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ABSTRACT 

 
Simultaneous Localization and Mapping (SLAM) requires an autonomous vehicle in an 

unknown environment to learn about the environment, generates a map and localize itself 

at the same time. To solve this problem, various types of sensors are equipped to gather 

information. Nowadays, with the development of computer vision, Visual-SLAM 

(VSLAM) that relies on cameras becomes a major topic. Specifically, stereo cameras can 

provide additional depth information along with regular RGB information. 

In this thesis, state-of-the-art VSLAM methodologies are reviewed and evaluated over 

standard vision benchmarks. Then a novel semi-direct VSLAM system for stereo cameras 

is proposed. It utilizes direct image alignment for camera pose estimation, and indirect 

methods to optimize poses and landmarks. The system maintains a sparse point cloud map 

and allows loop closing and relocalization when tracking is lost. Further experiments 

validate that it can achieve competitive accuracy with higher efficiency comparing to other 

VSLAM methods. 

 

Keywords: simultaneous localization and mapping (SLAM); stereo vision; direct image 

alignment; bundle adjustment (BA)  
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𝑥 = (𝑢, 𝑣, 𝑑) Feature of image at coordinates (𝑢, 𝑣) with its descriptor 𝑑. 

𝑥𝑠

= (𝑢𝑙 , 𝑢𝑟 , 𝑣) 

A stereo feature represented by three coordinates, where (𝑢𝑙 , 𝑢𝑟) are 

the horizontal coordinates on the left and right images, 𝑣 is the shared 

vertical coordinate. 

𝑥𝑚 = (𝑢𝑙 , 𝑣𝑙) 
A monocular feature represented by its two coordinates on the left 

image. 

𝑧 
The depth triangulated from the left-right disparity and the intrinsic of 

the stereo camera. 

𝑇 = [
𝑅 𝑡
0𝑇 1
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Transform matrix of camera pose, where 𝑅 is Rotation Matrix and 𝑡 is 

transformation vector that describe the 6DoF camera motion. 

𝐹 𝑎𝑛𝑑 𝐾 Frame and Keyframe. 

𝑃𝑤 A landmark position in the world coordinate system. 

𝑛 Viewing direction of a map point. 
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(𝑓𝑥, 𝑓𝑦) Stereo camera intrinsic: focal length. 

(𝑐𝑥, 𝑐𝑦) Stereo camera intrinsic: principal point. 

𝑏 Stereo camera intrinsic: length of baseline. 

𝓅𝑥 A small patch centered at feature 𝑥. 

𝐼𝓅𝑥
 Intensity values of the small patch centered at feature 𝑥. 

𝒳(.) A set of features. 

𝜌 The robust Huber cost function. 
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Chapter 1. Introduction 

1.1 Background 

In the field of robotics and automotive industry, researchers and developers have 

been making an effort to equip computers with the ability to understand the world 

with their own “observations” so that robots or autonomous vehicles are able to 

interact with the surroundings without human interference or prior-knowledge-based 

programming. It is a major branch of applications of Artificial Intelligence (AI) in 

engineering. The goal of this field is to liberate human labour from fundamental 

working scenarios, or take the place of human in dangerous or costing tasks, such as 

rescuing and extreme environment exploring.  

In terms of the autonomous vehicle, referring to the National Highway Traffic Safety 

Administration (NHTSA) of America, there are six levels of vehicle automation [1]: 

Level 0 – The human driver does all the driving. 

Level 1 – An Advanced Driver Assistance System (ADAS) on the vehicle can 

sometimes assist the human driver with either steering or braking/accelerating, but 

not both simultaneously. 

Level 2 – ADAS on the vehicle can itself actually control both steering and 

braking/accelerating simultaneously under some circumstances. The human driver 

must continue to pay full attention (“monitor the driving environment”) at all times 

and perform the rest of the driving tasks. 
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Level 3 – An Automated Driving System (ADS) on the vehicle can itself perform all 

aspects of the driving task under some circumstances. In those circumstances, the 

human driver must be ready to take back control at any time when the ADS requests 

the human driver to do so. In all other circumstances, the human driver performs the 

driving task. 

Level 4 – An ADS on the vehicle can itself perform all driving tasks and monitor the 

driving environment – essentially, do all the driving – in certain circumstances. The 

human need not pay attention in those circumstances. 

Level 5 – An ADS on the vehicle can do all the driving in all circumstances. The 

human occupants are just passengers and need never be involved in driving. 

Obviously, level 0 - level 2 vehicles are not really “autonomous”, only working to 

some extent as an assistant of the driver. Vehicles within these levels are able to 

control the movements but cannot “decide” the way of driving. In this thesis, 

“autonomous vehicles” refers to vehicles ranging from level 3 to level 5, which drive 

on their own, relying on equipped sensor inputs and computational outputs, with 

human on-board only participating as supervisors or even passengers.  

The driving force behind the development of autonomous vehicles lies in their 

superiority in safety and efficiency. The main leads of most traffic crashes are human 

mis operations or negligence. Autonomous vehicles have the potential to reduce 

injuries and save lives, as well as erase the direct or indirect economic loss (A 

NHTSA study showed motor vehicle crashes in 2010 cost US$242 billion in 

economic activity, including US$57.6 billion in lost workplace productivity, and 
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US$594 billion due to loss of life and decreased quality of life due to injuries [1]). 

Based on the newly released TomTom Traffic Index 2019 [2], the congestion level 

of Toronto is 33% (ranked 80th of 416 cities around the world) , meaning 33% of 

daily commute time is wasted because of traffic delay. Autonomous vehicles have 

superiority in cooperation compared to human drivers to maintain smooth traffic flow 

and reduce traffic congestion, therefore more efficient. 

One of the most fundamental functionalities of autonomous vehicles is Simultaneous 

Localization and Mapping (SLAM), introduced in the next section. 

1.2 Simultaneous Localization and Mapping (SLAM) 

In a real-world case of driving to another unfamiliar place (defined as “destination”), 

firstly, the current location of the vehicle is required to determine relative positions 

of the vehicle and the destination. The second step is to acquire a global map (no 

matter a paper one or a digital one) containing the two positions, then a path leading 

to the destination can be planed, making it easy for a navigation system to guide the 

driver to the destination. This process can be summarized as a repetition of “self-

localization along the path within the map” and “moving along the path (current 

position update)”. However, what if there is no global map containing the required 

information nor any available navigation system? After determining self location and 

the relative positions, the driver is supposed to learn about the local area to generate 

a local map, and choose a possible path leading to the destination, then move along 

the path to a new location. Repeat the steps of “self-localization”, “local mapping”, 

“path planning based on relative positions and the local map”, “current position 

update”, until reach the destination or ensure it is unreachable. 
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The second process discussed above, where the “driver” is to learn about an unknown 

environment and acquire the position information for further applications (e.g., 

navigation in the above scenario), is the basic idea of SLAM. Level 5 autonomous 

vehicles are supposed to work in any environment without prior knowledge, and 

SLAM is one of the most fundamental functionalities that help them explore the 

unknown environment.  

SLAM stands for Simultaneous Localization and Mapping [3, 4]. As the name 

indicates, it has two main tasks: localization and mapping. The purpose of mapping 

is to generate a mathematical model of the environment based on the information 

acquired by means of sensing techniques. A basic map usually contains spatial 

structure of the environment, locations of surrounding obstacles and topological 

relationship between different spots. Localization determines the self-position of the 

autonomous vehicle inside the generated map. Performing localization and mapping 

simultaneously and continuously, an autonomous vehicle perceives the environment 

and understands the relative spatial relations between the environment and itself. 

This is the foundation of autonomation, upon which an autonomous vehicle is able 

to navigate itself to any destination position within or beyond the mapped area.  

2D grid map (see Figure 1.1) and 3D point cloud (see Figure 1.2) are two typical 

forms of map used in SLAM systems. 2D grid map is simple and contains limited 

information of environment. It divides the “ground” into small girds and shows the 

“occupancy state” of each grid. Black grids represent obstacles in the environment 

and white grids are free space accessible to the autonomous vehicle. 2D grid maps 

are usually generated with sensors that operate in a limited plane in space, such as 
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2D lidar and radio signals. 3D point cloud is a set of 3D points corresponding to real-

world obstacles, which can be directly generated by RGB-D cameras (e.g., the Kinect) 

and 3D lidar, or triangulated from stereo cameras. According to the density of 3D 

points generated, a point cloud is classified into “dense”, “semi-dense” or “sparse”. 

The more 3D points generated, the heavier it becomes and the richer information it 

contains. Figure 1.2 (a) is a sparse 3D point cloud of real-world outdoor road scenes 

and (b) is a reconstruction model of a real-world office scenario generated from a 

dense point cloud. 

 

Figure 1.1: 2D grid map. 

 

 

 

(a) sparse road scenes (b) dense reconstruction of office scenario 

Figure 1.2: 3D point cloud. 
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A SLAM system usually utilizes same sensor for both localization and mapping. 

Localization has proceeding importance since mapping usually works with 

localization information to generate maps, which means localization accuracy 

directly affects the quality of mapping. Therefore, further discussions are mainly 

from the perspective of localization.  

1.3 Visual SLAM (VSLAM) 

In the state-of-the-art field of autonomous vehicles, position information can be 

acquired through various practical and well-developed modern techniques, such as 

the global positioning system (GPS), 4G/5G cellular systems, ultra-wideband 

(UWB), WLAN, wireless sensor network (WSN), Bluetooth, ultrasound, lidar, 

etc.[5-14] and various SLAM solutions are developed using different sensors, such 

as Gmapping [15], HectorSLAM [16], tinySLAM [17] and many other mature 

solutions [18-21].  

However, challenges and limitations still exist in terms of accuracy, cost, complexity, 

security and scalability. GPS and cellular signals are severely degraded in indoor 

environment, dense urban areas, and scenarios with shadowing effects. Other radio 

signals have the limitations in propagation attenuation, sensitivity to noise, least 

number requirement of base stations, similar carrier frequency interference, and 

energy consumption. Thus, researchers and developers in this field are still seeking 

better solutions. 

