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A B S T R A C T

Visual sensors are key to robot perception, which can not only help robot

localisation but also enable robots to interact with the environment. However,

in new environments, robots can fail to distinguish the static and dynamic

components in the visual input. Consequently, robots are unable to track ob-

jects or localise themselves. Methods often require precise robot proprioception

to compensate for camera movement and separate the static background from

the visual input. However, robot proprioception, such as inertial measurement

unit (IMU) or wheel odometry, usually faces the problem of drift accumulation.

The state-of-the-art methods demonstrate promising performance but either

(1) require semantic segmentation, which is inaccessible in unknown environ-

ments, or (2) treat dynamic components as outliers – which is unfeasible when

dynamic objects occupy a large proportion of the visual input.

This research work systematically unifies camera and multi-object tracking

problems in indoor environments by proposing a multi-motion tracking system;

and enables robots to differentiate the static and dynamic components in the

visual input with the understanding of their own movements and actions.

Detailed evaluation of both simulation environments and robotic platforms

suggests that the proposed method outperforms the state-of-the-art dynamic

SLAM methods when the majority of the camera view is occluded by multiple

unmodeled objects over a long period of time.
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1
I N T R O D U C T I O N

1.1 scope

The use of robots in mobile sensing, mapping and loco-manipulation tasks is

becoming ubiquitous across various domains. To advance the automation of

complex tasks, it is essential to enhance robots’ perception of the surround-

ing environments and understanding of their ego-motions. Visual SLAM can

help robots build a model of previously unseen environments and localise

themselves based on visual input only. Recent visual SLAM systems can accur-

ately localise the camera in a large-scale environment [20, 60, 61] and densely

reconstruct the environment at a real-time speed [16, 65, 123]. Furthermore,

visual sensors can be combined with robot proprioceptive sensors, such as an

IMU, to further improve system’s robustness to quick camera movement or

large-occluded camera views [11, 74, 104]. However, most of these methods

are based on a static world assumption and, therefore, struggle to localise the

camera accurately in dynamic environments which are closer to real-world

application scenarios.

In addition to the academic community, SLAM methods have also been

extensively applied to multiple commercial products. For instance, robotic

vacuum cleaners can achieve accurate self-localisation on flat surfaces by fus-

ing visual sensors and wheel odometry [82]. VR headsets can utilise depth

cameras to reconstruct indoor environments based on the user’s head move-

ments. Drones are capable of performing accurate ego-motion estimation even

during rapid camera movements. However, SLAM methods implemented on

commercial goods are often limited to certain application scenarios. For ex-

ample, SLAM methods designed for robotic vacuum cleaners are limited to 2D

camera motion estimation on planar surfaces. VR headsets have challenges in

real-time 3D background reconstruction during long-distance user movements

but focus on 3D reconstruction while users are relatively stationary, such as

standing or sitting. Moreover, the working environment of drones is usually

kept at a distance from other dynamic objects, such as people and vehicles for
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safety reasons. Therefore, the majority of the field of view consists of static

backgrounds.

One real-world robot application that involves long-distance camera 3D

trajectory estimation in highly dynamic environments is the task of mobile

manipulation (Figure 1), where a robot needs to simultaneously move the base

and manipulate objects which brings dynamic objects into the environment.

Moreover, when a dynamic object is large or moves relatively close to the

camera itself, it can occupy the major proportion of the visual input. This

makes it even more difficult for a robot to localise itself.

(a) (b)

Figure 1: (a) A mobile manipulator manipulates an object in front of the camera, which
introduces dynamic objects in the visual input. (b) When an object is large
or closely manipulated, it can cause dynamic large occlusion in the camera
view.

In order to localise in dynamic environments, dynamic SLAM methods need

to detect dynamic objects and mitigate their impact. To achieve it, current state-

of-the-art methods either use semantic segmentation to detect pre-defined

dynamic objects directly [5, 85, 103, 129]; or assume that moving objects are

a smaller part of the overall image and can be removed as outliers compared

to the static background [84, 94]. However, if an unmodeled dynamic object

is large or moves close to the camera, it can cause dynamic large occlusions

that occupy a major proportion of the camera view. Consequently, current

state-of-the-art methods can misclassify the unmodeled large dynamic object

as static and fail to localise the camera.

Humans, however, can locate themselves in new environments and perceive

their ego-motion even when the majority of visual input is occluded by dy-
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namic objects. This is because, apart from vision, humans can understand

dynamic environments by the perception of their own movements and actions

from proprioception. For example, when humans move, they can perceive their

body movement via leg odometry. Additionally, when humans push objects,

they can approximately estimate the objects’ trajectory via hand movement

even without vision. This perception of body movement can help humans

understand and distinguish static and dynamic objects in the environment.

Similarly, robots can rely on proprioception only, such as robot odometry

or IMU, to localise themselves when the visual input is unavailable [7, 12, 46].

However, the wheel or leg odometry of a robot can produce significant drifts

on uneven terrain and, therefore, cannot be used for accurate localisation over

a long period [126]. To solve this problem, robot proprioceptive sensors are

often fused with visual sensors to reduce long-term camera drift and enable

accurate localisation in large-scale static environments [74, 126].

This thesis, therefore, specifically targets domains where we need to use

relatively inaccurate robot proprioception, such as wheel odometry and IMU

to realise robust SLAM and motion segmentation in dynamic environments

when the majority of camera view is occluded by multiple unmodeled dynamic

objects for a long period.

1.2 problem formulation

We consider the problem of simultaneous localisation and mapping (SLAM) and

motion segmentation in the presence of long-term dynamic large occlusions.

Especially, we are interested in using proprioceptive sensors, like inertial

measurement unit (IMU) or wheel odometry, to improve the accuracy of robot

localisation. However, there are three challenges to completing this task.

1.2.1 Challenge 1: Large dynamic occlusions

As mentioned in Section 1.1, dynamic objects can be removed as outliers if

they are smaller compared to the static background in the visual input. This is

achieved by estimating the rigid transformation of the dominant rigid body

and selecting this rigid body as the static background. However, in the scenario

of large occlusion, a dynamic object can frequently become the dominant rigid

1.2 problem formulation 3



body of motion in the visual input. Therefore, the largest rigid body in the

camera view cannot be pre-determined as either the static background or a

moving object.

1.2.2 Challenge 2: Unmodeled dynamic objects

In real-world applications, there are usually multiple independently moving

dynamic objects in the environment. Even if these moving objects are distin-

guished from the static environment, a robot needs to further segment and

track individual dynamic objects for a more comprehensive understanding of

its surrounding environments.

When dynamic objects are unmodeled, robots have no information about

the number or appearance of dynamic objects– hence, the classical methods

can fail to differentiate one dynamic object from another.

1.2.3 Challenge 3: Lack of information from the static background

In the scenario of large occlusion, it is difficult to recover the occluded static

background after the removal of dynamic objects. Therefore, the information

that belongs to the occluded static areas is lost, including the textures from

RGB cameras and depth readings from depth cameras. When dynamic large

occlusion lasts for a long period, the loss of information can cause camera drift

accumulation and even lead to a tracking failure.

To enable robust SLAM in the scenario of long-term large occlusion, it’s

important that we resolve these three challenges.

1.3 contributions

Next we summarise the key approach and contributions of this thesis towards

resolving the above mentioned challenges.
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1.3.1 A novel dense RGB-D SLAM method that is robust to rigid dynamic large

occlusions

Our first contribution is enabling dense SLAM when the major proportion of

the camera view is occluded by a rigid dynamic object. Previous state-of-the-art

methods are limited to handling pre-defined dynamic objects or assuming that

dynamic objects account for a minor proportion of the visual input. Therefore,

when unmodeled dynamic objects cause large occlusion, these methods are

unable to accurately localise the camera because large dynamic objects can be

misclassified as static.

To address this issue, we propose a method that models the entire dynamic

component of the visual input with a single rigid transformation. Our approach

simultaneously segments, tracks, and reconstructs the static background and

a single rigid dynamic object. The novelty of our method is segmenting two

rigid bodies with different motions and using motion priors to differentiate the

static from the dynamic. Motion priors represent prior rigid transformations of

either the camera or dynamic objects. In the mobile manipulation scenario, the

camera motion prior can be acquired from wheel odometry when the camera

is mounted on the base, while the object motion prior either comes from arm

kinematics when the object is manipulated.

Detailed evaluation demonstrates that our method can use motion priors

with large drift to segment and track the static and dynamic rigid bodies online.

The static rigid body is used to reconstruct the static background, improve the

accuracy of camera localisation and furthermore reduce potential drifts from

the camera motion prior. We also reconstruct the dynamic object model, which

could be used in other robotics applications, like object grasping.

This contribution is presented in:

• Ran Long, Christian Rauch, Tianwei Zhang, Vladimir Ivan and Sethu

Vijayakumar, ‘RigidFusion: Robot Localisation and Mapping in Environ-

ments With Large Dynamic Rigid Objects’, in IEEE Robotics and Automa-

tion Letters (RA-L), vol. 6, no. 2, pp. 3703-3710, April 2021.

• Christian Rauch, Ran Long, Vladimir Ivan and Sethu Vijayakumar, ‘Sparse-

Dense Motion Modelling and Tracking for Manipulation Without Prior

Object Models’, in IEEE Robotics and Automation Letters (RA-L), vol. 7, no.

4, pp. 11394-11401, Oct. 2022.
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1.3.2 A novel dense RGB-D SLAM method that simultaneously segments and track

multiple unmodeled dynamic planar objects

The major limitation of our first contribution is that it assumes the whole

dynamic components can be modelled as a single rigid body. Our second

contribution resolves this limitation in planar environments and can simultan-

eously segment and track multiple rigid planar objects that cause dynamic

large occlusions. To improve the robustness of our method, we also detect and

remove non-planar dynamic objects as outliers.

To approach this aim, we segment planar areas of an image into planes and

the remaining non-planar areas into super-pixels. We then introduce a novel

multimotion visual odometry to merge planes with close rigid motions and,

therefore, estimate and track multiple planar rigid bodies independently. The

non-planar super-pixels are classified into static and dynamic with the camera

motion priors. The static part of the visual input is a combination of static

super-pixels and the planar rigid object with the closest rigid motion to the

camera motion. Similar to the first contribution, we refine camera trajectories

and reconstruction the static background with the static parts using frame-to-

model alignment.

Compared to other state-of-the-art dynamic SLAM methods, our method is

robust to large occlusions caused by multiple unmodeled dynamic objects and

provides dense segmentation of these objects separately.

