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Abstract
The thesis works on developing a visual inertial odometry with feature-based stereo
visual frontend, IMU preintegration and sliding window nonlinear optimization back-
end. The fusion of vision sensors and inertial sensors provide a robust and comple-
mentary pose estimation system to overcome the weaknesses of the vision-only or
IMU-only systems. Stereo camera is easier to acquire the depth compared to the
single view in monocular one, meanwhile has larger range and cheaper price than
the RGB–D camera. When considering data association between several images,
the ORB methods are applied to trade off between computational accuracy and
efficiency. The inertial measurement preintegration is implemented to transform a
number of measurements between selected keyframes into single relative motion con-
straints, which provides efficient handling of high rate sensor inputs. The problem
as a whole is constructed as a bundle adjustment problem with motion constraints.
It is treated as least square problems and solved with the LM method. The sys-
tem performance is evaluated through EuRoC datasets, considering slow and fast
motion, bright and dark scene. The average processing speed falls in the range of
19 to 26 FPS. The minimum translation and rotation error can respectively reach
0.11 m and 1.39 ◦. Overall this work proposes a new VIO framework, examines
its performance by evaluating open datasets as well as comparing to the existing
VIO algorithms, and also brings up discussions on possible directions for further
improvement.

Keywords: pose estimation, Visual Inertial Odometry, stereo vision, data associa-
tion, ORB, preintegration, Bundle Adjustment, least squares, nonlinear optimization
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1
Introduction

Autonomous Driving (AD) is the topic for the future of the automotive industry. An
increasing amount of companies and universities are active in this field to develop
better solutions for self-driving vehicles. Research in completely automated vehicles
is driven by a number of reasons, such as sustainability and safety [2]. In terms
of sustainability, it is believed that integrating intelligent autonomous algorithms
could improve driving efficiency and therefore reduce energy consumption, and bet-
ter vehicular inter-communication could alleviate congestion and provide optimal
traffic flow [3].

Pose estimation, with broad application in areas such as localization, image recon-
struction, and augmented reality tracking [4], plays an important role in AD. The
fusion of vision and inertial measurements has the capabilities to provide a robust
and complementary pose estimation performance. The approach to this problem
can be summarized into combining the vision methods and inertial sensor methods
under the framework of either filtering or nonlinear optimization.

Vision methods refer to the way which estimates the position and orientation of
camera from the image, where the camera could be monocular, stereo, or RGB–
Depth (RGB–D) camera. The principle of vision-based method is to find the spatial
relation between the 2D image points and the corresponding 3D scene points. The
essential problem is to obtain the association between features in different image
frames, which could be tackled with a variety of methods, such as Binary Robust In-
variant Scalable Keypoints (BRISK), Scale–Invariant Feature Transform (SIFT) [5],
Speeded–Up Robust Feature (SURF) [6], and Oriented FAST and Rotated BRIEF
(ORB). By comparison of the same feature in two sequential frames, it is possible
to find the pose change of the camera. However, due to the blurred frames under
fast and unpredictable motions, the pose estimation results from the vision-based
methods suffers from noticeable error sometimes. To solve this, the inertial mea-
surement methods are introduced.

Inertial measurement units consist of sensors such as accelerometer and gyroscope.
Accelerometer measures the acceleration. The velocity is then calculated from inte-
gration of the acceleration, and the position from integration of the velocity. Gyro-
scope measures angular velocity, whose integration gives the orientation [7]. How-
ever, inertial units suffer severely from extensive noise and accumulated drift due
to integration. Fortunately it is possible to give less noisy measurements with high
output rate by applying some fusion methods. Before that, the sensors are sup-
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1. Introduction

posed to be calibrated considering the physical alignment, temperature relations of
the gains and offsets [8].

A well known solution is visual inertial odometry with tightly-coupled sliding win-
dow nonlinear optimization [9]. This thesis is innovated by the solution, while has
different choices in some subcomponents. In terms of visual front end, the ORB
method is applied to detect the features, given its fast recognition with good in-
variance to viewpoint in moderate computation. Also, preintegration [10] is applied
to the Inertial Measurement Unit (IMU) measurements before the optimization.
The cost function is formulated with combination of visual and inertial terms. In
the backend, Google’s Ceres solver with fast speed, high solution quality and well-
supported Application Programming Interfaces (API) [11] is utilized to solve the
non-linear least squares problem.

1.1 Aim
The motivation of this thesis derives from this Chalmers Formula Student Driverless
(CFSD) project. The objective of the project is to design and build a reliable and
safe autonomous car based on an already existing electric race car to participate the
driverless formula student competitions. In order to achieve the objective, there are
many crucial tasks need to be done, such as perception, control and automation.
One of the key tasks is to make the vehicle able to perceive its external environment
as well as the relation between itself and the surroundings, which is the common
challenge known as Simultaneous Localization and Mapping (SLAM).

The thesis is going to focus on the pose estimation solution by combining data
from camera and IMU as known as Visual Inertial Odometry (VIO). Afterwards
the implementation is planned to be extended to OpenDLV, a software framework
developed by the Chalmers Revere laboratory. The algorithm is expected to guar-
antee that the pose estimation task is done as quick as possible, specifically, at least
20 Frame per Second (FPS), and provides reliable vehicle egomotion to the path
planning module of the CFSD project.

1.2 Limitations
Since the thesis work is based on CFSD, the functionality of the developed ap-
proaches would be designed for student formula competitions, i.e. it only considers
constraints of the competition and might lose some generality.

1.3 Research questions
Question 1. How well does the proposed method estimate an egomotion state?

2



1. Introduction

This investigation issue is raised to examine if the specific implementation which
combines feature-based frontend, IMU preintegration theory and sliding window
nonlinear optimization could successfully fuse multiple sensors, and how decent could
the results be. The implementation is tested via EuRoC datasets. The evaluation
criteria are based on the translational and rotational errors of the estimated trajec-
tory relative to ground truth. In addition, the evaluation will also take the results
from some well known algorithms as reference to judge the goodness of the proposed
implementation.

Question 2. How fast is the implemented algorithm?

When used in practical applications, it is important to trade off the computational
performance to accuracy of results due to hardware limits and other constraints. To
answer this question, processing time per frame of the implemented algorithm is of
concern. A set of experiments with different configurations and parameters will be
evaluated.

3



1. Introduction
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2
Theory

This chapter first briefly introduces the microservices architecture that is used in
the CFSD project, and then discusses the visual frontend from sensor selection to
mathematical model, IMU sensor model and preintegration theory, as well as back-
end optimization methods.

Mathematical symbols such as scalar value, vectors and matrices of different dimen-
sions follow the notation summarized in Table 2.1

Table 2.1: Typographic conventions

Typeface Description Meaning
X ,Y ,Z normal italic scalar values
a,v,b bold vectors, e.g., acceleration, velocity, bias
bv, wv subscript before vector the velocity is expressed in body frame

or world frame
bωwb subscript at both sides the angular velocity of frame b with respect

to frame w, and expressed in frame b
ba,bg superscript after vector the bias of accelerator or gyroscope
R,M normal capital matrices
Rwb normal capital rotation matrix from frame b to frame w

2.1 Containerized software microservices

With the growth of complexity, automation, and connectivity in vehicle realm, the
vehicles are regarded as objects similar to other internet of things which are able
to possess more functionalities and be updated easily from the perspective of con-
sumers. Due to this complicated situation, a new software architecture is supposed
to create in order to cope with that. According to this challenge and years of re-
searches in autonomous vehicle area, the Chalmers Revere laboratory proposed the
open source software environment called OpenDLV based on the containerized soft-
ware microservices.

The microservices architecture is, when developing the application using a suite of
small services, each of these services has its own process and is able to interact with
lightweight mechanisms.The services are independently deployable, loosely coupled,
maintained more easily, and structured in terms of business capabilities. They can be

5



2. Theory

implemented with different programming languages, software and hardware environ-
ment. For the containerized microservices in OpenDLV framework, the components
are running as the Docker containers, and communicating using the C++ library
libcluon, which is a single-file, header-only real time middleware [12].

2.2 Visual Frontend
This section elaborates on the visual frontend pipeline from sensor to model. Discus-
sion includes sensor selection, pinhole camera model, epipolar geometry, the ORB
approach and bundle adjustment theory.

2.2.1 Visual sensors
There are various visual sensors that can capture three dimensional images in the
market, such as monocular cameras, RGB–D cameras and stereo cameras. A Mono
camera is common and cheap, but it’s complex to get depth information and recover
the scale in real world. The depth camera also known as the RGB–D camera. It
sends and receives the infrared structured light, and the Time-of-Flight is measured
to compute the distance of the object. But it also has some drawbacks such as short
measured distance, narrow view angle and high noise. A stereo camera is made of
two mono lenses with the certain baseline. By knowing baseline, it can estimate the
dimensional position in terms of each pixel, with large similarity of human binocular
vision. Fig. 2.1 shows the Zed stereo camera with a baseline of 120 mm, detectable
depth ranging from 0.5–20 m, and frame rate ranging from 15–100 FPS.

Figure 2.1: ZED stereo camera

The reason of using a stereo camera in this thesis work is that stereo vision has
more convenience to acquire the depth compared to monocular vision, meanwhile
has larger range and cheaper price than the RGB–D cameras. For the compensa-
tion of the expensive computation for pixels, an efficient feature selection method is
applied and explained in section 2.2.4.

2.2.2 Pinhole camera model and geometry
Pinhole model as the most commonly used camera model represents the phenomenon
when the light passes through a small hole to the room, it will project the upside-
down image of the outside world to the projection plane, as seen in Fig. 2.2, where
O is the optical center.

