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Abstract

Simultaneous Localization and Mapping (SLAM) is one of the fun-
damental components for autonomous robotic exploration. The goal of
SLAM is to create an accurate map for the environment and provide
robust state estimation for planning, control, and perception tasks. How-
ever, due to the nature of di�erent sensors, SLAM estimates are prone to
drift and failure in degraded environments. For example, LiDAR-based
estimation algorithms are easy to fail when the environments are geomet-
rically degraded (elevator shafts, long corridors), and so are vision-based
algorithms in texture-less environments.

In the DARPA Subterranean Challenge, a 
eet of robots are sent to
navigate through various tunnel, urban, and cave environments, where
degenerate and challenging scenes frequently show up, creating many
failure cases for LiDAR-inertial state estimation system. In order to
extend the robot's exploration capability to these di�cult cases, we
introduce an additional visual-inertial odometry pipeline to the system.

In this thesis, we demonstrate that a vision-aided LiDAR-inertial odometry
system can provide more robust state estimation under challenging envi-
ronments. We �rst discuss methods of failure and degeneracy detection
for LiDAR and visual odometry. Then we expand on the depth-enhanced
visual-inertial odometry pipeline, including hardware setup, and software
architecture. Finally, we present a complete visual-LiDAR-inertial state
estimation pipeline and show that our system can overcome extremely
challenging environments like elevator shafts, long corridors, etc.
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Chapter 1

Introduction

1.1 Background and Motivation

Simultaneous localization and mapping (SLAM) is a popular problem in robotics

research. It is essential for autonomous robots to ful�ll complex and dangerous

missions such as perception in subterranean environments, industrial inspection and

search and rescue. In these GPS-denied scenarios, darkness, airborne obscurants

conditions (dust, fog and smoke), and lack of perceptual features are major challenges

that currently hinder us from employing robotic systems for long-term autonomy.

In the DARPA Subterranean Challenge [1], a 
eet of robots are sent to unknown

underground environments to autonomously explore, detect a set of prede�ned

artifacts, and report the type and location of those artifacts back to the basestation.

SLAM is one of the essential components of the autonomy system. The accuracy and

robustness of SLAM determine the performance of many downstream components:

Control algorithms relies on a high frequency state estimation in order to keep drones

and ground robots from crashing; Exploration planning needs the local and global map

to �nd the frontiers; Artifact localization needs accurate pose and map information

to localize items within the 5-meter error bound.

In the previous challenges, LiDAR-based odometry methods [20][25] were chosen

because of the high-�delity 3D measurements from LiDAR sensors. Though LiDAR-

based odometry methods present promising performance in the majority of the

scenarios, they su�er to provide robust motion estimations when encounter structure-
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CHAPTER 1. INTRODUCTION

less environments (long corridor, elevator shaft, etc). These challenging scenes are

common in the competition and need to be dealt with.

(a) elevator shaft top-down view
(b) Single frame of LiDAR point cloud in the
elevator shaft

Figure 1.1: An elevator shaft in urban environments. LiDAR-based odometry with
a horizontal scan con�guration will degenerate when robot moves up and down as
there is no geometric constraint for Z direction.

A natural approach to solve this issue is to add additional odometry source to

the state estimation system. For our setup, vision-based odometry is one accessible

approach and can e�ectively provide better constraints in geometrically degraded

environments. However, vision-based methods usually have a larger drift rate compar-

ing with LiDAR-based methods. Vision-based methods can also fail in perceptually

degraded settings, such as sudden photometric changes, heavy airborne obscurants,

insu�cient illumination, etc.

Thus, the problem of how to combine di�erent sources of odometry is still worth

discussion. The desired solution should prefer the better odometry given the current

environment situation. To reach this goal, degeneracy detection methods for both

LiDAR and visual odometry are necessary, as well as a robust switching mechanism

between the odometry sources in the state estimation pipeline.

2



CHAPTER 1. INTRODUCTION

1.2 Contribution

This thesis aims to enhance the current LiDAR-based state estimation system deployed

to Team Explorer's DS (Drone Small) drones of the DARPA Subterranean Challenge.

More speci�cally, this thesis work will discuss:

1. A degeneracy detection method for LiDAR-based odometry by analyzing 3D

features' spatial distribution and optimization constraints.

2. Failure deteciton methods for visual-inertial odometry with feature tracking

status and 3D-2D feature reprojection ourlier distribution.