This contribution is presented in:

• Ran Long, Christian Rauch, Tianwei Zhang, Vladimir Ivan, Tin Lun Lam

and Sethu Vijayakumar, ‘RGB-D SLAM in Indoor Planar Environments

With Multiple Large Dynamic Objects’, in IEEE Robotics and Automation

Letters (RA-L), vol. 7, no. 3, pp. 8209-8216, July 2022.

1.3.3 A novel RGB-D-inertial SLAM method that is robust to Long-term Dynamic

Large Occlusions

In our previous two contributions, we only considered dynamic large occlusion

that lasts for a short period. However, an additional problem is caused by long-

term dynamic large occlusions when large occlusion persists for the majority

of robot operation time. After the removal of dynamic objects that cause large
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occlusion, the remaining information from the static background is insufficient

to support accurate camera localisation, resulting in camera drift accumulation.

In the scenario of short-term large occlusion, robots can either temporarily rely

on robot proprioception or relocalise the camera after the visual input from

the static background becomes sufficient. This consequently reduces the drift

accumulated during dynamic large occlusion. However, when dynamic large

occlusion lasts over a long period, both our previous methods are unable to

reduce the drift of camera or camera motion prior from wheel odometry.

To address this challenge, our third contribution proposes a novel visual-

inertial bundle adjustment method that can effectively segment dynamic ob-

jects that cause long-term large occlusions. We also tightly fuse an IMU to the

camera to reduce drift and combine sparse and dense information by main-

taining a sparse static map while estimating dense segmentation of dynamic

objects. Consequently, we can reconstruct the background offline with the

static segmentation of images.

Finally, we evaluate our method on a real-world mobile manipulator experi-

ment in a complex dynamic environment and demonstrate its performance in

real robot applications.

This contribution is presented in:

• Ran Long, Christian Rauch, Tianwei Zhang, Vladimir Ivan, Tin Lun Lam

and Sethu Vijayakumar, ‘RGB-D-Inertial SLAM in Indoor Dynamic Envir-

onments with Long-term Large Occlusion’. arXiv preprint arXiv:2303.13316

(2023).
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1.4 thesis outline

It’s recommended to read this thesis in sequential chapter order. Each chapter

contains a concise introduction and discussion, conveying the primary sci-

entific concepts and contributions of each work. In addition, the chapters are

connected through a coherent thread that is summarised in the paragraphs

below.

In Chapter 2, we will introduce the widely-used sensors in visual-inertial

simultaneous localisation and mapping (SLAM) methods, including monocular,

stereo, RGB-D cameras and inertial measurement unit (IMU). We also introduce

the mathematical concepts of 3D body motion and the metrics we used to

evaluate trajectories.

Chapter 3 provides an overview of related work, including SLAM in static

and dynamic environments. For static SLAM methods, we first introduce

feature-based visual SLAM and then dense visual SLAM. This is followed

by an introduction of planar SLAM methods which extract and use planes

in environments. Additionally, we introduce SLAM methods that fuse visual

sensors and other proprioceptive sensors, such as IMU and robot odometry.

For dynamic SLAM methods,

In Chapter 4, we propose a dense RGB-D SLAM approach to simultan-

eously segment, track and reconstruct the static background and a single large

dynamic rigid object that can occlude major proportions of the camera view.

Chapter 5 extends our previous method to track multiple dynamic objects

in planar environments and proposes a dense RGB-D SLAM approach for

dynamic planar environments that enables simultaneous multi-object tracking,

camera localisation and background reconstruction.

Chapter 6 considers the scenario when the majority of camera view is

occluded for most of the time when the camera is in motion. In this scen-

ario, unreliable camera motion priors can lead to wrong object segmentation.

Moreover, the colour and depth information from the static parts of images

may not be sufficient to support accurate camera localisation. To address

these issues, our framework proposes a robust visual-inertial bundle adjust-

ment (VIBA) method that simultaneously tracks the camera, estimates dense
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segmentation of dynamic objects based on clusters, and maintains a sparse

static map by combining dense and sparse features.

Finally, in Chapter 7, we conclude with multiple directions for improving

our approaches and potential future research work.
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2
P R E L I M I N A R I E S

This chapter introduces the concepts of 3D rigid body motion and gives an

overview of the sensors used in visual-inertial simultaneous localisation and

mapping (SLAM) methods, including the monocular, stereo, RGB-D cameras

and inertial measurement unit (IMU). Additionally, we introduce metrics we

used to evaluate estimated camera trajectories. Finally, we discuss factor graphs

and explain the relation between this formulation to SLAM.

2.1 3d rigid body motion

In this thesis, we use the special euclidean group T ∈ SE(3) to represent the

3-D rigid transformation:

SE(3) :=

T =

R t

0T 1

 ∈ R4x4 : R ∈ SO(3), t ∈ R3

 , (1)

where R denotes the 3-D rotation and t denotes the 3-D translation. To optimise

over 3-D poses, we also use the Lie algebra 战 ∈ se(3), which is the tangent

space of SE(3) to represent 3-D poses during optimisation.

The Lie algebra 战 ∈ se(3) is defined as:战 = (戚,戞)T ∈ R6|戚 ∈ R3, Φ ∈ R3, 战
∧
=

戞∧ 戚

0T 1

 ∈ R4x4

 , (2)

where 戞
∧

generates a skew symmetric matrix from a 3-D vector 戞:

戞
∧
=


0 −ϕ3 ϕ2

ϕ3 0 −ϕ1

−ϕ2 ϕ1 0

 . (3)
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Given the Lie algebra 战, we can use the exponential map to calculate the

rigid transformation T ∈ SE(3) [121]:

T = exp(战). (4)

Conversely, we can acquire the lie algebra from transformation T using the

logarithmic operation:

战 = log(T). (5)

For more details related to the exponential map, please refer to [121].

2.2 sensors for visual-inertial slam

2.2.1 Monocular Camera

Monocular cameras are widely used in SLAM methods and can be modelled

by the pinhole camera model. Provided a 3D point x = [X, Y, Z]T ∈ R3 in the

camera frame, we can project the 3D point on the image and acquire the pixel

position u = [u, v]T ∈ R2:

u := π(x) =

 fx
X
Z + cx

fy
Y
Z + cy

 , (6)

where fx and fy are the horizontal and vertical focal lengths of the RGB camera

respectively. (cx, cy) represents the image coordinate of the optical centre. If

the depth Z of a pixel is given, we can backproject a pixel to the 3D world:

x = π−1(u, Z) =


u−cx

fx
v−cy

fy

1

 Z. (7)

However, due to the lack of depth reading, monocular cameras are unable

to provide the scale information of the surrounding environments. This can

lead to long-term drift of localisation.
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2.2.2 Stereo and RGB-D Camera

Both stereo and depth cameras can provide depth information about the

environment.

A stereo camera is composed of two synchronised RGB cameras with a rigid

transformation. Here, we assume that two cameras are well-calibrated and

the baseline b which is the distance between the lens of two RGB cameras

is estimated beforehand. Given a 3D point x = [X, Y, Z]T in the left camera

frame, we can use the projection function of stereo cameras πs to acquire a

stereo coordinate us = [u, v, ur]T [61]:

us := πs(x) =


fx

X
Z + cx

fy
Y
Z + cy

fx
X−b

Z + cx

 , (8)

where (u, v) is the image coordinate on the left image and ur is the horizontal

image coordinate of the corresponding pixel on the right image. To estimate

depth, a stereo camera first needs to find corresponding feature points between

the left and right images, and use triangulation to estimate the depth.

An RGB-D camera combines a monocular camera and a depth sensor. In our

first publication (Chapter 4), we collect our own dataset with a structure-light

depth camera Asus Xtion Pro Live1 (Figure 2a). It uses an infrared projector to

project a known infrared pattern, which is then perceived and used to estimate

depth of each pixel. In all other publications, we use a time of flight (ToF) depth

camera Azure Kinect DK2 (Figure 2b) to collect our own dataset. A ToF camera

can emit pulses of infrared light towards the environment in the camera’s field

of view. The depth is then calculated based on the time it takes for the light

pulse to travel from the camera to object and back again.

Compared to stereo cameras, RGB-D cameras can estimate per-pixel depth

and have a higher accuracy within the operational range.

1 http://xtionprolive.com/asus-3d-depth-camera/asus-xtion-pro-live
2 https://azure.microsoft.com/en-us/products/kinect-dk
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(a) Asus Xtion Pro Live (b) Azure Kinect DK

Figure 2: (a) An Asus Xtion Pro Live RGB-D camera. (b) An Azure Kinect DK RGB-D
camera based on ToF.

2.2.3 Inertial Measurement Unit

An IMU is an electronic device that is used to measure and report on the

acceleration, orientation, and angular velocity of an object in three-dimensional

space. An IMU consists of a gyroscope and an accelerometer which provide

raw measurements of angular velocity ω̂ and acceleration â in the body frame:

ω̂t = ωt + bω
t + nω (9)

ât = at + ba
t + Rtg + na, (10)

where ωt and at are true values of angular velocity and acceleration at the time

t. bω
t and ba

t are bias terms of gyroscope and acceleration respectively, and

they can be modelled by Gaussian random walk, which changes slowly. Rtg

is the direction of gravity in the body frame. nω and na are Gaussian white

noise:

nω ∼ N (0, σ2
ω), na ∼ N (0, σ2

a ). (11)

2.3 metrics for trajectory comparison

The metrics we used are introduced in Sturm et al. [105], which includes

relative pose error (RPE) and absolute trajectory error (ATE). Assume that we

have two trajectories: one is the ground truth trajectory, which includes a

sequence of poses T̃1, · · · , T̃N ∈ SE(3), where N is the total number of the

poses. The other is the estimated trajectory and includes T1, · · · , TN ∈ SE(3).
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The RPE represents the drift of a trajectory over a fixed time interval δt. Here

we choose the δt as the time interval between two consecutive frames, then at

the i-th point in time, the relative pose error Ei is:

(T−1
i Ti+1)

−1(T̃−1
i T̃i+1), (12)

and we compute the root mean squared error (RMSE):

RMSE(E1:N) =

(
1

N − 1

N−1

∑
i=1

||Ei||2
)1/2

. (13)

Compared to the RPE, the ATE is used to evaluate the global performance

and consistency of the estimated trajectory. To compute the ATE, first, we need

to find the rigid-body transformation T̂ ∈ SE(3) that aligns the estimated

trajectory T̃1:N to the frame of the ground truth trajectory T1:N. Then the

absolute trajectory error at i − th timestamp is computed by: T−1
i T̂T̃i. Similarly,

we compute the RMSE of the absolute translation:

RMSE(F1:N) =

(
1
N

N

∑
i=1

||trans(T−1
i T̂T̃i)||2

)1/2

, (14)

where trans(Ti) extracts the translational component of the pose.

