is the unit quaternion describing

the rotation from frame {G} to frame {I}. GvG
I ,

GpG
I are the IMU velocity and position

relative to and with respect to frame {G}. The discrete-time version of this equation is
denoted as

xk = fd(xk−1,uk−1:k) + nk. (2.19)

Figure 2.5: IMU frame of reference.

2.3.2 Visual-Inertial Sensor Fusion: Extended Kalman Filter Ap-
proach

Extended Kalman filter (EKF) is one of the popular methods used for state estimation
tasks. It is a two-step recursive algorithm that intakes the incoming measurements and
estimates an unknown state x. The propagation step of the EKF algorithm is written as

uk−1 =
[
ω⊤

m,k−1 a⊤
m,k−1

]⊤
, (2.20)

xk = fd (xk−1,uk−1,wk−1) , (2.21)
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where xk−1 ∼ N (x̂k−1,Pk−1) is the Gaussian prior distribution and xk ∼ N (x̂−
k ,P

−
k ) is the

propagated distribution. Here (̂·) denotes that it is an estimate. The function fd which
takes the previous state xk−1, the inertial measurements uk−1 and measurement noise wk−1

and brings the state forward from k−1 to k. Next, the update state of the EKF algorithm
is shown below where the camera measurements denoted by zm are given as

zm = h(xk) + nk, (2.22)

is used to correct the state. As a result, we end up with a corrected state and co-variance
xk ∼ N (x̂+

k ,P
+
k ). Here the nonlinear measurement function zm is linearized as

zm = h(x̂−
k ) + Hkx̃ + nk, (2.23)

rk = Hkx̃ + nk, (2.24)

nk ∼ N (0,Rk). (2.25)

This is to be used in the EKF algorithm where Hk denotes the jacobian function and
x̃ denotes the error between the true and current estimate of x. Hence this linearized
measurement is used in the standard EKF update as

state: x̂+
k = x̂−

k + Kkr, (2.26)

co-variance: P+
k = (I−KkHk)P−

k , (2.27)

where

Sk = HkP
−
k H

⊤
k + Rk

Kk = P−
k H

⊤
k S

−1
k

rk = zm − h(x̂−
k )

2.3.3 Multi-state Constraint Kalman Filter

Unlike the EKF, the multi-state constrained Kalman filter (MSCKF) [101] is capable of
updating features without inserting their estimates into the state vector. This is a major
advantage as it reduces the complexity of the algorithm and increases computational effi-
ciency. The brief outline of the MSCKF algorithm is shown in Figure (2.6). MSCKF is

16



a two-step process in which in the first step it propagates the state forward in time using
the inertial information and in the second step it is corrected using the visual information.
Given a set of measurements m from the camera measurement functions z1 . . . zm as

z1 =h(xk,
Gpf1) + n1,k, (2.28)

...

zm =h(xk,
Gpfm) + nm,k. (2.29)

They are linearized and stacked together as

z̃1:m = Hxx̃k + Hf
Gp̃f + nk, (2.30)

where Gpfi is the 3D feature position in frame {G}, n is the unknown pixel noise.

Figure 2.6: MSCKF outline.

By computing the null-space projection of the jacobian function Hf and defining as Qn

we state Eq.(2.30) as

Q⊤
n z̃1:m = Q⊤

nHxx̃k + Q⊤
nHf

Gp̃f + Q⊤
nnk. (2.31)

By doing so, the dependency of features in Eq.(2.30) is removed and simplified as

Q⊤
n z̃1:m = Q⊤

nHxx̃k + Q⊤
nnk. (2.32)

The nullsapce projection causes the jacobian function Hf → 0. Thus, this creates a
function that only depends on measurements. After computing this new measurement, the
standard EKF update is performed to correct the state.
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2.3.4 Batch Least Squares Estimation

Instead of looking at the VIO problem from one time-step to the next time-step, we can
approach it in a factor graph perspective, as shown in Fig.(2.7). In this factor graph
perspective, each node describes the state xi at each time step along with the 3D position
of the feature Gpf with respect to the global coordinate frame {G}. The edges describe
how each state relates to each other. zi denotes the visual measurement and ui denotes
the inertial pre-integration. Here, the prior edge P0 denotes the initial covariance matrix
of the factor graph and anchors it. Below are three different cost functions needed to solve
for visual-inertial state estimation. The prior cost Jprior constraints the initial state x0.
The inertial cost noted as JIMU is the cost to evolve the previous IMU state at k− 1 to the
current state k. The cost function Jcamera denotes the cost arising from the camera feature
projection model.

Jprior = (x0 − x′
0)

⊤P−1
0 (x0 − x′

0) (2.33)

where x0 = x′
0 + nk

JIMU = (xk − fd(xk−1,uk−1,nk−1))
⊤Q−1

k (xk − fd(xk−1,uk−1,nk−1)) (2.34)

where fd is the IMU state propagation function

Jcamera = (zm − h(xk))⊤R−1
k (zm − h(xk)) (2.35)

where h is the camera measurement function and n denotes the respective noises in op-
eration. Utilizing these cost functions, we can define the optimization problem to recover
all states at each time step from x0 to the current state xk. To solve this optimization
problem, the cost functions need to be linearized at the current state estimate and can be
solved using a Gauss-newton algorithm [91].

[
x⊤
0 . . . x⊤

k

]⊤
= arg minx0...k

(
Jprior +

k∑

i=0

J i
imu +

k∑

i=0

J i
camera

)
(2.36)

The factor graph optimization libraries GTSAM [31] and g2o [46] are two open-source
libraries that are popular among researchers for building VINS/VIO algorithms. One of
the key challenges in Batch least squares estimation is that the number of states can grow
large, and the computational complexity can go beyond real-time implementation.
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Figure 2.7: Factor graph form of visual-inertial state estimation.

2.3.5 Marginalization

Marginalization of the states is carried out for VINS/VIO algorithms to keep them close to
computational complexity and improve efficiency. Some of the state-of-the-art methods for
marginalization include fixed-lag smoother, sparsification, and incremental optimization.

The fixed-lag smoother [154] bounds the computational complexity by maintaining a
fixed-size optimization window. This is achieved through marginalizing selected states.
The sparsification methods [54] marginalize the state similar to the fixed-lag smoothers
but further sparsifies the prior state that is to be added to the factor graph. In comparison
to the aforementioned strategies, incremental optimization solvers such as iSAM2 [64]
incrementally build up information and have heuristics and methodologies that allow for
cost functions to not be re-evaluated at each time step. Instead, are only updated are only
updated when directly involved with incoming measurements. This allows for large sparse
graphs to be built that are efficient the majority of the time.

2.3.6 Inertial Pre-inetegration

As outlined in the previous topics, visual-inertial algorithms can obtain an accurate estima-
tion of their state through nonlinear optimization. However, as explained before, real-time
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optimization is a challenge when the trajectory increases. Accordingly, as the trajectory
increases the number of variables in the optimization also grows with it. One of the main
reasons for this issue is that the inertial measurements come at a much higher rate com-
pared to the camera measurements. Hence, it increases the variables in the optimization
much faster.

Examining Eq.(2.34) which gives the inertial cost function for estimating the next times
step given the previous time step, if we use it as it is, we would need to reintegrate the
function fd at each time step. Hence, this can be computationally inefficient if the IMU
is operating at a high frequency. The motivation of inertial pre-integration is to separate
the state and inertial re-integration in order to avoid re-integrating fd [39],[35].

2.3.7 Incremental Optimization

Incremental optimization takes advantage of an equivalent square-root information matrix
form of batch least squares explained in Section 2.3.4. The standard batch least squares
problem is given as

arg min
x
∥H(x− x̂)− r∥2. (2.37)

By taking the derivative of the quadratic cost function (2.37) to get the optimal update
direction ∆x we arrive at

H⊤H∆x = H⊤r. (2.38)

where, (2.38) is converted into an equivalent square root form through QR decomposi-
tion of H given as

H = QU (2.39)

U⊤U∆x = U⊤Q⊤r (2.40)

U∆x = Q⊤r (2.41)

Then, (2.41) can be related back to the cost function (2.37) as

arg min
x
∥U(x− x̂)−Q⊤r∥2. (2.42)

The square root information matrix U here allows for very quick back substitution to
solve for the state variables in (2.42). Here denoted H is the measurement jacobian, ∆x
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is the optimal update direction obtained by the derivative of Eq.(2.37) and r denotes the
residual terms. By taking the QR decomposition [128] of H we can construct an equivalent
Eq.(2.41) to Eq.(2.38). Here, the matrix Q is an orthogonal matrix with Q⊤Q = I and
U is an upper triangular matrix. This can then be related to the cost function as given
in Eq.(2.42) by reformulating the original batch least square in square-root form. When
a new measurement arrives at time step, k it is computationally more efficient to update
the previous time step factorization Uk−1 by directly QR-updating rather than updating
and refactoring the whole matrix H again.

There exist several methods and variants of VINS algorithms which are built on incre-
mental optimization. More briefly, Kejian et al. [147] proposed a square-root inverse sliding
window filter that maintains the upper triangular Cholesky factor of the Hessian matrix
of a sliding window of recent states. Micheal et al. [30] proposed incremental smoothing
and mapping (iSAM) which utilizes the fast and incremental matrix factorization.

2.3.8 Observability Properties of Visual Inertial Navigation Sys-
tems

Understating the observability properties of VINS algorithms is another crucial aspect in
estimator design for practical applications. These properties determine if it can recover the
initial states given all collected measurements. It also provides insight into the minimum
state parameters that are required to initialize the estimator. Furthermore, it is used to
identify degenerate motions which lead to additional unobservable directions.

In order to perform observability analysis [153], typically the observability matrix is
obtained. This matrix is denoted as

M =




M1

M2
...

Mk


 =




H1

H2Φ(2,1)
...

HkΦk,1


 , (2.43)

where Hk is the measurement jacobian at time step k , Φ(k,1) is the state transition matrix
from time-stamp t1 to tk.

This matrix M is a stacked matrix of measurement update jacobians and state tran-
sition matrices at each time step. Here, if we can find a matrix N such that MN = 0
it indicates that we cannot uniquely identify the initial state purely based on the given
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measurements. More formally N is the nullspace of M where it describes the unobservable
directions.

As per the proofs given in [93, 52], for VINS algorithms that undergo generic 3D motion,
there are 4DOF of unobservable directions. This consists of the 3DOF global translation
and 1DOF rotation (yaw) around the gravity vector. Further explanation on this is given
under section 2.3.10. Hence, these 4DOFs are not typically used for state initialization of
VINS algorithms.

2.3.9 State Initialization

State initialization is the task of recovering the observable initial states of the system.
For reliable state estimation of VINS algorithms, an accurate prior estimate (initial guess)
is required. This is of importance for methods that use linearized measurement models,
where the absence of an accurate initial estimate can lead to large linearization errors. As
a result, this can cause divergence [33]. In particular, there exist several challenges that the
state initialization procedure has to face in VINS algorithms. It has to be fast and robust,
which needs to be done in a short period. The short window of time makes it difficult to
recover the states.