6



2. Theory

Figure 2.2: Pinhole camera phenomenon and model

The relation between the object P in the outside world and the projected point P ′
in the image plane is given by:

Z

f
= −X

X ′
= − Y

Y ′
(2.1)

where f is the focal length. To simplify the model, the image plane can be placed
in front of the camera center:

Z

f
= X

X ′
= Y

Y ′
(2.2)

To get the spatial relationship between point P and its corresponding point P ′ in
the image plane, the equation could be written as:

X ′ = f
X

Z

Y ′ = f
Y

Z

(2.3)

Eq. 2.3 ends up with pixels in the camera system which should be sampled and
discretized on the image plane. In the pixel coordinate, the origin sits at the up-
per left corner of the image, while the projected point sits at the center of image,
therefore a translation cx, cy should be applied to offset. In addition, the scales fx,
fy between the pixels and projection points should also be considered. The relation
can be rewritten as:

u = fx
X

Z
+ cx

v = fy
Y

Z
+ cy

(2.4)

A more compact form with the matrix and homogeneous coordinate system is:

Z

uv
1

 =

fx 0 cx
0 fy cy
0 0 1


XY
Z

 = KP (2.5)
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2. Theory

where K is the camera intrinsics or calibration matrix, which often is provided by the
camera manufacturer, or some calibration algorithms such as the MATLAB Camera
Calibrator [13].

In Eq. 2.5, P is in the camera coordinate. Apart from the intrinsic matrix which
transforms the object from the camera coordinate perspective to the pixel coordi-
nate perspective, there is the camera extrinsics consisting of rotation matrix R and
translation vector t as well:

ZPuv = Z

uv
1

 = K(RPw + t) (2.6)

where Puv and Pw are in the homogeneous pixel coordinate and world coordinate
respectively. The extrinsic parameters transform the object from the world coor-
dinate to the camera coordinate, which keep changing with the movement of the
object. In this sense, the camera extrinsics essentially represent the movement or
trajectory of the object, and thus is the critical target in the visual odometry.

2.2.3 Epipolar geometry and triangulation
If pairs of matched feature points are extracted from two images, the relative motion
can be recovered between the two images based on epipolar geometry. Furthermore,
if it is in the stereo vision, it is possible to acquire the depth information of object
through triangulation based on the paired feature points.

In Fig. 2.3, relative motion between image I1 and I2 can be depicted by rotation R
and translation t. O1 and O2 are the camera centers respectively. Feature point p2
in plane I2 corresponds to point p1 in plane I1, which represents the projection of
the same object in two image planes. Line O1p1 and O2p2 intersects at point P . The
three points O1, O2, P define a plane, which is called Epipolar plane. Line O1O2 is
the baseline, and it intersects image plane I1, I2 at point e1, e2, which are defined
as Epipoles. The intersection lines l1, l2 are called Epipolar lines.

Figure 2.3: Epipolar constraint

With the knowledge of rotation R, translation t and feature correspondences, the
depth of an object can be calculated by triangulation technique. Suppose a stereo
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2. Theory

system with two lenses has known camera intrinsics, spatial relation between two
lenses and a pair of corresponding points. Before the triangulation, it is beneficial
to carry out rectification, i.e., make two images parallel. The common way to im-
plement it is to make all epipolar lines horizontal. After rectification, it is easier
to find the correspondence relations in images by searching along the single row of
pixels, which makes triangulation much simpler.

Figure 2.4: Triangulation geometry

In Fig. 2.4, the pixel displacement between u and u′ is called disparity. The geometry
information gives:

u− u′ = B · f
Z

(2.7)

where B is the baseline of the stereo camera, f is the focal length.

2.2.4 ORB features
In order to find the correspondence in the images, it is necessary to select the repre-
sentative features which should remain the same after a small change in the camera
pose. Afterwards, data association can be performed since the same object should
keep almost the same feature descriptions when projected to different image planes.
Therefore, images from different camera perspectives can be linked via these special
features.

Feature points refer to pixels located at informative region in the image, such as
corners and edges which are more distinguishable than other pixel blocks. However,
in most applications, the natural feature points do not satisfy the needs. To this
end, there are a variety of research on the artificial stable feature points, such as
SIFT [5], SURF [14], and ORB [15], which have advantages in the distinctiveness
and efficiency.

A feature consists of a pair of key point and descriptor. The key point means the
position of the feature in the image and maybe also include information such as

9



2. Theory

size and orientation. A descriptor refers to vectors which could describe the pixel
information around the key point according to certain artificially designed ways. It
is regarded as the same feature point as long as the distance between two descriptors
in the vector space is below some certain threshold.

ORB is a combination feature point of Features from Accelerated Segment Test
(FAST) and Binary Robust Independent Elementary Features (BRIEF) feature,
which can be computed efficiently. FAST is a type of corner point, which mainly
detects the obvious change on local pixel gray scale. The main idea is that if the
pixel differ greatly from the neighborhood pixel, either too bright or too dark, it has
high likelihood to be a corner. The computation is fast because it only compares
the brightness of pixels.

Figure 2.5: FAST feature point

The process of detection follows these rules: first, a pixel p is selected in the image
with brightness assumed to be lp, and set a threshold T (for example 20% of lp).
Then 16 pixels are selected on the circle with a radius of 3 centered at p. If the
brightness of consecutive N points is greater than lp + T or less that lp − T , the
pixel p is considered as a feature point. These steps are performed for each pixel.
To be computationally efficient, the pixels 1, 5, 9, 13 are detected. Only when three
of four pixels are satisfying the rule before, the pixel may be a corner point, other-
wise should be rejected. The oriented FAST adds scale and rotation to enhance the
robustness.

BRIEF is a binary descriptor made of a number of 0 and 1, where 0 and 1 encode
the relation between two pixels near the key point. For example, for two pixel p and
q, if p is greater than p then the result is 1, otherwise 0. The ORB algorithm calcu-
lates the direction of key points and the BRIEF is acquired in use of the direction
information, which gives ORB the rotation-invariant feature.

2.2.5 Bundle adjustment
In practice, there are a variety of factors which might contribute to the noise of
measurements. The motion from structure problem is often regarded as the mini-
mization problem in Eq. 2.8, where a reconstructed point P′ that is closest to the
unknown ground truth P is found by minimizing the reprojection error. The same
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applies to localization problem in Eq. 2.8, i.e., the best approximation M′ is going
to be found if the camera extrinsics M is unknown.

Error(M,P) = distance(p,M1P′)2 + distance(p′,M2P′)2 (2.8)

Figure 2.6: Bundle adjustment with reprojection error

Bundle adjustment is in essence a non-linear method to deal with vision related
problems by constructing reprojection errors and reducing to least square forms.
Afterwards, a backend typically takes over the problem and finds the solution. De-
tails of solving will be explained in later sections.

2.3 Inertial measurement odometry
This section covers the brief introduction of inertial sensors, the sensor model and
the preintegration theory.

2.3.1 Inertial measurement unit
An IMU is a device that is able to measure the acceleration and angular rate.
It consists of an accelerometer and a gyroscope which is based on the Microelec-
tromechanical Systems (MEMS) technology. Some simple mechanical principles are
applied upon the MEMS sensors to get desired measurements. A spring suspended
mass is used to measure the acceleration, because the mass will be displaced due to
some applied acceleration. By considering the Coriolis effect in vibrating systems,
the angular velocity can be measured. MEMS systems are often light, cheap and
have low power consumption, but the reduced accuracy and bias stability over time
lead to the drift problem in IMU [16].

2.3.2 Sensor model
The whole visual inertial system consists of different coordinate systems. As in
Fig. 2.7, the world reference is an earth-fixed coordinate system which z axis is
parallel to the gravity, and is denoted with W . The IMU frame is treated as body
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frame that is to be tracked, denoted with B. The camera frame is denoted with C.
Transformation from body frame to world frame is denoted as TWB, and camera
frame to body frame is TBC .

Figure 2.7: Coordinate transformation

The gyroscope measurement bω̃wb where the prefix b means the measurement is
expressed in the body frame B, and wb means it’s the angular velocity of frame B
relative to frame W . It is modeled as:

bω̃wb(t) = bωwb(t) + bg(t) + ηg(t) (2.9)

where bωwb is the instantaneous angular velocity of body frame with respect to world
frame and expressed in body frame. ηg denotes white noise, whose distribution is
close to Gaussian distribution. bg denotes gyroscope bias, which is caused by cali-
bration errors and temperature effects, and is slowly varying. All the variables are
the funtion of time.

Similar to gyroscope, the characteristic of accelerometer can be modeled as:

bã(t) = RT
wb(t) · (wa(t)− wg) + ba(t) + ηa(t) (2.10)

where bã is the measured acceleration expressed in the body frame B, wa is the
actual acceleration of body expressed in the world frame, wg is the gravity vector
in world frame, and RT

wb denotes the rotation from frame B to frame W . ba is a
slowly varying bias of the accelerometer, and ηa is white noise which is assumed to
have a Gaussian distribution. The accelerometer measures the specific force on the
sensor. But it still need to subtract the gravity to recover the acceleration, since an
accelerometer without any acceleration still have a force of 1 g due to the earth’s
gravitational field. The accelerometer also suffers from the sensor bias and white
noise. In next chapter, the initialization of IMU will be explained in more details.