2.4 factor graph in slam

Figure 3: A toy SLAM example with three landmarks (blue) and three camera poses
(red). The robot motion is indicated with an arrow and a dashed line repres-
ents a measurement.

2.4 factor graph in slam 15



Factor graphs have been widely used to represent a complex real-world

SLAM problem [18, 43, 126]. We show a simple toy SLAM problem where a robot

navigate to three poses T1, T2, T3 and observes three map points x1, x2, x3 in

Figure 3. Here, we assume that an absolute measurement z1 to the initial pose

T1 is given.

Figure 4: Bayes network for the SLAM problem shown in Figure 3. We illustrate meas-
urement with square boxes.

This SLAM problem can be naturally presented as a Bayes Network (Figure 4).

We denote all unknown variables as X = {T1, · · · , T3, x1, · · · , x3} and all

measurements as Z = {z1, · · · , z3}. In SLAM, we need to find the optimal X

when given a set of measurements Z, which means to find the maximum a

posteriori (MAP) estimation XMAP:

XMAP = argmax
X

P(X|Z), (15)

where P(X|Z) can be factorised as:

P(X|Z) ∝ p(T1)p(T2)p(T3) (16)

× p(x1)p(x2)p(x3) (17)

× p(z1|T1) (18)

× p(z2|T1, x1)p(z3|T2, x2)p(z4|T3, x3). (19)

This factorisation can be explicitly expressed as a factor graph (Figure 5).

A factor graph F = (U ,V , E) has two types of vertices: factors ϕi ∈ U and

variables Xj ∈ V . All edges eij ∈ E connect one factor and another variable

vertex. Each factor of the factorisation of P(X|Z) results in a factor vertex ϕi
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Figure 5: Factor graph of the Bayes network from Figure 4 based on the measurement
Z.

and mathcalN(ϕi) is the set of variables related to ϕi. Consequently, every

variable vertex Xj ∈ N (ϕi) is adjacent to phii.

We assume that each factor ϕi can be modelled by a Gaussian noise with the

variance Σi:

ϕi ∝ exp{−1
2
||hi(N (ϕi))− zϕi ||

2
Σi
}, (20)

where hi(·) denotes the measurement function and zϕi is the measurement of

the factor. By taking negative log, Equation (15) can, therefore, be rewritten as:

XMAP = argmin
X

∑
i
||hi(N (ϕi))− zϕi ||

2
Σi

. (21)

Consequently, with the help of factor graphs, we can format a SLAM problem

with a non-linear least-square problem [69].
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3
L I T E R AT U R E R E V I E W

3.1 slam in static environments

Static simultaneous localisation and mapping (SLAM) methods assume that the

whole environment is static. Although this assumption can be violated in real

robotics applications, these methods achieve impressive performance to handle

agile camera motion and robustness in large-scale environments. We will first

introduce the visual SLAM methods based on feature points and traditional

dense SLAM methods. We will then introduce planar SLAM methods which

use high-level entities, such as lines and planes. Last, we introduce SLAM

methods that fuse different sensors.

3.1.1 Visual SLAM Based on Feature Points

Initially, probabilistic filters play a significant role in SLAM methods based on

fearture points and achieve promising results. Based on a extended Kalman

filter (EKF) [41], MonoSLAM [17] proposes an impressive real-time SLAM system

with a free-moving monocular camera. Huang et al. [36] proposes an unscented

Kalman filter (UKF)-based SLAM system that is robust to large sensor noise

and outperforms EKF-based methods in terms of accuracy and consistency.

By coupling a particle filter to an UKF, Pupilli et al. [73] introduces a robust

camera tracking system that handles unpredictable camera movements, which

increases the system’s reliability. Nevertheless, the key limitation of these

methods is that processing consecutive frames only brings a limited amount

of new information and they are unable to mitigate the accumulation of drift.

Compared to filter-based SLAM methods, keyframe-based SLAM methods

are able to perform bundle adjustment (BA) optimisation based on keyframes

which use computational resources more efficiently. Given multiple images

observing a set of 3-D map points, BA can simultaneously optimise the coordin-

ate of map points and estimate relative transformations of different image
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frames [116]. Strasdat et al. [101] demonstrated that given the same computa-

tional resources, keyframe-based SLAM methods outperform filter-based SLAM

methods in terms of accuracy.

Klein et al. [48] proposes a novel keyframe-based SLAM pipeline, parallel

tracking and mapping (PTAM), which implements the parallelisation of the

tracking and mapping processes. Importantly, it differentiates the concepts

of front-end and back-end in visual SLAM: only the front-end is necessary to

respond to images at a real-time speed. While the optimisation in the back-

end can be processed at a slower rate and updated when new keyframes are

inserted. However, PTAM is limited in scenes with a small size and tends to

lose camera tracking.

The more recent keyframe-based method ORB-SLAM [60, 61] is one of

the most versatile and robust feature-based visual SLAM systems and it

outperforms previous SLAM systems in many aspects.

First, it supports various types of cameras, including monocular, stereo and

depth cameras, which enables the method to work in both indoor and outdoor

environments. In addition, the whole system is based on ORB features [83],

including the visual odometry (VO) and loop detection. Compared to SIFT [67]

or SURF [4] which require high computational resources, ORB can be estimated

at a real-time speed. It also shows better scale and rotational invariance than

computationally efficient features like Harris corner detector [31]. Importantly,

descriptors provided by ORB features allow robots to relocalise themselves

when moving in a large-scale environment. This is achieved by loading an

ORB vocabulary file beforehand to detect loop candidates.

Inspired by the pipeline of PTAM, ORB-SLAM is based on three threads: 1) a

tracking thread which estimates initial relative poses between two consecutive

frames at a real-time speed; 2) a local mapping thread which conducts local BA

based on a novel co-visibility graph; 3) a loop closing thread which detects loop

candidates and performs full BA to correct loops. Consequently, ORB-SLAM is

able to maintain the global consistency of maps and reduce the accumulated

drift of cameras.

ORBSLAM-Atlas [19] extends ORB-SLAM [61] with a multi-map system.

The advantage of this system is that when the system loses the track of camera,

it creates a new map and localise the camera in the new map. Each new map

is treated as a submap and will be fused with all previous submaps when

loop candidates are detected. In contrast, the previous ORB-SLAM system
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can only restart the camera tracking after camera relocalisation. Importantly,

by managing a DBoW [26] library of keyframes, ORBSLAM-Atlas is able

to seamlessly fuse two sub-maps into a single sub-map when they share a

common region.

Despite impressive accuracy and performance in static environments, feature-

based static SLAM methods are unable to handle dynamic objects.

3.1.2 Dense Visual SLAM

Compared to feature-based SLAM methods, dense visual SLAM is able to

densely reconstruct the environment online while localising the camera. There-

fore, they have a wider range of applications, such as augmented reality (AR)

or virtual reality (VR).

As an early example of dense SLAM methods, DTAM [66] adopts a simple

pipeline to track the camera and reconstruct the environments. Given a dense

model, it aligns the current RGB image to estimate the camera pose and fuses

the image to refine the model once the camera pose is estimated. Based on more

recent depth cameras, KinectFusion [65] proposed a real-time dense SLAM

approach. Unlike frame-to-frame alignment which is widely used in monocular

SLAM, it maintains a model of the whole environment, which can be used

to align the current image frame. The disadvantage of KinectFusion is that

the computational complexity is proportional to the volume of reconstructed

scenes and cannot, therefore, map a large-scale environment. Kintinuous

[122], however, extends KinectFusion to an unbounded spatial scale so that

the dense SLAM algorithm can be used in large outdoor situations. Both

Kintinuous and KinectFusion used a truncated signed distance field (TSDF)

as the representation of the map. This data structure can be readily parallel

processed by GPU. Nevertheless, it limits the deformation ability of the map.

ElasticFusion [124] uses surface elements (surfel) to represent the map and

achieves high accuracy in indoor applications. It produces dense surfel-based

maps with global consistency without the help of a pose graph. This is achieved

by jointly optimising photometric and depth errors and only using recent

frames within a sliding window for camera tracking. The camera poses can

also be refined by deforming the dense surfel-based map. Concretely, instead of

3.1 slam in static environments 21



applying a rigid transformation to the surfel-based map, ElasticFusion applies

a non-rigid deformation which changes the shape of map.

BundleFusion [16] manages to maintain a consistent global map and enables

robust camera tracking in large indoor scenarios. To achieve this, it implements

a novel pipeline that can hierarchically align global camera pose with a com-

bination of sparse and dense features. In contrast to ElasticFusion, BAD-SLAM

[92] proposes a novel direct BA in an online dense RGB-D SLAM system. It

projects surfels into keyframes and minimises geometric and photometric

errors. During the direct BA, both camera poses and the surfel-based map are

refined.

In addition to traditional explicit map representation, like surfels or voxels,

neural radiance field (NeRF) [59] becomes a popular implicit dense map repres-

entation. iMAP [106] is the first dense RGB-D SLAM system that represents

the dense map with one single multilayer perception (MLP) layer. Nice-SLAM

[135] introduces a MLP-based hierarchical scene representation that consists of

coarse-to-fine geometric models. Compared to explicit scene representation,

NeRF-based dense SLAM methods can extrapolate mapping into unobserved

areas and inpaint small holes caused by occlusion.

3.1.3 Visual Planar SLAM

Apart from sparse feature points, high-level features like lines or planes can

also be used in visual SLAM systems. In man-made indoor environments, planes

are very common and a large number of man-made objects are comprised of

planar surfaces, such as walls or boxes.

Given an RGB-D camera, planes can be directly extracted from the depth map

[23, 71]. Point-plane SLAM [110] tracks the camera based on the combination

of planes and feature points. It also represents the map with both point and

plane landmarks to make the dense map more compact than traditional voxel-

based maps. Similarly, the dense map is compressed in dense planar SLAM

[88] by representing the non-planar map regions with surfels and the planar

regions with planes. Kaess et al. [42] uses infinite planes as landmarks in

the pose graph SLAM problem by introducing a novel homogeneous plane

parametrisation, which reduces the complexity of optimisation. Ming et al. [35]
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reconstructs a global dense planar map online with only a single CPU based

on keyframe management.