The initialization process estimates the parameters scale, gravity direction, initial ve-
locity, and accelerometer and gyroscope biases. These can be stacked and denoted as

x̂0 =
[
(Iq̂G,0)

⊤ (Gp̂G
I,0)

⊤ (Gv̂G
I,0)

⊤ b̂⊤
g,0 b̂⊤

a,0

]⊤
. (2.44)

The unobservable 4DOF state parameters Gp̂G
I,0 and global yaw of I q̂G,0 can be set ar-

bitrarily. The rest of the state parameters are recovered by state initialization. Although
there exist many variants of methods for state initialization, some solutions to address
this issue are briefly formulated below. The closed-form solutions [155, 94] are proposed
by researchers with a tightly coupled approach. loosely coupled visual-inertial initializa-
tion is based on the assumption that up-to-scale camera trajectory can be estimated very
accurately from pure monocular vision, where the inertial parameters can be estimated
using this trajectory. This is the base idea on which the state-of-the-art ORB-SLAM [102]
and VINS-mono [111] are built on. In contrast to this, in [17] proposed an efficient MAP
estimator to obtain the inertial parameters and use these parameters to initialize visual
parameters.
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2.3.10 Long-term Navigation Key Problems

Despite the notable advancements in VINS algorithms, there remain certain challenges
that need to be addressed for long-term navigation using VINS. In particular, considering
monocular VINS algorithms, there exist some inherent issues. First and foremost, let us
consider monocular vision only. Firstly, with only monocular vision, it is not possible to
recover metric scale. When a 3D scene is observed by a camera and re-projected into 2-D,
the depth information is lost. Secondly, although scale estimation techniques have been
developed the scale drift error is accumulated throughout, diminishing the localization ac-
curacy [129]. Due to this reason, as the primary advantage IMU is utilized as an additional
sensor to observe the metric scale as well as roll and pitch angles [111]. Furthermore, the
integration of IMU increases the accuracy of the VINS system compensating for short-term
visual feature loss, texture-less regions, motion blur, illumination changes, etc.

Elaborating further, when VINS is applied to ground vehicles whose motion is approxi-
mately planer and most of its motions are straight lines or uniform circular motions, there
exist additional unobservable directions. As illustrated in [149] two such cases can be
found:

1. Constant acceleration:
when a wheeled robot is moving on a straight line or circular arc with constant accelera-
tion, the scale estimated by VINS becomes inaccurate. The argument here is that when
the local acceleration is constant, one is unable to distinguish the true body acceleration
magnitude from that of the accelerometer bias. This arbitrary nature of the true body
acceleration results in scale ambiguity.

2. No rotation:
Similarly, when there is no rotation movement (typically a wheeled robot moving on a
straight line) one is not able to differentiate between the local gravitational acceleration
direction and the accelerometer bias resulting in roll and pitch ambiguity. Hence, in
such cases, VINS estimates become inaccurate.

However, the visual, inertial and wheel encoder measurements are assumed under
ideal conditions (i.e, no slippage, static environment etc.) and hence does not take into
consideration the degradation of the odometry accuracy when fusing measurements
prone to errors and outliers. Considering the above limitations, the subsequent chap-
ters iterate the methodologies developed to correct faulty/error-prone measurements.
Mainly, two major methodologies are developed: (a) IMU measurements are used to
assist in eliminated dynamic visual feature points using a confidence based estima-
tor; (b) Furthermore, to enhance the accuracy of the vehicle dynamics measurements
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pre-integration (WO measurements), we propose to estimate the wheel slippage to com-
pensate for the errors accumulating from WO using deep learning based approaches.

2.4 Visual Inertial Wheel Odometry

Due to the improvements in monocular VIO algorithms and low cost, they are being utilized
in certain mobile robotic applications. Also, using a monocular camera has an advantage
when building space-constrained miniature robots. However, there exist some inherent
issues with monocular vision-based algorithms.

Camera
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IMU pre-
integration

Vehicle
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Vehicle
dynamics
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Initialization
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Figure 2.8: A typical VIWO system.

The motivation to use vehicle dynamic pre-integration is to provide alternative solu-
tions for monocular VINS algorithm state estimation/initialization when the robot agent is
undergoing degenerate motions. Degeneracy [152] describes situations/trajectories which
cause additional unobservable directions for VINS estimation. In general, degenerate mo-
tions should be avoided as they diminish the system’s robustness. Furthermore, especially
for monocular VINS algorithms, uniform linear or circular motions become scale and ori-
entation (pitch and roll) unobservable [148]. Hence, directly applying VINS algorithms
can provide inaccurate state estimates. The current state-of-the-art monocular VSLAM
methods such as DSO [36], ORB-SLAM [102] can create a sparse track-able map but suffer
from accurate estimation of pitch, roll, and absolute scale. Considering these fallbacks,
we utilize the vehicle dynamic measurements to aid in robust initialization. Through the
pre-integration of the vehicle dynamic measurements, we obtain sufficient translation in-
formation as well as information about wheel slippages.
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The fusing of VIO with WO is a challenging task. This is because under certain
conditions due to wheel slippages, the WO measurements can be faulty. Secondly, the
combined system would need a good initialization, which is a crucial aspect for accurate
localization. Furthermore, by pre-integration of VIO the nonlinear optimization becomes
heavy due to the additional information. Hence, the motivation of this study is to propose
an integrative approach to tackle these problems sequentially. Although IMU and WO can
aid VO for better performance in VIO problem, they still need to be optimized and refined
together to achieve superior performance which can be comparable with state of the art
methods. Furthermore, to improve the pre-integration accuracy of WO we introduce wheel
slip compensation for mobile wheeled robots.
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Chapter 3

Comparative Numerical Analysis of
State of the Art VINS Algorithms

This chapter aims to investigate some existing state-of-the-art VINS algorithms. The
performance of each of the algorithms is recorded to create a baseline for bench-marking
the algorithms proposed in the subsequent chapters. These state-of-the-art algorithms are
run on certain challenging datasets to demonstrate the potential areas of improvement. It
was also observed that there exists a scarcity of datasets for SLAM system evaluation for
wheeled mobile robots.

All the algorithms are run using ROS on Linux platform. The comparison is carried out
by calculating the standard error metrics to calculate the accuracy of the algorithms. Here,
we investigate the state-of-the-art ORBSLAM3 [16], and VINS-Fusion (which is based on
VINS-mono [111]). Furthermore, ORBSLAM2 [103] is added to the comparison to compare
the accuracy with respect to VSLAM algorithms.

3.1 Simulation Setup

Calibration is one of the crucial components of VINS/VIO algorithms. These algorithms
have many calibration parameters such as camera-inertial, spatial-temporal parameters,
camera intrinsic parameters (focal length, center, dist), and inertial intrinsic (scale, skew)
parameters. The time instants at which the inertial and camera sensors provide information
are crucially important for the accuracy and robustness of the algorithms. In practical
scenarios, temporal misalignment between these sensors occur due to transmission delays
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[114]. The calibration process can be performed offline prior to state estimation, or online
during state estimation, or both. However, offline calibration is highly accurate compared
to online calibration. However, online calibration provides more flexibility in practical
deployments. Additionally, it can handle time-varying calibration parameters.

3.1.1 Metrics and Evaluation

There exist several metrics to compare different VO/VIO algorithms [159]. The absolute
trajectory error (ATE) given as

eATE =
1

N

N∑

i=0

√√√√ 1

K

K∑

k=1

∥xk,i − x̂+
k,i∥22, (3.1)

is defined as the average RMSE (root mean squared error) of the 3D position of the robot
at each time step after performing trajectory alignment. Here eATE is obtained by taking
the average of N number of runs. The relative pose error (RPE) is defined as

eRPE,di =
1

Di

Di∑

k=1

∥x̃r − ˆ̃xr∥22, (3.2)

where; x̂r = xk − xk+di and di is a specific trajectory length. The normalized estimation
error squared (NEES) is given as,

eNEES,k =
1

N

N∑

i=1

(xk,i − x̂k,i)
⊤P−1

k,i (xk,i − x̂k,i) . (3.3)

Before calculating these error metrics one should carefully perform trajectory alignment
as the ground truth and estimated trajectories are usually expressed in different reference
frames. A standard method to achieve this is Umeyama’s method [141].

3.2 Simulation Studies

In this section, the current state-of-the-art VINS algorithms are tested through simulation
studies on real-world data. Table 3.1 shows simulation results carried out on EuRoc dataset
[13].

27



sequence ORB SLAM3 ORB-SLAM2 ORB-SLAM VINS-Fusion VINS-mono
Stereo-VIO Mono-VIO Stereo-VO Mono-VO Stereo-VIO Mono-VIO

MH 01 0.029 0.062 0.035 0.071 0.540 0.084
MH 02 0.033 0.037 0.018 0.067 0.460 0.105
MH 03 0.035 0.046 0.028 0.071 0.330 0.074
MH 04 0.051 0.075 0.119 0.082 0.780 0.122
MH 05 0.082 0.057 0.060 0.060 0.500 0.147

VR 1 01 0.038 0.049 0.035 0.015 0.550 0.047
VR 1 02 0.014 0.015 0.020 0.020 0.230 0.066
VR 1 03 0.024 0.037 0.048 - - 0.180
VR 2 01 0.032 0.042 0.037 0.021 0.230 0.056
VR 2 02 0.014 0.021 0.035 0.018 0.200 0.090
VR 2 03 0.024 0.027 - - - 0.244

Table 3.1: Simulation study EuRoc dataset.

where; MH stands for Machine hall and VR stands for Vicon room.

Overall ORB-SLAM3 provided the best results in terms of accuracy(ATE) among the
state of the art algorithms compared. Hence, it is proposed to take ORB-SLAM3 as a
benchmark to evaluate proposed algorithms in the subsequent chapters. The following
figures depict the trajectory, drift and error characteristics for ORB-SLAM3.

The TUM dataset [131] includes data scenes with dynamic objects. ORB-SLAM3 is
again evaluated using TUM dynamic data sequences with dynamic objects to understand
the effect of dynamic objects as well as to how well the state of the art algorithm is capable
of handling these dynamic objects. The results illustrated in Table 3.2 show that there
is a significant decrease in accuracy compared to the EuRoc dataset, where the scene is
static. The average error of EuRoc dataset with ORB-SLAM 3 was 0.034 whereas in the
average error increased to 0.44492 for the TUM dynamic dataset. Also, an important
thing to note here is that these results are obtained along with loop closure corrections. In
real world scenarios, mobile robots undergo many different paths where loop closure is not
always possible. Hence, the effect of dynamic objects are diluted. Nevertheless, this shows
that more research is required to design VISLAM/VSLAM algorithms which are capable
of handling realistic scenarios for the advancement of wheeled mobile robots.
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Figure 3.1: ORB-SLAM-3 on Euroc mh-01 trajectory top view.

3.3 Drawbacks of the Current State of the Art Meth-

ods

Although ORB-SLAM3 is capable of providing very accurate performance with loop clo-
sure, there still exist some challenges which need to be addressed for robust performance.
As outlined in [16] in cases where the motions are very slow or without roll and pitch it
is extremely challenging for ORB-SLAM3 to initialize the IMU. The initialization errors
can have a big impact on the accuracy of VINS algorithms. As an example, this can be
a wheeled mobile robot navigating on a flat surface. Hence, Chapter 4 proposes to utilize
the additional sensory data coming from wheel encoders as an aid to mitigate these issues.