Compared to other sensor modalities, camera is cheap with low power consumption, 

and provides detailed environment information in multiple dimensions. Camera 
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mimics the sense of human, which means better comprehension and recognition of 

the environment. It is a crucial module of a SLAM system to detect and close loops, 

and recover localization when tracking is lost. Images captured by cameras are 

utilized in recognition because each frame in the image sequence can be easily 

described distinguishably from each other. Therefore, Visual SLAM (VSLAM) has 

now become the mainstream of research[22-26].  

1.4 Sensor Setup for VSLAM 

One monocular camera is the minimum sensor setup for a VSLAM system, but 

monocular VSLAM has a severe drawback, lack of depth information, since an 

image is a projection from 3D real world to a 2D image plane, eliminating the 

distance between camera and objects. One defect is scale ambiguity, real size of the 

object cannot be speculated from the image without depth information. And this may 

result in scale drift between monocular VSLAM estimations and the real world. At 

the meantime, depth information is necessary for both localization (pose estimation) 

and mapping (3D structure reconstruction). Thus, to acquire depth information, at 

least two different image frames are required to get their disparities, shift of 

objectives between the frames. The closer an object is, the more shift it appears 

between frames. Depth information are then calculated with the disparities and 

known camera calibration parameters. This causes extra specialized initialization 

steps in monocular VSLAM, which may also influence accuracy. Other algorithms 

inferring depth information from monocular images, such as [27, 28], address high 

demand of computational resources and GPU parallelism for calculations or machine 

learning, which are not suitable for an autonomous vehicle either.  
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To acquire depth information, one way is to use an RGB-D camera (e.g., Kinect), 

adding an infrared laser scanner to measures the distance. Yet, infrared laser scanner 

has limitations in effective range and anti-interference ability to natural lights, thus 

RGB-D camera mainly works in indoor environment.  

Another way is to use a stereo camera, adding another camera horizontally with fixed 

baseline. Depth information is triangulated from the disparities between left and right 

views, just like human eyes. Since depth measurement does not rely on any other 

sensor, and the measurement range only depends on camera resolution and baseline 

length, stereo cameras can be used both indoor and outdoor.  

1.5 Motivations 

SLAM is the foundation of autonomous vehicles. Nowadays, VSLAM applications 

have already been in practice in many fields.  

One is self-driving car. Tesla, Apple, Google, Uber and many other companies have 

developed their own self-driving cars along various technique routines. Tesla mainly 

relies on visual solutions. A Tesla car is equipped with eight surround cameras 

providing 360 degrees of visibility around the car at up to 250 meters of range, and 

twelve updated ultrasonic sensors complementing vision. According to the official 

videos and reports, most Tesla cars achieve level 2 of automation, and level 3 under 

experimental conditions. Self-driving car is believed to become a main way of 

transport in the future. 

Another field is about delivery robots. Companies such as Starship, Kiwi, TeleRetail, 

Amazon and FedEx have deployed their autonomous robots within some campus or 
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local areas to deliver foods or products. In-person interactions are limited to a low 

level, which is extremely beneficial under the current situation of COVID-19. Some 

of the robots use cameras to perform VSLAM and distinguish obstacles or 

pedestrians along the road. 

Autonomous Unmanned Aerial Vehicle (UAV) is also a potential field that can 

expand the scope of human perception. Nowadays, most civilian UAVs (e.g., DJI) 

use cameras for obstacle sensing and visual servoing to assist human control. They 

can be further developed for VSLAM without adding extra sensors. Besides, UAVs 

have limited carrying capacity and battery endurance. It is better to amount as few 

sensor modalities as possible. Camera is a best choice in this case. 

1.6 Objectives 

The primary objective of this thesis is to propose a novel Stereo VSLAM system that 

exclusively utilizes a stereo camera to perform accurate localization and mapping 

simultaneously in real time, with low consumption of both energy and computational 

resources. It should also apply standard input and output format to be more adaptable. 

The system is expected to meet the following specifications: 

➢ Accuracy 

It is important to provide accurate localization and mapping information. The 

method is supposed to achieve competitive accuracy with respect to other state-of-

the-art Stereo VSLAM methods. 
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➢ Efficiency 

The system is designed to work in real-time, which requires the capability of 

rapid processing of the input images and pose estimation.  

➢ Low Consumption  

The system is expected to be operated on either a large autonomous car or a 

small unmanned robot, even a drone with limited carriage. Thus, firstly, it should not 

perform heavy computational tasks (such as GPU computing and machine learning), 

since the autonomous platform may not have excess computational resources. At the 

meantime, this also means the system should be energy saving for longer endurance. 

➢ Adaptability 

The system should be robust enough to be competent in both indoor and outdoor 

scenarios. Besides, the output of the system should be standardized as other existing 

VSLAM methods so that it can be easily adapted to various further applications. 

1.7 Contributions 

Main contributions: 

1) Proposed a novel semi-direct VSLAM system for stereo cameras. 

2) Validated system design over standard benchmarks in terms of accuracy and 

efficiency. 
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Minor contributions: 

3) Provided a general introduction SLAM and VSLAM. 

4) Provided a detailed literature review of VSLAM methodologies. 

5) Evaluated five state-of-the-art VSLAM systems for stereo cameras with standard 

benchmarks in terms of accuracy and efficiency. 

1.8 Content Structure 

Chapter 2 provides a detailed literature review of VSLAM methodologies. The 

classic framework of a VSLAM system is illustrated and five state-of-the-art stereo 

VSLAM systems of two different categories are reviewed. 

Chapter 3 evaluates the five Stereo VSLAM systems on several well-known 

standard vision benchmarks, and discusses their performance, superiorities, and 

drawbacks. A discussion on how to deal with the deficiencies while retaining the 

merits of state-of-the-art VSLAM methods is also carried out in this Chapter. 

Chapter 4 presents detailed design of the proposed Stereo VSLAM system. 

Chapter 5 presents validation of the proposed Stereo VSLAM system as well as the 

performance comparison to the state-of-the-art Stereo VSLAM systems. 

Chapter 6 concludes the thesis with a discussion on the pros and cons of the 

proposed Stereo VSLAM system and its future development potentials. 
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Chapter 2. Literature Review  

2.1 Classic VSLAM System Framework 

 

The classic VSLAM system framework is illustrated in Figure 2.1. There are five 

main blocks that are the foundations of all VSLAM systems.  

➢ Sensor Input and Preprocessing 

This is the input block that separates the VSLAM system and the real world. 

Various types of data from all the equipped sensors are gathered and preprocessed, 

then dropped. The VSLAM system merely works with the output of this block in 

order to get invariant to sensor diversification.  

Besides cameras as main input, sensors such as depth sensor and Inertial 

Measurement Unit (IMU) may also be utilized. The input images (or image pairs 

from a stereo camera) are rectified and synchronized with other sensor inputs then 

preprocessed into required format and sent to Visual Odometry and Loop Detection 

blocks.  

 

 

Sensor Input and 

Preprocessing 
Visual Odometry Back-End 

Optimization Mapping 

Loop Detection 

 Figure 2.1: Classic VSLAM system framework.  
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➢ Visual Odometry (VO) 

This key block is responsible for estimating vehicle trajectories and generating 

local maps according to information from the input block. Since VO only calculates 

the motion between each two adjacent frames, the noise from input and inaccurate 

estimation would lead to inevitable accumulating drift, and the final map and 

trajectory estimation would become unreliable. Back-End Optimization and Loop 

Detection blocks are designed to solve this problem. 

➢ Loop Detection 

By comparing the similarity between current frame and input block to historical 

frames inside current global map, this block judges whether the vehicle is visiting a 

location for a second time, called a loop. A detection of a loop would be sent to Back-

End Optimization block to erase the accumulating drift, called loop closure.  

➢ Back-End Optimization 

This block estimates spatial uncertainty of current trajectory estimations and 

current global map under the influence of system noise, then applies particle or non-

linear filters to minimize the uncertainty. In most cases, the motion (i.e., camera pose) 

and structure (i.e., landmarks) are jointly optimized for most accurate estimation.  

➢ Mapping 

Stitch map points generated from input frames according to trajectory estimation 

to generate required global map. Maps can be categorized into metric map and 

topological map. A matric map uses landmarks to precisely represent object locations 
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of the environment, whereas a topological map is a graph consisting of nodes and 

edges, which merely indicates the connectivity between locations. 

2.2 Indirect and Direct VSLAM  

VSLAM systems can be categorized as direct VSLAM [29] and indirect VSLAM. 

Direct VSLAM systems directly exploit illumination information and photo 

consistency of RoIs (region of interest) as system input for the following steps. Pose 

estimations are obtained by minimizing the photometric error between corresponding 

pixels. Indirect VSLAM systems, on the other hand, firstly extract features of the 

image as the system input. Then the features are described and matched for pose 

estimation by minimizing the reprojection error. Direct systems avoid the reliance on 

typical types of features or texture of the environment, and have no prior step of 

image processing and feature association, but is sensitive to illumination conditions. 

In contrast, indirect systems benefit from the features that they can be applied for 

robust tracking and loop-closure. Also, joint optimization of feature-based motion 

and structure is an established non-linear least-squares problem, known as Bundle 

Adjustment (BA) [30], which can be addressed by many existing solvers 

efficiently[31-34]. 

In this thesis, five methods are selected as the representatives of the state-of-the-art 

VSLAM methodologies. ProSLAM [35], ORB-SLAM [36, 37] and OpenVSLAM 

[38] are indirect and  LSD-SLAM [39, 40]  and DSO [41, 42] are direct. These 

methods are reviewed in the following sections and evaluated with various 

benchmarks in the next Chapter. 
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2.3 ProSLAM 

ProSLAM (Programmers SLAM) is a simple indirect stereo-camera-only VSLAM 

method, designed as a highly modular system that can be easily understood and 

implemented. The method is suggested to execute in a single thread to avoid multi-

thread synchronizing complexity and preserve memory. The absence of BA and other 

further simplifications lead to substantially low computational requirements.  