With a monocular camera, DPPTAM [15] observes that image areas with

similar RGB values have low photometric gradients and are mostly planar

regions. Therefore, DPPTAM represents high-gradient regions with points

while low-gradient regions with planes. This is achieved by segmenting low-

gradient regions with super-pixels and actively searching planes based on the

normal directions of these super-pixels. TT-SLAM [120] also extracts planes

by merging super-pixels extracted monocular images and conducts non-linear

optimisation to solve camera poses and plane parameters. In contrast, Pop-

up SLAM [130] applies a convolutional neural network (CNN) to directly

detect planes from monocular images and refine plane boundaries with line

extraction, which enables robust SLAM in texture-less indoor environments.

In addition to plane representations, some planar SLAM methods assume a

Manhattan world (MW) in structured environments, where scenes are construc-

ted on a Cartesian grid. Therefore, planes in a MW can be divided into three

sets that are perpendicular to each other. Li et al. [52] estimate a MW frame

from the extract planes and, therefore, reduce the accumulated drift of the

camera. This is achieved by decoupling the translation and rotation estimation

of the camera pose. The camera translation is estimated by combining points,

lines and planes, while the camera rotation is only estimated by minimising

the residual from lines and planes. The MW frame is used to refine the camera

rotation to reduce long-term rotational drift.

All these methods assume static environments, because planes in the indoor

environment, like walls, are often static. However, this assumption is violated

when planar objects, such as boxes, are transported or manipulated by humans

or robots.

3.1.4 SLAM with Sensor Fusion

Visual SLAM systems can be fused with other proprioceptive sensors, such as

inertial measurement unit (IMU), robot odometry or kinematic, to increase the

robustness of localisation.

The visual inertial navigation system (VINS) methods fuse visual sensors and

an IMU for more accurate localisation. IMUs can be either coupled with feature-
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based visual odometry [8, 50, 74] or direct visual odometry [117]. OKVIS uses

a sliding window and marginalised out previous useless frames. VINS-Mono

[74] combines the measurements from a monocular camera and an IMU in a

tightly-coupled manner and proposes an accurate visual-inertial (VI) SLAM

system in large-scale environments. DM-VIO [104] delays the marginalisation

of previous frames for a certain period to retain the prior information and

improves the robustness of the system. ORB-SLAM3 [11] is a real-time tightly-

coupled VI SLAM system that maintains multiple maps simultaneously and

can reuse all previous information from a co-visible graph when the camera

revisits a place. Despite assuming the environment is static, these methods

have achieved accurate localisation when the camera view is fully covered for

a short period [93]. However, this occlusion is caused by featureless objects,

such as a dark tube, instead of large or closely moving dynamic objects with

rich features.

Additionally, robot proprioception can also be used for localising robots

like quadrupeds or wheeled robots. Fallon et al.[21] introduced a hierarchical

process to combine three distinct modalities. These three modalities are vis-

ion, IMU and leg odometry respectively. It first coupled leg odometry with

IMU, then merged them together with LiDAR. Experiments show that this

hierarchical process can reduce the global drift of a humanoid’s pelvis states.

Exploiting the high accuracy of robot manipulator kinematics, ARM-SLAM

coupled the more accurate kinematic information with the visual input and

improved the performance of visual odometry [49]. Similar to the hierarchical

structure in Fallon et al. [21], Scona et al. [95] also fused humanoid proprio-

ception into a visual SLAM approach. Additionally, this method weights the

proprioception according to the reliance on RGB-D image alignment, and trusts

the kinematic and inertial modes more when visual odometry has poor results.

Instead of hierarchically fusing different modalities, KO-Fusion [34] directly

coupled all three sensors together and summed the errors from kinematic,

wheel odometry and dense visual odometry up to one loss function. The dense

visual odometry is based on ElasticFusion, and the results proved that KO-

Fusion outperformed ElasticFusion in terms of absolute trajectory error (ATE)

and produced a better map reconstruction. Similarly, VILENS [125] tightly

coupled all three sensors, but used a single factor graph. A sliding window is

implemented, and the historic state and unseen landmarks are marginalized
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out. Detailed experiments demonstrated that VILENS outperforms both VINS

methods and kinematic inertial (KI) systems in all listed datasets.

By merging kinematic, inertial and vision together, the state-of-the-art robot

state estimation methods can achieve accurate robot tracking in the real static

world. However, proprioceptive state estimation alone cannot self-correct the

estimated robot pose and, therefore, the camera drift accumulates. Vision can

help reduce the drift of robot proprioception and therefore plays a critical role

in those methods.

Nevertheless, in dynamic environments, current static visual SLAM methods

are unable to detect dynamic objects. Consequently, dynamic objects can be

mapped into the static background reconstruction and cause failures in camera

tracking.

3.2 slam in dynamic environments

In literature, dynamic SLAM methods can be divided into three categories.

The first category of methods can handle unmodeled dynamic objects based

on visual sensors only. The second category of methods also relies on visual

sensors only, but assumes object classes are pre-defined. Last, visual sensors

can be fused with other proprioceptive sensors to help detect dynamic objects.

3.2.1 Robust Visual SLAM with Motion Segmentation

Robust visual SLAM systems can detect unmodeled dynamic objects in com-

plex environments by differentiating dynamic objects from the static back-

ground based on their different motions. One category of methods not only

separates dynamic objects from the static background but also provides sep-

arate segmentation of independently-moving objects. The other category of

methods detects the whole dynamic areas as a whole.

3.2.1.1 Multimotion Segmentation Method

Multimotion segmentation methods that separate the visual input into multiple

independently-moving objects have a rich history. Torr et al. [113] extract

multiple rigid clusters from two perspectives of a 3D point cloud that consists of

multiple objects with different rigid motions. By adopting a 3 × 3 fundamental
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matrix [57] to model the relative transformation of a rigidly-moving 3D point

cloud in the camera frame, the method does not require the camera to be

calibrated in advance [22, 32]. To achieve it, Torr et al. [113] first find matches

between two point clouds taken from two camera positions. It then iteratively

applies random sample consensus (RANSAC) [24] to fit a cluster that can be

explained by a transformation matrix. After initial cluster generation, it prunes

clusters that are repetitive to others or have too few points. It also merges

clusters with a close transformation matrix.

Torr et al. [115] further extend the previous motion clustering approach

[113] with three image views [115]. Instead of restricting the motion model

to a fundamental matrix, Torr et al. [112] propose estimate clusters under

the degenerate motion models of a fundamental matrix, such as affine trans-

formations and projective transformations [114]. It also uses geometrically

robust information criterion (GRIC) to automatically select the best motion

model that fits a segmented cluster. In addition to RANSAC, the normalised cut

can also be used to segment an image sequence into partitions that represent

different rigidly-moving objects [97]. Schindler et al. [89] introduce Monte-

Carlo sampling for motion segmentation from two-view images, which is then

extended to handle multiple image views with different camera models [90,

91]. Ozden et al. [70] consider multimotion segmentation and tracking task

in practical scenarios when the number of dynamic objects changes. It’s able

to merge a moving object into the static background when it stops moving

and separate one cluster into two when a part of the cluster starts to move

differently.

More recently, Sabzevari et al. [86] proposed a theoretical framework based

on a multi-RANSAC scheme for simultaneous multibody motion segmentation

and reconstruction. Concretely, it repeatedly samples a point subset of k feature

points among N feature points according to a certain distribution, where N

is the total number of feature points and k is a hyper-parameter. Each point

subset is then fitted with a standard SfM model, and the reprojection error of

the estimated structure from these k feature points is calculated. The sampling

process will repeat until the reprojection error is below a threshold because

a low reprojection error suggests that these k feature points have a close

movement. Then, this point subset is removed from the N feature points, and

the method repeats to sample another point subset among the remaining

feature points. The process, which first samples points and then removes
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these points, will be repeated until all the feature points have been removed.

Consequently, the N feature points are segmented into subsets, and points in

each subset agree on a unique motion. These subsets serve as an initialisation

of the camera motions and structure of each motion, which are further refined

iteratively by factorization.

Based on the previous framework [86], Sabzevari et al. [87] further used

ego-motion constraint to help multibody motion segmentation. Specifically, the

camera is mounted on a vehicle, and the movement of the vehicle is restricted

on a plane. Additionally, they assume that there is an instantaneous center of

rotation for the vehicle. The specific movement pattern of vehicles is used to

segment the static component apart from all the feature points. Then a similar

framework in [86] is applied to the remaining feature points. Co-Fusion [84]

proposed a pipeline that can simultaneously track and reconstruct multiple

objects. During the segmentation stage, Co-Fusion detects dynamic objects as

outliers. However, in contrast to StaticFusion, Co-Fusion models the region of

outliers as a new object. The criteria for adding a new model is based on the

connectivity of these outliers. Specifically, the outliers are recognised as a new

object when the percentage of the connected outliers is larger than 3% of the

image. For each input RGB-D image, the tracking phase uses the segmentation

from the last image and optimises each object’s pose individually. Then the

estimated pose was used in the following motion segmentation. Semantic

segmentation was also implemented, but only one of the two segmentation

methods can be used in the pipeline. After initialising segmentation, the object

pose and segmentation are optimised separately.

Judd et al. [39] proposed the first approach that is capable of estimating the

full pose of each rigid body in the visual input. Unlike MBSfM which requires

all images in advance, Judd et al. [39] applied similar multi-layer RANSAC

between two consecutive frames.

Concretely, it first extracts feature points for each frame and finds corres-

pondences between two consecutive frames. Then it randomly chooses three

pairs of feature points, calculates the transformations based on the three pairs

and counts the number of inliers. This random sample process is repeated a

certain number of times, and the transformations with the largest number of

inliers are denoted as a trajectory hypothesis. All feature pairs that are inliers

of this trajectory hypothesis are removed, and new trajectory hypotheses are

repeatedly generated from the remaining feature pairs until all remaining
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feature pairs are removed. Additionally, the trajectory hypothesis that has the

largest number of inliers is treated as camera ego-motion. This is based on the

assumption that the static background is larger than any other rigid body.

Once MVO [39] segments the visual input into multiple rigid bodies with

different motions, it chooses the largest rigid body as the static background.

Consequently, it is unable to handle dynamic large occlusion.