Furthermore, many feature-based VISLAM algorithms like ORB-SLAM 3 use RANSAC
to remove outliers in the visual motion estimation step. This is the step where the algorithm
is able to filter out wrong data associations arising from dynamic objects. For RANSAC
to be accurate, it requires the majority of correspondence points to be static with respect
to the camera motion. Hence, when the dynamic objects cover a majority of the field
of view of the camera and the majority of visual features lie in these dynamic objects,
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Figure 3.2: ORB-SLAM-3 on Euroc mh-01 trajectory side view.

sequence ORB-SLAM-3
fr3-walking-xyz 0.6687
fr3-walking-rpy 0.8461

fr3-walking-static 0.1072
fr3-walking-halfsphere 0.5939

fr3-sitting-static 0.0087

Table 3.2: Simulation results for ORB-SLAM-3 using TUM dynamic dataset.

the feature-based SLAM approach can fail [11]. Due to this reason, alternative methods
for removing outliers from dynamic objects need to be surveyed. In addition, when these
type of VSLAM/VISLAM algorithms are deployed to wheeled mobile robots the front end
localization modules does not use available valuable sensory information such as wheel
encoder measurements to optimize the odometry and localization accuracy.
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Figure 3.3: ORB-SLAM-3 on Euroc mh-01 trajectory position and scale drift.
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Figure 3.4: ORB-SLAM-3 on Euroc dataset machine hall 01 sequence translation error
and percentage.
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Figure: Rotation errorFigure 3.5: ORB-SLAM-3 on Euroc dataset machine hall 01 sequence rotation error.
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Chapter 4

Dynamic Feature Point Elimination

Feature-based VSLAM front end modules mostly use random sample consensus RANSAC
as a standard outlier removal method when estimating ego-motion. However, RANSAC
does not work well when the majority of the feature points are dynamic or when the ma-
jority of the field of view of the camera is covered by a dynamic object [78]. If the environ-
ment is dynamic object dominant, the features that remained after dynamic object/feature
elimination might not be sufficient for the feature matching process of RANSAC. As an
alternative to RANSAC, some of the current VSLAM applications use neural networks or
image processing/segmentation techniques, to identify possible dynamic objects, and re-
move the feature points associated with them. However, neural network-based approaches
suffer from training data-set limitations, which affect the accuracy of dynamic feature (out-
lier) detection and elimination. Hence, an alternative approach is required to remove the
dynamic object feature points as outliers.

The majority of VSLAM algorithms in the literature use camera position estimation by
decomposing the fundamental matrix that relates two subsequent images obtained by the
camera attached to the robot [59]. The trifocal tensor plays a similar role to the funda-
mental matrix, relating to three subsequent images obtained by the robot. It encapsulates
all the geometric relations between the three adjacent views that are independent of scene
structure [48]. Compared to the fundamental matrix, the trifocal tensor also relates lines
in three adjacent views seen by the robot camera. The results can be typically improved
by using lines and points for feature extraction [157, 72, 156]. Although the existing ap-
plications of trifocal tensor techniques to VINS are limited [55, 137, 75], when considering
three views there are additional stronger constraints for estimating the trifocal tensor than
the fundamental matrix making the trifocal tensor technique advantageous [137].
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Although it is the main outlier removal mechanism used in both fundamental matrix
and trifocal tensor estimation, RANSAC is not able to remove the noise entirely when
dynamic feature points overwhelm static feature points [69]. Hence, the RANSAC-based
outlier rejection schemes need further filtering mechanisms. Aligned with this need, in
this paper, we propose a confidence estimation-based method to eliminate dynamic feature
points by utilizing the IMU data and distinguishing static and dynamic feature points. In
the proposed method, when the confidence in IMU data is lower than a defined threshold
value, the outlier rejection scheme is switched back to pure RANSAC-based outlier removal.

The main contributions of this chapter are (i) the design of an IMU-data-based confi-
dence level estimator to eliminate dynamic feature points and (ii) a multi-state constraint
Kalman filter (MSCKF) framework design to estimate robot position and orientation using
a visual, inertial and wheel encoder measurement data. The chapter is organized as follows.
The problem definition and system description are provided in Section 4.1. The proposed
method is explained in Section 4.2. The robot odometry estimation utilizing MSCKF is
included in Section 4.3. In Section 4.4, the outlier removal utilizing IMU data based con-
fidence estimation integrated with RANSAC for estimating trifocal tensor is explained.
In Section 4.5, experimental results are provided and discussed based on real world data.
Finally, the concluding remarks are provided in Section 4.6.

4.1 The System and Problem Definition

In system formulation, the superscript G(·) denotes the global frame, I(·) the body-fixed

IMU frame, C(·) the camera frame, and O(·) the wheel-odometry (WO) measurement frame
with the origin at the center of the axle connecting the two wheels of the robot. For posi-
tion, velocity, and acceleration, the upper postscript denotes the frame that the quantity is
relative to. For example, G(·)O denotes wheel-odometry’s frame with respect to the global

frame. G(·)IO denotes a quantity (such as position, velocity, etc.) of the wheel odometry
frame relative to the IMU frame, but expressed in the global frame. An orientation of a
frame can be expressed by either a unit quaternion q or a rotation matrix C. ok denotes
the pose of the kth WO frame when taking the kth image. The symbol ⊗ denotes the mul-
tiplication operation between two quaternions. CpC

I ,
CqC

I are the IMU extrinsic parameters
relative to the camera, OpO

C,
OqO

C are the extrinsic parameters between the camera and WO
frames, and IpI

O,
IqI

O are the extrinsic parameters between WO and IMU frames.
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4.1.1 Robot State Vector

At each sampled time t = tk = kTs (where Ts is the sampling time) the state vector

xk =
[
x⊤
I,k x⊤

C,k

]⊤
of the robot consists of the current inertial state

xI,k =
[
Ikq⊤

G (GpG
Ik

)⊤ (GvG
Ik

)⊤ b⊤
g b⊤

a

]⊤
, (4.1)

and the lumped vector of the previous n world to inertial frame transformations,

xCk
=
[
Ik−1q⊤

G (
G
pG
Ik−1

)⊤ · · · Ik−nq⊤
G (

G
pG
Ik−n

)⊤
]⊤
, (4.2)

where Ij q̄G denotes the quaternion corresponding to the rotation IjCG and
G
pG
Ij

denotes

the translation vector from global frame {G} to inertial body-fixed frame {I} at step j,
for j = k − n, . . . , k. GpG

Ik
, GvG

Ik
are the position and velocity of the frame {I} relative to

and with respect to the frame {G}, and bg,ba are the gyroscope and accelerometer biases
respectively,

The inertial state xIk is propagated forward using IMU kinematics. At time tk, the
measurement model from the gyroscope ωm and the measurement model from the ac-
celerometer am are obtained as [20]

ωm,k =
IkωG

Ik
+ bg,k + ng,k, (4.3)

am,k = IkaG
Ik

+ IkCG(IkqG) Gg + ba,k + na,k, (4.4)

where ng,na are the considered zero-mean Gaussian noises.

4.1.2 Camera Measurements and Visual Odometry

The bearing vector of feature i measured by camera at time step k, with camera projection

π([x, y, z]⊤) =
[x
z
,
y

z

]⊤
, is

zim,k = π(CkpCk
fi

) + ni,k, (4.5)

CkpCk
fi

= CCI
IkCG(IkqG) · (GpG

fi
− GpG

Ik
) + CpC

I , (4.6)
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where GpG
fi

is the ith 3D feature position, ni,k is the measurement noise of the ith feature,
CCI,

CpC
I are the camera to IMU extrinsic information. Filtered measurement estimates

ẑim,k and the state estimate x̂k are obtained by Kalman filtering based on the residuals
z̃im,k, x̃k, and the process model,

z̃im,k = Hxi
x̃k + Hfi

Gp̃G
fi

+ ni,k (4.7)

where

z̃im,k = zim,k − ẑim,k

x̃k = xk − x̂k

Hxi
is the robot state Jacobian, and Hfi is the feature position Jacobian.

Stacking the residuals z̃im,k for all feature points i and applying nullspace marginal-
ization based on (4.7), a camera measurement residual process model independent of the
feature positions is obtained as,

z̃im,k = Hxx̃k + ni,k, (4.8)

which is directly used in the MSCKF design to estimate the robot states as in [76]. Since
the feature positions are not stored in the state vector, this results in high computational
efficiency.

4.1.3 Wheel Encoder Measurements

Wheel encoder pre-integration is used to provide alternative robust solutions for monocular
VINS-based state estimation/initialization when the robot agent is undergoing degenerate
motions, i.e. situations/trajectories which cause additional unobservable directions for
VINS-based state estimation [152]. Especially for monocular VINS algorithms when the
robot is undergoing uniform linear or circular motions, the scale and orientation (pitch
and roll) become unobservable [148]. For wheeled autonomous mobile robots, the wheel
angle and angular rate measurements can be used to measure the longitudinal speed v and
angular velocity ω of the robot’s center of gravity in the body frame and assist VINS-based
state estimation when the robot undergoes degenerate motions.

Since the WO measurements arrive at a very high rate compared to the camera mea-
surements, it would be computationally too expensive to perform the MSCKF update at
that rate. Hence, they are pre-integrated over the time of the most recent two imaging
time intervals tk and tk+1 as
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ok+1 =
[
θk+1 xk+1 yk+1

]⊤
=

∫ tk+1

τ=tk

[
ωz v cos(θk) v sin(θk)

]⊤
dτ, (4.9)

where θ is the yaw angular difference between the global frame and WO measurements
frame, and v is the longitudinal velocity of the robot in WO frame.

4.1.4 IMU Measurements

To estimate the fundamental matrix accurately using IMU data, the IMU biases ba and
bg need to be estimated properly at the initialization stage, utilizing visual, inertial and
WO information. The IMU provides pre-integrated translation, velocity, and rotation in
quaternion between the consecutive IMU-attached frames Ik to Ik+1 denoted as IkδpIk

Ik+1
,

IkδvIk
Ik+1

, and IkδqIk+1
respectively. We refer the reader to [112] for more information re-

garding IkδpIk
Ik+1

, IkδvIk
Ik+1

, and IkδqIk+1
. The vehicle dynamics position and rotation in the

world frame is denoted respectively as

P w
vk+1

= P w
vk

+

∫

t∈[tk,tk+1]

[Rw
t + (v̂t − nv)]dt, (4.10)

qw
vk+1

= qw
vk

⊗∫

t∈[tk,tk+1]

1

2
Ω(ω̂t − nω)qvk

t dt, (4.11)

where; Ω(ω) =

[
0 −ωT

ω ωˆ

]
=




0 −ωx −ωy −ωz

ωx 0 ωz −ωy

ωy −ωz 0 ωx

ωz ωy ωx 0


 ,n denotes the measurement noise

modelled as zero mean white Gaussian noise.

This is then converted to the respective continuous time pre-integration terms for the time
period [tk, tk+1] as

αvk
vk+1

=

∫

t∈[tk,tk+1]

[Rw
t + (v̂t − nv)]dt, (4.12)

γvk
vk+1

=

∫

t∈[tk,tk+1]

1

2
Ω(ω̂t − nω)γvk

t dt, (4.13)

where αvk
vk+1

,γvk
vk+1

are the position and rotation preintegration terms.
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4.1.5 Scale Estimation

Scale estimation is an important step, especially in monocular VIO systems. The following
steps summarize the methodology for scale estimation.

By aligning the dynamic measurements, it is possible to estimate the metric scale.
Using the vision only SFM as explained in Section 2.3.10, it is only possible to estimate
an arbitrary scale of the camera trajectory. Due to this reason, we introduce scale factor s
when transforming the coordinate system between the camera and vehicle dynamic system
as

s C0pC0
Ok

= s C0pC0
Ck
− C0COk

OpO
C. (4.14)

Combining Eq.’s (4.10),(4.11),(4.12),(4.13),(4.14) we get

OCI
IkCC0(

C0pC0
Ck+1
− C0pC0

Ck
)s = Okδp̂Ok+1

+ OCI
IkCC0

C0CIk+1

ICO
OpO

C − OpO
C (4.15)

Rv
bR

bk
c0

(P̄
c0
ck+1
− P̄

c0
ck+1

)s = α̂vk
vk+1

+ Rv
bR

bk
c0
Rc0

bk+1
Rb

vp
v
c − pv

c .

writing the above equation in a simplified form we can arrive at

OkLOk+1
s = Ok ẑOk+1

. (4.16)

Now the scale is estimated by solving the linear least squares problem given by

min
s

∑

k∈W
∥ Ok ẑOk+1

− OkLOk+1
s∥2, (4.17)

where W denotes the sliding window.