ProSLAM has a straightforward non parallel pipeline with four cycling core module 

sequences: 

➢ Triangulation 

Extracts, describes, and matches features from input image pairs, and produces 

3D points. A structure named as a frame is used to store the output 3D points and 

corresponding feature descriptors. 

➢ Incremental Motion Estimation 

Estimate the pose of the current frame from a pair of subsequent frames. 

➢ Map Management  

Commonly image points tracked along multiple subsequent frames are grouped 

as landmarks. Then landmarks in the nearby regions of the current frame along the 

trajectory are grouped as a point cloud with each point having multiple descriptors 

called a local map. Finally, pose-graph [43] is used to arrange the local maps.  
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➢ Relocalization  

Compares the current local map against other past generated local maps. The 

Hamming binary search tree library HBST [44] is utilized for a descriptor to 

descriptor similarity search. Upon a successful search, classic ICP [45] achieves an 

alignment. High inlier count and low average error transforms are applied to the 

pose-graph to update the entire map.  

2.4 ORB-SLAM and ORB-SLAM2 

ORB-SLAM2 is an open-source complete indirect VSLAM method for monocular, 

stereo, and RGB-D cameras, including map reuse, loop closing and relocalization 

capabilities expanded from the previous work ORB-SLAM. The method shows 

adaptability for both small indoor scenarios and large-scale outdoor environments. It 

achieves accuracy improvement by using stereo feature classification and 

Levenberg–Marquardt BA optimization implemented in g2o [34]. A lightweight 

localization mode is also integrated in this method to efficiently reuse the map.  

ORB-SLAM2 has three main parallel threads: tracking, local mapping and loop 

closing, followed by a full BA thread as global optimization. In the tracking thread, 

the system first extracts ORB features [46] of input images. ORB is a robust and 

efficient binary feature descriptor that presents good invariance to image rotation, 

scale and brightness as well as fast real-time processing speed. All other system 

operations are based on the extracted features and without using the original images, 

making the system independent of the type of camera. As for stereo cameras, ORB 

features are extracted in the rectified stereo image pairs. Secondly, matched features 
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of the image pairs are selected as stereo features and classified into close or far 

depending on whether their associated depth is less than 40 times the stereo camera 

baseline. Close features can be triangulated to estimate information of depth, scale, 

translation and rotation, while far features provide accurate rotation information. In 

this way, camera poses are estimated and then optimized using motion-only BA. A 

place recognition module based on DBoW2 [47] is applied in case of tracking lost 

due to occlusions or abrupt movements or loop detection. After camera pose 

estimation, the system generates a local visible map using covisibility graph of 

keyframes and match the features of the current keyframe with the local map points 

to optimize camera pose again. The last step of the tracking thread is to decide if the 

current keyframe should be inserted. The keyframe must meet the conditions with at 

least 50 features and less than 90% similarity to keyframes sharing points with a 

current frame inside the local map. Meanwhile, it is only inserted when the map is 

not in process of global relocalization or local optimization.  

If a new keyframe is inserted, the local mapping thread searches the new features 

corresponding to features inside the covisibility graph (local map) to triangulate a 

new local map. Exigent points and redundant keyframes are culled based on tracking 

information and local BA optimization is performed in this thread for a high-quality 

reconstruction. If the new keyframe is inserted while the local mapping is still 

performing local BA for a previous keyframe, it will stop the previous optimization 

step and process the new keyframe as soon as possible.  

The loop closing thread starts with every new keyframe. If a loop is detected, the 

system computes the drift accumulated in the loop, aligns both sides of the loop and 
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fuse duplicated features, and finally, performs a pose-graph optimization [48] based 

on rigid body transformations to achieve global consistency. The optimization is 

performed over the Essential Graph, a sparser subgraph of the covisibility graph that 

retains all the keyframes with less edges.  

The three threads above operate parallelly. After the pose-graph optimization in the 

loop closing thread, a full BA optimization is launched in a separate thread because 

it might be costly. If the loop closing thread detects a new loop while the optimization 

is running, the optimization is aborted and will be relaunched after the loop closing 

operations. When the full BA finishes with no loop occurred, the system merges the 

optimization output with the latest state of the map. Newly inserted keyframes and 

points while the optimization was running are also transformed according to the 

correction transformation of the updated part. 

2.5 OpenVSLAM 

Shinya Sumikura et al. proposed a high usable and extensible visual SLAM method, 

OpenVSLAM. It is appropriately designed as open-source callable libraries from 

third-party programs. OpenVSLAM is compatible with various types of cameras, 

even with fisheye and equirectangular cameras. Besides, the built maps can be stored 

and loaded for future localization applications with interfaces that are provided for 

convenience. Furthermore, users can easily check the results on a cross-platform 

viewer running on web browsers. 

Similar to the ORB-SLAM, OpenVSLAM also applies ORB as a feature descriptor 

and BA method in g2o for optimization. The system consists of three modules: 
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tracking, mapping and global optimization. The tracking module estimates a camera 

pose for an input image frame via features matching and pose optimization and 

decides whether to insert it as a new keyframe to other modules. The mapping 

triangulates new 3D points from inserted keyframes to create and extend the map and 

perform local BA optimization for windowed map. The global optimization module 

is responsible for loop detection, pose-graph optimization, and global BA.  

One of the notable advantages compared to other indirect VSLAM methods is that, 

OpenVSLAM accepts input images captured with perspective, fisheye and 

equirectangular cameras and pre-process the images to extract features, especially 

for the capability with omnidirectional image, which implies a significant benefit for 

tracking and mapping. 

2.6 LSD-SLAM and Stereo LSD-SLAM 

Stereo LSD-SLAM is a large-scale direct SLAM method for stereo cameras. In 

contrast to the indirect methods, photo consistency of high-contrast pixels, including 

corners, edges and high texture areas, are exploited to align images, letting a rich set 

of pixels contributes to depth estimation and mapping. The authors also proposed an 

approach to enforce illumination invariance, making it capable of handling 

aggressive brightness change between frames. 

The preceding monocular method LSD-SLAM has three main steps. At first, a 

reference keyframe is selected in the map, and the camera motion is then estimated, 

referring to the keyframe. A new keyframe is generated if the current camera capture 

of little similarity to the existing keyframes. Furthermore, the system applies 
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temporal stereo to estimate depth in the current reference keyframe according to the 

tracked motion. Finally, the poses of the keyframes are made globally consistent by 

mutual direct image alignment and pose graph optimization.  

In Stereo LSD-SLAM, temporal stereo is combined with static stereo in the fixed-

baseline stereo camera setup where scale is determined. It allows depth estimation 

beyond the fixed baseline and fixed direction. Illumination invariance is achieved 

using a modified cost function similar to the normalized cross-correlation (NCC) that 

is invariant to affine lighting changes. 

2.7 DSO and Stereo DSO 

DSO stands for Direct Sparse Odometry. Published by the same research group after 

LSD-SLAM Stereo LSD-SLAM and DSO, it is also a large-scale direct VSLAM 

method for stereo cameras that combined static stereo with multi-view stereo. It 

differs from stereo LSD-SLAM that an active sliding window is used to jointly 

optimize all the model parameters, including the camera parameters and the affine 

brightness parameters of all keyframes as well as the depth information of all selected 

pixels. Stereo DSO performs better and faster in large-scale environments because 

of the joint optimization inside active windows rather than the global optimization. 

In addition, the metric 3D reconstruction by Stereo DSO is more precise than their 

previous direct methods. 
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Chapter 3. Benchmarks of Current VSLAM Systems 

3.1 KITTI and EuRoC Dataset 

3.1.1 KITTI Dataset 

The KITTI Vision Benchmark Suite [49, 50] is a project of Karlsruhe Institute 

of Technology and Toyota Technological Institute at Chicago. Real-world driving 

data ranging from rural highways to inner-city road scenes are captured with a variety 

of sensor modalities mounted on a car-based data-collecting platform for use in 

mobile robotics and autonomous driving research. It provides calibrated, 

synchronized, and timestamped data sequences including high-resolution color and 

grayscale stereo camera images, 3D laser-scan point clouds, high-precision GPS 

measurements and 6D IMU accelerations, as well as object labels in the form of 3D 

tracklets. The data-collecting platform and its sensor setup are illustrated in Figure 

3.1 and Table 3.1. There are 11 training sequences (00-10) published with ground-

truth motion trajectories from a combined GPS/IMU system and 11 testing sequences 

(11-21) without ground-truth for their online benchmarks for stereo, optical flow, 

object detection and other tasks.  

 

TABLE 3.1: 
DATA-COLLECTING PLATFORM SENSOR SETUP OF KITTI 

Data Sensor Type Rate Specifications 

Stereo Images (grayscale) PointGray FL2-14S3MC (x2) 10 Hz 
1.4 Megapixels, 1/2” Sony ICX267 CCD, 

global shutter, ∼0.54 m baseline 

Stereo Images (color) PointGray FL2-14S3C-C (x2) 10 Hz 
1.4 Megapixels, 1/2” Sony ICX267 CCD, 

global shutter, ∼0.54 m baseline 

3D Point Cloud Velodyne HDL-64E 10 Hz 

64 beams, 0.09 degree angular resolution, 

2 cm distance accuracy, collecting ∼1.3 

million points/second, field of view: 360◦ 

horizontal, 26.8◦ vertical, range: 120 m 

IMU and Ground-Truth OXTS RT3003 + GPS 100 Hz 
6 axis, L1/L2 RTK, resolution: 0.02 m / 

0.1◦ 
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In this section, the KITTI training sequences 00, 01, 03, 04, 06, 10 (sequence 00 and 

06 contain loops) are selected as outdoor benchmarks of to evaluate the state-of-the-

art VSLAM systems. The rectified stereo grayscale image sequences are used as 

input of VSLAM systems, and the provided ground-truth camera poses are used to 

evaluate their estimated trajectories of camera motion. Figure 3.2 and Table 3.2 offer 

an overview of selected KITTI sequences. 