3.2.1.2 Dynamic Object Removal Methods

Sun et al. [108] proposed a dynamic object removal method that serves as a

pre-procession for the input of SLAM algorithms. This pre-procession stage

can be divided into three steps. Firstly, it takes two consecutive images to

estimate camera ego-motion. Specifically, after extracting features from RGB

images, a RANSAC algorithm is used to select a homograph transformation

that minimizes the reprojection error between the two images. The second step

is to project the current image to the previous image frame and then calculate

image differences. This image differences then become a motion mask: a higher

difference means a higher probability to be dynamic. The third step is to use

particle filter and maximum a posteriori estimator respectively to refine the

results of the first step. Although not stated explicitly, the prerequisite of the

first step is that the major part of the image is static. Otherwise, the RANSAC

approach would treat the dynamic component as static and therefore lose track

of the camera pose.

Kim et al. [45] used a pre-computed transformation to get a difference map

between two consecutive images. Then the difference map is used to weight

per-pixel photometric error items. This method requires very accurate pre-

computed transformations. It assumed that the visual odometry can at least

work well in dynamic environments.

Sun et al. [109] extended their previous work [108] to scenarios with multi-

cluster dynamics. In addition, instead of directly calculating the difference after

reprojection, it used EpicFlow [81] to produce correspondences between two

images via edge detection in optical flow. Furthermore, RANSAC was replaced

with Least-Median-of-Square which is theoretically more robust to a large

percentage of outliers. Nevertheless, this method still assumed that planes in

the RGB-D input belong to the static background. This is not true when robots

can interact with environments. In addition, once a dynamic object is detected,
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it will be accumulated into a set of object models. This means if a dynamic

object becomes static, this object would still be treated as dynamic, therefore

being removed from the static background.

Li et al. [51] introduced a static pixel/point weighting method to represent

the probability of a point is static. This method is different from previous

methods that classify image pixels or points as either absolutely static or

dynamic. Similar to EpicFlow [81], edges are extracted in the visual input. The

key component of this method is static weight estimation. It firstly calculated

the reprojection error between the current frame and key-frame, then utilized

the Student’s t-distribution to model the probabilistic density distribution of

the error. Similar to RANSAC, the static weight estimation is based on the

assumption that the dynamic component is smaller than the static component.

As an extension to ElasticFusion, StaticFusion [94] applied a similar static

point weighting method as [51]. However, rather than estimate the point

weight after aligning the consecutive images, StaticFusion jointly optimised

the transformation and static/dynamic segmentation in one loss function.

Concretely, for each pixel in the previous image, the error or residual is

weighted by the static point weight when calculating the reprojection error

with respect to the current image. Then the average of the residual is treated

as a threshold for the classification of points. By adding this threshold as a

penalty term in the loss function, the algorithm encourages the points which

have a lower residual error to a higher static probability. To reduce computing

complexity, StaticFusion used a k-nearest neighbours (kNN) method as a pre-

procession for every image so that the image can be processed at a cluster

level. For each image, StaticFusion calculates the similarity between different

clusters and uses this similarity in the loss function, forcing similar clusters

to have close static weights. In the implementation of solver, StaticFusion

decoupled the segmentation and transformation, but they are tightly coupled

in the objective.

Compared with StaticFusion, FlowFusion [133] used a novel optical flow

residual in addition to intensity and depth residuals. To obtain the optical flow

residual, FlowFusion firstly used extracted optical flows from two consecutive

images via Pwc-net [107]. The optical flow is defined as the per-pixel movement

on the image coordinates. Secondly, a robust visual odometry is used to

generate an initial transformation between the two consecutive images. In

static environments, the optical flows in images directly come from the camera
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motion, while in dynamic environments, the optical flows come from the

combination of the camera motion and object motion. Lastly, FlowFusion

calculated the difference between the whole optical flows and the optical flows

that come from the estimated camera motion. This difference is defined as the

optical flow residual and ideally is close to optical flows that come from the

movement of dynamic objects.

3.2.2 Visual SLAM with Pre-defined Dynamic Objects

In the real world, dynamic objects often have distinct semantic labels, such

as bikes, cars or humans. Deep learning methods have achieved impressive

improvements in object recognition and segmentation, such as MOTS [118],

YOLO [78] and Mask-RCNN [33]. YOLOv4 [9], which is one of the state-of-the-

art object detection methods based on bounding boxes, can accurately detect

pre-defined objects at a high frequency (nearly 65 FPS). In addition, multi-

object dense segmentation methods, such as Mask-RCNN [33], can provide

accurate semantic segmentation, therefore supporting robot localisation when

dynamic objects are included in the training set [85, 102].

PoseFusion [132] assumed that the moving objects in the environment are

highly likely to be humans. Therefore, OpenPose [13] was used in PoseFu-

sion to segment humans apart from the environment. The segmentation was

then used as prior information in Min-Cut [30] to remove the humans and re-

cover the static background. Similarly, DS-SLAM [131] used machine learning

methods to recognise objects of nearly 20 different classes.

Compared to PoseFusion and DS-SLAM, MaskFusion [85] made a better

use of semantic information. Specifically, it managed to use a semantic seg-

mentation method that provides less accurate object boundaries and is less

frequent than camera rate to segment the visual input at a real-time speed. To

achieve this, MaskFusion applied geometric segmentation to every input image.

Concretely, MaskFusion extract boundaries of different object based on the

surface normal directions and the depth map discontinuities. When semantic

labels are available, the geometric segmentation can be fused with semantic

segmentaion to further improve the accuracy of dynamic object segmentation.

After removing dynamic objects by deep learning methods, DynaSLAM [6]

further combined multi-view geometry to refine the static/dynamic segment-
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ation. Additionally, it introduced a background inpainting method that uses

previous images to inpaint the holes in the model, which are cause by the

removal of dynamic objects.

Instead of treating all semantic labels equivalently, Cheng et al. [14, 128]

assigns weights between 0 to 1 to different semantic labels. For example,

humans have a higher possibility to be dynamic than desks, so "human" is

assigned a weight of 1 and "desk" is assigned a weight of 0.1. After the semantic

segmentation via a deep learning method, they extracted features from the

background and the area with a low weight. This is followed by camera pose

estimation using feature matching.

Based on Mask R-CNN, EM-Fusion [103] integrates object tracking and

SLAM into a single expectation maximisation (EM) framework. ClusterVO

[37] can track camera ego-motion and multiple rigidly moving clusters sim-

ultaneously by combining semantic bounding boxes and ORB features [83].

DynaSLAM II [5] further integrates the multi-object tracking (MOT) and SLAM

into a tightly-coupled formulation to improve its performance on both prob-

lems.

However, all these methods require that the object detector is pre-trained on

a dataset which includes these pre-defined objects or that the object model is

provided in advance.

3.2.3 Visual SLAM with Unmodeled Dynamic Objects

To handle unmodeled dynamic objects, dynamic SLAM methods can either

remove dynamic objects as outliers or estimate rigid bodies with different

motions against the camera motion.

3.2.4 Dynamic SLAM with Sensor Fusion

Inspired by VINS algorithms, Kim et al [44] used an IMU to help robot local-

isation in dynamic environments. It uses estimated movements from an IMU

to compensate for the camera movement before featured-based camera track-

ing. Specifically, after the compensation for camera movement, this method

assumed that the movement between feature point pairs is mainly caused

by dynamic objects. Therefore, a threshold is chosen to remove feature pairs
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that have a large movement. The remaining feature pairs are treated as static

and used for camera tracking. The camera motion is estimated after the static

background is separated by the pose compensation of an IMU. Therefore, it

has a high requirement for the accuracy of the IMU.

Qiu te al. [75] integrates semantic bounding boxes with VI SLAM systems

and enables object 3-D motion tracking from 2-D regions of images. Similarly,

Dynamic-VINS [54] refines 2D bounding boxes generated from YOLOv3 [79]

and removes feature points of dynamic objects with a recourse-limited platform.

Ren et al. [80] proposes a dense RGB-D-inertial SLAM system that can track

and relocalise multiple dynamic objects with the aid of instance segmentation

from Mask R-CNN [33].

3.3 summary

In static environments, visual SLAM methods have achieved promising accuracy

even in large-scale complex environments and are robust to agile camera

motions. With sensor fusion, static SLAM methods can further reduce long-

term camera drift and enable more accurate camera localisation.

However, the static world assumption is often violated in the real world. To

reduce the impact of dynamic objects in the environment, current dynamic

visual SLAM methods either assume that the static component occupies a

major proportion of the observed scene or that the dynamic objects have a

semantic meaning. However, in real applications, unmodeled dynamic objects

can also occupy a major part of the camera view. In addition, interactions

between robots and the environment can introduce dynamics. These dynamic

objects cannot, therefore, be handled by current dynamic SLAM methods.
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4
D Y N A M I C R G B - D S L A M W I T H S I N G L E L A R G E O B J E C T

R E C O N S T R U C T I O N

In this chapter, we focus on enabling robots to localise accurately when the

majority of camera view is occluded by a single large dynamic object. We

propose a novel RGB-D SLAM approach that can simultaneously segment,

track and reconstruct the static background and single large dynamic rigid

object that can occlude major portions of the camera view.

Current state-of-the-art approaches [84, 85, 94, 103, 129] treat dynamic parts

of a scene as outliers and are thus limited to small amount of changes in the

scene, or rely on prior information for all objects in the scene to enable robust

camera tracking. Here, we propose to treat all dynamic parts as one rigid body

and simultaneously segment and track both static and dynamic components.

We, therefore, enable simultaneous localisation and reconstruction of both

the static background and rigid dynamic components in environments where

dynamic objects cause large occlusion. We evaluate our approach on multiple

challenging scenes with large dynamic occlusion. The evaluation demonstrates

that our approach achieves better motion segmentation, localisation and map-

ping without requiring prior knowledge of the dynamic object’s shape and

appearance.

4.1 introduction

Many robotics tasks, such as handling and transporting objects in an un-

manned warehouse or collaborative manipulation [100], require a robot to

localise against the static environment in which it moves while being robust

to distractions from dynamic objects; as well as track the object which they

manipulate. While these two problems have been previously addressed separ-

ately, only a few strands of work [39, 84] have attempted to solve these two

problems together and track the camera and multiple objects at once.