4.1.6 Gyroscope Bias Estimation

Once the pre-integrated IMU measurements are obtained, they are used with the WO
pre-integrated measurements to estimate the gyroscope bias bg. We minimize the pre-
integration [21] between the WO rotational difference Ok+1δqOk

and gyroscope rotational
difference IkδqIk+1

, by finding the least squares solution to minimization of
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min
δbg

∑

k∈W

∥∥IqO ⊗ (Ok+1δqOk
)⊗ Iq−1

O ⊗ IkδqIk+1

∥∥2 , (4.18)

where

IkδqIk+1
= Ikδq̂Ik+1

⊗
[

1
1
2
Jq
bg
δbg

]

Jq
bg

=
∂ IkδqIk+1

∂bg

,

and Ok+1δqOk
is the rotation pre-integration term in WO frame {O} obtained using the

wheel encoders, and k ∈ W indicates all frames k in the sliding window W .

4.1.7 Accelerometer Bias Estimation

Once the scale and gyroscope bias bg are estimated, all the three data streams incoming
from the camera, IMU, and robot WO measurements are used to estimate the velocity v,
gravity vector g, and accelerometer bias ba. We also note that when the robot does not
undergo rotation motion it is difficult to estimate the accelerometer bias in the initialization
procedure [113]. Also, from a practical aspect, it does not make sense for a robot to make
aggressive rotation movements at the initialization phase. We also need to estimate the
gravity vector to align the obtained odometry with the world coordinate system. However,
this observability issue can be mitigated by introducing the WO pre-integration. Therefore,
the variables to be estimated are denoted as

χk = [(IkvC0
Ik

)⊤, (Ik+1vC0
Ik+1

)⊤, C0g⊤, δb⊤
a,k]⊤, (4.19)

where IjvC0
Ij

denotes the linear velocity in IMU frame at step j relative to the first camera

frame, C0g is gravity in reference camera frame, δba,k ≈ ba,k − ba,k−1 is the accelerometer
bias increment. Between two consecutive frames Ik and Ik+1, we have [112, 65]

IkδpIk
Ik+1

= IkCC0

[
(C0pC0

Ik+1
− C0pC0

Ik
) + 1

2
C0gT 2

s − C0CIk
IkvC0

Ik
Ts
]
≈ Ikδp̂Ik

Ik+1
+ Jp

ba
δba,k

IkδvIk
Ik+1

= IkCC0

[
C0CIk+1

Ik+1vC0
Ik+1

+ C0gTs − C0CIk
IkvC0

Ik

]
≈ Ikδv̂Ik

Ik+1
+ Jv

ba
δba,k,

(4.20)
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and the translation of body frame and WO frame is given as

C0pC0
Ik+1
− C0pC0

Ik
= ICO

IkCC0

Ikδp̂Ik+1
+ (C0CIk+1

ICO − C0CIk
ICO) OpI. (4.21)

pc0
bk+1
− pc0

bk+1
= Rb

vR
bk
c0
α̂bk
bk+1

+ (Rc0
bk+1

Rb
v −Rc0

bk
Rb

v)p
v
b . (4.22)

By combining Eqs. (4.20),(4.21), and (4.22) a linear measurement model is obtained as

ẑI,k =

[
ẑI1,k
ẑI2,k

]
= IkGIk+1

χk + IknIk+1
. (4.23)

where
ẑI1,k = Ikδp̂Ik

Ik+1
− IkCC0(

C0pC0
Ik+1
− C0pC0

Ik
),

ẑI2,k = Ikδv̂Ik
Ik+1

,

IkGIk+1
=

[
−ITs 0 1

2
IkCC0T

2
s −Jp

ba

−I IkCC0

C0CIk+1

IkCC0Ts −Jv
ba

]
,

and IknIk+1
are the stacked measurement noises. This is solved again as a linear least

squares problem of minimizing

min
χ

∑

k∈W
∥ẑI,k − IkGIk+1

χk∥2. (4.24)

where
χ = [(I0vC0

I0
)⊤, · · · , (InvC0

In
)⊤, C0g⊤, δb⊤

a,0, · · · , δb⊤
a,n]⊤,

Once the variables are estimated, the rotation GqC0 between the global frame and camera
frame C0 is obtained by rotating the gravity to the z-axis. Then all the variables are
rotated from the reference frame C0(·) to the global frame G(·).

4.2 Overall Methodology

In our proposed approach, we eliminate the dynamic feature points when estimating the
mobile robot odometry, in order to improve the mobile robot odometry accuracy by reduc-
ing the impact of moving objects. We estimate the fundamental matrix F ′ using the IMU
motion model to classify the matched feature points as static or dynamic. Thereafter, the
dynamic feature points are eliminated, and the refined feature points are used for visual
odometry (VO). Finally, VO is fused with inertial and wheel encoder data to produce ac-
curate odometry results. The VO front-end utilizes oriented fast and rotated brief (ORB)
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Figure 4.1: Proposed robot pose estimation method with dynamic feature point removal

[102] features extracted from subsequent images to estimate the robot motion from visual
information. The proposed robot pose estimation scheme is shown in Fig. 4.1.

The linear velocity v of the current IMU frame with respect to the global frame of the
robot is obtained by integrating the measured acceleration am by the IMU given as

GvIk+1
= GvI(tk) (4.25)

where
GvI(t) = GvIk +

∫ t

τ=tk

(
GCI(τ)(am − ba)− Gg

)
dτ

where GCI(t) is the orientation of the robot represented by the rotation matrix in the
global frame at time t ∈ [tk, tk+1]. Further integrating (4.25), the translation of the system
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between two inertial frames Ik and Ik+1 with respect to the global frame is obtained as

GpIk+1
= GpIk +

∫ tk+1

tk

(
GvI(τ)

)
dτ (4.26)

Similarly, the IMU also measures the angular velocity ω of the robot. The rotation q of
the robot between two frames is obtained by integrating the angular velocity given as

GqIk+1
= GqIk ⊗

∫ tk+1

τ=tk

(
1

2
Ω(ωm − bg)

IqG

)
dτ. (4.27)

The obtained translation and rotation motions are represented in the camera coordinate
system, utilizing the camera-IMU extrinsic parameters, since the camera and IMU have a
rigid connection. Hence, the fundamental matrix F′ is estimated with IMU data utilizing
the camera-IMU extrinsics. This estimated fundamental matrix F′ is then used to eliminate
dynamic feature points, as detailed in Section 4.4.

4.3 MSCKF Based Robot Odometry Estimation

Propagation of the inertial state xI is represented by the generic IMU nonlinear kinematics
process model [22]

xIk+1
= f(xIk , am,ωm,nI), (4.28)

where nI denotes zero-mean white Gaussian IMU measurement noise. The state estimate
is generated as

x̂Ik+1
= f(x̂Ik , am,ωm,0). (4.29)

The corresponding state covariance matrix is propagated via

Pk+1 = ΦkPkΦ
⊤
k + Qk, (4.30)

where Φk,Qk are the system Jacobian and noise covariance matrices [44]. Once the camera
and WO measurement functions are obtained using the measurement models given in
(4.8),(4.9), the robot pose x is estimated using an extended Kalman filter (EKF), as follows.
The bearing measurement model (4.5) is rewritten in the form

zm,k = h(xk) + nm,k (4.31)
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where the measurement noise is assumed to be nm,k ∼ N (0,Rm,k). (4.31) is linearized as,

z̃m,k = Hkx̃k + nm,k (4.32)

where Hk is the measurement Jacobian. Using this linearized measurement model, the
EKF update equations are set as,

x̂k+1 = x̂k + Kkz̃m,k, (4.33)

Pk+1 = Pk −KkHkPk, (4.34)

Kk = PkH
⊤
k

(
HkPkH

⊤
k + Rm,k+1

)−1
, (4.35)

where Kk is the Kalman gain.
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Figure 4.2: MSCKF framework for robot pose estimation

4.4 IMU Based Confidence Estimation and Outlier

Removal

The dynamic point elimination method utilizing IMU data is summarized in Algorithm
2. The fundamental matrix F is estimated using image data. The distance between the
corresponding feature points and the epipolar line is calculated for both F and F′ as d1k,i
and d2k,i. Comparing the two distances d1k,i and d2k,i to a threshold value ρ, we determine
whether each matched feature point is static or dynamic via
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ϕk,i =

{
1, |d1k,i − d2k,i| ≥ ρ

0, |d1k,i − d2k,i| < ρ
. (4.36)

The value ϕk,i is set to 0 if the ith feature point of the kth frame is consistent with the
fundamental matrix. Similarly, it is set to 1 if otherwise. Once the dynamic points are
eliminated, we get reliable VO and is fused with inertial and WO data in an MSCKF
framework as shown in Fig. 4.2.

Algorithm 2: Algorithm for dynamic point elimination

Input : matched feature points of adjacent frames
Πk = {pk,1, · · · ,pk,n},Πk+1 = {pk+1,1, . . . ,pk+1,n}

Output: refined feature points with dynamic feature points removed
while t ≤ timage do

for each point pk,i ∈ Πk and pk+1,i ∈ Πk+1 do
[x, y, z]⊤ = Fpk,i ;

d1k,i =
|p⊤

k+1,iFpk,i|√
||x||2 + ||y||2

;

[x′, y′, z′]⊤ = F′pk+1,i

d2k,i =
|p⊤

k,iF
′pk+1,i|√

||x′||2 + ||y′||2
;

if ψk = 1 and |d1k,i − d2k,i| ≥ ρ then remove dynamic points pk,i,pk+1,i from

Πk,Πk+1;
else if ψk = 0 then

Remove outliers according to RANSAC with threshold ζ as given in
Eq.(4.40)

end

end

end

Before using the IMU data to eliminate dynamic points we need to validate them. To
check this, we use another threshold µ where the valid feature match count is given as

ψk =

{
0,

∑m
i=1 ϕk,i < µ

1,
∑m

i=1 ϕk,i ≥ µ
. (4.37)

If the IMU data is valid (i.e ψk = 0) and IMU data is trustworthy and can be used in
dynamic point elimination. Otherwise, the system switches to RANSAC-based outlier
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removal scheme based on trifocal geometry, as indicated in Fig. 4.1. The trifocal tensor
relates the projective geometric relationship among three subsequent views of the camera,
as indicated in Fig. 4.3. This method is used as an alternative to our proposed approach
in the case that the confidence in IMU-based dynamic point elimination is low.