2.3.3 Preintegration
IMU Preintegration theory was first proposed in [17], and further developed in [10]
with the mainfold structure of rotation group, and posterior IMU bias correction.
The theory introduced in the section is mainly based on the latest preintegration
formulation in [10].
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In order to calculate motion from IMU measurement, a kinematic model is intro-
duced:

Ṙwb(t) = Rwb(t) · [bωwb(t)]×
wv̇(t) = wa(t)
wṗ(t) = wv(t)

(2.11)

where the operator [·]× turns a vector into a 3× 3 skew symmetric matrix:xy
z


×

=

 0 −z y
z 0 −x
−y x 0

 (2.12)

The evolution of the body rotation Rwb, velocity wv and position wp can be calcu-
lated as follows:

Rwb(t+ ∆t) = Rwb(t) · exp([
∫ t+∆t

t
bωwb(τ)dτ ]×)

wv(t+ ∆t) = wv(t) +
∫ t+∆t

t
wa(τ)dτ

wp(t+ ∆t) = wp(t) +
∫ t+∆t

t
wv(τ)dτ +

∫∫ t+∆t

t
wa(τ)dτ 2

(2.13)

where exp(M) represents the matrix exponential of the matrix Mn×n, producing
n× n matrix by the power series:

exp(M) =
∞∑
k=0

1
k!M

k (2.14)

By making assumption that wa and bωwb remain constant during the time inter-
val [t, t + ∆t], and taking into account Eq. 2.9 and 2.10, as well as denoting the
exponential map as:

Exp(v) = exp([v]×) (2.15)
the measurements then can be related to the states:
Rwb(t+ ∆t) = Rwb(t) · Exp

(
(bω̃wb(t)− bg(t)− ηgd(t))∆t

)
wv(t+ ∆t) = wv(t) + wg∆t+ Rwb(t) ·

(
bã(t)− ba(t)− ηad(t)

)
∆t

wp(t+ ∆t) = wp(t) + wv(t)∆t+ 1
2wg∆t2 + 1

2Rwb(t) ·
(
bã(t)− ba(t)− ηad(t)

)
∆t2

(2.16)
where ηgd and ηad is discrete-time noise.

To derive an easily implemented form, Eq. 2.16 can be further discretized by itera-
tively integrating a number of IMU measurements. Assume the iteration starts from
time i to time j − 1, and the states at time j are computed as follows:

Rwb,j = Rwb,i ·
j−1∏
k=i

Exp
(
(bω̃wb − bg − ηgd)∆t

)

wvj = wvi + wg∆tij +
j−1∑
k=i

Rwb,k · (bãk − bak − ηadk )∆t

wpj = wpi +
j−1∑
k=i

[
wvk∆t+ 1

2wg∆t2 + 1
2Rwb,k · (bãk − bak − ηadk )∆t2

]
(2.17)
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The drawback of Eq. 2.17 is that whenever states at time i have a change, to
update all future states at time k would need recalculating the production and
summation in Eq. 2.17. The preintegration technique is brought up to keep relative
motion increments that are independent of the states at starting time, and thus
avoiding a lot of recalculation whenever there is update at starting time. The discrete
integration forms are defined as:

∆Rij : = RT
wb,i · Rwb,j

=
j−1∏
k=i

Exp
(
(bω̃wb,k − bgk − η

gd
k )∆t

)
∆vij : = RT

wb,i · (wvj − wvi − wg∆tij)

=
j−1∑
k=i

Rwb,k · (bãk − bak − ηadk )∆t

∆pij : = RT
wb,i · (wpj − wpi − wvi∆tij −

1
2wg∆t2ij)

=
j−1∑
k=i

[
wvk∆t+ 1

2Rwb,k · (bãk − bak − ηadk )∆t2
]

(2.18)

As mentioned before, the sensor noise is modeled as Gaussian noise. Separate out
all noise related terms in Eq. 2.17:

∆Rij : = ∆R̃ij · Exp(−δφij)
∆vij : = ∆ṽij − δvij
∆pij : = ∆p̃ij − δpij

(2.19)

where the preintegrated measurement terms and their iterative forms are [10]:

∆R̃ij =
j−1∏
k=i

Exp ((bω̃wb,k − bgk)∆t)

= ∆R̃i,j−1 Exp ((bω̃wb,j−1 − bgi )∆t)

∆ṽij =
j−1∑
k=i

∆R̃wb,k · (bãk − bak)∆t

= ∆ṽi,j−1 + ∆R̃i,j−1 · (bãj−1 − bai )∆t

∆p̃ij =
j−1∑
k=i

[
ṽik∆t+ 1

2R̃ik · (bãk − bak)∆t2
]

= ∆p̃i,j−1 + ṽi,j−1∆t+ 1
2R̃i,j−1 · (bãj−1 − bai )∆t2

(2.20)
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The noise terms and their iterative forms are [10]:

δφij = −Log
j−1∏
k=i

Exp(−∆R̃T
k+1,jJkrη

gd
k ∆t)

 ≈ j−1∑
k=i

∆R̃T
k+1,jJkrη

gd
k ∆t

= ∆R̃T
j−1,jδφi,j−1 + Jj−1

r ηgdj−1∆t

δvij '
j−1∑
k=i

[
−∆R̃ik[bãk − bak]×δφik∆t+ ∆R̃ikη

ad
k ∆t

]
= δvi,j−1 − R̃i,j−1[bãj−1 − bai ]×δφi,j−1∆t+ ∆R̃i,j−1η

ad
j−1∆t

δpij '
j−1∑
k=i

[
δvik∆t−

1
2∆R̃ik[bãk − bak]×δφik∆t2 + 1

2∆R̃ikη
ad
k ∆t2

]

= δpi,j−1 + δvi,j−1∆t− 1
2∆R̃i,j−1[bãj−1 − bai ]×δφi,j−1∆t2 + 1

2∆R̃i,j−1η
ad
j−1∆t2

(2.21)
The logarithmic map is defined as:

Log(M) = [log(M)]∨ (2.22)

where M is matrix, log(·) is matrix logarithm, and [·]∨ is the inverse operator of
[·]×, transfering a skew symmetric matrix to a vector: 0 −z y

z 0 −x
−y x 0


∨

=

xy
z

 (2.23)

Jr is the right Jacobians for SO(3) Lie group [18]. At time j − 1, it is:

Jj−1
r = Jj−1

r ((bω̃wb,j−1 − bgi )∆t) (2.24)

i.e., the jacobian is computed when the expending point is at

x = (bω̃wb,j−1 − bgi )∆t (2.25)

So the noise propagation could be written as matrix form:δφijδvij
δpij

 =

 ∆R̃T
j−1,j 0 0

−R̃i,j−1[bãj−1 − bai ]×∆t I3×3 0
−1

2∆R̃i,j−1[bãj−1 − bai ]×∆t2 I3×3∆t I3×3


δφi,j−1
δvi,j−1
δpi,j−1



+

Jj−1
r ∆t 0

0 ∆R̃i,j−1∆t
0 1

2∆R̃i,j−1∆t2

 [ηgdj−1
ηadj−1

]

.= Fj−1

δφi,j−1
δvi,j−1
δpi,j−1

+ Gj−1

[
ηgdj−1
ηadj−1

]
(2.26)

Therefore the noise covariance is derived as:

Σij = Fj−1Σi,j−1FTj−1 + Gj−1ΣηdGT
j−1 (2.27)

15



2. Theory

where,

Σij = Cov(

δφijδvij
δpij

), Σi,j−1 = Cov(

δφi,j−1
δvi,j−1
δpi,j−1

), Σηd = Cov(
[
ηgdj−1
ηadj−1

]
) (2.28)

and at the beginning Σ00 = 09×9; the Σηd depends on the sampling time and
continuous-time noise [19]:

Cov(ηgd) = 1
∆tCov(ηg), Cov(ηad) = 1

∆tCov(ηa), ∆t = 1
f

(2.29)

where f is the sampling frepency, and the continuous-time covariance of accelerom-
eter and gyroscope is provided by the IMU manufacturers.

When calculating the preintegrated terms, it is assumed that the biases hold constant
in a short period, i.e., bk = bi for all k ∈ [i, j − 1]. However, the biases are actually
affected by random walk noise. The noise model of biases are defined as:

ḃg(t) = ηbg, ḃa(t) = ηba (continuousform)
bgj = bgi + ηbgd, baj = bai + ηbad (discreteform)

Σbgd
.= ∆tijCov(ηbg), Σbad

.= ∆tijCov(ηba)
(2.30)

If take into account the small change of biases afterwards, instead of recalculating
everything again, one efficient approach is to approximate using first order expan-
sion:

∆R̃ij(bg) = ∆R̃ij(bgi ) · Exp(∂∆R̃ij

∂bg
δbgi )

∆ṽij(bg,ba) = ∆ṽij(bgi ,bai ) + ∂∆ṽij
∂bg

δbgi + ∂∆ṽij
∂ba

δbai

∆p̃ij(bg,ba) = ∆p̃ij(bgi ,bai ) + ∂∆p̃ij
∂bg

δbgi + ∂∆p̃ij
∂ba

δbai

(2.31)

With all the information needed, the preintegration residuals are thus defined:

r∆Rij

.= Log
(∆R̃ij(bgi ) · Exp(∂∆R̃ij

∂bg
δbgi )

)T
RT
wb,iRwb,j


r∆vij

.= RT
wb,i · (wvj − wvi − wg∆tij)

−
[
∆ṽij(bgi ,bai ) + ∂∆ṽij

∂bg
δbgi + ∂∆ṽij

∂ba
δbai

]

r∆pij

.= RT
wb,i ·

(
wpj − wpi − wvi∆tij −

1
2wg∆t2ij

)
−
[
∆p̃ij(bgi ,bai ) + ∂∆p̃ij

∂bg
δbgi + ∂∆p̃ij

∂ba
δbai

]
rgbij

.= bgj − bgi
rabij

.= baj − bai

(2.32)
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So far the IMU preintegration theory developed by Forster et al [10] is introduced,
readers could also refer to the origin paper for more details about the exact forms of
jacobians used in optimization. In next chapter, the implementation details based
on the theories of this chapter will be explained.

2.4 Backend solver
In this section, the least square problems is discussed, as well as the general numer-
ical methods to solve this kind of problem.

2.4.1 The least square problem
Given a so called cost function or objective function F : Rn 7→ R, find an argument
that gives the minimum value of F, i.e., x∗ = argmin

x
(F(x)). The cost function F

is formalized as [20]:

F(x) = 1
2

m∑
i=1

(fi(x))2 (2.33)

where fi : Rn 7→ R, i = 1, ...,m are residual functions, for example, the difference
between measurements and estimations, and m ≥ n. The global minimizer of this
problem is too hard to find generally, so a local minimizer is solved instead. The
cost function F is assumed to be differentiable, so its gradient and Hessian are valid.
For x∗ to be a local minimizer, it has to be a stationary point, i.e., F′(x∗) = 0.
Besides, the Hessian matrix should be positive definite, i.e., vTF′′(x∗)v > 0 for all
non-zero v ∈ Rn [20].