In this work, we argue that localisation against the environment and track-

ing of objects are fundamentally the same problem, and that solving them

33



simultaneously reduces ambiguity about the scene and improves localisation

in cases of large dynamic occlusions.
R

G
B

SF
R

F
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ur
s)

StaticFusion RigidFusion

Figure 6: Top: Segmentation of a scene with one moving box into static (blue) and
dynamic (red) segments. Indirect methods, such as StaticFusion (SF) [94],
neglect dynamic parts or incorrectly treat them as static environment while
our method, RigidFusion (RF), correctly segments the moving box as dy-
namic (red). Bottom: The reconstruction of the static map in SF contains the
dynamic object (red circle) and multiple instances of the same static object
(red ellipses), while RF correctly incorporates all static segments.

The core problem – separating the scene into segments of transformations

induced by ego-motion and/or moving objects – is challenging due to several

factors:

1. Unknown environments: Robots may not have prior information about

the semantic meaning, 3D model or appearance of the dynamic objects

and the background.
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2. Large occlusion: Dynamic parts of images are often discarded for robust

visual odometry; but in many scenarios, they can occlude the majority of

a camera view, such as for large moving objects or when manipulated

objects are close to the camera. This ambiguity leads to tracking failures

where a dynamic object is classified as part of the static environment.

This is in contrast to driving/flying, where ego-motion effects dominate.

3. Mutual static and dynamic transition: Manipulated objects can transition

between static and dynamic with respect to the world at any time during

manipulation. Maintaining these state transitions purely with visual

odometry can be difficult.

To address all three aspects concurrently, we treat localisation and object

tracking as an integrated problem and formalise both as modelling and tracking

any rigid movement. Consequently, we achieve improved motion segmenta-

tion, localisation and mapping in dynamic environments with large occlusion

(Figure 6). For this, we assume that the motions of both static and dynamic

components are rigid transformations. These motions can be identified using

tightly coupled motion priors from odometry and kinematics.

In summary, the work introduced in this chapter contributes:

1. a new pipeline to simultaneously segment, track and reconstruct the

static background and one dynamic rigid body from RGB-D sequences,

using motion priors with potential drift,

2. a dense SLAM method that is robust to large occlusions in the visual

input (over 65%) without relying on an initialisation of the static and

dynamic models,

3. a new RGB-D SLAM dataset1 with dynamic objects that cause large

occlusion in the scenes and ground truth trajectories.

4.2 overview

We propose a pipeline that treats the dynamic component as a single rigid body

and uses motion priors to segment the static and dynamic components. The

1 http://conferences.inf.ed.ac.uk/rigidfusion/
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Figure 7: Our method processes two consecutive RGB-D frames (A, B), motion priors
(战̃s, 战̃d), and the previous cluster-wise segmentation (Γ̃A). We first detect
whether the object is dynamic based on motion priors. We then jointly
estimate the segmentation ΓB and the rigid body motions 战s and 战d based
on frame-to-frame alignment when the object moves. The segments are used
to reconstruct the static environment and the dynamic object, and to localise
camera using frame-to-model alignment.

segmentation is used to track the camera, and to reconstruct the background

and object models.

The overview of our pipeline is illustrated in Figure 7. Our approach takes

two consecutive RGB-D frames, static and dynamic motion priors, 战̃s, 战̃d ∈
se(3), and the previous cluster-wise segmentation.

Similar to [94], each new intensity and depth image pair (I, D) ∈ RW×H is

over-segmented into K geometric clusters by applying K-Means clustering [38].

Specifically, we first choose K = 24 and uniformly assigns K seeds to the depth

map. We then iteratively cluster pixels to different seeds by finding the closest

seed to each pixel and optimise the seed position based on the clusters. We

hypothesise that each cluster is as rigid as possible, and each rigid body can

be approximated by the combination of clusters. We also assign each cluster a

score γi ∈ [0, 1] which represents the probability that a cluster belongs to the

static rigid body: γi = 0 stands for dynamic clusters while γi = 1 means static

clusters. Γ = {γ0, · · · , γK−1} denotes the segmentation scores of all clusters.

If the difference between two motion priors ||战̃s − 战̃d||2 is less than a

threshold d̂, we treat all clusters in the image as static and skip motion seg-

mentation. Otherwise, we jointly optimise the cluster-wise segmentation of the

current frame and relative motions 战s and 战d of the static and dynamic rigid

bodies (Section 4.3).

Similar to StaticFusion, we compute the masked RGB-D images of both static

and dynamic rigid bodies from the segmentation ΓB. These masked images
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are used to reconstruct models of the background and dynamic object and to

refine the estimated camera pose using frame-to-model alignment (Section 4.4).

We denote world-, camera-, and object-frames as FW , FC, FO respectively

(Figure 8). Similar to [34], we use TAB ∈ SE(3) to transform homogeneous

coordinates of a point in coordinate frame FB to FA. In image frame A, the

camera and object poses are TWCA and TWOA respectively. Considering two

image frames A and B, the relation between 战s and camera poses is: T(战s) =

T−1
WCA

TWCB = TCACB . The relation between 战d, camera and object poses is:

T(战d) = T−1
WCA

TWOA T−1
WOB

TWCB = TCAOA T−1
CBOB

. The motion priors 战̃s and 战̃d

can be provided by proprioceptive sensors, such as wheel odometry and arm

forward kinematics.

In this paper, the static motion prior 战̃s is computed either from wheel

odometry or by adding simulated drift on camera ground truth trajectories.

We generate 战̃d by simulating drift on object ground truth trajectories.

Frame	A

Frame	B

(a) (b)

Figure 8: Relation between coordinate frames (FW , FC, FO) and motions (战s, 战d). (a)
External camera view. A mobile manipulator simultaneously moves its base
and manipulates an object (red box). The camera is fixed on the base. (b)
Image view. For the static motion 战s, we can compute the prior 战̃s from TWC,
which can be acquired from wheel odometry. The dynamic motion prior 战̃s
can be computed from TCO, which can be acquired from arm kinematics.
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4.3 rigid motion segmentation and estimation

At the arrival of each RGB-D pair, we jointly segment and track both static

and dynamic rigid bodies by minimising a combined cost that consists of four

energy terms:

min
ξs,ξd,Γ

Probust(战s, Γ) + Probust(战d, 1 − Γ) + Rseg(战d, Γ) + Rmotion(战s, 战d)

s.t. γi ∈ [0, 1] ∀ i ,
(22)

where Γ represents the scores of all clusters and 1 − Γ := {1 − γ0, · · · , 1 −
γK−1}. Specifically, the first two robust residual terms align the static and dy-

namic rigid bodies respectively. The third term Rseg(战d, Γ) adds regularisation

on both the spatial and time distribution of scores Γ to maintain the smooth-

ness of segmentation. The last term Rmotion(战s, 战d) applies regularisation on

motions 战s, 战d using motion priors 战̃s, 战̃d.

4.3.1 Rigid Body Motion Estimation

Following previous RGB-D SLAM methods [94, 124], in static environments,

the relative camera pose between two consecutive image frames i − 1 and i is

estimated by minimising the intensity and depth residuals between the image

pairs (Ii−1, Di−1) and (Ii, Di). At a pixel u in frame i, the intensity residuals ru
I

and depth residuals ru
D with respect to frame i − 1 under the camera motion T

are defined as:

ru
I (T) = Ii−1 (W(u, T))− Ii (u) (23)

ru
D(T) = Di−1 (W(u, T))− |Tπ−1(u, Di (u)) |z , (24)

where the image warping function W is given by:

W(u, T) = π
(

Tπ−1(u, Di(u))
)

. (25)

where | · |z indicates the z-coordinate of a 3D point and D(u) is the depth of

pixel u. The homogeneous transformation matrix T ∈ SE(3) is computed from

its Lie algebra 战 ∈ se(3). The projection function π : R3 → R2 projects 3D

points onto the image plane using the camera intrinsic matrix.
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According to StaticFusion, given the static scores Γ of a rigid body, we can

estimate the relative motion of this rigid body by applying the scores to weight

residuals. Consequently, only pixels that belong to the rigid body have a high

contribution:

Probust(战, Γ) = ∑
u∈U

γ(u)[F(αIwu
I ru

I (exp(战))) + F(wu
Dru

D(exp(战)))] , (26)

where U is the set of image pixels with valid depth reading in one image.

The function exp(战) is the matrix exponential map for Lie group SE(3). γ(u)

represents the static weight of the cluster that contains the pixel u. αI is a

scale parameter to weight photometric residuals so that they are comparable

to depth residuals. The parameters wI and wD are computed according to the

photometric and depth measurement noise. As in [94], we use the Cauchy

robust penalty

F(r) =
c2

2
log(1 + (

r
c

2
)) (27)

to robustly control the minimisation of residuals, where c is the inflection point

of F(r).

The novelty of our approach is that in equation 22, we treat the dynamic

component as another rigid body with a different motion, where Γ and 1 − Γ

represents the scores of the static and dynamic rigid body respectively. To

simultaneously segment and track the two rigid bodies, we further encourage

segmentation smoothness and use tightly coupled motion priors.

4.3.2 Segmentation Smoothness

First, to maintain spatial smoothness, we use the regularisation term used in

StaticFusion to penalise the score difference between adjacent clusters:

Rspatial(Γ) = ∑
(k1,k2)∈V

(γk1 − γk2)
2, (28)

where V is the connectivity graph for clusters [94] in the i-th keyframe and

(k1, k2) ∈ Vi represents the k1-th and k2-th clusters of keyframe i are connected

in space to each other.
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Furthermore, we consider the physical constraint that pixels that belong to

the dynamic rigid body at the previous frame are likely to be dynamic at the

current frame. Therefore, we use the segmentation result from the previous

frame as segmentation prior to encourage segmentation smoothness over time:

Rtime(战d, Γ) =
K

∑
i=1

(γi − γ̃i(战d))
2 , (29)

where γ̃i(战d) denotes the projection of γ̃i−1 from the previous frame i − 1 to

the current frame i via 战d:

γ̃i(战d) = ∑
u∈Uk

γ̃i−1(W(u, T(战d)
−1))

num(Uk)
. (30)

Here, Uk is the set of pixels from the k-th cluster of the current frame i and

num(Uk) is the number of pixels in this cluster. γ̃i−1(ui−1) gives the estimated

segmentation score of a pixel ui−1 from the previous frame i − 1. The warping

function W is introduced in equation 25, which uses the estimated motion of

dynamic rigid body 战d to transform the pixel u to the previous image frame.