Figure 4.3 illustrates image coordinates m1,m2,m3 of the three views obtained by the
viewpoints C1, C2, C3. For m1 and m2 the fundamental matrix F satisfies the epipolar
geometry condition m̄⊤

2 Fm̄1 = 0, where m̄i = K−1mi denotes the normalized image
coordinates given the camera intrinsic matrix K. For the three-view case, the geometry
constraints are given such that the line l2 is perpendicular to the epipolar line in the second
view. Given the camera projection matrices P1 = [I|0],P2 = [A|a4],P3 = [B|b4], where
I,A,B are the rotation matrices and 0, a4,b4 are the translation vectors, the 3-by-3-by-3
trifocal tensor matrix T = [T1T2T3] is given by

Ti = b4a
⊤
i − a4b

⊤
i , (4.38)

where ai, and bi are the ith column elements of P2,P3. Utilizing this trifocal tensor
the point-line-point correspondence illustrated in Figure 4.3, the corresponding geometric
constraint

m̄3 =

(
3∑

i=1

m̄1,iT
⊤
i

)
l2

is used to construct the measurement model

zT =




m̄⊤
2 R

⊤
12⟨t12×⟩m̄1

m̄⊤
3 R

⊤
23⟨t23×⟩m̄2

K
(∑3

i=1 m̄1,iT
⊤
i

)
l2


 , (4.39)

where Rij denotes the rotation matrix from i to j. ⟨tij×⟩ is the skew-symmetric matrix of
relevant translation vector.

Figure 4.3: Three view geometry
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Here, a user-defined threshold value ζ is used for outlier removal using RANSAC, and
the acceptable (inlier) set M for (m1,m2,m3) after refinement by RANSAC is set as [55]

M =

{
(m1,m2,m3)|∥m3 −K

(
3∑

i=1

m̄1
1iT

⊤
i

)
l2∥ < ζ

}
. (4.40)

4.5 Real-world Data Based Simulations on Dynamic

Point Elimination

4.5.1 Dynamic Point Elimination

The proposed scheme is verified via real-time data simulations based on an experimental
[58] dataset which is collected in an urban area with dynamic objects. The sensor speci-
fications of the dataset are given in Table 5.1. To show the effectiveness of the proposed
scheme, we compare the odometry results obtained in two cases. Firstly, we compare the
odometry results obtained without fusing WO for two cases with and without dynamic
points elimination. Secondly, we do the same comparison including WO. This process
is repeated for a total of 5 trajectory sequences to further verify the proposed method.
As seen in Figs. 4.4(a), and 4.5(a), the results indicated by the red line, with dynamic
features elimination outperforms the results that are indicated by a violet line, which is
without dynamic point elimination. We do not consider loop closure, as our objective is to
examine the odometry estimation accuracy and its improvement. Specifically, for the first
robot trajectory in the case with WO shown by the dashed red line the RMSE was 4.350
m as opposed to when without dynamic point elimination shown by the dashed blue line
where the RMSE was 4.913 m. Similar improvements could be seen in the second robot
trajectory, where the RMSE was increased from 3.214 m to 1.756 m. As shown in Table
4.1 the average root mean squared error (ARMSE) per km is calculated for each scenario.
The ARMSE was lower for each scenario when we consider dynamic point elimination.
Furthermore, as indicated in the Figs. 4.4(b), and 4.5(b), the fusion of WO improves the
overall accuracy of the robot trajectory estimation, making it comparable with the ground
truth trajectory.

To examine the estimated trajectory, we also embed the translation and rotation error
plots with its respective 3-sigma error bands, shown by red dashed lines. Figure 4.6a
provides the translation error propagation across time for trajectory 1 shown by the cyan
solid line. As we can see from the plot the 3 sigma gap widens indicating the inherent drift
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Figure 4.4: Comparison of robot trajectory 1 with and without dynamic point elimination for
the cases of (a) VIO (b) VIWO

issue of odometry. Figure 4.6b outlines consistent error in relation to rotation where the
trajectory closely follows the reference trajectory. Figures 4.7a and 4.7b indicate that the
translation and rotation errors remains fairly constant until the sharp turn affecting the 3-
sigma plots to widen. Hence, this illustrates the importance of addition of WO information
to the filter as an additional corrective measure.

4.6 Summary and Conclusion

In this paper, for mobile robots navigating under heavy dynamic environments, we devel-
oped a dynamic feature point elimination methodology using IMU data and an MSCKF-
based system to estimate robot position and orientation. The proposed dynamic feature
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Figure 4.5: Comparison of robot trajectory 2 with and without dynamic point elimination for
the cases of (a) VIO (b) VIWO.

point elimination methodology is based on a geometric feature matching confidence check-
ing procedure. When the confidence in the IMU-based estimator is low, the proposed
system design switches back to RANSAC-based outlier removal. The conducted real-data-
based simulation tests demonstrate that the proposed methodology increases the accuracy
of the robot odometry. Furthermore, we extend the devised Algorithm 2 in by incorporat-
ing Semantic Segmentation to remove dynamic feature points of detected dynamic objects,
which is presented in Chapter 6. One future research direction of this project could be the
integration of IMU and WO data to further enhance the accuracy of the dynamic feature
point elimination.
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Figure 4.6: Trajectory 1 translation and rotation error with 3-sigma error bounds.
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Figure 4.7: Trajectory 2 translation and rotation error with 3-sigma error bounds.
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Translation error (RMSE) in meters
Without WO With WO

With dynamic point
elimination

without dynamic
point elimination

With dynamic point
elimination

without dynamic
point elimination

4.767 5.321 4.350 4.913
2.253 3.714 1.756 3.214
6.225 7.002 5.549 6.319
4.140 5.837 3.601 5.291
4.537 5.255 4.315 5.032

Table 4.1: Translation error with and without dynamic point elimination.
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Chapter 5

Integration of Wheel Slip
Compensation to VINS

The fusion of monocular visual, inertial, and wheel encoder measurements has recently
gained immense interest as a robot odometry and localization approach that overcomes
the effects of navigation system uncertainties and variations. However, the wheel encoder
measurements fused to the visual inertial wheel odometry (VIWO) system in this approach
can be faulty, mainly due to wheel slippages and other inherent errors. This chapter
proposes a strategy for compensating wheel slip effects, based on a differential drive robot
kinematics model. We use Gaussian processes to learn the error between the WO model
and the ground-truth for a set of training sequences. The learned WO error information
is then used on the test sequences to correct the errors in WO. Then, the corrected WO
measurements are utilized in a MSCKF based state estimation scheme to obtain localization
information. The enhancement is demonstrated via real-world data simulations.

5.1 Problem and Approach

VISLAM algorithms are considered state of the art for localization where GPS is not avail-
able. The initialization procedure of VINS algorithms plays an important role in the overall
accuracy and robustness of the algorithm. Visual-inertial initialization can be classified as
joint or disjoint initialization estimation procedures [17]. The joint estimation procedures
try to build a closed-form algebraic system of equations and solve using linear/non-linear
least squares. In addition, the disjoint estimation methods are made on top of the as-
sumption that up-to-scale camera trajectory can be obtained accurately using monocular
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vision, thereby using this trajectory to estimate the inertial parameters. Regardless of these
methods, as described in section 2.4 there are certain degenerate motions that a wheeled
mobile robot undergoes and fails to initialize or initialize with very large errors affecting
their overall accuracy and robustness. To tackle this issue, researchers have identified in-
tegrating wheel encoder measurement information cam be used to negate the initialization
errors. However, WO measurements are greatly affected by slip. Hence, considering these
challenges this chapter discusses a methodology using visual, inertial, and vehicle dynamics
measurements based on a high-fidelity differential drive motion dynamics model to esti-
mate and the state of the robot by compensating for the wheel slippage which adversely
affect the accuracy of localization. This is a key issue that has not gained attention, which
can improve VINS algorithms through aided WO.

Section 2.4 provided the challenges and background information on related material.
Section 5.2 summarizes the key measurement models used to estimate the wheel slip in
order to improve the accuracy of the whole system.

5.2 Wheel Slippage Estimation

This section outlines the measurement information used to estimate the odometry.

5.2.1 Inertial Measurement Model

The inertial state x̄Ik is measured using a 6-axis IMU continuously. The local angular
velocity and linear acceleration measurements by the IMU at each step k are given by [20]

ωm,k = ωk + bg + ng, (5.1)

am,k = ak + b
wRg

wg + ba + na, (5.2)

where ω and a, respectively, denote the actual angular velocity and acceleration. ng and na

denote the gyroscope and accelerometer measurement noises that are assumed to be zero-

mean Gaussian random processes. wg ≈
[
0 0 9.81

]T
is the global gravity vector. The

camera measurements are obtained at a sampling time ∆t̄ = 0.1 sec, which is 10 times the

main (inertial) sampling time ∆t. We denote this factor as τ =
∆t̄

∆t
= 10. Accordingly, the
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inertial state vector at the camera and odometry measurement sampling time t = t̄k̄ = k̄∆t̄
is defined as

xIk̄
=
[
xT
k̄

wvT
bk̄

bT
g bT

a

]T
= x̄I10k̄

=
[
x̄T
10k̄

wv̄T
b10k̄

bT
g bT

a

]T
. (5.3)

Below we define the pre-integrated IMU measurements between two camera frames Ck̄

and Ck̄+1. The pre-integrated velocity wvb of frame {b} with respect to frame {w} of the
robot is obtained by integrating the acceleration am measured by the IMU given as

wvbk̄+1
= wvbk̄

+ ∆t̄
10k̄+10∑

q=10k̄

(wRam,q − wg) , (5.4)

where wR is the orientation of the robot represented by the rotation matrix in world frame.
Further integrating (5.4), the translation of the system between two inertial frames bk̄ and
bk̄+1 with respect to the world frame is obtained as

wpbk̄+1
= wpbk̄

+ wvbk̄
∆t̄+ ∆t̄2

10k̄+10∑

q=10k̄

q∑

p=10k̄

(wRam,p − wg) . (5.5)

Similarly, the IMU also measures the angular velocity ω of the robot. The rotation q of
the robot between two frames is obtained by integrating the angular velocity given as

wqbk̄+1
= wqbk̄

⊗∆t̄
10k̄+10∑

q=10k̄

(
1

2
Ω(ωm,q)

bqq

)
. (5.6)

Using the pre-integrated measurements (5.4),(5.5),(5.6), the inertial dynamics is repre-
sented in terms of the state xI given in (5.3) by the generic process model [22]

xIk̄+1
= f(xIk̄

, am,k̄, ωm,k̄,nI,k̄), (5.7)

the IMU measurement noise is represented by the zero-mean Gaussian random process
nI = [nT

a ,n
T
g ]T .

This section provides details into the wheel slip estimation scheme utilized to improve
the accuracy of the wheeled mobile robot dynamic measurement before pre-integrating
with visual-inertial measurements. For the camera measurement function and derivation,
we refer the reader back to the derivation of Eq.(4.8) in Chapter 4.
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5.2.2 Wheel Encoder Measurements

The wheel encoder (i.e., WO) measurements of the robot orientation and position are

represented in frame {o} by xok =
[
Oq⊤

G,k (GpG
Ok

)⊤
]⊤

, where OqG,k is the quaternion

corresponding to the rotation GRO. The corresponding ordinary differential equation for
robot motion is expressed as

G
ṘO = GRO⌊Oω⌋×,

GṗG
O = Gv̇G

O = GRO
Ov, (5.8)

where Oω is the angular velocity in frame {O} which is denoted as Oω =
[
0 0

vr − vl
b

]⊤
,

Ov =
[vl + vr

2
0 0

]⊤
is the linear velocity in frame {o}, vl, vr are the left and right wheel

velocities, respectively. The wheel encoder provides measurements at a significantly higher
frequency (100 Hz) as opposed to the camera (10 Hz). Therefore, it is computationally
too costly to implement the MSCKF update at the rate of wheel encoder measurements.
Hence, they are pre-integrated between two consecutive imaging time steps k and k + 1
[158]. Considering this pre-integration, the WO measurement model is formed as,

zok̄+1
=

∫ tk+1

τ=tk




vr,k−vl,k
b

vl,k+vr,k
2

cos(θk)
vl,k+vr,k

2
sin(θk)


 dτ + nok̄

=



zθ
zx
zy


+ nok̄

, (5.9)

where nok̄
denotes the 3 × 1 zero-mean Gaussian measurement noise vector. Considering

the approximate planar motion (in x−y plane) of the robot, we augment the measurement
model as

z̄ok̄+1
=




zx
zy
0
0
0
zθ




+ n̄ok̄
= h(xok̄

, Ovk,
Oωk) + n̄ok̄

, (5.10)

where n̄ok̄ is the augmented 6 × 1 noise vector having nok̄
entries in its first, second, and

last entries, and having the other three entries equal to zero.
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5.3 Overall Methodology

It is a clear issue that WO suffers from accumulative errors due to wheel slippage when
undergoing motion in uneven or slippery terrains [97]. As a solution to this VO is used for
mobile robots and generally they perform well. However, as discussed in section 1.1 VO
has its shortcomings. These issues are compensated using VIO algorithms. Furthermore,
VIO algorithms can be pre-integrated with wheel odometry information to increase the
localization accuracy. The accuracy of this WO pre-integration depends on whether the
wheels undergo heavy slippage or not. Hence, to improve the accuracy of VIWO wheel
slippage compensation is proposed for algorithms that have to undergo motion in uneven
or slippery terrains. In addition, VO is not suitable for this purpose as it has a very low
sampling rate compared to other sensors such as IMU and wheel encoders [81].