 
(a) 

 
(b) 

Figure 3.1: KITTI data-collecting platform (a) and sensor setup (b) [26].  
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TABLE 3.2: 
OVERVIEW OF SELECTED KITTI SEQUENCES 

Sequence 00 01 03 04 06 10 

Road Type city highway city city city residential 

Contain Loops yes no no no yes no 

Number of Image Frames 4541 1101 801 271 1101 1201 

Total Path Length (m) 3724 2453 560 393 1232 919 

Max Driving Speed (km/h) 46 96 31 56 51 51 

 

  

(a) sequence 00 (d) sequences 04 

  

(b) sequence 01 (e) sequences 06 

  

(c) sequences 03 (f) sequences 10 

Figure 3.2: Path of selected KITTI sequences. 
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3.1.2 EuRoC Dataset 

The EuRoC dataset [51] uses a Micro Aerial Vehicle (MAV) to collect 11 visual-

inertial data sequences in two different indoor situations. The first batch of the dataset 

(MH01-MH05) are real-flight synchronized grayscale stereo images and IMU 

measurements collected in an industrial Machine Hall, with millimeter accurate 

ground-truth positions from a laser tracking system. The rest of the dataset (V101-

V103, V201-V203) are collected in two Vicon Rooms equipped with a 6D motion 

capture system. In addition of synchronized grayscale stereo images, IMU 

measurements and 6D ground-truth poses, detailed 3D laser-scan point clouds are 

also contained. The data-collecting platform and its sensor setup are illustrated in 

Figure 3.3 and Table 3.3. All data sequences are leveled to easy, medium, or difficult 

according to flying speed, motion blur and illumination conditions. The EuRoC 

dataset assists researchers in both fields of VSLAM and 3D environment 

reconstruction. 

 

 

 
(a) (b) 

Figure 3.3: EuRoC data-collecting platform (a) and sensor setup (b) [28]. 
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In this section, the EuRoC sequences MH_01_easy (good texture, bright scene), 

MH_05_difficult (fast motion, dark scene) and V1_01_easy (slow motion, bright 

scene) are selected as indoor benchmarks of current VSLAM methods, as shown in 

Figure 3.4. The rectified stereo grayscale image sequences are used as input of 

VSLAM systems, and the provided ground-truth camera poses are used to evaluate 

their estimated trajectories of camera motion. 

 

TABLE 3.3: 
DATA-COLLECTING PLATFORM SENSOR SETUP OF EUROC 

Data Sensor Type Rate Specifications 

Stereo Images (grayscale) MT9V034 (x2) 20 Hz WVGA, global shutter 

3D Point Cloud Leica MS50 20 Hz Accuracy: ∼1mm 

IMU ADIS16448 200 Hz MEMS, intr. calibrated 

Ground-Truth 
Leica MS50 20 Hz Accuracy: ∼1mm 

Vicon 100 Hz 6D 

 

  

(a) MH01_easy (good texture, bright scene) (b) MH05_difficult (fast motion, dark scene) 

 

(c) V101_easy  (slow motion, bright scene) 

Figure 3.4: Selected EuRoC sequences.  
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3.2 Experiment Environment Setup 

The available open-source codes of ORB-SLAM2, ProSLAM and OpenVSLAM are 

compiled and deployed on an Intel Core i5-7400 desktop with 8 GB RAM, and 

executed on selected benchmarks of KITTI and EuRoC. The rectified stereo 

grayscale image sequences of the selected KITTI and EuRoC sequences are used as 

input, and the output trajectory estimations of the VSLAM systems are evaluated 

corresponding to the provided ground-truth poses. Each benchmark is executed for 

five times to show their average performance in accuracy and efficiency considering 

the uncertainty of multi-thread. 

The results of Stereo LSD-SLAM on the KITTI sequences are cited from [40] 

(executed on an Intel i7-4900MQ 2.8 GHz CPU), and the estimated poses of Stereo 

DSO on the KITTI sequences are cited from [42] (available on their official website). 

For the EuRoC sequences, only three indirect methods are executed and evaluated. 

3.3 Analysis based on KITTI Benchmarks 

3.3.1 Accuracy Evaluation 

The average relative translation RMSE 𝑡𝑟𝑒𝑙  (%) and rotation RMSE 𝑟𝑟𝑒𝑙 

(deg/100m) are calculated for accuracy comparison. Table 3.4 shows the accuracy 

comparison results (lower the better). And the best results are shown as bold numbers. 
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The mean translation and rotation RMSEs indicate that, ORB-SLAM2 outperforms 

other methods in translation estimations (0.7415% mean translation RMSE), while 

Stereo DSO has relatively better performance in rotation estimation (0.19 deg/100m 

mean rotation RMSE). To summarize the observation, direct methods show 

advantages in rotation estimation using illumination information, while indirect 

methods reinforce translation estimation by tracking features but weak in rotations. 

The error values of sequence 01 in Table 3.4 show significant divergence compared 

to other sequences with larger RMSEs compared to other sequences. Figure 3.5 

shows detailed pose estimations (a) and RMSE trends with respect to path length (b) 

and driving speed (c) of sequence 01. It can be seen from Figure 3.5 that, ProSLAM 

and OpenVSLAM deviate the ground truth in an early stage. With the increasement 

of driving speed, translational RMSEs of ProSLAM and OpenVSLAM raise 

significantly. Compared to other sequences, sequence 01 is the only highway and 

high-speed driving sequence with max driving speed at 96 km/h. The higher driving 

speed leads to higher differentiation between adjacent frames and larger estimation 

TABLE 3.4: 
ACCURACY RESULTS ON SELECTED KITTI SEQUENCES 

 ORB-SLAM2 ProSLAM OpenVSLAM St. LSD (official) St. DSO (official) 

Seq. trel rrel trel rrel trel rrel trel rrel trel rrel 

00 0.7010 0.25 0.8174 0.30 0.7160 0.27 0.63 0.26 0.9606 0.30 

01 1.4288 0.33 1.7687 0.30 3.9887 0.92 2.36 0.36 1.5402 0.10 

03 0.7383 0.20 0.6837 0.30 0.7348 0.17 1.01 0.28 0.9967 0.17 

04 0.4706 0.19 0.4981 0.13 0.4690 0.11 0.38 0.31 0.8945 0.17 

06 0.4983 0.15 0.6698 0.18 0.5244 0.17 0.71 0.18 0.7898 0.23 

10 0.6118 0.28 0.6642 0.21 0.6344 0.31 0.72 0.33 0.4799 0.19 

mean 0.7415 0.23 0.8503 0.24 1.1779 0.33 0.97 0.29 0.9436 0.19 
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errors, especially for the indirect methods with fewer matched and tracked features. 

Most images in this sequence are low-texture, with few buildings or trees along the 

high way, which also reduces the number of valuable features. Approaching the end 

of sequence 01, there is a high-speed sharp turn, which is also challenging to feature-

based methods. ORB-SLAM2 achieves the best performance because of its feature 

classification strategy. Far features can be stably tracked for rotation estimation, 

while close features contribute to more accurate translation estimation. Direct 

methods are more suitable for this type of scenario, especially for rotation estimation. 

The official experimental data of Stereo LSD-SLAM and Stereo DSO always show 

lower or similar RMSEs than other methods in Figure 3.5 (b) and (c). 

 

Qualitative and quantitative results of other KITTI sequences are also provided in 

Figure 3.6-3.10 at the end of this review. Sequence 00 is the most representative 

sequence of KITTI (see Figure 3.6) driving on inner-city roads with several loops. 

Indirect systems perform better than Stereo DSO. On sequences 03, 04 and 10 

 

 

(b) 

 
(a) (c) 

Figure 3.5: Qualitative and quantitative results of KITTI sequence 01. Ground truth (red) and estimated 

trajectories (other colors) (a). Average translation and rotation RMSEs over 100m to 800m intervals, with 

respect to path length (b) and driving speed (c). 
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(shown in Figure 3.7, 3.8, 3.9, respectively), all indirect methods achieve comparable 

performances. These sequences are simple with driving speed lower than 60 km/h. 

Enough valuable features can be stably extracted and tracked. Sequence 10 is longer. 

Indirect systems accumulate error and get worse results than Stereo DSO. When it 

comes to sequence 06, also a simple low-speed driving sequence but with one loop 

(see Figure 3.10), ORB-SLAM2 achieves higher accuracy because its loop-detection 

module is triggered to erase the accumulated error, then a global optimization is also 

performed for better results. On the other hand, Stereo LSD-SLAM and Stereo DSO 

show worse translation estimations than the indirect methods on these sequences. 

The possible reason is that, these driving sequences are on roads inside cities and 

residential areas, where more valuable information can be acquired from features 

inside the captured images. 

 

 

 
(b) 

 
(a) (c) 

Figure 3.6: Qualitative and quantitative results of KITTI sequence 00. Ground truth (red) and estimated 

trajectories (other colors) (a). Average translation and rotation RMSEs over 100m to 800m intervals, with 

respect to path length (b) and driving speed (c). 
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(b) 

 
(a) (c) 

Figure 3.7: Qualitative and quantitative results of KITTI sequence 03. Ground truth (red) and estimated 

trajectories (other colors) (a). Average translation and rotation RMSEs over 100m to 800m intervals, with 

respect to path length (b) and driving speed (c). 

 

 
(b) 

 
(a) (c) 

Figure 3.8: Qualitative and quantitative results of KITTI sequence 04. Ground truth (red) and estimated 

trajectories (other colors) (a). Average translation and rotation RMSEs over 100m to 800m intervals, with 

respect to path length (b) and driving speed (c). 
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(b) 

 
(a) (c) 

Figure 3.9: Qualitative and quantitative results of KITTI sequence 10. Ground truth (red) and estimated 

trajectories (other colors) (a). Average translation and rotation RMSEs over 100m to 800m intervals, with 

respect to path length (b) and driving speed (c). 