The spatial and time smoothness (equation 28 and 29) are combined and

weighted by λseg:

Rseg(战d, Γ) = λseg(Rspatial(Γ) + Rtime(战d, Γ)) . (31)

4.3.3 Tightly Coupled Motion Prior

Given the motion priors of both static and dynamic rigid bodies 战̃s and 战̃d, we

add a regularisation term on the motion of each rigid body:

Rmotion(战s, 战d) = λs||战s − 战̃s||22 + λd||战d − 战̃d||22 , (32)

where parameters λs and λd weight the regularisation terms. || · ||22 represents

the square of the L2 norm. Because potential drift and noise in the motion

prior could bias the solution, the prior information is ignored if the current

estimated state is closer to the prior than a noise-related threshold.
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4.3.4 Solver

The solver is based on StaticFusion. Since we directly align images in equation

22, the minimisation problem is solved via a coarse-to-fine scheme. We create

an image pyramid for each image frame by iteratively down-sampling each

image, which reduces the impact of depth noise. The optimisation starts from

the coarsest level. The results of intermediate levels are used to initialise the

following level.

For each level of the image pyramid, we decouple motions 战s and 战d from

segmentation Γ. Specifically, at each iteration, we first fix Γ and optimise

Probust(战s, Γ) + Probust(战d, 1 − Γ) + Rmotion(战s, 战d) over 战s and 战d. Then 战s and 战d

are fixed, and we optimise Probust(战s, Γ) + Probust(战d, 1 − Γ) + Rseg(战d, Γ) over

Γ.

4.4 mapping and frame-to-model alignment

After the minimisation of equation 22, we use the optimal scores Γ and 1 − Γ to

compute the weighted images for static and dynamic rigid bodies respectively.

The weighted images are fused to the model of rigid bodies, and the estimated

motions 战s and 战d are used to initialise the frame-to-model alignment. We

use ElasticFusion without loop closure [124] to build the model and conduct

frame-to-model alignment.

4.5 evaluation

4.5.1 Setup

4.5.1.1 Synthetic Environment

In simulated environments, we can control variables, such as object size or

speed to accurately analyse the variables that influence the performance.

To achieve this, we built a simple synthetic environment in Blender, which

contains only two objects from the YCB object dataset [10] and one plane as

illustrated in Figure 9.
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Figure 9: A simple simulated environment used for control variable experiments. Only
the object in the blue rectangle can be dynamic and the others are static.

4.5.1.2 Manipulator with Fixed-base

We also collect datasets on a Kawada Nextage robot (Figure 10). This robot is

equipped with two 6-DoF arms fitted with custom end-effectors for dual-arm

grasping. As for the RGB-D sensor, we use an Azure Kinect DK with a native

resolution of 1280 × 720 after registering the depth to the colour frame. In

this dataset, the robot grasps one box each time from the pre-selected objects

(Figure 11) and introduces dynamic objects in the camera view.

Figure 10: Experimental setup: A stationary Nextage robot detects moving objects
on a conveyor using an RGB-D camera mounted on the head, picks these
objects from a conveyor using custom end-effectors and places them on a
table.
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Figure 11: Objects from left to right: jaffa, oats.

4.5.1.3 Wheeled Platform

Finally, we collect RGB-D sequences with an Asus Xtion PRO Live in plane-

parallel movement (2 DoF translation. 1 DoF rotation) showing different char-

acteristic object movements. The camera is either hand-held or mounted on

an omnidirectional robot base (Figure 12a). The object is a remote-controlled

KUKA youBot with stacked boxes (Figure 12b). The camera and the object are

equipped with Vicon markers for ground truth comparisons and to simulate

motion prior drift for camera-only sequences.

(a) Mobile manipulator Ada (b) KUKA
youBot

Figure 12: Omnidirectional platforms for moving (a) camera and (b) stacked boxes
(0.4 × 0.6 × 1 m) with Vicon markers.

4.5.1.4 Implementation Details

The motion estimation performance is quantitatively evaluated via the absolute

trajectory error (ATE) and the relative pose error (RPE) [105] against the Vicon

ground truth for the optical frame. The visualised trajectories are aligned by

the initial camera pose.

In the implementation of RF, we set λr = 2, and the thresholds d̂ and n̂ are

both chosen as 0.01. We extend StaticFusion to use motion priors by appending
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the regularisation term λs||战s − 战̃s||22 to the loss function. The method that

StaticFusion with ground truth camera motion prior is denoted as SF true.

We control the impact of adding camera motion prior by choosing the same

n̂ = 0.01 for SF true. To compare our method with other baseline methods,

including JF [38], SF [94] and CF [84], we keep the default parameters of their

implementation. This is because they all take real RGB-D images as input and

do not require prior information of the environment.

For camera-only sequences, the average simulated drift on camera traject-

ories is 6 cm/s (trans.) and 0.4 rad/s (rot.), while the average drift on object

trajectories is 1.5 cm/s (trans.) and 0.1 rad/s (rot.). The camera and object

speed is less than 60 cm/s. In robot experiments, we use wheel odometry as

camera motion priors and keep the object motion prior with simulated drift.

4.5.2 Synthetic Experiments

We hypothesise that the proposed objective with motion priors improves the

estimation for dynamic objects that occupy more than 50% of valid image

pixels. To study this effect in a controlled environment, we synthesised a

simple scene with an object of varying size moving across the image from left

to right. The relation of trajectory error to drift magnitude (Figure 13) supports

this hypothesis.
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Co-Fusion baseline
StaticFusion baseline
StaticFusion with true camera motion prior
RigidFusion (ours) with motion prior drift

Figure 13: ATE of estimated camera trajectories on a synthetic sequence with different
object sizes relative to the amount of valid image pixels. Co-Fusion and
StaticFusion break around a dynamic ratio of 0.5 or less. Using the true
motion priors in StaticFusion allows larger dynamic objects up to a ratio
of 0.6, while our method with drift on the motion priors can track up to a
dynamic ratio of 0.75.
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Figure 14: The mean value is illustrated as 2D surfaces over a range of translational and
rotational noise magnitudes. Results suggest that when both the proposed
methods (blue and green) achieves better performance and is more robust
to noise than StaticFusion (black).

We also test the performance of our method when the magnitude of drift in

motion priors increases (Figure 14). Results show that the accuracy of estimated

trajectories decreases when the motion priors have a higher drift. However, we

still outperform the baseline method StaticFusion.

4.5.3 Camera Experiments

sequence frame motion difficulty
camera textbfobject

straight straight orthogonal crossing low
orbit orbit rotation to camera medium
overtake straight rotation + parallel to camera medium
sideway lateral orthogonal zig-zag crossing high

Table 1: Camera sequence description.

We collected four sequences involving plane-parallel movement of the cam-

era and the object within the camera frame. These sequences have different

characteristics of camera and object motion (Table 1). Figure 15 (top) shows

the 2D plane projection of the true trajectories.
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RGB-D Motion prior Method
sequence (drift) JF SF SF true CF RF (ours)
straight 17.6 48.4 34.8 14.5 3.84 7.57

orbit 44.2 52.0 87.7 19.9 14.2 5.74
overtake 8.93 59.6 52.6 23.6 23.0 5.39
sideway 51.1 55.3 70.1 38.1 48.2 13.1

(a) Trans. Absolute Trajectory Error RMSE (cm)

RGB-D Motion prior Method
sequence (drift) JF SF SF true CF RF (ours)
straight 6.02 18.5 24.3 12.9 5.54 6.05

orbit 6.03 13.4 25.2 5.78 8.47 5.1
overtake 6.34 19.1 27.4 11.3 18.9 4.78
sideway 6.01 21.7 42.3 9.87 17.0 8.03

(b) Trans. Relative Pose Error RMSE (cm/s)

Table 2: ATE and RPE for camera-only sequences. Motion prior represents the trajectory
computed from prior motion with simulated drift to indicate the performance
of simple kinematic odometry. Our method with motion prior drift outper-
forms the state-of-the-art on difficult sequences, including SF with true motion
prior (SF true), while Co-Fusion performs best on the easiest sequence.

Our approach RigidFusion (RF) is compared against Joint-VO-SF (JF, [38]),

StaticFusion (SF, [94]), StaticFusion with true motion priors (SF true) and

Co-Fusion (CF, [84]). The quantitative evaluation in Table 2 shows that our

method outperforms the state-of-the-art on more difficult sequences. Although

Co-Fusion achieves best results on the easier straight sequence, it tends to

over-segment dynamic objects and treats parts of the static background as

dynamic. This effect is more dominant in the more difficult sequences, leading

to worsen performance of CF.

The visualisation of the estimated trajectories in Figure 15 (bottom) confirms

that our method outperforms the state-of-the-art in dynamic scenes. The im-

proved localisation performance stems from a better segmentation of dynamic

parts in the image (Figure 16). In our frame-to-frame odometry setting, the

improved motion segmentation performance directly affects the estimation

performance and additionally leads to better a reconstruction of the static

environment.
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Figure 15: True and estimated trajectories (units in meter). Top: Top-down view of
true camera and object trajectories in evaluation sequences. The green
trajectory represents the true object position in the Vicon reference frame.
The red/blue trajectory segments represent the camera trajectory and if the
object is static (blue) or dynamic (red) within the image. Black arrows point
in the camera view direction. Bottom: True and estimated trajectories for
our RigidFusion (with and without drift on motion priors), the baselines
StaticFusion [94] (with and without true motion priors) and Co-Fusion [84].
Trajectories start at the origin (black solid dot) and end at the circle-cross
marker. Our proposed method is closer to the ground truth trajectory even
with drift on the motion priors (red, dashed), while StaticFusion fails even
with true prior (blue, solid).

4.5.4 Robot Experiments

In four additional robotic experiments, we use the camera on the floating

base of an omnidirectional robot and replace the simulated drift with wheel

odometry. The true trajectories of two of these sequences are shown in Figure 18

(top).

The quantitative results in Table 3 show that using real wheel odometry

as motion priors, RF outperforms all other four methods in terms of both

ATE and RPE on all four sequences. The estimated trajectories for sequences

sideway1 and overtake are shown in Figure 18 (bottom).
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segmentation per frame ID
294 369 461 906 944

RGB input

CF

SF

SF∗

RF∗ (ours)

Figure 16: Segmentation and 3D reconstructed background for our proposed algorithm
RigidFusion (RF), StaticFusion (SF) [94] (with and without true motion
priors) and Co-Fusion (CF) [84] on camera-only sequence sideway. Our
proposed method is the only one that can consistently segment the large
rigid dynamic object (compare first row with highlighted boxes against red
dynamic segmentation) and reconstruct the background even the motion
priors have a significant drift.