The robot considered in this chapter is equipped with wheel encoders that measure
the left and right wheel linear velocities vl, vr, an accurate fiber optics gyro (FOG) which
provides accurate heading velocity ψ̇, an IMU and a stereo camera. The dynamical model
used in our application is a differential drive robot (see Figure 5.1).
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IMU pre-
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Wheel
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Slip compensation

WO prein-
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estimation

VIWO

Y

X
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(x, y)

v

ω

ψ

1

Figure 5.1: Robot model.

The outline of our proposed VIWO scheme is shown in Figure 5.2. We take in three
streams of data for our VIWO state estimation. The camera provides data that is used to
obtain front-end VO. IMU data are pre-integrated to match with camera data. Finally, we
utilize WO data which is compensated for slippage and other errors before pre-integration.
Once the slippage is compensated, the WO data are pre-integrated to match with camera
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data. Then, the three data streams are fused together in an MSCKF framework to produce
VIWO state estimates.
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Figure 5.2: Outline of the proposed VIWO scheme.

The slip compensation methodology is described in Figure 5.3 and is explained in detail
in Section 5.4.

5.4 Slip Compensation via Gaussian Process Regres-

sion

Our slip compensator design involves learning-based estimation of the (error) residuals
between ground truth and physical WO model considering a planar motion differential
drive robot. In training this learning-based estimator design utilizing Gaussian process
regression (GPR), the robot odometry dynamics is represented by the state vector

ξk =



ξ1k
ξ2k
ξ3k


 =

[
xk yk ψk

]⊤
, (5.11)

where (xk, yk) denotes the position of the robot and ψk denotes the orientation of the
robot at training sample k for the residual estimator design in the sequel. The inputs of
the dynamic system are the velocity vk and the heading angle increment δψk (measured
by the FOG), represented in stacked vector form by

uk =
[
vk δψk

]⊤
, (5.12)
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Figure 5.3: Slip compensation scheme.

where v =
vl + vr

2
, vl is the left wheel speed, and vr is the right wheel speed. For repre-

senting the state increment ∆ξk with input uk, we use the discrete-time dynamic system
model [19]

∆ξk = ξk+1 − ξk = ūk + wk, (5.13)

ūk =



ū1k
ū2k
ū3k


 = fo(uk) =



vk cos (δψk)δk
vk sin (δψk)δk

δψk


 , wk =



w1k

w2k

w3k


 ,

where wk denotes the Gaussian process noise such that wik ∼ N (0, σ2
wik

) and ∆k denotes
the sampling time. Next, a GPR is formulated for predictive correction of the odometry
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increments ∆ξk governed by (5.13). Consider a sequence of inputs (from training data
sequences) collected in the individual input vector Ūi = [uik , . . . , uikn ]⊤ ∈ Rn and the cor-
responding sequence of state increments collected in the vector ∆Xi = [∆ξik , . . . ,∆ξikn ]⊤ ∈
Rn. For predictions ∆X∗

i = [∆ξ∗ik , . . . ,∆ξ
∗
ikm

]⊤ on new data Ū∗
i ∈ Rm (test sequences),

the predictive inference is given by

p(∆X∗
i |Ūi,∆Xi, Ū

∗
i ) ∼ N (∆X̄

∗
i , cov(∆X∗

i )), (5.14)

where
∆X̄

∗
i = K(Ū∗

i , Ūi)[K(Ūi, Ūi) + σ2
wi
I]−1∆Xi (5.15)

is the mean prediction,

cov(∆X̄
∗
i ) = K(Ū∗, Ū∗)−K(Ū∗, Ū)[K(Ū, Ū) + σ2

wi
I]−1K(Ū, Ū∗) (5.16)

is the prediction covariance, K(Ū∗, Ū∗) ∈ Rm×m, K(Ū∗, Ū) ∈ Rm×n,K(Ū, Ū∗) ∈ Rn×m,
and K(Ū, Ū) ∈ Rn×n are the kernel matrices where the element (i,j) of kij = k(ui, uj).
k(·, ·) is the kernel function which consists of the base kernel k̄ (Matern kernel [138]))
combined with the NN (neural network) architecture gf (·) in the form [12]

k(·, ·) = k̄(gf (·),gf (·))). (5.17)

In (5.17), k̄(ui, uj) = σ2
k

(
1 +

√
5|ui − uj|

l
+

√
5|ui − uj|2

3l2

)
exp

(
−
√

5|ui − uj|
l

)
, where

σk is the magnitude parameter and l > 0 is the scale parameter. Using the optimized
hyperparameters (σk, l), the kernel k(·, ·), the corrected state vector increment ∆ξiq , for i =
1, 2, 3, and q = 1, . . . ,m is obtained. Once the corrected set of odometry increments ∆ξq
are obtained for a test sequence, similar to in (5.10) we obtain the augmented measurement
given as

z̆ok̄+1
=




∑10k̄+10
q=10k̄ ∆xq∑10k̄+10
q=10k̄ ∆yq

0
0
0∑10k̄+10

q=10k̄ ∆ψq



, (5.18)

which is used by the MSCKF state estimator.
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5.5 State Estimation

Based on the dynamic model developed (5.7) and the methodology of [101], we develop an
MSCKF as follows: The main state update rule is in the form of

x̂Ik̄+1
= f(x̂Ik̄

, am,k̄, ωm,k̄,0) + ∆Ik̄
, (5.19)

where ∆Ik̄
represents the correction term [101] that is produced considering the camera

measurement residual functions z̃m(i),k̄, and the slip-compensated WO measurement resid-
ual z̃ok̄ = z̆ok̄−h(x̂ok̄

, ovk̄,
oωk̄), and the corresponding covariance matrices Pk̄ and Pok̄

. Note

that the MSCKF keeps track of n sliding window of poses xCk̄
=
[
x⊤
k̄−1

. . . x⊤
k̄−n

]⊤
as de-

scribed in Eq.(4.2), which leads to the augmented state estimate vector x̂vk̄
=
[
x̂⊤
Ik̄

x̂⊤
Ck̄

]⊤
=[

x̂⊤
Ik̄

x̂⊤
k̄−1

. . . x̂⊤
k̄−n

]⊤
with x̂Ik̄

∈ R15, x̂Ck̄
∈ R6n.

Note here that the robot state estimate is updated via two different types of measure-
ments; camera and slip-compensated WO. Hence, we update the robot state estimate at
each time step based on the most confident measurement using a gating test based on Ma-
halanobis distance γ [79]. For the visual measurement update step, we denote this distance
measure as γvk̄ . Similarly, we can obtain γok̄ for wheel encoder measurement update. Then,
the measurement that produces the lowest Mahalanobis distance measure (γ) is used for
updating the state estimate.

5.6 Real-World Data Based Simulation on Slip Com-

pensation

In this section, we provide experimental results obtained through publicly available datasets.
We demonstrate the approach using the KAIST [58] dataset, which is collected in an urban
area. KAIST dataset is chosen since it also provide wheel encoder data, which is missing
in most of the available visual inertial datasets. Table 5.1 provides the KAIST dataset
sensor specifications. The real-world data simulations were carried out on an Intel Core i7
laptop equipped with a NVIDIA GeForce GTX 1660 Ti GPU.

5.6.1 Dataset Training

We separate the data set into training, cross-validation, and testing. In total, 17 sequences
are used for training, 4 sequences for cross-validation, and 2 sequences for testing. Table
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Table 5.1: Sensor specifications for KAIST dataset.

Sensor Manufacturer Model Description freq.(Hz) Accuracy
IMU Xsens MTi-300 Enhanced atti-

tude and heading
reference system

100 100/h

Camera Pointgray Flea3 1600×1200 RGB,
59 FPS

10 -

Wheel encoder RLS LM13 Magnetic rotary
encoder

100 4096 (resolution)

VRS GPS SOKKIA GRX2 VRS-RTK GPS 1 H:10mm, V:15mm
FOG KVH DSP-1760 Fiber optics gyro 1000 0.05/h

5.2 provides the parameters used for training the GP. The GP model was constructed using
Pyro [9] library for deep probabilistic programming and PyTorch. The training time to
execute 100 epochs was 141.66 seconds. This is depicted as demonstrated in Figure 5.5
where training time vs each epoch is illustrated. In addition, the training loss minimization
in Figure 5.4 is shown to illustrate the propagation of and settling of the model around
epoch 100. In addition, figure 5.5 illustrates the training time utilized to process the entire
dataset through the training loop each epoch. The initial spike shown here can be inferred
to data generation and caching of the dataset during initial loading.

Table 5.2: Parameters for training GP

Training parameter value
Optimizer Adam

Learning rate 0.01
No. of epochs 100
sample rate 100 Hz

Given the posterior predictive distribution mean vector and covariance matrix as ob-
tained in Eqs.(5.15), (5.16) the log marginal likelihood to be maximized conditioned to the
hyperparameters Θ = (σk, l) can be written as

logp(∆Xi|Θ) =− 1

2
logdet

(
K(Ūi, Ūi) + σ2

wi
I
)
−

1

2
∆XT

i

(
K(Ūi, Ūi) + σ2

wi
I
)−1

∆Xi −
n

2
log2π, (5.20)
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Figure 5.4: Training loss propagation for each epoch illustrating model convergence.

where, n
2
log2π is the normalization constant, K(Ūi, Ūi) ∈ Rn×n is the kernel matrix where

the element (i,j) of kij = k(ui, uj), k(·, ·) is the kernel function which consists of the base
kernel k̄.

However, given the closed form representation of the Eqs. (5.15), (5.16), (5.20) for very
large datasets it is computationally very expensive as the bottleneck here is the storage

O(n2) and inversion O(n3) of the Kernel matrix as seen on the term
(
K(Ūi, Ūi) + σ2

wi
I
)−1

.
Hence, to avoid this cost we approximate the posterior based on m induced points where
m ≤ n.

5.6.2 Results

We ran two MSCKF’s, one with and one without slip compensation, to demonstrate the
properties of the proposed scheme. To demonstrate the improvements by the proposed
scheme, we compare the mean absolute trajectory error (MATE) and mean absolute ro-
tation error (MRTE) between the slip-compensated VIWO and VIWO obtained without
slip compensation.

61



Figure 5.5: Training time at each epoch to complete one cycle of training and optimization.