2.4.2 Newton’s Method
Based on the assumptions mentioned above, the cost function could be rewritten
using Taylor expansion:

F(x + ∆x) ' F(x) + F′(x)∆x + 1
2∆xTF′′(x)∆x (2.34)

Since the wanted x∗ is stationary point, take derivative of Eq. 2.34 with respect to
∆x, and it stratifies:

F′(x + ∆x) ' F′(x) + F′′(x)∆x ≡ 0 (2.35)

The Newton’s method is to find the solution in an iterative way, x = x + ∆x, and
in each iteration solve the linear equation:

F′′(x)∆x = −F′(x) (2.36)

2.4.3 The Gauss-Newton method
In many cases the residual functions f(x) are non-linear, so it’s difficult to get the
Hessian F′′(x) of the cost function. The Guass-Newton method is derived to solve
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the non-linear least square problems efficiently [21]. In essence, it is based on the
linearization of the residual functions with Taylor expansion:

f(x + ∆x) ' f(x) + J(x)∆x (2.37)
where J(x) is the Jacobian matrix, fist order derivative of f(x). And then use the
linearized residuals to approximate the cost function:

F(x + ∆x) = 1
2 ‖f(x + ∆x)‖2

= 1
2 (f(x) + J(x)∆x)T (f(x) + J(x)∆x)

= 1
2f(x)T f(x) + f(x)TJ(x)∆x + 1

2∆xTJ(x)TJ(x)∆x

= F(x) + fTJ∆x + 1
2∆xTJTJ∆x

(2.38)

Take derivative with respect to ∆x:
JT f + JTJ∆x = 0 (2.39)

The notation can be simplified to the form:
H∆x = b (2.40)

This equation is known as the Guass-Newton equation or Normal equation, where
H = J(x)TJ(x)
b = −J(x)T f(x)

(2.41)

The small increment ∆x is to be solved. The final solution of x is found by iterative
update with ∆x.

2.4.4 The Levenberg-Marquardt Method
There are a number of problems that might occur such that the Gauss-Netwom al-
gorithm doesn’t always converge reliably. A more robust variation of Guass-newton
is a damped one, the Levenberg–Marquardt method. It adds a damping parameter
µ ≥ 0 to the normal equation [22]:

(JTJ + µI)∆x = −JT f (2.42)
It is naturally to think of adding a trust region to the ∆x, and the linearization is
supposed to be valid within this region since the Taylor expansion only have a good
approximation near the expansion point. The Levenberg–Marquardt method is in
essence a trust region approach.

The damping parameter µ has several effects. From the perspective of solving linear
equation, JTJ might be singular and thus the problem is unsolvable. Adding µI to
it makes the new Hessian, H = JTJ + µI, to be full rank. In terms of numerical
stability, the damping parameter penalizes a step that is too large, and thus make the
iteration more smooth and consistent. When µ is a big number, the LM algorithm
behaves like gradient descent method; while µ is small, it behaves more like the
Gauss-Newton method. Therefore, it is a combination of two methods, and the
progress is controlled by the damping parameter.
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3.1 Datasets
The EuRoC Micro Aerial Vehicle (MAV) datasets [23] are used to assess the per-
formance of the VIO system. The datasets consist of the IMU measurements, syn-
chronized stereo images and ground truth.

Figure 3.1: The MAV used for data collection

In Fig. 3.1, the stereo camera system is located in a front-down position, with two
global shutter monocular cameras CAM0 and CAM1 both at the rate of 20 Hz.
The IMU0 is output at 200 Hz. The IMU and camera are hardware-synchronized.
There are two classes of datasets available, one is collected in a machine hall with 3D
position ground truth from a LEICA Nova MS50 laser scanner, and the LEICA0 is
in millimeter accuracy. The other is collected in a room with 6D pose ground truth
from a Vicon motion capture system, VICON0 and 3D point cloud of enviroment
from LEICA0. Table 3.1 shows the information about the sensors and ground truth.
The datasets vary from good lighting and slow motion to dark scene and fast motion,
seen in Table 3.2.

Table 3.1: Information on sensors and ground truth

Sensor Type Rate Characteristics
Cameras MT9V034 2x20 Hz WVGA global shutter
IMU ADIS16448 200 Hz MEMS, intr. calibrated
Position Leica MS50 20 Hz Accuracy ≈ 1 mm
Pose Vicon 100 Hz 6D
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Table 3.2: The characteristics of the datasets

Name Length/Duration Avg.Vel/
Angular Vel Note

MH_01_easy 80.6 m
182 s

0.44 m/s
0.22 rad/s

good texture
bright scene

MH_02_easy 73.5 m
150 s

0.49 m/s
0.21 rad/s

good texture
bright scene

MH_03_medium 130.9 m
132 s

0.99 m/s
0.29 rad/s

fast motion
bright scene

MH_04_difficult 91.7 m
99 s

0.93 m/s
0.24 rad/s

fast motion
dark scene

MH_05_difficult 97.6 m
111 s

0.88 m/s
0.21 rad/s

fast motion
dark scene

V1_01_easy 58.6 m
144 s

0.41 m/s
0.28 rad/s

slow motion
bright scene

V1_02_medium 75.9 m
83.5 s

0.91 m/s
0.56 rad/s

fast motion
bright scene

V1_03_difficult 79.0 m
105 s

0.75 m/s
0.62 rad/s

fast motion
motion blur

V2_01_easy 36.5 m
112 s

0.33 m/s
0.28 rad/s

slow motion
bright scene

V2_02_medium 83.2 m
115 s

0.72 m/s
0.59 rad/s

fast motion
bright scene

V2_03_difficult 86.1 m
115 s

0.75 m/s
0.66 rad/s

fast motion
motion blur

3.2 Software Design

This section elaborates on the visual inertial odometry design. First an overview of
the system structure is presented. Following discussion focuses on detailed explana-
tions about each submodule in the system, including system initialization, feature
tracking, preintegration, optimization and visulization.

3.2.1 Overview
This main work of the thesis is to design and implement a visual inertial odome-
try from scratch. The structure of visual inertial odometry, shown in Fig. 3.2, is
composed of initialization, feature tracking, IMU preintegration and optimization.
The initialization procedure aligns the body frame to gravity direction, as well as
estimates initial bias of gyroscope and accelerometer. Feature tracking mainly deals
with extracting the ORB features and performing feature matching. IMU mea-
surements are preintergated between two successive image frames, and the noise of
the sensor measurements is propagated. The optimizing procedure handles local
optimization and global optimization. After local optimization, the frame will be

20



3. Methods

decided to be a keyframe or not based on motion change. Afterwards, the feature
points in the keyframe will be stored in the map. When the whole process is done,
the global optimization will be executed and then update the map according to the
results.

Figure 3.2: System structure of the visual inertial odometry implementation

3.2.2 Initialization
To correctly use the measurements from IMU, it’s important to find out its initial
pose relative to the world frame. In this section, vision-inertial fusion method is
proposed to get initial estimates of gravity alignment, sensor bias and velocity. The
idea is at first to perform Structure–from–Motion (SfM) to compute relative pose
transformation with visual information, and then use the result to estimate IMU
alignment and bias.

SfM is a technique for estimating 3D structures from 2D images that have some
correspondence. The motion of camera can be estimated with three different meth-
ods [24]:

• 2D–2D: features in current image frame and previous image frame are matched,
and essential matrix can be computed from corresponding pixel coordinates
throu-gh 5–point or 8–point algorithm [25].

• 3D–3D: 2D feature points are triangulated to 3D points in both current and
previous frames, and camera pose can be computed with Iterative Closet Point
(ICP) algorithm with these two clouds of points.

• 3D–2D: feature points in previous frame are triangulated to 3D points, and
matched to 2D pixels in the current frame. This problem is also known as
Perspective–n–Points (PnP), and many approaches are applicable for it [26].
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After collecting pose information of a set of frames from SfM, the initialization
procedure starts and is divided into four steps:

Gyroscope bias estimation
Gyroscope bias can be estimation from know rotations of consecutive frames. Pose
Ri and Rj is from SfM, the preintegration between frame i and j is calculated using
a constant bias b̂gi . But in actual the bias changes by a small amount δbg, so it should
be b̂gi + δbg, and the preintegrated measurement will be updated using a first-order
expansion. The bias change δbg is estimated by minimizing the rotation residual
from Eq. 2.32:

r∆Rij

.= Log
(∆R̃ij (bgi ) · Exp

(
∂∆R̃ij

∂bg
δbg

))>
RT
i Rj

 (3.1)

argmin
δbg

∑∥∥∥r∆Rij

∥∥∥2

Σij
(3.2)

After updating initial gyroscope bias estimation, all preintegrated measurements
will be repropagated.

Gravity direction and velocity in the body frame
In this step, unit gravity vector expressed in body frame will be found, and the
velocity will be estimated by minimizing the residuals as follows:

r∆vij

.= R>i ((vj + δvj)− (vi + δvi)− δg∆tij)−∆ṽij
(
b̃gi , b̃ai

)
(3.3)

r∆pij

.= R>i
(

pj − pi − (vi + δvi) ∆tij −
1
2δg∆t2ij

)
−∆p̃ij

(
b̃gi , b̃ai

)
(3.4)

argmin
δvi,δvj ,δg

∑∥∥∥r∆vij

∥∥∥2

Σij
+
∥∥∥r∆pij

∥∥∥2

Σij
(3.5)

Gravity alignment and refinement
This step is to find a rotation Rwb to make the unit gravity vector obtained from
previous step align with gravity direction in the world frame. The information of
the local gravity magnitude, e.g., G = 9.81734 m/s2, is also taken into account.