 

 
(b) 

 
(a) (c) 

Figure 3.10: Qualitative and quantitative results of KITTI sequence 06. Ground truth (red) and estimated 

trajectories (other colors) (a). Average translation and rotation RMSEs over 100m to 800m intervals, with 

respect to path length (b) and driving speed (c). 



32 

 

3.3.2 Efficiency Evaluation 

Efficiency evaluation is carried out upon the available indirect methods by 

calculating the mean processing time in milliseconds per frame (lower the better), 

and hence get the frame rate (FPS, higher the better). The average results of three 

complete executions are stored in Table 3.5.  

 

Obviously, ProSLAM takes the shortest mean processing time on every selected 

KITTI sequence. This is because ProSLAM only works on trajectory estimation with 

input image sequences one after another in a single thread, with no delay for 

synchronization to the input timestamps, nor real-time display of camera movement 

and generated map, as performed in other methods. ProSLAM has no further 

optimization, which also contributes to efficiency. 

Taking input frame delay (around 10 ms per frame) and real-time display into 

consideration, the frame rates of ORB-SLAM2 and OpenVSLAM drop below 20 

FPS. The two indirect methods both utilize ORB features for localization and 

mapping with similar system frameworks, while OpenVSLAM does not apply 

Table 3.5: 
EFFICIENCY RESULTS ON SELECTED KITTI SEQUENCES 

  ProSLAM OpenVSLAM ORB-SLAM2 

Seq. Frames time rate time rate time rate 

00 4541 31.3584 31.89 66.1369 15.12 91.0221 10.99 

01 1101 16.0399 62.34 62.4548 16.01 110.5358 9.05 

03 801 22.5245 44.40 68.3038 14.64 77.8148 12.85 

04 271 16.5963 60.25 63.6313 15.72 81.7149 12.24 

06 1101 17.5473 56.99 62.1988 16.08 92.6912 10.79 

10 1201 22.7482 43.96 63.4279 15.77 73.4403 13.62 

mean 21.1358 49.97 64.3589 15.56 87.8699 11.59 
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motion-only BA to optimize pose estimation within the tracking module as in ORB-

SLAM2. This makes OpenVSLAM averagely 23.5110 ms faster, with similar 

performance in most sequences. However, when it comes to a challenging scenario 

like Sequence 01, OpenVSLAM shows less robustness than ORB-SLAM2 (see 

discussions in the previous section). 

 There is always a trade-off between accuracy and efficiency. Methods like 

ProSLAM are more suitable for the scenario where computational resources and 

endurance are of primary consideration with simple driving conditions. 

3.4 Analysis based on EuRoC Benchmarks 

3.4.1 Accuracy Evaluation 

Absolute Pose Error (APE) in meter is used for evaluation of trajectory 

estimations, lower the better. Umeyama’s SE(3) transformation [52] is applied to 

align the estimated and ground-truth trajectories. Table 3.6 shows the mean and 

median APEs of the available indirect methods on selected EuRoC sequences. 

 

ProSLAM again shows limited performance on each sequence, with about twice 

APEs than other methods. This is reasonable as discussed previously that ProSLAM 

TABLE 3.6: 
ACCURACY RESULTS ON SELECTED EUROC SEQUENCES 

 ProSLAM OpenVSLAM ORB-SLAM2 

Seq. APE (mean) APE (median) APE (mean) APE (median) APE (mean) APE (median) 

MH01 0.067832 0.058281 0.033546 0.026819 0.034592 0. 030058 

MH05 0.123825 0.138871 0.050280 0.039510 0.051630 0. 042251 

V101 0.131515 0.127050 0.082421 0.078223 0.082617 0.077822 

mean 0.107724 0.108067 0.055416 0.048184 0.05628 0.077822 
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has the simplest structure and minimum optimization. ORB-SLAM2 and 

OpenVSLAM perform equivalently since they both apply ORB features and BA 

optimizations.  

Figure 3.11-3.13 are the qualitative and quantitative results of the selected EuRoC 

sequences MH01, V101 and MH05, respectively. It can be observed from the 

comparison between the trajectory estimations and the ground-truth trajectories that, 

all the methods keep positive tracking to the real motion in all three sequences. This 

is because adequate features can be extracted and tracked in indoor scenarios, 

especially for the ORB feature extractor and descriptor.  

 

 

  
(a) (b) 

Figure 3.11: Qualitative and quantitative results of EuRoC sequence MH01. Ground truth (dash line) and 

estimated trajectories (other colors) (a) and APE with SE(3) Umeyama alignment (b). 

  
(a) (b) 

Figure 3.12: Qualitative and quantitative results of EuRoC sequence V101. Ground truth (dash line) and 

estimated trajectories (other colors) (a) and APE with SE(3) Umeyama alignment (b). 
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MH05 is a sequence of difficult level because the MAV moves fast in dark scenes. 

Telling form Figure 3.13 (b), ORB feature extractor shows better invariance to 

illumination conditions. Another issue is that, compared to KITTI sequence 01, 

althrough the platform also moves at a high speed, the cameras in EuRoC sequences 

are working at a higher frame rate (20 Hz in EuRoC sequences to 10 Hz in KITTI 

sequences), which reduces the differation between frames so that feature tracking 

can be more stable. 

3.4.2 Efficiency Evaluation 

 

Efficiency evaluation is carried out upon the available indirect methods by 

calculating the mean processing time in milliseconds per frame (lower the better), 

  
(a) (b) 

Figure 3.13: Qualitative and quantitative results of EuRoC sequence MH05. Ground truth (dash line) and 

estimated trajectories (other colors) (a) and APE with SE(3) Umeyama alignment (b). 

TABLE 3.7: 
EFFICIENCY RESULTS ON SELECTED EUROC SEQUENCES 

  ProSLAM OpenVSLAM ORB-SLAM2 

Seq. Frames time rate rate rate time rate 

MH01 3682 56.102 17.825 116.090 8.614 200.350 4.991 

MH05 2273 45.554 21.952 110.252 9.070 175.398 5.701 

V101 2912 44.461 22.492 116.777 8.563 136.183 7.343 

mean 48.706 20.756 114.373 8.749 170.644 6.012 
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and hence get the frame rate (FPS, higher the better). The average results of three 

complete executions are stored in Table 3.6.  

All three methods use longer mean processing time compared to KITTI sequences. 

This is mainly because the camera in EuRoC is mounted on an UAV and moves in 

3D space, which has six degrees of freedom. Similar to the results of the selected 

KITTI sequences, ProSLAM takes the shortest mean processing time (regardless of 

input delay) for each sequence, and ORB-SLAM2 gets the lowest frame rates. In 

these cases, OpenVSLAM achieves slightly higher processing speed than ORB-

SLAM2 as well as equivalent accuracy.  

3.5 Discussions 

The above experimental results indicate that, indirect VSLAM systems generally 

achieve higher accuracy yet with lower efficiency. In each frame, features of image 

are extracted and their descriptors are calculated. The system than matches the 

features according to their descriptors and get the relationship between features in 

different frames corresponding to same real-world 3D landmarks. This results in 

more accurate pose estimation, higher tracking and mapping quality, and also 

benefits the loop closure and optimization modules such as BA. The feature 

classification strategy of ORB-SLAM2 also improves robustness in low-texture 

environments. However, the performance of indirect methods relies on the quality of 

features. Feature processing is also time-consuming, which may become a limitation 

when low latency is enforced or the processor is less powerful. Also, ORB-SLAM2 

optimizes each camera pose at least twice in each frame, which improves accuracy 

but costs longer processing time at the same time.  
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Direct methods, on the other hand, do not extract features or descriptors. Thus, they 

can theoretically more efficient and can be executed with low-texture images. 

However, the accuracy performance of the direct methods is not guaranteed, 

especially when the illumination condition varies remarkably. Another shortage is 

that, these methods are visual odometry, which only focus on localization and do not 

cooperate with mapping. They only optimize motion without structure, and have no 

loop detection. This also limits their performance. 

Efforts have been made to deal with the deficiencies while retain the merits.  

Kuang, Wang et al. [53] proposed an improved method based on ORB-SLAM that 

applies a quasi-physical sampling algorithm based on BING features[54] combined 

with depth information to reduce the scale of the features to be extracted, and 

optimizes the matching strategy using an improved KD-Tree[55], which 

consequently reduce the processing time.  

Zhetao Zhang and Wanggen Wan proposed DOVO[56], a mixed  visual odometry 

based on direct method and ORB feature. They set a threshold K for the number of 

ORB features computed from an image frame, to determine either using feature-

based pose estimation or direct tracking method.  

Forster, Zhang et al.[57] came up with the idea of semi-direct VO (SVO) that uses 

direct methods to track and triangulate pixels characterized by high image gradients, 

but relies on proven indirect methods for joint optimization of structure and motion. 

SVO achieves exceptionally fast processing speed, requiring only 2.5 milliseconds 
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to estimate the pose of a frame on a standard laptop computer, while achieving 

comparable accuracy with respect to the state of the art on benchmark datasets. 

Our proposed system is based on the idea of semi-direct. Detailed system design is 

explained in the next Chapter. 
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Chapter 4. System Design 

4.1 Inspirations 

In the previous chapters, we have evaluated five state-of-the-art Stereo VSLAM 

systems, and concluded that, indirect VSLAM methods generally outperform direct 

methods in accuracy, among which ORB-SLAM2 achieves the highest accuracy in 

most benchmarks. Nevertheless, the limitation exists in efficiency since ORB-

SLAM2 extracts features and calculates descriptors in each frame, which is 

computationally intensive. Direct methods, on the other hand, exploit illumination 

information for pose estimation and perform better in terms of efficiency, yet the 

accuracy and robustness may not be guaranteed and there is still a lack of mature 

solutions on joint optimization of motion (camera poses) and structure (landmarks) 

for direct methods. 