3. The hardware and software design of a LiDAR depth-enhanced visual-inertial

odometry system.

4. A vision-aided LiDAR-inertial odmetry system.

3
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Chapter 2

Related Work

2.1 Visual-Inertial Odometry

Since the application of this thesis is to use visual information as an additional guide

in challenging environments, we focus on visual-inertial odometry instead of a full

visual SLAM system. The main di�erence is the lack of the capability of loop-closure

and global correction in odometry. However, we believe odometry is enough for

short-term guidance in degraded environments.

There have been many e�orts on visual-inertial odometry (VIO) in the research

community. Current literature in visual odometry can be roughly classi�ed into two

main approaches: �ltering-based approach and optimization-based approach.

Multi-State Constraint Kalman Filter (MSCKF) [ 13] is one of the earliest successful

�ltering-based VIO algorithms and was applied to real-world autonomous systems.

The approach is based on an Extended Kalman Filter (EKF) framework and avoids

adding feature landmarks to the state vector of the estimator, signi�cantly reducing

the size of the state space. Many works extend on the MSCKF and achieve impressive

results: S-MSCKF [19] presents a stereo camera implementation of MSCKF and

shows better robustness; OpenVINS [6] introduces an open research VIO platform

that bases on MSCKF; Huang, et al. introduces an observability-aware MSCKF [9]

that improves the consistency of the �lter. Though �ltering-based VIO algorithms

show decent performances and computational advantages over optimization-based

algorithms, they require measurements to be linearized once at update stage, and
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thus could su�er from large linearization error.

On the other hand, optimization-based VIO algorithms construct a graph of

pose and measurements and provide the potential of re-linearizing measurements

when needed. The methods perform batch non-linear optimization over a set of

previous measurements, which usually give more accurate pose estimation, at the

cost of computation. Optimization-based algorithms are also more robust to bad

measurements comparing with �ltering-based VIO. These methods often consist of

two main parts: the front-end and back-end, where the front-end interacts with raw

image data, as well as performs feature extraction and tracking, while the back-end

manages the measurements and optimization parameters by constructing a non-

linear least-square problem. Open Keyframe-based Visual-Inertial SLAM (OKVIS)

[12] and VINS-Mono [15] are two popular open-source methods that present good

results. Both methods maintain a sliding-window of camera posse and associate

feature landmarks, then perform batch optimization for pose states. In the case of

VINS-Mono [15], the algorithm jointly optimizes over IMU error, reprojection error,

and marginalization error for camera pose and velocity, IMU accelerometer, and

gyroscope biases, camera-IMU extrinsic, and time o�set.

In this thesis, we base our VIO development on VINS-Mono [15] since it provides

extensive capabilities and decent pose estimation performance. Its well-maintained

open-source code also makes it easier for extension and modi�cation.

2.2 LiDAR-Visual Odometry

LiDAR-based odometry has been proved to perform well in the majority of en-

vironments. However, to deal with cases where 3D geometric constraints are not

enough, researchers have been investigating fusing additional vision sensors to improve

robustness of the system.

V-LOAM [ 21] is one of the earliest and best-performing methods in the area

of visual-LiDAR odometry. It presents a loosely-coupled method to fuse di�erent

sensor measurements. The proposed algorithm adopts a sequential data pipeline

where visual odometry estimation results provide motion predictions for laser scan

matching. One limitation of V-LOAM is that the current pose estimation is based on

the previous pose, and it's hard for the algorithm to recover from a bad estimation.

6
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Tightly-coupled methods are also presented in recent literature. Shao et al.

proposed VIL-SLAM[17], a stereo-visual-inertial-LiDAR SLAM algorithm, which

e�ectively fuses stereo-visual-inertial odometry with LiDAR measurements; LIC-

Fusion [26] tightly couples lidar edge features, sparse visual features, as well as plane

features together by using an MSCKF framework. These two methods tightly combine

visual and LiDAR measurements, which could lead to failure in case of sensor failure

or degradation.

More 
exible methods that introduce failure detection of components are intro-

duced too. LVI-SAM [16] bypasses its visual odometry factors when it detects low

feature number or large IMU bias estimation. In this thesis, we expand on Super

Odometry [25], an IMU-centric odometry algorithm. The framework allows easy

integration of di�erent odometry sources and can be combined with our later proposed

failure and degeneracy detection.

2.3 Degeneracy Detection

In order to switch between odometry sources based on environment, uncertainty

awareness is important for such decision-making.