Accelerometer bias estimation
In the last step, accelerometer bias is estimated using updated results from previous
steps. The procedure is similar:

r∆vij

.= R>i (vj − vi − δg∆tij)−
[
∆ṽij

(
b̃gi , b̃ai

)
+ ∂∆ṽij

∂ba
δba

]
(3.6)

r∆pij

.= R>i
(

pj − pi − vi∆tij −
1
2δg∆t2ij

)
−
[
∆p̃ij

(
b̃gi , b̃ai

)
+ ∂∆p̃ij

∂ba
δba

]
(3.7)

argmin
δba

∑∥∥∥r∆vij

∥∥∥2

Σij
+
∥∥∥r∆pij

∥∥∥2

Σij
(3.8)

Since the visual inertial system is highly nonlinear, it is important to have reasonable
initial values to setup the system to get stable optimization results later on.
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3.2.3 Feature tracking

The feature tracker aims to keep track of the image sequences and find data as-
sociation among them. Before tracking, the input image has to be rectified and
undistorted, so that it would be easier to perform triangulation and reprojection.
As discussed in the previous chapter, ORB feature is chosen considering both ac-
curacy and computational efficiency. Fig. 3.3 shows the detected keypoints and
matching result using ORB detector provided by OpenCV library.

Figure 3.3: Keypoints found by ORB detector from OpenCV and filtered matches

However, in some cases many of the keypoints found by OpenCV ORB would con-
centrate in some parts of an image, but not evenly distribute over the entire image.
It is crucial to have spatially well distributed features over the image [27] for visual
tracking, which will provide more information than the stacked one, because points
that are piled up in the same area add little valuable information for triangulation
and will contribute less to the tracking. And stacked points are more likely to cause
mismatching, which will disrupt the whole system.

One method for solving this ill distribution problem is to split the image using a grid,
and detect a reasonable amount of points in each cell. The ORB extractor developed
by the author of ORB–SLAM2 introduces this kind of mechanism based on grids to
have the keypoints detected evenly in the whole image with a user-defined number
of features. The result of the latter shows much better performance than the one
provided by OpenCV, especially when there exists shadow region in the image. An
example is presented in Fig. 3.4 and Fig. 3.5.
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Figure 3.4: Keypoints found by ORB detector from OpenCV

Figure 3.5: Keypoints found by ORB detector from ORB–SLAM2

After finding keypoints, a brute force matcher in OpenCV is used to match key-
points in two frames. It is quite efficient to compare Hamming distance of 32–bit
binary descriptors even using brute force approach [15]. To improve the matching
quality, some extra steps are performed to filter the outliers. One is to set a mini-
mum matching distance, i.e., any matching with distance higher than the threshold
will be removed. For stereo pair matching, the y coordinate of pixel can also be a
criteria. Since images have been rectified, if a feature in the left image matches to
another feature in the right image, their y coordinates should be the same. Ran-
dom Sample Consensus (RANSAC) is also a good choice for eliminating outliers. It
randomly samples observed data and uses voting scheme to find the optimal inliers.
OpenCV provides a function to find fundamental matrix with RANSAC scheme,
which could be applied for the purpose of filtering matches.
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Features will be added to a feature pool, where the ID of the frame that observes this
feature, pixel coordinate, descriptors and the age of this feature are saved. Newly
coming in images will have to search matches in the feature pool. If a new feature
matches to an old feature, the old feature will be kept, because it is assumed that
the earlier measurements contain less error or drift. Whereas, too old features will
be removed from the pool since they are less likely to be matched and removing
them will avoid the size of pool becoming unreasonably large. The property, age, is
designed for deciding features that are too old. Currently it uses a simple scheme:
the age of features that are matched will increment by one, otherwise by two; if the
age exceeds some threshold, the feature will be removed. Additionally, a method
called circular matching [28] is applied. As shown in Fig. 3.6, detected features in
current feature will have a stereo matching firstly, and then match with left and
right images of history frames in respective. If the matching result shows a closed
circle presented in Fig. 3.6, the corresponding feature will be considered as stable
and kept for further analysis, otherwise it will be filtered out.

Figure 3.6: Circular matching, features in the stereo pair in current and previous
frame should match to each other

After all these steps, the outcome would be a set of high-quality features with few
outliers. And features in the current frame can be divided into two categories:
matched to old features and not matched. For the former, information from old
features will be kept as discussed before. For the latter, 3D point positions are
computed through triangulation. These 3D points that are expressed in current
body frame will be transformed to world frame based on current pose Twb and
saved to map for bundle adjustment later.

3.2.4 IMU preintegration
The aim of IMU preintegrator is to compute the preintegrated measurements in
Eq. 2.20, noise covariance, and jacobians of first-order expansion of the residual
terms. Since IMU runs at higher sampling rate than camera, typically 200 Hz, a
queue is created in the implementation to store IMU measurements between two
consecutive camera frames. Synchronization between IMU and camera is achieved

25



3. Methods

by simply comparing measurement timestamps. Here it is assumed that timestamps
from these two sensors are perfectly matched at the same time point to simplify the
problem, even though they would be slightly different in real case.

After collecting enough measurements, relative motion ∆Rij, ∆vij, ∆pij, and noise
covariance Σij, and partial derivative of delta information with respect to bias ∂∆R̄ij

∂bg ,
∂∆R̄ij

∂ba , ∂∆v̄ij

∂bg , ∂∆v̄ij

∂ba , ∂∆p̄ij

∂bg , ∂∆p̄ij

∂ba are iteratively computed with constant bias bgi and
bai from frame i to frame j. The information will be saved to map and serve as
motion constraints during the nonlinear optimization.

In the optimization problem, good initial values would help it converge faster and
lead to a stable solution, while bad initial values might cause divergence and numer-
ical instability. The states of frame i and frame j are to be optimized, if the former
is known then the latter should be initialized. In vision-only system, a constant
velocity model is typically used to give initial states estimate of next frame. When
coupling IMU measurements, states of frame j can be estimated with the delta
information, which could give better estimation than constant velocity assumption.

3.2.5 Optimization
The optimizer aims to minimize residuals from IMU motion constraints and errors
of reprojecting 3D points to 2D pixels for the tracked features using least-square
methods.

The techniques for solving the general problem of SLAM contain filtering and
smoothing. The standard algorithm for filtering using Gaussian probability dis-
tribution is the Extended Kalman Filter (EKF) which is the nonlinear version of
the Kalman filter that linearizes around an estimate of the current mean and covari-
ance [29]. In this approach, all past poses are marginalized out, and features that
are likely to be observed in the future are retained, so the estimation is an inference
process to the latest state of the system. The inter-connections between features are
stored in the form of a mean vector and covariance matrix [30].

The smoothing, also known as optimization methods, estimate multiple states other
than just the latest state. This approach generally keeps a small subset of all the
states, which includes keyframes selected by heuristic methods. Since the number
of keyframes and size of map grows over time, it would be difficult to estimate all
states while still guarantee real-time operation. The sliding window optimization
methods only estimate the most recent states that fall within a fixed-size window,
while marginalizing out older states and absorb the corresponding information in a
Gaussian prior [31][32]. For nonlinear problem, optimization approaches generally
outperforms filtering, since they relinearize past measurements during optimizing
iteration [33].

In the implementation, the information of keyframes, IMU motion constraints and
feature correspondence is stored in a map. Cost functions are created according to
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Eq. 2.32 and Eq. 2.8. In the literature of SLAM and graph optimization, popular
C++ numerical packages include g2o [34] and Ceres [11]. In this work, Ceres solver is
picked due to the high solution quality, extensively optimized codes, and specifically,
detailed documentations. It provides automatic derivatives, but analytical jacobians
are also applied for computational efficiency. Moreover, the following Huber loss
function is applied to reduce the influence of outliers:

ρ(s) =
{
s s ≤ 1
2
√
s− 1 s > 1 (3.9)

For real-time purpose, motion-only Bundle Adjustment (BA) is performed, as shown
in Fig. 3.7. In the motion-only BA, the 3D positions of landmarks and old states
are assumed to be fixed, only pose, velocity and sensor bias in the sliding window
are estimated. In a factor graph, a constraint is also called a factor. Each frame can
observe many landmarks, and one landmarks might be seen by more than one frames.
To increase the consistency, only those that are observed by at least two frames will
be constructed as reprojection factors. Two consecutive frames are connected by
IMU factors. All frames in the sliding window is keyframes except the last one,
which will be decided to be a keyframe or not in next step.

Figure 3.7: Factor graph of motion-only bundle adjustment

After solving the least-squares problem, states of frames in the window will be
updated. For the last frame to be a keyframe, it should satisfy one of the conditions:

• translation from the second last frame exceeds some threshold
• rotation from the second last frame exceeds some threshold
• preintegration time is longer than some threshold, since IMU measurements

are easy to drift over long time
If the last frame is a keyframe, it will be saved to map and the window slides one
step forward, otherwise it will be replaced by the next coming frame.

Efficient though, motion-only BA still has long-term drift because in each optimiza-
tion it only finds the local optima. One way to resolve this is to perform a global
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optimization at final. As seen in Fig. 3.8, global optimization also estimates land-
mark positions, and it takes all past frames as input. However it would need much
longer time to find solution, so it can be performed in an independent thread or
offline.

Figure 3.8: Local optimization and global optimization

3.2.6 Visualization

A visualization program is developed based on Pangolin to present the trajectory
and environment. The Pangolin is selected since it is a lightweight portable rapid de-
velopment library for managing OpenGL display, interaction and abstracting video
input. In Fig. 3.9, the green line shows the path of the body, and red pyramid
presents to which direction the camera faces. The blue dots presents the observed
features which are projected to 3D space using triangulation.

Besides the trajectory viewer, image is displayed with detected feature positions in
black square and reprojected ones in white circle, which gives an intuitive feeling
of the reprojection errors. The frame per second, number of keypoints and feature
points are also showed in Fig. 3.10.