In Figures 5.6 and 5.7 the robot trajectories depict VIWO with corrected WO and
VIWO without slip compensated WO. It is shown that the accuracy of the VIWO scheme
with integrated slip compensation is closer to the ground truth of the test sequences.
This is quantitatively displayed in Figures 5.8 and 5.9. The red color bar plot shows the
MATE/MRTE for VIWO without slip compensation correction while the green color bar
plot shows the MATE/MRTE for VIWO with slip compensation correction. As depicted
in the error bar plots when slip compensation is integrated into VIWO there is a significant
reduction in MATE and MRTE.

We further extend our real-world data based simulation study where we analyse the
impact of the DNN architecture of using CNN vs LSTM as illustrated in Figures 5.10,
5.11. Our experimental investigations revealed that LSTM layers can better capture the
sequential correlations of the odometry data as shown in the error bar plots as given in
Figure 5.12.
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Figure 5.6: Slip compensation comparison for test sequence 1.

5.7 Indoor Experimentation

We validate our proposed methodology by conducting experiments in an indoor setup. We
implement and test the scheme using Clearpath’s Jackal UGV (unmanned ground vehicle),
equipped with readily available sensors such as wheel encoders and IMU. We also attach
an Intel realsense T265 camera to obtain visual data. The Jackal UGV is a skid steer
differential drive robot that consists of four wheels where each pair of the wheels on the
left side and the right side are actuated by a single motor. Hence, for modeling it can be
modeled as a standard two-wheel differential drive system. The sensor specifications and
associated measurements can be found in Table 5.3. The data from the Jackal UGV is
obtained via ROS (robot operating system) [92]. To validate the experimental results, we
compare them with the data obtained from the OptiTrack motion capture system, which
serves as the ground truth reference.

Figure 5.13 illustrates the difference in wheel speeds when turning and traversing in
an arc and the associated slippage. The aggressive spikes to be seen in the wheel speed
measurements are due to the discrete nature of the measurements from the wheel encoder,
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Figure 5.7: Slip compensation comparison for test sequence 2.

further exacerbated by wheel slippage. The measurements are filtered using a moving av-
erage filter. In addition, the same Figure illustrates the comparison of the robot trajectory
and estimated robot trajectory using the wheel speed measurements showcased. Here we
can see the robot trajectory drift due to wheel slippage, where the red color line is the
ground truth and the blue color line is the estimate.

Figure 5.14 shows the test setup with the Clearpath UGV Jackal and the Optitrack
motion capture system, which provided the ground truth measurements. With the indoor
set-up, we tested the proposed algorithm under the same metrics as in section 5.6. Fig-
ures 5.15, 5.16 depict the robot trajectories for the cases which include slip compensation
plotted against the ground truth trajectory obtained with the optitrack motion capture
system. Furthermore, the Figure 5.12 displays the bar plot for RMSE(m) values of the test
sequences. From this bar plot, it is evident that the trajectory obtained via augmented
slip compensation and dynamic feature point elimination had the lowest RMSE. In sum-
mary, our methodology was able to increase the accuracy of localization for the outdoor
real-world data as well as the indoor experiments conducted using a UGV.

To further test our methodology, we used gravel and sand on the test floor to determine
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Figure 5.8: Trajectory error for test sequence 1.

Table 5.3: Jackal Sensor specifications.

Sensor Description freq.(Hz)
Camera Intel realsense T265 10fps
IMU 400
Wheel encoders 78,000 pulses/m quadrature 100

the effectiveness of the proposed system. Figure 5.18 shows the robot trajectories when
the navigating surface is layered with gravel and sand. Our proposed scheme was able to
improve the localization accuracy by aiding in slippage compensation. However, this also
shows that in order to apply the developed method in new terrains and surfaces needs
retraining of the model to calibrate the model parameters.

5.8 Summary and Conclusion

chapter presented a VIWO scheme that incorporates compensation of errors due to noisy
measurements from wheel encoders, mainly due to slippage. In this scheme, the error in
WO between the physical model and ground truth is estimated using a learning based GPR
model that is trained using a set of training data. Then the learned WO error estimate
is used to correct the WO measurements. The corrected WO measurements are used to
update an MSCKF based VIWO state estimation scheme.

As future directions of this work, addition of online calibration of intrinsic and extrinsic
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Figure 5.9: Trajectory error for test sequence 2.

parameters of the wheel encoders can be considered. This extension is essential especially
when the robot is navigating in harsh environments where parameters such as wheel radius
change with time, reducing the localization accuracy. In order to develop more generalized
deep GP based methods, the designs are aimed to be tested in other relevant datasets as
well as perform real-world experiments. Finally, since the proposed methodology requires
supervised learning, further research is needed to explore unsupervised learning approaches
to make the design more suitable for real-world applications.
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Figure 5.14: Experimental setup, which includes the UGV and Optitrack Motion Capture
system.
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Figure 5.15: Experiment sequence 1 odometry trajectory comparison. DPE: Dynamic
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Chapter 6

Semantic Segmentation for
Navigation

6.1 Introduction

Traditional visual odometry techniques, which often rely on feature matching and optical
flow, can be significantly affected by dynamic objects within the scene, leading to inac-
curacies in motion estimation. Semantic segmentation, the task of assigning a class label
to each pixel in an image, offers a solution by enabling the identification and exclusion
of dynamic objects from the data used for odometry calculations. Early developments
and foundational Works for the integration of semantic segmentation into visual odometry
began with the application of classic machine learning techniques for image segmentation,
combined with feature-based odometry algorithms. These initial efforts laid the ground-
work for understanding the benefits of semantic information in improving odometry in
dynamic scenes. Notably, the advent of deep learning and, specifically, the introduction of
architectures like FCN [87](Fully Convolutional Networks) and later, U-Net [121], signifi-
cantly advanced the field of semantic segmentation, providing the tools necessary for more
accurate and efficient dynamic point elimination.

Deep learning enhanced in how semantic information could be leveraged for visual
odometry. Convolutional Neural Networks (CNN) became the de facto standard for seman-
tic segmentation tasks, with architectures such as SegNet [6], DeepLab [25], and PSPNet
[88] offering substantial improvements in segmentation accuracy. Parallel to these develop-
ments, deep learning-based visual odometry systems, such as DeepVO [144], demonstrated
the potential of end-to-end learning for motion estimation from raw image sequences. Com-
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bining these two advancements, researchers began to explore the explicit use of semantic
segmentation for dynamic point elimination in visual odometry systems. Techniques var-
ied from straightforward masking of dynamic objects based on segmentation maps to more
sophisticated methods where semantic information directly influenced the odometry esti-
mation process.

A critical methodology that emerged was the use of semantic segmentation to inform
feature selection and tracking in visual odometry pipelines. By identifying and ignor-
ing features associated with dynamic objects, such as vehicles and pedestrians, systems
could achieve more stable and accurate motion estimates. This approach necessitated
advancements in real-time semantic segmentation to keep pace with the requirements of
visual odometry systems. Another notable innovation was the development of SLAM sys-
tems that integrated semantic understanding, such as SemanticFusion and DynaSLAM [8].
These systems demonstrated the dual benefits of semantic segmentation: improving the
map’s accuracy by excluding dynamic objects and enhancing the system’s understanding
of the environment by classifying structural elements.

Considering the aforementioned challenges and advancements, this chapter provides an
additional add-on filter based on semantic segmentation as an alternative to the work done
in chapter 4.

6.2 Overall Methodology

The overall structure of the proposed scheme is discussed in this section. The work de-
scribed in this section builds on top of Algorithm 2 discussed in Chapter 4. We use semantic
segmentation as an additional filter to assist in dynamic feature point elimination.

Figure 6.1 shows the block diagram with key components of the proposed system. These
key components can be summarized as in the following. The MSCKF takes measurements
from camera and IMU. The camera measurement function given in eq.(4.5) obtains the
feature measurements as given in eq.(4.6). The inertial measurements are preintegrated
as given in eqs.(4.26),(4.27) to match the frequency of visual measurements to obtain
translation and rotation of the inertial frame I(·). The acquired position and rotation is then
used to construct an estimate of the essential matrix. Since the internal parameter matrix is
known, the estimated essential matrix can be transformed in an estimate of the fundamental
matrix. This estimated fundamental matrix is then used to check the feature confidence of
features extracted from segmented potential dynamic objects to classify feature points as
dynamic or static based on the condition given in eq.(4.36). Once the pre-processed feature

74



points are obtained after dynamic feature elimination they are marginalized to arrive at
the final measurement function eq. (4.8) which is used directly in MSCKF.
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Figure 6.1: Overall structure of dynamic object removal

For the purpose of semantic segmentation, we utilize Mask R-CNN as the main segmen-
tation algorithm. Mask R-CNN [49] is an advanced and highly efficient model for instance
segmentation, enhancing the foundational Faster R-CNN [120] framework. The working
mechanism of Mask R-CNN is outlined in figure 6.2. It incorporates five key components
essential for accurate instance segmentation: 1- the backbone network, 2- the region pro-
posal network (RPN), 3- the Region of Interest Align (RoIAlign) layer, 4- the detection
head, and 5- the mask head. These components are visualized in the structure of the Mask
R-CNN model, as shown in figure 6.2.

The backbone network, typically a deep CNN like ResNet, forms the core of Mask R-
CNN, processing input images to extract detailed feature maps that contain rich semantic
and spatial information. The RPN’s main function is to identify potential bounding boxes
around objects, which are refined and classified in later stages. It does so by analyzing the
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Figure 6.2: Outline overview of Mask-RCNN network [50]. (a) In the first stage there are
two networks. a backbone network (Resnet in this article) and a RPN (region proposal
network). Region proposals are regions in the feature map which consists an object. (b)
The second stage consists of the prediction of object class and bounding boxes

features from the backbone network, utilizing anchor boxes of various sizes and ratios to
densely scan the image. For each anchor box, the RPN calculates objectness scores and
bounding box adjustments, using classification and regression losses to improve proposal
accuracy. Upon generating region proposals, the features and proposals go through the
region of interest align layer, which precisely extracts features for each proposal by employ-
ing bi-linear interpolation. These features are then processed by the detection and mask
heads to predict object classes and generate binary masks, highlighting objects within the
proposals.

Throughout its training phase, Mask R-CNN leverages ground truth annotations to
refine its predictions across class identification, bounding box adjustments, and mask gen-
eration. In its inference mode, the model uses the backbone network to derive feature maps
from an input image, then the RPN to create and refine region proposals. These proposals
are further processed to produce accurate class identifications and instance masks, enabling
precise segmentation of objects within the image.

For training the mask-RCNN architecture we use the Cityscapes dataset [27] which is
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Figure 6.3: City scape dataset example segmentation.

developed for semantic urban scene understanding. Figure 6.3 illustrates a sample segmen-
tation based on training dataset, while Figure 6.4 illustrates sample segmentation results
for the test dataset consisting of dynamic objects such as moving vehicles and pedestrians.

6.3 Dynamic feature point elimination

To differentiate if a segmented object is dynamic or static, we use an IMU model to
check if a dynamic object identified via semantic segmentation is static or moving in the
environment, as given in Algorithm 3. This algorithm differentiates from Algorithm 2
perspective, where the input features to the algorithm is further filtered using semantic
segmented masking.