Zhang et al. [23] discuss the degeneracy detection methods for optimization-based

state estimation methods. The proposed method argues that the eigenvalues of the

information matrix for the optimization process can show the degeneracy of the

least-square problem. However, the threshold for the minimum eigenvalues can be

di�cult to choose in real-world applications. Hinduja et al. [8] used the ratio of the

largest and smallest eigenvalues for degeneracy detection, which in other literatures

also called condition number of the problem. The condition number formulation

makes it easier for picking the degeneracy threshold in practice and is experimented

with in this thesis.

For visual odometry degeneracy detection, LVI-SAM [16] proposes to keep track

of the number of stable features, and estimated IMU bias. The method is simple but

widely used for failure detection.
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Chapter 3

Hardware System

3.1 Overview

The algorithm is tested on various hardware systems, including MMPUG payloads

for the USASOC project, Team Explorer's DS (Drone Small) drones, Canary drones

for the DARPA Subterranean Challenge.

This chapter mainly focuses on the DS drone setup. An overview of the hardware

system is presented, and then critical components related to the state estimation are

further discussed. Speci�cally, this chapter will expand on the time synchronization

between all the sensors, and getting the best image quality to support visual-inertial

odometry.

3.2 Time Synchronization

Time synchronization between the sensors is critical for the performance of state

estimation systems, as the algorithm often needs to perform data association and

sensor fusion with multiple sensing capabilities. Though online temporal o�set

estimation methods exist [15], SLAM systems are generally less stable and have

higher drift rates when there is no synchronization between sensors.

For the VIO-aided LiDAR-inertial odometry system, we need to have synchronized

sensor readings from camera images, IMU, and Velodyne laser scans. Figure 3.2
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Figure 3.1: DS (Drone Small) drones, Team Explorer, DARPA Subterranean Chal-
lenge. Picture taken at Laurel Caverns natural cave

shows our sensor setup on DS drones and �gure 3.3 shows the time synchronization

scheme between the uEye camera, the Xsens IMU, and the Velodyne Puck Lite.

Figure 3.2: DS (Drone Small) drones sensor hardware
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Figure 3.3: DS (Drone Small) drones timesync scheme

In the DS Drone setup, we choose IMU internal clock time as our time server,

and the other sensors synchronize their timestamps to the IMU time server.

To synchronize the Velodyne to the IMU clock, the PPS signal from the IMU

(based on its internal clock) is directed to the Velodyne. From the NUC computer

side, when it receives a PPS IMU data packet, it creates a fake NMEA GPS message

with a timestamp rounded to closest integral second and sends the NMEA message

to the Velodyne through an Ethernet connection.

For the uEye camera, the system uses a Teensy 3.2 microcontroller to manage the

camera external triggering signal. The IMU PPS signal is wired to a GPIO pin on

the Teensy so it has IMU internal clock information available. Upon image request,

the uEye driver sends the start camera trigger command to the Teensy, and then

Teensy generates a 15 hz camera trigger signal starting from the next IMU PPS.

This ensures that the camera grabs frame at 15 hz, and the �rst image aligns with

an integer second in the IMU time frame. The camera internal clock timestamp of

the �rst image is also stored, and used as the base stamp to calculate incremental

time di�erences for the following images (as shown in �gure 3.3). Note that this

scheme assumes that the total 
ight time of the drone is short enough that the camera

11
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internal clock and IMU internal clock (server) do not drift too much. We do con�rm

this is the case for DS drones with its 15 minutes 
ight time.

The above synchronization scheme avoids modifying the system clock, which takes

time when syncing through tools like Chrony, and potentially disrupts other processes

that rely on computer system time. This is especially important when launching

drones autonomously in the �eld in a short period of time.

3.3 Image Quality

Image quality is crucial for visual odometry systems. To get the best out of our

camera sensor, we did some custom tuning to the image quality. In this section,

we will present the camera model, exposure compensation, and image brightness

adjustment to achieve good image quality.

Camera Sensor and Lens Model

The main camera on DS drones is the uEye UI-3271LE-C-HQ with a Sony IMX265

imaging sensor. It has a 1=1:8" global shutter sensor as shown in �gure 3.4. Comparing

with its Intel RealSense [11] counterparts on the ground vehicles, the global shuttering

sensor reduces the skew of objects in images under fast motion. Without an online

compensation for rolling shutter e�ects, global shutter cameras are considered to be

the better choice for state estimation purposes.