28



3. Methods

Figure 3.9: Visualizer using Pangolin

Figure 3.10: Display pixels, reprojected pixels, FPS, number of keyframes and
points
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3.3 Evaluation
In the experiment, EuRoC MAV datasets are used. Three representative datasets,
varying from easy to difficult in terms of speed and lightning, are selected to perform
detailed analysis:

• V1_01_easy recorded in a room has slow motion and bright scene
• V1_02_medium recorded in a room has fast motion and bright scene
• MH_05_difficult recorded in a machine hall has fast motion, dark scene

To evaluate the algorithm’s outputs, the EVO package which provides executable
tools for handling, evaluating and comparing the trajectory output of odometry and
SLAM algorithms [35], is applied. Several commonly used formats are supported,
such as TUM trajectory, KITTI pose, and EuRoC MAV groundtruth. And it has
algorithmic options for association, alignment and scale adjustment. These features
make it a suitable tool package for the purpose of evaluation. Next chapter will
cover the running results and data analysis.
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This chapter elaborates on the testing results with various settings in terms of
motion speed and brightness. All tests run in Ubuntu 18.04, RAM@32 GB and
Intel Xeon CPU@2.00 GHz. The qualitative and quantitative comparisons between
the estimation and ground truth will be presented.

4.1 Accuracy
This section mainly focuses on running results of the proposed method with respect
to accuracy.

Slow motion and bright scene
Since the proposed method is key-frame-based, the testing results only contains poses
of key frames, and thus is not as informative as the ground truth. The number of
poses, length of path and duration time are shown in Table 4.1.

Table 4.1: Trajectory information of V1_01_easy

Ground truth Estimation
Number of poses 28712 868
Path length [m] 58.592 56.320
Duration [s] 143.555 143.150

In Fig. 4.1, the trajectories of both the ground truth and testing result of V1_01_easy
are sketched out in the three dimensional space for a qualitative comparison.
The estimated trajectory shows similar shape with the ground truth, while it has
drifts in some parts. To make the difference clearer, the trajectory is represented in
x, y and z direction in respective, as depicted in Fig. 4.2. It can be seen that the
trajectory is quite close to the ground truth, despite that in the first few seconds
there are some drift due to the system has not been well initialized. The drifts
approximately range from 0 to 0.5 m.

To dig more information out of the data, the absolute trajectory error is used. It is
implemented in the evo_ape tool, where corresponding poses are directly compared
between the estimation and the reference given a pose relation, and then statistics
such as max, min, mean and median are calculated [35].
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Figure 4.1: The ground truth and estimated trajectory of V1_01_easy

Figure 4.2: x, y, z translation of V1_01_easy

Fig. 4.3 shows a color map of the translation error. A more precise quantitative error
analysis is present in Fig 4.4. The average error is about 0.55 m, with standard
deviation around 0.22 m. At about t = 85 s, it has lowest error 0.12 m, while
in the worst case the error reaches 1.05 m. Overall, the estimation achieves small
translation error in some places, but most of the time the trajectory is drifted to
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some extent.

Figure 4.3: Translation error mapped onto trajectory of V1_01_easy

Figure 4.4: Absolute pose error with respect to translation part of V1_01_easy

When it comes to rotation evaluation, the same method is applied. Rotation is
presented using roll, pitch and yaw angle. From the comparison in Fig. 4.5, the yaw
angle estimation outperforms the other two. The estimated roll angle sometimes
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has the right value but wrong direction, for example, the estimation is 180 ◦ while
the ground truth is −180 ◦. However, to some extent rotating 180 ◦ or −180 ◦ has
the same effect. The roll angle flipping is possibly due to the numerical oscillation.
The pitch angle has error less than 10 ◦, and oscillates around the ground truth.

Figure 4.5: Roll, pitch and yaw angle of V1_01_easy

In Fig. 4.6 and Fig. 4.7, the quantitative result is presented. The average error is
9.11 ◦. It has lowest error 3.17 ◦ at around t = 82 s, and goes worse after t = 100 s.

Fast motion and bright scene
The number of poses, length of path and duration time are shown in Table 4.2. Com-
pared to the trajectory in Table 4.1, this one has longer path but shorter duration,
meaning that the drone moves faster.

Table 4.2: Trajectory information of V1_02_medium

Ground truth Estimation
Number of poses 16702 757
Path length [m] 75.891 70.649
Duration [s] 83.505 82.800

In Fig. 4.8, the ground truth and the estimated trajectories of V1_02_medium are
sketched out. Similar to the case above, the trend of the estimated trajectory and
ground truth look alike, though drifts in some parts are obvious.
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Figure 4.6: Rotation error mapped onto trajectory of V1_01_easy

Figure 4.7: Absolute pose error with respect to rotation part of V1_01_easy

In Fig. 4.9, the trajectory is represented in x, y and z direction. It can be seen that
the trajectory is quite close to the ground truth. The drift approximately ranges
from 0 to 0.9 m.
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Figure 4.8: The ground truth and estimated trajectory of V1_02_medium

Figure 4.9: x, y, z translation of V1_02_medium

Fig. 4.10 is the translation error map, where the red circle part drifts heavily, more
than one meter away from the ground truth. The quantitative error analysis is
given in Fig 4.11. The average error is about 0.61 m, with standard deviation
around 0.28 m. In the best case, the error can be as low as 0.11 m. While in the
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worst case the error reaches 1.34 m.

Figure 4.10: Translation error mapped onto trajectory of V1_02_medium

Figure 4.11: Absolute pose error with respect to translation part of
V1_02_medium

For rotation, the comparison is shown in Fig. 4.12. Like the case in V1_01_easy
the roll angle flips sometimes. But overall the rotation angles match well with the
ground truth from the figure.
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Figure 4.12: Roll, pitch and yaw angle of V1_02_medium

Figure 4.13: Rotation error mapped onto trajectory of V1_02_medium

From the color map in Fig. 4.13, the red circle part with high error is larger than
the one in translation part. Fig. 4.14 gives the absolute pose error of rotation part.
The average error is about 16.37 ◦. The minimum error is 2.08 ◦ and the maximum
is 33.57 ◦. And the error keeps increasing after t = 40 s.
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Figure 4.14: Absolute pose error with respect to rotation part of V1_02_medium

Fast motion and dark scene
MH_05_difficult is the most difficult out of these three datasets. The number of
poses, length of path and duration time are shown in Table 4.3. The estimated path
length is longer than the ground truth.

Table 4.3: Trajectory information of MH_05_hard

Ground truth Estimation
Number of poses 22212 944
Path length [m] 97.593 101.125
Duration [s] 111.055 110.850

Fig. 4.15 gives the ground truth and estimated trajectories of MH_05_hard. The
estimated trajectory shifts a bit and is not closed, though it has similar shape with
the ground truth.

In Fig. 4.16, the trajectory is represented respectively in x, y and z direction.
Fig. 4.17 is the translation error map, and Fig 4.18 shows the absolute pose er-
ror with respect to translation. The average error is about 1.41 m, with standard
deviation around 0.50 m. In the best case, the error can be as low as 0.30 m. While
in the worst case the error reaches 2.62 m. It can be found that at the beginning
and the end the error is extremely high.

For rotation, the comparison is shown in Fig. 4.19. The roll angle flips sometimes,
and the other two look more or less matched with the ground truth.

39



4. Results

Figure 4.15: The ground truth and estimated trajectory of MH_05_hard

Figure 4.16: x, y, z translation of MH_05_hard

Fig. 4.20 and Fig. 4.21 contain more details about the absolute pose error of rotation
part. The average error is about 6.35 ◦, which is smaller compared to the one in
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Figure 4.17: Translation error mapped onto trajectory of MH_05_hard

Figure 4.18: Absolute pose error with respect to translation part of MH_05_hard

V1_02_medium. The minimum error is 1.39 ◦, and the worst case is 13.82 ◦ occurring
at the end.

In summary, the above results are not ideal. All three tests show that it is easily to
drift over long time, from the fact they have high errors at the last tens of seconds.
The second test has highest rotation error, possibly due to the fastest movement in
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Figure 4.19: Roll, pitch and yaw angle of MH_05_hard

Figure 4.20: Rotation error mapped onto trajectory of MH_05_hard

this dataset. The third test has very bad translation result at initial state, possibly
because the dark environment cannot provide enough visual information to the ini-
tialization procedure.
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Figure 4.21: Absolute pose error with respect to rotation part of MH_05_hard

The proposed visual inertial algorithm still has considerable room to improve in
terms of accuracy. Discussion on possible reasons that might cause the system
deteriorating will be left to next chapter.

4.2 Computational performance

This section talks about the computation efficiency of the proposed method, in
particular, the processing time per frame, and FPS. For real-time purpose, the pro-
cessing is supposed to be around 30 FPS [36].

In the left of Fig. 4.22, the red line presents the processing time at specific frame,
and the green line indicates the average value, which is around 43 ms and is equiv-
alent to 23 FPS. The right of Fig. 4.22 is the histogram of processing time. Most of
the processing time falls in the range 35 to 50 ms.

When testing the dataset V1_01_easy, the number of ORB feature points to detect
is set as 1200. For more details about parameter configurations, refer to the Ap-
pendix A.1. This processing speed is acceptable in real application, and particularly
it can be improved further using GPU to speed up feature detection.

From Fig. 4.23, the average processing time is around 38 ms, i.e., 26 FPS. And most
of the processing time ranges from 30 to 45 ms.

The number of ORB feature points is set as 1000, and thus the processing speed
is a little bit faster than the one mentioned above which has 1200 feature points
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Figure 4.22: Processing time per frame and its frequency in V1_01_easy

to detect at each image frame. The selection of how many feature points to detect
depends on the environment brightness, texture and other factors, so it is usually
tuned by tries and errors. The difference indicates that the the amount of features
is important parameter for processing speed.

Figure 4.23: Processing time per frame and its frequency in V1_02_medium

From Fig. 4.24, the average processing time is about 52 ms, i.e., 19 FPS. And most
of the processing time ranges from 45 to 65 ms.

Given that MH_05_difficult has fast motion and dark scene, the number of feature
points is increased to 2000 to compensate for blur and low texture. Therefore, the
processing time is higher than the previous two cases.