SVO [57] is designed with the idea that combine the advantage of direct methods in 

pose estimation efficiency, with feature-based bundle adjustment, joint optimization 

of motion and structure utilized by indirect methods, and achieves faster processing 

speed along with competitive accuracy in tracking and localization.  

Inspired by the idea of semi-direct, we propose a semi-direct stereo VSLAM system 

based on the integration of direct tracking method and feature-based optimization 

techniques. It utilizes direct image alignment to estimate camera pose, and further 

perform feature-based optimizations on camera poses and 3D landmarks. As a 

complete VSLAM system, it also maintains a 3D point cloud map and allows loop 

closing and relocalization after tracking lost. 
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4.2 System Overview 

A general workflow of our system is shown in Figure 4.1. 

 

The system has four main parallel threads: tracking, local mapping, loop closing and 

global optimization. Tracking estimates camera poses and decides whether to insert 

a new keyframe. A new keyframe is sent to local mapping to generate map and loop 

closing to check if a loop occurred. Global optimization is only triggered after a 

successful loop closing. 

The main difference of our system is that, we combine direct methods and indirect 

methods in tracking and optimization modules, and extend VO into VSLAM. 

 

Loop Detection 

Figure 4.1: System workflow with four parallel threads:  

tracking (red), local mapping (yellow), loop closing (blue) and global optimization (green). 
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➢ Tracking 

Estimates camera pose of every frame by constant motion model and direct 

image alignment. If the tracking is lost (e.g., due to occlusions or abrupt movements), 

the place recognition module is used to perform a global relocalization. At last, it 

judges whether the current frame should be inserted as a new keyframe. If a new 

keyframe is needed, features of both left and right images are extracted features of 

both left and right images are extracted and matched. 3D landmarks, also called map 

points, are triangulated from the matched features. In this way, correspondences are 

established between the features, landmarks and the keyframe. Then feature-based 

pose estimation is performed to increase accuracy. Once a new keyframe is created, 

local mapping and loop closing are triggered. 

➢ Local mapping 

Maintains and manages keyframes and landmarks. New keyframe and 

landmarks are inserted and updated, then local BA [30] is performed to jointly 

optimize camera poses of local keyframes and 3D coordinates of local landmarks. 

The covisibility graph, spanning tree and essential graph are also maintained and 

updated in this thread with inserted/culled keyframes and landmarks. A Bag-of-

Words (BoW) database is also updated with each new keyframes for further place 

recognition (Section 4.3-H). 
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➢ Loop Closing 

By comparing BoW of the new keyframe with all the historical keyframes in the 

covisibility graph, the system determines whether the current pose coincides with a 

previous spot (loop detection and decision). If a loop is detected, both sides of the 

loop are aligned to eliminate the accumulated drift (loop closure) and trigger a global 

optimization. 

➢ Global Optimization 

In global optimization, all camera poses and landmarks (except the initial one) 

are optimized with global BA over the essential graph. This is the most time-costly 

module and runs in a separate thread. Global BA is only launched after a loop is 

closed or a global relocalization after tracking lost. If global BA is triggered again 

while a previous global BA is in progress, the former execution would be suspended 

immediately. 

4.3 Notions 

A. Feature (𝑥) 

A feature is a certain keypoint at coordinates (𝑢, 𝑣) of an image with a descriptor 

𝑑  calculated from its neighboring pixels that describes certain properties of the 

feature to identify it. For example, corners and edges with high image gradient in an 

image are remarkable features that contains structure information corresponding to 

real-world 3D points.  
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SIFT [58], SURF [59], A-KAZE[60] and LDB [61] are several popular feature 

extractor and descriptor in the field of computer vision and image processing. 

However, they are either time consuming or inferior in rotation, which limit their 

performance in real-time VSLAM. Thus, we use ORB [46], oriented multi-scale 

FAST corners associated with 256-bit rotated BRIEF descriptors. According to the 

author, it takes only ~15.3ms to generate (extract and describe) ~1000 ORB features 

while SIFT and SURF need ~ 5228.7 ms and ~217.3 ms respectively. ORB features 

s also robust to rotation and scale, and present a good invariance to camera auto-gain 

and auto-exposure. 

B. Feature Classification 

Having features of stereo images, the next step is to match features in the left 

image to those in the right image by calculating the Hamming distance between two 

descriptors. This can be done efficiently with undistorted and rectified stereo images 

since the matched features always lies in the same horizontal epipolar line. As 

illustrated in [37], we classify all the features into stereo/mono features according to 

matching results.  

A stereo feature is a pair of matched features of the stereo images, which means the 

two features correspond to the same real-world 3D point. It is represented by three 

coordinates 𝑥𝑠 = (𝑢𝑙 , 𝑢𝑟 , 𝑣), where (𝑢𝑙 , 𝑢𝑟) are the horizontal coordinates on the left 

and right images, 𝑣 is the shared vertical coordinate. The depth 𝑍 of the 3D point can 

be easily triangulated with known image coordinates and stereo camera intrinsic. A 

stereo feature is further classified as close/far upon the associated depth less/more 

than 40𝑏, being 𝑏 the length of baseline of the stereo camera, as suggested in [62]. 
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Close features contribute to accurate estimation of scare, translation, and rotation 

information, while far features contribute more to rotation estimation. 

On the contrary, a mono feature 𝑥𝑚 = (𝑢𝑙 , 𝑣𝑙) is a feature on the left image without 

a match on the right image. These features only contribute to rotation and translation 

estimation in multiple frames. 

C. Frame (𝐹)  and Keyframe (𝐾) 

The frame is the basic unit of the system. At each frame, stereo input images are 

processed and camera pose 𝑇 is estimated using the direct method in the tracking 

module (See Section 4.5). Then the frame is checked with specific conditions to be 

decided as a keyframe.  

When a new keyframe is inserted, the local mapping thread and loop closing thread 

are triggered and more detailed information in the keyframe is extracted to update all 

related system modules. The system always attempts to insert keyframes as fast as 

possible, and redundant keyframes are removed at last by a culling policy, specified 

in Section 4.6. 

D. Camera Pose (𝑇) 

The goal of localization in VSLAM is to estimate accurate camera pose 

presented as transform matrix 𝑇 = [
𝑅 𝑡
0𝑇 1

] ∈ 𝑆𝐸(3)  [63], where 𝑅 ∈ 𝑆𝑂(3)  is 

rotation matrix and 𝑡 ∈ ℝ3 is transformation vector that describe the 6DoF camera 

motion.  
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E. Landmark 

The map generated by the system is consists of keyframes and landmarks. A 

landmark is “observed” by several keyframes, while a keyframe is “observing” 

several landmarks. 

The 3D coordinates of a landmark in the world coordinate are presented as 𝑃𝑤 =

[
𝑋𝑤

𝑌𝑤

𝑍𝑤

]. A real-world 3D landmark can be projected to a matched feature on the left 

image with the following equation:  

𝑥(.) = 𝜋(.)(𝑅𝑃 + 𝑡) ⑴ 

where 𝜋(.) is the 3D-2D projection function in the camera coordinate system, 𝜋𝑠 for 

stereo features 𝑥𝑠 and 𝜋𝑚 for mono features 𝑥𝑚: 

𝑥𝑠 = 𝜋𝑠 ([
𝑋
𝑌
𝑍
]) =

[
 
 
 
 
 𝑓𝑥

𝑋

𝑍
+ 𝑐𝑥  

𝑓𝑥
𝑋 − 𝑏

𝑍
+ 𝑐𝑥

𝑓𝑦
𝑌

𝑍
+ 𝑐𝑦 ]

 
 
 
 
 

 , 𝑥𝑚 = 𝜋𝑚 ([
𝑋
𝑌
𝑍
]) = [

𝑓𝑥
𝑋

𝑍
+ 𝑐𝑥  

𝑓𝑦
𝑌

𝑍
+ 𝑐𝑦

] ⑵ 

where (𝑓𝑥, 𝑓𝑦) is the focal length, (𝑐𝑥, 𝑐𝑦) is the principal point, and 𝑏 is the length 

of the baseline of the stereo camera. The back-projection function from a feature to 

a 3D landmark is presented as 𝑃 = 𝜋−1(𝑥).  

F. Covisibility Graph, Spanning Tree and Essential Graph 

Covisibility Graph [64] is an undirected weighted graph where each node is a 

keyframe and an edge between nodes shows the covisibility relationship between the 
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two keyframes with the weight 𝜃  of the edge indicating the number of common 

observed landmarks (𝜃 ≥ 15).  

Spanning Tree is a connected subgraph of the covisibility graph with minimal 

number of edges. With the initial keyframe as the root node, a new keyframe is 

always connected to the node sharing the most landmarks. 

The number of edges in a covisibility graph is predictably large, which is costly to 

pose graph optimization [65]. Thus, a simplified Essential Graph is constructed with 

all the nodes (keyframes) in the covisibility graph but only representing edges 

retained that maximally preserve the information in a smaller scale, achieving 

efficient and qualified optimization. It contains the spanning tree and the subset of 

edges from the covisibility graph with high covisibility (𝜃 ≥ 100). 

G. Bundle Adjustment (BA)  

The estimation of camera pose (motion) and landmark (structure) comes with 

unavoidable error from input noise, mathematical system error, accumulate drift, etc. 

Thus, optimization should be applied for better results. One mature way is to jointly 

optimize both motion and structure.  

Stereo features in a new keyframe can be matched to existing landmarks with 

descriptors. If those matched landmarks are projected into the new keyframe with 

initial estimation of camera pose using Eq. (1) in the previous section E, there is a 

reprojection error between the real position and projected position of the features. 

Minimizing the reprojection error is the basic idea of bundle adjustment [30] and 

hance optimize both camera pose and landmarks. 
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Our system applies a motion-only BA to optimize the camera pose of a new keyframe, 

a local BA to optimize a local window of keyframes and landmarks in the local 

mapping thread (Section 4.6) and a global-BA after loop closing. 