The computed translation and rotation from the process model can also be used for cal-
culating the corresponding fundamental matrix F′ using the camera-IMU extrinsic param-
eters, which then be used in the dynamic point elimination method [119]. A fundamental
matrix F can also be calculated using the IMU data. With both fundamental matrices, a
distance measure between the epipolar line and the corresponding features using the both
matrices can be computed and denoted as d1k,i and d2k,i, respectively as given as

[x, y, z]⊤ = F c
f(i)pk , [x′, y′, z′]⊤ = F′ c

f(i)pk+1 (6.1)

77



(a) (b)

(c) (d)

Figure 6.4: Sample segmentation results on dynamic scenes from the test dataset

d1k,i =
| c
f(i)p

⊤
k+1F

c
f(i)pk|√

||x||2 + ||y||2
(6.2)

d2k,i =
| c
f(i)p

⊤
k F

′ c
f(i)pk+1|√

||x′||2 + ||y′||2
(6.3)

As the next step a threshold ρ is used to determine whether each matched feature point
(after discarding the keypoints from segmented dynamic objects) is static or dynamic as
given in Eq.(4.36). ϕk,i in Eq.(4.36) indicates the consistency between the ith feature
point of the kth frame and the fundamental matrix. ϕk,i is set to 0 if the feature point is
consistent, and 1 if otherwise. Additionally, there can be a case when IMU data is invalid
for the elimination method. To combat this issue, we use an additional threshold µ to
keep track of match count, as given in Eq. (4.37). Hence, the dynamic point elimination
will only use the IMU data if and only if the data is valid (i.e ψk = 0) and trustworthy.
Alternatively, if the confidence in the IMU-based dynamic point elimination is insufficient,
the system switches to a RANSAC-based outlier rejection scheme with threshold ζ as given
in Eq.(4.40).

Figure 6.1 explains removal of dynamic feature points using semantic segmentation.

78



Algorithm 3: Algorithm for dynamic point elimination

Input : matched feature points of adjacent frames
Πk = {pk,1, · · · ,pk,n},Πk+1 = {pk+1,1, . . . ,pk+1,n}

Input : masked dynamic objects
Input : matched feature points of adjacent frames based on the masked dynamic

objects Πk = {pk,1, · · · ,pk,m},Πk+1 = {pk+1,1, . . . ,pk+1,m} where m ≤ n
Output: refined feature points with dynamic feature points removed
while t ≤ timage do

for each point pk,i ∈ Πk and pk+1,i ∈ Πk+1 do
[x, y, z]⊤ = Fpk,i ;

d1k,i =
|p⊤

k+1,iFpk,i|√
||x||2 + ||y||2

;

[x′, y′, z′]⊤ = F′pk+1,i

d2k,i =
|p⊤

k,iF
′pk+1,i|√

||x′||2 + ||y′||2
;

if ψk = 1 and |d1k,i − d2k,i| ≥ ρ then remove dynamic points pk,i,pk+1,i from

Πk,Πk+1;
else if ψk = 0 then

then remove outliers according to RANSAC with threshold ζ as given in
Eq.(4.40)

end

end

end

We check a sample of extracted features from an object are dynamic or static and use
that information to conclude whether to discard or keep the features associated with the
segmented object. Figure 6.5 illustrates an example of eliminating dynamic feature points.
Two moving objects which are cars can be seen in subsequent frames. Once the segmen-
tation algorithm detects these moving objects and confirms its dynamic nature with IMU
based as shown in this figure, the extracted feature points are eliminated from the matching
process.

Algorithm 3 describes the intricate logic flow of the developed dynamic point elimination
scheme. Algorithm 3 differs from Algorithm 2 as we only check a subset of feature points as
the Input from detected dynamic objects to arrive at conclusions with regard to the whole
set of features extracted from that dynamic object. We estimate the fundamental matrix
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frame i frame i+1

frame i feature detection frame i+1 feature detection

frame i segmentation frame i+1 segmentation

frame i refined feature points frame i+1 refined feature points

Figure 6.5: Dynamic point removal, real world data example using semantic segmentation
and geometric consistency.

F′ using the IMU motion model. Similarly, the Fundamental matrix relating two images
F is obtained. Two distance measures d1k,i, d

2
k,i as given in algorithm 2 and Eqs.(6.2),(6.3)

are used to classify the feature points in dynamic objects as static or dynamic. Visual
measurements are obtained as in Eq.(4.5) discarding the dynamic object features and are
used to correct the inertial propagated dynamic model via MSCKF.

6.4 Real-World Data Based Simulations

In this section, we provide experimental results obtained through simulations over publicly
available datasets. We demonstrate the approach using the KAIST [58] data-set which is
collected in an urban area. Table 5.1 provides the KAIST dataset sensor specifications.
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The real world data based simulations were carried out on a Intel Core i7 laptop equipped
with a NVIDIA GeForce GTX 1660 Ti GPU. Figures 6.6 and 6.9 illustrates the bene-
fits of combining semantic segmentation with geometric feature confidence estimation to
effectively eliminate dynamic feature points on visual front end applications.

Figure 6.6: Trajectory 1 localization estimation with and without Semantic Segmentation.

The real world data simulations studies reveal that it is possible to improve the local-
ization accuracy by pre-identifying the dynamic objects and culling only the associated
dynamic points of dynamic objects. As illustrated in table 6.1 when the dynamic point
elimination is combined with semantic segmentation iterates to better culling of dynamic
points and outliers. We provide sample runs on two trajectory profiles, which illustrates
the benefits of combining semantic segmentation with our developed geometric feature clas-
sification technique using the IMU motion model. The trajectories in the first case when
semantic segmentation is considered closely follows the reference trajectory indicating an
average RMSE of 0.4807 m, a reduction from the average RMSE of 1.9898 m. This is
similar in nature to the second case, where an average RMSE reduction from 0.6728 m to
0.3352 m was achieved. Figures 6.7,6.8 illustrates the propagation of translation error (m)
and rotation error (rad) for Trajectory 1. Figures 6.10,6.11 illustrates the propagation of
translation error (m) and rotation error (rad) for Trajectory 2, respectively.
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Figure 6.7: Trajectory 1 translation error plot in comparison to with and without Semantic
Segmentation.

ARMSE comparison
with Semantic segmentation without semantic segmentation

Translation (m) rotation (rad) Translation (m) Rotation (rad)

0.4807 0.0112 1.9898 0.018
0.3352 0.0025 0.6728 0.0099

Table 6.1: Translation error comparison for with and without Semantic Segmentation implemen-
tation depicted in ARMSE (average root mean squared error).

From the translation error plots, it can be seen that it is consistently fluctuating around
the desired zero level. Significant drifts can be seen in relation to the translation errors
when a dynamic point elimination scheme is not considered. The second trajectory rotation
error plot closely follows the pattern of its translation error plot counterpart. However,
discrepancies can be observed for the second trajectory rotation error plot, exacerbating the
orientation estimation accuracy when using Semantic Segmentation. This can be inferred
to the existing wheel slippage and drift in orientation estimation.
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Figure 6.8: Trajectory 1 rotation error plot in comparison to with and without Semantic
Segmentation.

6.5 Summary and Conclusion

Semantic segmentation presents a powerful alternative to RANSAC for dynamic point
elimination in visual odometry systems. By providing detailed scene understanding, it
enables more accurate and robust motion estimation in dynamic environments. However,
realizing its full potential requires addressing current limitations, particularly regarding
real-time performance and model generalization. As research in this area progresses, the
integration of semantic segmentation into VO and broader computer vision tasks promises
to unlock new capabilities for autonomous systems, enhancing their ability to navigate and
understand complex, ever-changing environments.
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Figure 6.9: Trajectory 2 localization estimation with and without Semantic Segmentation.
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Figure 6.10: Trajectory 2 translation error plot in comparison to with and without Semantic
Segmentation.
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Figure 6.11: Trajectory 2 rotation error plot in comparison to with and without Semantic
Segmentation.
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Chapter 7

Conclusion and Future Work

7.1 Conclusions

The main objective of this thesis was to design accurate localization algorithms for mobile
robotic agents. In the event of unavailability and/or degradation of GNSS systems, a
design for estimating robot pose for localization was proposed using commenly available
sensory information for a typical mobile robot. These information included visual, inertial
and wheen encoder measurements. An MSCKF based filtering scheme was designed to fuse
the sensor information. Two main challenges were addressed to improve the localization
accuracy: (a) how to eliminate dynamic points in feature matching for VO front end to
improve overall localization accuracy, and (b) how to compensate for WO to improve overall
localization accuracy.

To eliminate dynamic feature points associated with dynamic objects, a geometric
feature point confidence estimator was designed using IMU data to check the consistency of
feature points. It was shown that the developed dynamic feature point confidence estimator
can effectively eliminate dynamic feature points. In addition, the design also takes into
consideration the validity of the IMU data that was used for estimating the confidence
and then switch the outlier removal mechanism back to a RANSAC based mechanism.
The designed strategy can be used as a layer to RANSAC and improve its performance.
However,

A slip compensator design was also carried out using GPR based estimation of the
odometry residuals. Specifically, a GPR scheme was designed using deep kernels: (a) using
1D CNN layers, and (b) using LSTM layers. Based on real-world data simulations, it was
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observed that LSTM was slightly better than CNN for learning embedded temporal cor-
relations associated with WO residuals. Experimental evaluations showed that the data
driven methodology works well in encapsulating the WO error residuals and thereby com-
pensating it. It is to note that this methodology is constrained by data availability. Hence,
for true adaptable autonomous navigation, one must find ways to implement unsupervised
learning based methods/mechanisms.

7.2 Future Work and Directions

This section summarizes key challenges still pending which could converge the research
direction.

Despite its advantages, the application of GPR in slip compensation faces several chal-
lenges. One major issue is the computational complexity of GPR, especially as the dataset
size increases, which can limit its use in real-time applications. The most computation-
ally intensive part of GPR is the inversion of the covariance matrix, which is a N × N
matrix, where N is the number of training points. The complexity of matrix inversion is
typically O(N3) making the process very expensive for large datasets. Additionally, the
performance of GPR-based models heavily depends on the choice of kernel functions and
hyperparameters, requiring extensive tuning and validation.

To address these challenges, recent must be focused on developing more computation-
ally efficient GPR algorithms, such as sparse GPR and online learning approaches, that
are suitable for real-time applications. Furthermore, the integration of GPR with deep
learning techniques, such as deep kernel learning, offers promising avenues for creating
more adaptive and accurate slip compensation models. In addition, Incremental or online
learning techniques can also be employed, where the model is updated with new data points
as they become available, rather than retraining the model from scratch. This approach
can be beneficial in wheeled robots navigating in dynamic terrains. In addition, dimension
reduction techniques can be used to reduce the dimensionality of the input space, thus
reducing the complexity of the model.

Comparing semantic segmentation directly with RANSAC involves considering accu-
racy, computational efficiency, and applicability in diverse environments. While semantic
segmentation offers superior scene understanding and the ability to inherently distinguish
between static and dynamic elements, it requires substantial computational resources, es-
pecially for real-time applications. RANSAC, on the other hand, is less computationally
demanding but lacks the contextual awareness provided by semantic segmentation. Hybrid
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approaches that leverage the strengths of both offer a promising avenue for research and
application.

Despite its potential, the use of semantic segmentation for dynamic point elimination
faces challenges. The accuracy of semantic segmentation models, particularly in com-
plex or unfamiliar environments, directly impacts the reliability of dynamic point elimina-
tion. Real-time performance remains a critical issue, requiring efficient model architectures
and hardware acceleration. Future research directions may include the development of
lightweight semantic segmentation models optimized for real-time applications, unsuper-
vised and semi-supervised learning approaches to reduce reliance on large labeled datasets,
and the exploration of novel neural network architectures that can more effectively inte-
grate geometric and semantic information.
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