We choose the Lensagon BF5M2023S23C �sheye lens for the camera. The wide-

angle �sheye lens gives us 195� horizontal and vertical �eld of view. As shown in the

�gure 3.5, due to the limited sensor size, some cuto� of FOV appears in the vertical

direction, but the overall FOV satis�es the requirements and gives us a better view

of the scene.

To model the lens for VIO purposes, we adopt to use a pinhole camera model

with equidistant lens distortion model [10]. The equidistant distortion can model our

lens distortion well. An undistorted image is shown in �gure 3.5.

12



CHAPTER 3. HARDWARE SYSTEM

(a) uEye UI-3271LE-C-HQ camera. Images
from uEye website.

(b) Lensagon BF5M2023S23C �sheye lens on
uEye camera.

Figure 3.4: Camera and �sheye lens hardware

(a) Original image (b) Undistorted image

Figure 3.5: Sample image and undistorted image with equi-distant camera model

Exposure

An appropriate exposure for image capturing is important for VIO algorithms as

under or overexposure can lead to feature extraction failures, and thus insu�cient

constraint to the pose estimation.

Comparing with �xed exposure value, auto-exposure can generally provide better

adaptation to di�erent scenes as the illumination conditions change. However, due

13
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to our �sheye lens setup, there exist black regions at the corners of the images and

do not have valid pixel values. These regions can lead to over-exposure since the

auto-exposure algorithm tries to get the best contrast across all the pixels in the

image.

To avoid over-exposure, we apply a lower auto-exposure reference value to the

auto-exposure algorithm, which arti�cially o�set the target exposure to compensate

for the over-exposure.

Long exposure time can also lead to motion blur for fast motion, which is common

during drone exploration. Thus, aside from exposure reference value adjustment, we

also set a max exposure time of 16ms to avoid motion blur.

Image Brightness Look-up-table

To further enhance the image quality from the camera, we apply an image brightness

adjustment process after raw image acquisition. With the raw images, we observe that

there are regions with unbalanced brightness, meaning that some of the brightness

values are clustered on the lower or higher regions of the dynamic range. This e�ect

can be caused by inaccurate imaging sensors or severe lens fall-out e�ect. Images

with unbalanced brightness will have low contrast in dark or bright areas, degrading

the performance of feature extractors for VIO and object detection in the perception

pipeline.

To reduce this e�ect, we propose to use an image brightness look-up-table (LUT)

to remap the original raw image pixel values to adjusted values that will produce a

more balanced image.

For a sample image in �gure 3.6, we can observe some dark regions on the edge

and ceiling with low contrast:

The method to obtain the remap LUT and enhance image contrast is as follow:

1. Crop a center region of interest (ROI) of the image to avoid taking into account

the invalid black edges from �sheye lens.

2. Calculate the histogram of the grey scale brightness image within ROI.

3. Calculate a remap LUT curve by doing a cumulative sum of the histogram

followed by a normalization. The resulting curve should "stretch" or "shrink"

the original histogram to use the whole dynamic range of the image.

14
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Figure 3.6: Sample raw image from camera, with dark regions on the edges of the
lens, as well as ceiling.

4. Apply the remap LUT to each of the R, G, B channels of the image.

For the sample image above, LUT brightness adjustment curve is shown in �gure

3.7. The image greyscale histogram before and after the LUT adjustment is shown in

�gure 3.8. We can see that the pixel values in the histogram are more 
attened to

the entire dynamic range, which enhances the image contrast.

Below are the comparisons 3.9 from three sets of images before and after the

LUT brightness adjustment. We can observe that the images after adjustments show

better contrast in original dark regions.

In practice, the LUT application to the image is done on camera hardware, which

does not incur additional computation overhead. Another advantage of using camera

hardware processing is that the camera hardware has access to the raw 12-bit image

instead of the output 8-bit image, which gives more dynamic range to the image for

more information.

We also observe that instead of calculating a new LUT curve for each of the new

frames, a �xed LUT calculated on a representative sample image can still achieve

signi�cantly better result and can reduce computation.
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Figure 3.7: LUT adjustment curve for sample image 3.6. The LUT is arranged as a
32-section curve, where each value represents the normalized cumulative function for
image pixel value remapping

(a) image histogram of original raw image (b) image histogram after LUT adjustment

Figure 3.8: Grey scale image histogram before and after the adjustment. Pixel values
are more evenly distributed across the entire dynamic range
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