H. BoW Place Recognition  

Visual Vocabulary is a dictionary of discrete visual words representing various 

feature descriptors extracted from a general image set. An image can be converted in 

to a vector of visual BoW over a specific visual vocabulary for dimension reduction, 

and the similarity of different images is easily quantified by comparing the BoWs 

over the same vocabulary, which is an efficient way of place recognition for loop 

detection, loop decision, and global relocalization. 

DBoW2 [47] is used to achieve a bag-of-words place recognition. The system 

maintains a database of invert indexes for each visual word in the vocabulary, 

indicating in which keyframes the visual word has been seen, making it efficient to 

query the database. Because of the visual overlap between keyframes, no keyframe 

can get a best score with high divergency to the others when querying the database. 

The original DBoW2 deal with the problem by adding up the score of keyframes that 

are close in time, which has the limitation of not including keyframes viewing the 

same place but inserted at a different time. Instead, all connected keyframes in the 

covisibility graph are grouped and keyframes scoring top 25% are returned.  

DBoW2 is also used for efficient computation of correspondence between ORB sets, 

such as feature to feature or feature to land mark. It applies a brute force matching 
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constrained only to those features belonging to the same node in the vocabulary tree 

at a certain level (the second out of six in our method), as described in  [47]. 

4.4 System Initialization and Keyframe Pre-Processing 

The first frame is also selected as the first keyframe for system initialization, being 

the first node of covisibility graph, spanning tree and essential graph.  

For each frame selected as a keyframe, a proper number of ORB keypoints are 

extracted from both left and right stereo input images according to the image 

resolution and quality. We prefer ~1000 keypoints for low-resolution images as in 

the EuRoC dataset [51] and ~2000 for large images of the KITTI dataset [49]. The 

system divides the image into grids and tries to extract at least 5 keypoints per grid 

for a homogeneous distribution, then corresponding ORB descriptors are computed 

on the retained keypoints. Then we can get stereo features as illustrated in Section 

4.3-B, and triangulate corresponding 3D landmarks to create an initial map.  

 

 

Figure 4.2: Triangulate landmarks from stereo features. 
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4.5 Tracking 

4.5.1 Direct Image Alignment 

Assuming the illumination conditions of the input frames remain constant, pixels 

observing the same landmarks in different frames are supposed to have the same 

intensity values, which means the photometric error should be zero. While in real 

world, this idle situation cannot be guaranteed. Thus, the objective of direct image 

alignment is to minimize the photometric error of pixels observing the same 

landmarks. 

For a new stereo input frame, an initial camera pose estimation is acquired from a 

constant motion model. Then the system applies direct image alignment to refine the 

camera pose estimation. Active landmarks 𝑃𝑥 of a reference keyframe are projected 

in to the new frame and the optimization energy function is:  

where 𝐼(𝑥) is the intensity value at pixel in the frame. To improve robustness, our 

method aggregates the photometric cost in a small patch 𝓅 centered at feature 𝑥 

assuming the neighboring pixels has the same depth to the feature. The solution of 

this optimization function is the estimation of pose transform matrix 𝑇𝑐𝑟 = {𝑅, 𝑡} 

from the reference keyframe to the current frame. Then the current camera pose is 

acquired according to the pose of the reference keyframe. 

This optimization for direct image alignment, and BA in other modules, are solved 

with the standard iterative non-linear least squares algorithms such as Levenberg-

Marquardt implemented in g2o [34].  

{𝑅, 𝑡}  argmin
𝑅,𝑡

∑ ‖ 𝐼(𝜋(𝑅𝑃𝑥 + 𝑡)) − 𝐼(𝜋(𝑃𝑥)) ‖Σ
2

𝑥∈𝓅 

 ⑶ 
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4.5.2 Keyframe Judgment 

The last step is to judge if the current frame meets the requirements of a keyframe: 

(1) Local mapping thread is free or enough frames (depends on input framerate) 

have passed from last keyframe insertion.  

(2) Enough frames have passed from the last global relocalization (loop closure and 

lost relocalization).  

(3) Current frame has a sufficient illumination change compared to the latest 

keyframe in the active window. 

(4) Current frame has a sufficient scene change (indicated by the mean squared 

optical flow) compared to the latest keyframe in the active window.  

If a keyframe is inserted when the local mapping is busy, a signal is sent to suspend 

local BA to insert keyframes as fast as possible, because that makes the tracking more 

robust to challenging camera movements, typically rotations. 

 

Figure 4.3: Direct image alignment, minimizing photometric error. 
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4.5.3 Pose Optimization 

When a frame is decided to be a new keyframe, the system extracts feature from 

both left and right images and compute their descriptors to match them and get stereo 

features. These stereo features are triangulated to be landmarks and searched for 

matches within landmarks of a reference keyframe. Then a local keyframe set is 

created with those (1) observing same landmarks to the new keyframe or (2) adjacent 

neighbors in the covisibility graph to the keyframes in (1). All landmarks of each 

keyframe in the local keyframe set become a local map, and more matched are 

searched between landmarks of the new keyframe and the local map.  

Now the new keyframe has an initial pose estimation {𝑅, 𝑡} from direct image 

alignment, and an initial set of correspondences between stereo features 𝑋  and 

landmarks 𝑃𝑋 . Projecting 𝑃𝑋  from world coordinates to the camera plane using 

camera pose {𝑅, 𝑡} produces a reprojection error between projected coordinates and 

the coordinates of matching features 𝑋. By minimizing the reprojection error, camera 

pose is optimized. This is the basic idea of Motion-only BA:  

{𝑅, 𝑡} = argmin
𝑅,𝑡

∑ 𝜌‖ 𝑥 − 𝜋(𝑅𝑃𝑥 + 𝑡)‖Σ
2

𝑥∈𝑋 

 ⑷ 

where 𝜌 is the robust Huber cost function. 
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4.5.4 Global Relocalization 

If the tracking is lost, the current frame is converted into a new keyframe and 

use BoW to query the recognition database for similar keyframes for global 

relocalization. The correspondences with ORB descriptors of features in the current 

keyframe and those associated to the landmarks in each candidate keyframe are 

calculated as described in Section 4.3-H, then alternatively RANSAC iterations are 

performed to each keyframe using the PnP algorithm [66] for camera pose estimation. 

A pose with enough inliers is optimized and a guided search is performed for more 

matches with the landmarks in the candidate keyframes. Finally, the camera pose is 

again optimized, and if supported with enough inliers, tracking is recovered. 

4.6 Local Mapping 

4.6.1 Keyframe Insertion 

When a new keyframe is created, the local mapping thread and loop closing 

thread are triggered. The new keyframe is inserted as a new node in to the covisibility 

 

Figure 4.4: Pose optimization, minimizing reprojection error. 
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graph updating edges connecting to other nodes with weight of shard landmarks’ 

amount, and in to the spanning tree linked to the node with the most common 

landmarks. Then the BoW of the new keyframe is computed and stored in the 

recognition database for global relocalization. 

4.6.2 Landmarks Update 

After every new keyframe inserted, landmarks inserted within the past three 

keyframes are tested to ensure they are trackable and not wrongly triangulated with 

two conditions: 1) A landmark must be observable to at least three keyframes. 2) The 

tracking must find the landmark in more than the 25% of the frames in which it is 

predicted to be visible. A landmark is culled if any of the conditions is not satisfied 

during the test.  

New landmarks are then created by triangulating features from connected 

keyframes in the covisibility graph. This should be easy since the depth is known for 

the stereo features. The unmatched features are matched to other features and 

landmarks in other keyframes using the same correspondence strategy as in Section 

4.3-H.  

4.6.3 Local BA 

Local BA optimizes a set of connected keyframes in the covisibility graph 𝒦𝐿 

and all landmarks 𝒫L observed by those keyframes. All other keyframes 𝒦𝐹, not in 

𝒦𝐿, observing points in 𝒫L contribute to the cost function but remain fixed in the 

optimization. Defining 𝒳𝑘  as the set of matches between landmarks in 𝒫L  and 

features in a keyframe 𝑘, the optimization problem is: 
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{𝑃𝑖 , 𝑅𝑙, 𝑡𝑙 | 𝑖 ∈ 𝒫L, 𝑙 ∈ 𝒦𝐿} = argmin
𝑃𝑖,𝑅𝑙,𝑡𝑙

∑ ∑ 𝜌(𝐸𝑘𝑗)

𝑗∈𝒳𝑘k∈𝒦𝐿∪𝒦𝐹

 

with 𝐸𝑘𝑗 = ‖𝑥𝑗 − 𝜋(𝑅𝑘𝑃
𝑗 + 𝑡𝑘)‖Σ

2. 

 ⑸ 

 

4.6.4 Local Keyframes Culling 

As the fast insertion of keyframes, the scale of the map and the covisibility graph 

grows, and the complexity of BA increases as well. The system controls the scale of 

the keyframes by culling the keyframes, whose 90% landmarks have been seen in 

other at least three keyframes. This policy was inspired by the one proposed in the 

work of Tan et al. [67], where keyframes were discarded after a process of change 

detection.  

4.7 Loop Closing  

4.7.1 Loop Detection 

Firstly, the minor-neighbors to 𝐾𝑖, those keyframes with edge weight 𝜃 ≥ 30 in 

the covisibility graph, but not directly connected in the spanning tree, are selected. 

Their similarity scores to 𝐾𝑖 over the BoW vectors are calculated with the lowest 

score marked as 𝑠𝑚𝑖𝑛. Then, by querying all historical keyframes in the recognition 

database, keyframes with score lower than 𝑠𝑚𝑖𝑛 are discarded. Within the remaining 

set of keyframes, every three keyframes that are consistent (connected in the 

covisibility graph), is considered as a loop candidate to 𝐾𝑖.  

Loop decision is quite similar to global relocalization. Firstly, correspondences 

between ORB associated to landmarks in 𝐾𝑖 and the loop candidate keyframes are 
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computed as in Section 4.3-H, and these 3D-3D correspondences for each loop 

candidate keyframe 𝐾𝑙 are used to calculate a rigid body transformation 𝑇𝑖𝑙 ∈ 𝑆𝐸(3). 