In summary, the processing speed ranges around 19 FPS to 26 FPS. The processing
speed itself is affected by many factors, for example the number of feature points
discussed before, and other aspects such as the strategy for optimization. In next
chapter these will be further discussed.
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Figure 4.24: Processing time per frame and its frequency in MH_05_difficult

4.3 Results overview
Results discussed above are summarized into Table 4.4.

Table 4.4: Overview of the results

V1_01 V1_02 MH_05
min 0.12 0.11 0.30

translation error [m] max 1.05 1.34 2.62
mean 0.55 0.61 1.41
min 3.17 2.08 1.39

rotation error [◦] max 22.55 33.57 6.35
mean 9.11 16.37 13.82
min 20 22 15

processing speed [FPS] max 28 33 22
mean 23 26 19

A comparison to existing top performing algorithms is also done to get a feeling of
whether this work is good or not. Table 4.5 gathers the absolute translation errors,
i.e., mean translation errors, of some well known algorithms.

Table 4.5: Absolute translation errors (RMSE) in meter of top performing
algorithms [1]

V1_01 V1_02 MH_05
MSCKF [37] 0.34 0.20 0.48
OKVIS [38] 0.09 0.20 0.47
ROVIO [39] 0.10 0.10 0.52
VINS-Mono [9] 0.07 0.10 0.35

From the above table, the mean translation errors of the top performing algorithms
are smaller than the ones from this work, which are 0.55, 0.61 and 1.41 m for
dataset V1_01, V1_02 and MH_05 in respective. In this sense, this work performs
relatively bad compared to the well known algorithm. The next chapter will focus
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on discussions about the current implementation and some possible directions to
work on to make improvement.
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Discussion

This chapter covers reflection on application of the proposed method, and discussion
about some shortcomings and what might cause the degradation of the algorithm.
It also talks about some strategies that are different with the implemented ones or
haven’t been applied in the implementation yet.

5.1 Application
The intention of this work is to find a way to better localize a vehicle without using
GPS. The proposed method combines a stereo camera and IMU in a tightly coupled
sensor fusion framework. Since the visual and inertial SLAM is one of the hottest
topics in research, many works have been done and frameworks been proposed for
different purposes such as autonomous driving, virtual reality and 3D reconstruc-
tion. This work is based on the some already existed research, and tries to adapt to
the specific scenario of formula student driverless competition.

With ongoing development, the implementation is supposed to achieve a more ro-
bust and accurate performance, by providing more reliable initialization and state
estimations. In specific, this work aims to serve as a localization and mapping mod-
ule in the CFSD project. But in future, the work could be extended to a more
general one and fit more scenarios for autonomous driving.

5.2 Direct vs. indirect methods
Methods that deal with image measurements and recover camera pose can be di-
vided into two categories: direct methods and indirect methods.

The indirect methods are feature-based. It extracts a sparse set of salient features in
each image and then finds matches in later images with invariant features. The rel-
ative camera motion can be recovered with epipolar geometry, and refined through
bundle adjustment to minimize the reprojection error [40]. This is exactly what is
exploited in this work. For the feature extraction and tracking, typical algorithms
include optical flow, ORB, SIFT and SURF, which have already been briefly intro-
duce in section 2.2.4.
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On the other hand, the direct methods use all information in the image rather than
just some features. It is based on the assumption that successive frames has al-
most the same photometric intensity at the same pixel location. Camera motion is
recovered through photometric error minimization. It has been proved to outper-
form the feature-based methods in the cases with motions blur and little texture [41].

Fig. 5.1 is a simple comparison of the mentioned methods in terms of accuracy and
computational cost [42]. It can be seen that the optical flow method has little dif-
ference with the ORB method in terms of accuracy, but costs less time. Therefore,
one way to improve the current system could be changing the visual frontend to
the optical flow one. On the other hand, the indirect methods highly depend on
distinctive features in images, but there are plenty of scenes that no obvious cor-
ner points are available, where the feature detection algorithm extracts a bunch of
useless features which will be filtered out later. To make the system more robust in
situations where images are blurred and textureless, the direct method could also
be considered in future development.

Figure 5.1: Comparison of direct and indirect methods in terms of accuracy and
cost

5.3 System initialization
The proposed initialization procedure allows the system to start up with the esti-
mated initial gravity, velocity and bias through fusing camera and IMU information
in a loosely coupled way, and it is assumed that all sensors are static during initial-
izing. This could be upgraded to deal with dynamic initialization or even adaptive
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one where the initializing scheme is automatically selected.

Another downside of current system is that it lacks criteria on whether initialization
is successful or the estimate is reliable enough. An failure example could be seen in
the test of MH_05_difficult, where the translation error at beginning is extremely
large. Wrong starting point would lead to considerable deviation in some cases.

5.4 Motion-only vs. motion-structure
The backend optimization scheme can be divided into two classes: motion-only and
motion-structure optimization. The difference between them can be simply viewed
as the difference between localization-only and localization-mapping problem. The
former one only cares about the trajectory estimation, while the latter focuses on
both the trajectory and the environment reconstruction.

In the implementation, the 3D landmark points are assumed to be fixed once they
are obtained. The feature matching results are supposed to be good enough by using
several outlier rejection schemes mentioned in section 3.2.3. Afterwards the features
are triangulated to get 3D points that are relative to the camera coordinates and
need to be transformed to the world coordinates. The transformation is done by
applying the pose information of current frame, therefore, the derived 3D points
would deviate from their true positions if current frame’s pose is not optimal. And
the error information will be propagated through further motion-only optimization
and coordinates transformation. An example is shown in Fig. 3.9, some 3D points
are not in their true position, rendering the reconstructed point clouds shifted to
some extend, and make what should be a plane looks like a box. Therefore, although
the assumption enables motion-only bundle adjustment and makes high-rate pose
estimation output achievable without the need to optimize numbers of landmarks,
it exposes the system to long term drifts.

To make improvement, the landmarks should be optimized as well, by adding the
3D points into the state vector, and finding the optimal values in the solution space.
The reprojection residual is constructed as:

r =
xj

zj
− uj

yj

zj
− vj

 (5.1)

where pj = [xjyjzj]T is the landmark position relative to frame j, and [ujvj]T is the
pixel position in frame j. pj is derived from the corresponding frame i:

xj
yj
zj
1

 = T−1
bc T−1

wbj
Twbi

Tbc


xi
yi
zi
1

 (5.2)

where Tbc and Twbi
represent the transformation from the camera frame to the body

frame, and the body frame i to the world frame in respective. Every time minimizing
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the error of Eq. 5.1, there are three variables x, y and z to optimize. Since there
are much more landmarks than poses, this will add a lot of computational load
unfortunately. A reasonable compromise is the inverse depth technique applied in
VINS-Mono [9]: xy

z

 = 1
λ

uv
1

 (5.3)

where λ = 1
z
is defined as inverse depth. Substitute into Eq.5.2:


xj
yj
zj
1

 = T−1
bc T−1

wbj
Twbi

Tbc


1
λ
ui

1
λ
vi
zi
1

 (5.4)

Therefore the residual is a function of λ, and the number of variables to optimize is
now reduced from 3 to 1, alleviating the computational costs.

5.5 Marginalization
Since the trajectory grows gradually, the concept of sliding window is proposed
to keep the number of poses to optimize constant and thus the processing time is
acceptable. The strategy exploited in the implementation provides another expla-
nation for the non-ideal testing results: when a new keyframe comes in, the oldest
keyframe in the sliding window is dropped directly, which means the information
carried by the oldest keyframe is discarded. The estimation is essentially a Bayesian
optimization problem. Optimizing the states in the sliding window is a Maximum
Likelihood (ML) estimate, if given a prior, then it could be upgraded to a Maximum
a Posterior (MAP) estimate. By directly discarding the keyframe, information is
lost and there will be no prior available. This could be solved by properly marginal-
izing out the unwanted variables.

Figure 5.2: An example SLAM problem and its information matrix

Marginalization is the method that discards variables but retains the information.
Take a simple example, in the left of Fig. 5.2, ξ and L represents pose and landmark
in respective. In the middle shows the information matrix of this problem, where
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non-white entry means non-zero value and there exists a constraint between the
corresponding variables. To marginalize out ξ1, the matrix is divided into 4 parts,
with the up-left corner to be eliminated.

The Schur Complement is applied, with details shown in Fig. 5.3. In essence it is a
Gaussian elimination problem, and ξ1 is discarded but the constraint information is
kept in Λ′aa.

Figure 5.3: Marginalization with Schur Complement

5.6 User-defined parameters
There are considerable parameters need to be tuned based on experiments. In the
Appendix A.1, some of the parameter values are given by the datasets such as sensor
settings. Others are user-defined like feature detection settings, tracking settings,
and optimization settings. Using different parameters would dramatically affect the
results.

For instance, setting a high number of features can slow down the processing speed.
As seen in Fig. 4.22 the average time per frame is around 43 ms with 1200 features,
and in Fig. 4.24 the time increases to 52 ms with 2000 features. Generally speaking,
one could set a low number of features to gain faster computation at the loss of ac-
curacy, and vice versa. But how many features would be proper to use also depends
on the quality of images, and typically more features are needed to compensate for
the worse visual measurements. This number is just one of the most parameters
that affect the overall performance.

The user-defined parameters also include various kinds of thresholds. For example,
the minimum match distance decides how close should two feature descriptors be
so that they are considered as identical. The max depth makes sure points that are
too far away will be rejected since they are less accurate due to camera’s measuring
limits. The thresholds of keyframe rotation and translation determine how often
should a frame be set to keyframe.
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6
Conclusion and future work

This thesis is motivated by the CFSD19 project, aiming at delivering a self-driving
formula race car. In this work a visual inertial odometry is implemented for the
purpose of real-time state estimation. In the frontend the ORB detection method is
applied to extract visual information, associate different image frames and keep track
of the image sequence. The IMU measurements are processed based on the prein-
tegration theory. A four-step initialization approach is proposed to derive initial
estimations. In the backend, a least-square problem is constructed with informa-
tion from the frontend and well-defined cost functions, and is solved through the
Levenberg-Marquardt algorithm. The motion-only bundle adjustment is performed
over a fixed-size sliding window. The implementation is open-sourced in the Github
repository [43].