A transformation with enough inliers is optimized and a guided search is performed 

for more matches with the landmarks in the candidate keyframe. Finally, the 

transformation is again optimized, and if supported with enough inliers, 𝐾𝑙 and 𝑇𝑖𝑙 is 

determined for loop fusion. 

4.7.2 Loop Fusion  

The duplicated landmarks in the loop are fused and new edges are added to 𝐾𝑙 

according to 𝐾𝑖 in the covisibility graph. The keyframe pose 𝑇𝑖 is fused with 𝑇𝑖𝑙 and 

the transformation is also cascaded to all the neighbors in the covisibility graph to 

align both sides of the loop. All landmarks observed by 𝐾𝑙-centered keyframes in the 

covisibility graph are projected into 𝐾𝑖 for more landmark correspondences, and the 

edges of all related keyframes are updated as well. 

4.7.3 Essential Graph Optimization  

Finally, pose graph optimization distributes the loop closing error along the 

essential graph, and each landmark is transformed according to the fusion of a 

representing keyframe observing it. 

4.8 Global Optimization 

Global optimization is triggered after loop closing to optimize the fused camera poses 

and map. It applies global-BA, using the same equation as local-BA with extended 

scale of all keyframes and landmarks in the essential graph. 



56 

 

Global optimization is very time-consuming so it is launched alone in a new thread 

with a low priority. It will be blocked from running if a new loop closing is performed, 

then run again with newest essential graph. 

After a global-BA, the correction is also propagated to the newly inserted keyframes 

and their landmarks during the period of global-BA. 
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Chapter 5. System Validation 

5.1 Experiment Environment Setup 

As introduced in Chapter 3, six selected sequences from the KITTI dataset are used 

as input to evaluate the performances of our proposed system. The rectified stereo 

grayscale image sequences are used as input, and the output camera pose estimations 

are evaluated with the provided ground-truth poses. All experiments are carried out 

on an Intel Core i5-7400 desktop with 8 GB RAM. Each sequence is executed for 

five times to show their average performance in accuracy and efficiency considering 

the uncertainty of multi-thread. Results of ORB-SLAM2 [37] (acquired from self 

executions, refer to Chapter 3 for more information) and Stereo DSO [41, 42] (pose 

estimations are cited from the official website). 

Our experiments are performed as follows. Firstly, we implement a direct image 

alignment method to acquire initial estimations of camera poses. Then we apply 

feature-based bundle adjustment to optimize the estimations and get final results. The 

results are illustrated in the following sections. 

5.2 Accuracy Validation 

The average relative translation RMSE 𝑡𝑟𝑒𝑙  (%) and rotation RMSE 𝑟𝑟𝑒𝑙 

(deg/100m) are calculated for accuracy evaluation on selected KITTI sequences. 

Table 5.1 shows the accuracy results (lower the better). 
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The results show that, the initial estimations from direct image alignment are 

generated with large error. In most cases, feature-based optimizations can erase the 

error and significantly improve the accuracy.  

In simple sequences 03, 04 and 10, our proposed method achieves similar accuracy 

to ORB-SLAM2. Although the initial estimation from direct image alignment is bad, 

since the camera moves slow and smooth without sharp turns, enough features can 

be tracked to improve the accuracy. Qualitative and quantitative results are shown in 

Figure 5.1 to Figure 5.3. 

 

TABLE 5.1: 
ACCURACY RESULTS ON SELECTED KITTI SEQUENCES  

 ORB-SLAM2 St. DSO (official) Direct Estimation After BA  

Seq. trel trel trel rrel trel rrel trel rrel 

00 0.7010 0.25 0.9606 0.30 2.2358 0.26 2.2323 0.29 

01 1.4288 0.33 1.5402 0.10 2.8207 0.14 2.8105 0.42 

03 0.7383 0.20 0.9967 0.17 4.3532 0.16 0.7576 0.19 

04 0.4706 0.19 0.8945 0.17 1.6318 0.15 0.4940 0.15 

06 0.4983 0.15 0.7898 0.23 2.7962 0.44 1.5693 0.48 

10 0.6118 0.28 0.4799 0.19 0.8221 0.18 0.6385 0.32 

mean 0.7415 0.23 0.9436 0.19 2.4433 0.22 1.417 0.31 

 

 

 
(b) 

 
(a) (c) 

Figure 5.1: Qualitative and quantitative results of KITTI sequence 03. Ground truth (red) and estimated 

trajectories (other colors) (a). Average translation and rotation RMSEs over 100m to 800m intervals, with 

respect to path length (b) and driving speed (c). 
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As for sequences 00 and 06, in some of the executions, tracking is lost because of the 

bad initial estimation. Tracking lost usually happens when the vehicle is making a 

sharp turn at intersections in sequence 00 or a U-turn in sequence 06. Usually, the 

relocalization module is able to recover tracking when loop occurs. However, bundle 

adjustment is not performed while tracking is lost. In sequence 06, tracking is 

recovered soon after the lost and only a small proportion of frames are lost. Bundle 

 

 
(b) 

 
(a) (c) 

Figure 5.2: Qualitative and quantitative results of KITTI sequence 04. Ground truth (red) and estimated 

trajectories (other colors) (a). Average translation and rotation RMSEs over 100m to 800m intervals, with 

respect to path length (b) and driving speed (c). 

 

 
(b) 

 
(a) (c) 

Figure 5.3: Qualitative and quantitative results of KITTI sequence 10. Ground truth (red) and estimated 

trajectories (other colors) (a). Average translation and rotation RMSEs over 100m to 800m intervals, with 

respect to path length (b) and driving speed (c). 
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adjustment is able to optimize the trajectory to some extent, yet still worse compared 

to ORB-SLAM2 and Stereo DSO. When it comes to sequence 00, once tracking is 

lost, it takes a long time before the vehicle returns to a mapped spot. Thus, bundle 

adjustment contributes zero to trajectory optimization, which means our method is 

failed in this case. Similar problems also exist in sequences 01, where bundle 

adjustment cannot work properly, even decreases the accuracy in rotation estimations. 

 

 

 

 
(b) 

 
(a) (c) 

Figure 5.4: Qualitative and quantitative results of KITTI sequence 06. Ground truth (red) and estimated 

trajectories (other colors) (a). Average translation and rotation RMSEs over 100m to 800m intervals, with 

respect to path length (b) and driving speed (c). 

 

 
(b) 

 
(a) (c) 

Figure 5.5: Qualitative and quantitative results of KITTI sequence 00. Ground truth (red) and estimated 

trajectories (other colors) (a). Average translation and rotation RMSEs over 100m to 800m intervals, with 

respect to path length (b) and driving speed (c). 
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5.3 Efficiency Validation 

Table 5.2 shows the mean processing time in milliseconds per frame (lower the 

better) and the corresponding frame rate (FPS, higher the better) for each selected 

sequence. 

 

The results validate that our proposed method use shorter processing time than ORB-

SLAM2. 

 

 
(b) 

 
(a) (c) 

Figure 5.6: Qualitative and quantitative results of KITTI sequence 10. Ground truth (red) and estimated 

trajectories (other colors) (a). Average translation and rotation RMSEs over 100m to 800m intervals, with 

respect to path length (b) and driving speed (c). 

TABLE 5.2: 
EFFICIENCY RESULTS ON SELECTED KITTI SEQUENCES 

  ORB-SLAM2 Ours 

Seq. Frames time rate time rate 

00 4541 91.0221 10.99 82.3385 12.14 

01 1101 110.5358 9.05 98.9097 10.11 

03 801 77.8148 12.85 68.8645 14.52 

04 271 81.7149 12.24 67.0347 14.91 

06 1101 92.6912 10.79 82.9231 12.05 

10 1201 73.4403 13.62 61.5898 16.23 

mean 87.8699 11.59 76.9434 13.33 
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Chapter 6. Conclusion and Future Work 

6.1 Conclusion 

In this thesis, we firstly introduced the background of autonomous driving 

technologies and Vision-based Simultaneous Localization and Mapping (VSLAM). 

Several state-of-the-art direct and indirect VSLAM systems, specifically for stereo 

cameras, were reviewed with standard vision benchmarks. ORB-SLAM2 

representing the indirect systems shows superiority in terms of estimation accuracy 

yet the high computational costs make it inferior in efficiency compared to the direct 

VSLAM systems. 

This brought us the inspiration to integrate the advantages of both direct VSLAM 

and indirect VSLAM, utilizing the direct method for pose estimation between frames 

and indirect feature-based bundle adjustment for joint-optimization of motion and 

structure, to achieve competitive accuracy, with higher efficiency saving the time of 

feature processing. 

We proposed a semi-direct VSLAM system for stereo camera. It utilizes direct image 

alignment for motion estimation, and ORB feature-based bundle adjustment for joint-

optimization of motion and structure. The system maintains a sparse point cloud map 

and allows loop closing and relocalization when tracking is lost. 

Finally, we validated our system over selected KITTI benchmarks in terms of 

accuracy and efficiency. Results prove that our system is able to achieve competitive 

accuracy to ORB-SLAM2 in some situations with higher efficiency. 
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However, our proposed system is not perfect. When initial pose estimations from 

direct image alignment is too bad, feature based optimization may not be able to fuse 

the error and thus cannot provide accurate results. In the worst cases, it may lead to 

negative optimization. 

6.2 Future Work 

There are two primary aspects of future improvements: accuracy and efficiency from 

both direct and indirect methods. In addition, usability and applicability should also 

be enhanced.  

➢ Design and implement a more accurate direct pose estimation model. 

➢ Improve feature-based optimizations in both accuracy and efficiency. 

➢ Adapt the system to ROS [68] for other autonomous platforms and applications. 

➢ Integrate AI into the system, such as machine learning techniques.  

➢ If appliable, design and generate novel datasets for both outdoor and indoor 

scenarios and carry out more real-world and real-time experiments. 
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