To answer the first research question in section 1.3 (i.e., how well does the proposed
method estimate an egomotion state?), tests regarding to the estimation error of
the proposed algorithm are performed with the EuRoC datasets. In general it can
produce an estimated trajectory that has a similar shape as the ground truth, under
situations varying from slow motion to fast motion and bright scene to dark scene.
The minimum error could reach 0.1–0.3 m and 2–3 ◦ for translation and rotation
errors respectively. However, overall it still suffers from drifts and some unexpected
behaviors due to many factors. In respective, the mean errors of translation and
rotation are 0.5–1.4 m and 9–16◦.

Generally, the more complex the environment is, the less visual texture and thus
higher estimation error, but possible reasons that might cause the non-ideal out-
comes are also discussed. One of them is user-defined parameters such as the num-
ber of features to detect, maximum matching distance, max depth and so on. They
should be tuned to fit different environment and motion settings. Therefore, it is
concluded that extension research is still necessary to further enhance the system
accuracy and robustness.

Unfortunately, when compared to the top performing algorithms, the current im-
plementation does not achieve a descent result, which also indicates there is a big
room for improvement.

To answer the second research question (i.e., how fast is the implemented algo-
rithm?), processing speed of the algorithm is examined with EuRoC datasets. On
average the processing speed can reach 19–26 FPS, which is reasonable in the CFSD
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application. While compared to real-time purpose system which runs at around
30 FPS [36], the algorithm needs to be optimized further by, for example, involving
graphic processing unit to extract feature points in images, or replacing the feature-
based methods with the direct methods in the frontend.

6.1 Future work
As mentioned in previous sections, the next thing to do would be upgrading the
submodules of current system, including the direct methods for visual frontend, dy-
namic initialization procedures, inverse depth optimization and marginalization as
discussed in last chapter.

In detail, the future work would focus on improving the reliability of initialization
results, upgrading the strategy of keyframes and map points management, realizing
the functionality of optimizing motion and map simultaneously, enhancing the esti-
mation accuracy and robustness by incorporating the marginalization information.
Further, more advanced topics such as loop closure, global optimization, failure de-
tection, and relocalization after losing track or bias corrupted, would be considered.

With a better foundation, the very initial goal will be aimed at: adapt the visual
inertial SLAM to OpenDLV platform and serve for the CFSD project.
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A
Appendix

A.1 Configuration

#########################################################
##### Sensor settings #####
# Camera
imageWidth : 752
imageHeight : 480
cameraFrequency : 20
# Standard deviation of pixel-level measurement
stdX : 0 .5
stdY : 0 .5

# Left camera intrinsics
camLeft : ! ! opencv−matrix

rows : 3
c o l s : 3
dt : d
data : [ 458 .654 , 0 , 367 .215 ,

0 , 457 .296 , 248 .375 ,
0 , 0 , 1 ]

d i s t L e f t : ! ! opencv−matrix
rows : 5
c o l s : 1
dt : d
data : [ −0.28340811 , 0 .07395907 ,

0 .00019359 , 1 .76187114 e−05, 0 ]

# Right camera intrinsics
camRight : ! ! opencv−matrix

rows : 3
c o l s : 3
dt : d
data : [ 457 .587 , 0 , 379 .999 ,

0 , 456 .134 , 255 .238 ,
0 , 0 , 1 ]

d i s tR ight : ! ! opencv−matrix
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rows : 5
c o l s : 1
dt : d
data : [ −0.28368365 , 0 .07451284 ,

−0.00010473 , −3.55590700e−05, 0 ]

# Camera extrinsics
rotat ionLe f tToRight : ! ! opencv−matrix

rows : 3
c o l s : 3
dt : d
data : [ 0 .999997 , 0 .00231207 , 0 .000376008 ,

−0.00231714 , 0 .999898 , 0 .0140898 ,
−0.000343393 , −0.0140907 , 0 .999901 ]

t rans l a t i onLe f tToRight : ! ! opencv−matrix
rows : 3
c o l s : 1
dt : d
data : [ −0.110074 , 0 .000399122 , −0.000853703 ]

# IMU paramteres
## IMU coordinate system camera coordinate system
## x | / z / z
## | / /
## ------ y ------ x
## |
## | y
samplingRate : 200 # [Hz]
# (euroc) inertial sensor noise model parameters (static)
gyroscope_noise_dens ity : 1 .6968 e−04

# [ rad / s / sqrt(Hz) ] ( gyro "white noise" )
gyroscope_random_walk : 1 .9393 e−05

# [ rad / s^2 / sqrt(Hz) ] ( gyro bias diffusion )
acce l e rometer_no i se_dens i ty : 2 .0000 e−3

# [ m / s^2 / sqrt(Hz) ] ( accel "white noise" )
accelerometer_random_walk : 3 .0000 e−3

# [ m / s^3 / sqrt(Hz) ] ( accel bias diffusion )

# Need to estimate extrinsics or not:
# 0 - the given extrinsics below is good enough ,
# will be kept fixed
# 1 - the given extrinsics below is just an initial
# guess , need to be optimized
e s t ima t eEx t r i n s i c s : 0
# Camera (left) and imu extrinsics
rotationImuToCamera : ! ! opencv−matrix
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rows : 3
c o l s : 3
dt : d
data : [ 0 .0148655 , 0 .999557 , −0.0257744 ,

−0.999881 , 0 .0149672 , 0 .00375619 ,
0 .0041403 , 0 .0257155 , 0 .999661 ]

translationImuToCamera : ! ! opencv−matrix
rows : 3
c o l s : 1
dt : d
data : [ 0 .0652229 , −0.0207064 , −0.0080546 ]

#########################################################
##### Feature detection settings #####
delay : 10

# Use ORB of OpenCV or ORB_SLAM2
cvORB: 0 # default: not use OpenCV ORB

# ORB feature detector parameters
numberOfFeatures : 1200
s ca l eFac to r : 1 . 2
leve lPyramid : 8

# (OpenCV) ORB Detector
edgeThreshold : 31
scoreType : 1 # 0 is ORB::HARRIS_SCORE ,

# 1 is ORB::FAST_SCORE
patchS ize : 31
fa s tThre sho ld : 20
# For OpenCV ORB, detect in several grids to
# make the distribution of keypoints more evenly
gridRow : 1
gr idCol : 1

# (ORB_SLAM2) ORB Extractor: Fast threshold
# Image is divided in a grid. At each cell FAST
# are extracted imposing a minimum response.
# Firstly impose iniThFAST. If no corners are
# detected we impose a lower value minThFAST
# Lower these values if the images have low contrast
iniThFAST : 20
minThFAST: 7

# Feature matching parameters
matchRatio : 2 # the distance of a good
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# match should be smaller
# than minDist*matchRatio

minMatchDist : 30 .0 # another number for selecting
# good matches , from experience

maxVert i ca lP ixe lDi s t : 0 . 1 # selecting good matching by
# the vertical coordinates as
# images have been rectified

maxFeatureAge : 8 # Max age of a feature
maxDepth : 10 # Max depth or distance

# w.r.t camera

#########################################################
##### Tracking settings #####
# Keyframe selection
keyframeRotation : 0 . 2
keyframeTrans lat ion : 0 . 1
maxImuTime : 4

# Reinitialization if bias is corrupted
maxGyrBias : 0 . 1
maxAccBias : 0 . 6

# Initialize with SfM
i n i t i a l i z eWi thS fm : 1

# SfM frame selection
sfmRotation : 0
s fmTrans lat ion : 0

# Method for solving PnP problem:
# 0-SOLVEPNP_ITERATIVE (default)
# 1-SOLVEPNP_EPNP (Efficient Perspective -n-Point
# Camera Pose Estimation)
# 2-SOLVEPNP_P3P (Complete Solution Classification
# for the Perspective -Three -Point Problem)
# 3-SOLVEPNP_DLS (A Direct Least -Squares (DLS)
# Method for PnP)
# 4-SOLVEPNP_UPNP (Exhaustive Linearization for
# Robust Camera Pose and Focal Length Estimation)
# 5-SOLVEPNP_AP3P (An Efficient Algebraic Solution
# to the Perspective -Three-Point Problem)
# [not available in OpenCV 3.2.0]
solvePnP : 0

#########################################################
##### Optimization settings #####

IV



A. Appendix

minimizer_progress_to_stdout : 0
max_num_iterations : 20 # default: 50
max_solver_time_in_seconds : 10 # default: 1e6
num_threads : 2 # default: 1
check_gradients : 0

# Gravity magnitude for initial accelerometer correction
g rav i ty : 9 .81734 # [m/s^2] gravitational acceleration

# (might need slightly modification
# in case of different location)

# Prior covariance factor
priorWeight : 1e−5
# Loop Closure
l oopClosure : 0
# Global optimization
g loba lOpt imize : 0

#########################################################
##### Loop closure settings #####
vocabulary : . . / c on f i g / vocabulary /ORBvoc . bin
minFrameInterval : 40
minScore : 0 .01

#########################################################
##### Viewer settings #####
viewSca le : 1
po in tS i z e : 4
landmarkSize : 2
cameraSize : 0 . 4
cameraLineWidth : 3
l ineWidth : 2
viewpointX : 10
viewpointY : 10
viewpointZ : −30
viewpointF : 2000
background : 0 # 0-black , 1-white
## world frame
## x | / z
## | /
## ------ y
# set the up direction as AxisX:
# 0-AxisNone , 1-AxisNegX , 2-AxisX ,
# 3-AxisNegY , 4-AxisY , 5-AxisNegZ , 6-AxisZ
ax i sD i r e c t i on : 2
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