4.5.5 Object Reconstruction

We compare the reconstructed dynamic object for CF and RF in Figure 19.

Since CF tends to over-segment objects, we only show the first detected model.

Results show that RF generates a more complete dynamic model than CF. This

suggests that the segmentation estimated by RF is consistent over time and

more accurate than CF.

4.5.6 Object Tracking

The object tracking is evaluated separately from the camera tracking using two

different objects (Figure 11) that are moving on a conveyor belt at 6.8 cm/s.

We compare the tracking results of the proposed approach RigidFusion (RF)
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SF baseline CF

RF (ours) Ground Truth

Figure 17: 3D reconstructed background (Figure 12b). The background is similar to
Figure 16. Results show that RF generates the most accurate map that the
static objects are only mapped once and the dynamic object is detected and
thus removed.

RGB-D Wheel Method
sequence odometry JF SF SF true CF RF (ours)
sideway1 2.27 37.7 62.8 36.8 32.1 7.58
overtake 3.16 23.8 79.1 24.7 16.5 14.0
straight 3.64 51.9 86.3 21.9 12.3 7.98

sideway2 3.21 53.8 54.2 34.1 32.9 10.7

(a) Trans. Absolute Trajectory Error RMSE (cm)

RGB-D Wheel Method
sequence odometry JF SF SF true CF RF (ours)
sideway1 0.77 19.4 34.7 15.9 18.6 3.66
overtake 0.74 18.7 41.7 10.4 6.78 2.06
straight 1.13 39.8 84.2 13.7 10.8 8.67

sideway2 1.14 22.2 57.5 18.2 12.9 6.68

(b) Trans. Relative Pose Error RMSE (cm/s)

Table 3: ATE and RPE for sequences collected with Ada. The camera motion prior
is estimated from the wheel odometry. Our method (RF) outperforms all
compared dynamic SLAM methods when using real wheel odometry.

against Co-Fusion (CF) in two configurations. The box-shaped objects can
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Figure 18: True (top) and estimated (bottom) trajectories (units in meter). Our method
(RF) outperforms all state-of-the-art methods. Although CF has a closer
end-position in the x-y plane, it has a larger drift in the z position than RF.

either stand up with the second largest side orthogonal to the ground, or lay

flat down with the smallest side orthogonal to the ground.

Results show that our method (RF) is able to detect dynamic objects in both

scenarios, while CF fails to detect dynamic objects when they lay flat on the

convey belt (Table 4). In addition, our method outperforms CF in terms of the

ATE of estimated object trajectories. We further visualise the object trajectories

in Figure 20. Although our method has a better performance than CF, the

accuracy of object tracking is still not high because our method only relies on

frame-to-frame alignment and is unable to reduce drift.
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Figure 19: Reconstructed dynamic object. CF can only reconstruct parts of the dynamic
object, while RF reconstructs a more complete model with inaccurate wheel
odometry.

4.5.7 Impact of Odometry Drift on Trajectory Estimation

In robot experiments, we amplify the wheel odometry drift to test RF’s robust-

ness against different levels of camera motion prior drift. We also test RF’s

performance without the object motion prior (fix λd = 0). The relation between

the RPE of the estimated trajectories and the drift over all robot sequences is

shown in Figure 21. Even without the object motion prior, RF still achieves

better performance than CF for up to 17 cm/s drift in terms of average RPE.

Using both motion priors, RF performs even better and is more robust to large

seq. type CF RF

jaffa up 37.50 16.04

down — 17.43

oats up 31.48 14.94

down — 17.99

Table 4: Transl. ATE (cm) for tracking the object centre from where they are initially
detected up to the grasping position. A dash indicates that no object was
detected.
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Figure 20: Estimated (red) and true (green) object trajectory on a conveyor belt from
the point where an object’s segment centre is first detected (blue). RF
provides a better object trajectory than CF, but still has a high error against
the ground truth.

odometry drift. This demonstrates that our method can handle large odometry

drift and the absence of an object motion prior.
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Figure 21: RPE of the estimated trajectories impacted by the drift magnitude of wheel
odometry. Our method can handle up to 17 cm/s drift without the object
motion prior (solid red) before breaking down to comparable results with
CF. Using both motion priors (solid blue), RF has a better performance and
stronger robustness.

4.5.8 Impact of Multiple Dynamic Objects

RF assumes that the dynamic motion can be explained by a single rigid

transformation. To test RF’s performance when this assumption is violated, we
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conduct qualitative experiments on two OMD sequences [40] where multiple

dynamic objects are present (Figure 22).

For sequence occlusion_2_translational, which contains one large and one

small dynamic object, the motion prior for the larger object is provided. For

sequence swinging_4_translational, which contains four dynamic objects, the mo-

tion prior for the top-left object is provided. Despite this under-representation

of the dynamic motion, RF outperforms SF and is able to correctly segment the

static environment against all the dynamic objects. However, similar to SF, RF

cannot independently track multiple dynamic objects with different motions.

occlusion_2_translational swinging_4_translational

R
G

B
SF

R
F

Figure 22: Segmentation results of two OMD [40] sequences with multiple dynamic
objects. Although multiple objects can only be represented by a single
transformation, RigidFusion (RF) is able to segment the static environment
(blue) against multiple dynamic objects (red), while StaticFusion (SF) maps
dynamic objects into the static environment.

4.6 conclusion

In this chapter, we have presented an RGB-D simultaneous localisation and

mapping (SLAM) approach in environments where dynamic components can

occupy the major portions of the visual input. To address this problem, we

model the whole dynamic components as a single rigid body, and jointly

segment and track the static and dynamic rigid bodies. We also assume that we

have prior information about the motion of the camera and dynamic objects.

The detailed evaluation shows that our method RigidFusion outperforms

state-of-the-art when a dynamic rigid object occludes more than 65% of the
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camera view. We also demonstrate its robustness to odometry drift up to 17

cm/s and the absence of object motion priors.

However, there are still several unresolved issues with our current methods.

First, our method is unable to track multiple dynamic objects independently.

This restricts the usage scenarios of this method, making it only applicable

when there is only one dynamic object in the scene. Moreover, the accuracy of

object tracking is low and our method is unable to reduce drift.

Additionally, our method requires both camera and object motion priors

to differentiate the static and dynamic environments. This means that the

proposed method is unable to automatically detect the number of dynamic

objects when object motion priors are unavailable.

Therefore, in the next chapter (Chapter 5), we propose to simultaneously

localise the camera, reconstruct the environment and track multiple large

dynamic objects independently. We also detect the static background with the

camera motion prior only and automatically estimate the number of dynamic

objects when the majority of the camera view is occluded.
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5
D Y N A M I C R G B - D S L A M W I T H M U LT I P L E L A R G E P L A N A R

O B J E C T T R A C K I N G I N I N D O O R E N V I R O N M E N T S

In this chapter, we present a novel dense RGB-D SLAM approach for dynamic

planar environments that enables simultaneous multi-object tracking, camera

localisation and background reconstruction. Previous dynamic SLAM methods

either rely on semantic segmentation to directly detect dynamic objects; or

assume that dynamic objects occupy a smaller proportion of the camera view

than the static background and can, therefore, be removed as outliers. With

the aid of camera motion prior, our approach enables dense SLAM when the

camera view is largely occluded by multiple dynamic objects. The dynamic

planar objects are separated by their different rigid motions and tracked inde-

pendently. The remaining dynamic non-planar areas are removed as outliers

and not mapped into the background. The evaluation demonstrates that our

approach outperforms the state-of-the-art methods in terms of localisation,

mapping, dynamic segmentation and object tracking. We also demonstrate its

robustness to large drift in the camera motion prior.

5.1 introduction

Simultaneous localisation and mapping (SLAM) is one of the core components

in autonomous robots and virtual reality applications. In indoor environments,

planes are common man-made features. Planar SLAM methods have used the

characteristics of planes to reduce long-term drift and improve the accuracy of

localisation [53, 134]. However, these methods assume that the environment

is static – an assumption that is violated when the robot works in conjunc-

tion with other humans or robots, or manipulates objects in semi-automated

warehouses.

The core problem of enabling SLAM in dynamic environments while differ-

entiating multiple dynamic objects involves several challenges:
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1. There are usually an unknown number of third-party motions in addition

to the camera motion in dynamic environments. The number of motions

or dynamic objects is also changing.

2. Static background is often assumed to account for the major proportion

of the camera view. However, without semantic segmentation, dynamic

objects that occupy a large proportion of the camera view can end up

being classified as the static background.

3. The majority of the colour and depth information can be occluded by

dynamic objects and the remaining static parts of the visual input may

not be enough to support accurate camera ego-motion estimation.

Figure 23: Hierarchical segmentation based on planes and non-planar areas. The
planes are extracted from the depth map and the non-planar areas are
represented by a set of super-pixels.

Many dynamic SLAM methods have considered multiple dynamic objects

[37, 39, 84], but either rely on semantic segmentation or assume that the static

background is the largest rigid body in the camera view. To concurrently

solve these problems, we propose a hierarchical representation of images

that extracts planes from planar areas and over-segments non-planar areas

into super-pixels (Figure 23). We consequently segment and track multiple

dynamic planar rigid objects, and remove dynamic non-planar objects to enable

camera localisation and mapping. For this, we assume that planes occupy a

major fraction of the environment, including the static background and rigid

dynamic objects. In addition, the camera motion can be distinguished from

other third-party motions by a tightly-coupled camera motion prior from robot

odometry.

In summary, this work contributes:

1. a new methodology for online multimotion segmentation based on planes

in indoor dynamic environments,
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2. a novel pipeline that simultaneously tracks multiple planar rigid objects,

estimates camera ego-motion and reconstructs the static background,

3. a RGB-D SLAM method that is robust to large-occluded camera view

caused by multiple large dynamic objects.

5.2 methodology

5.2.1 Overview and notation

The overview of our pipeline is illustrated in Figure 24. Our method takes

RGB-D image pairs from two consecutive frames. At the t-th frame, we have a

depth image Dt and an intensity image It computed from the colour image.

A plane is represented in the Hessian form Π = (nT, d)T, where n =

(nx, ny, nz) is the normal of the plane and d is the perpendicular distance

between the plane and camera origin. For each image frame, we extract planes

directly from the depth map using PEAC [23], which can provide the number

of planes P, the pixel-wise segmentation of planes Up : {Up
i |i ∈ [1, P]} and

their corresponding plane parameters. After plane extraction, the remaining

non-planar areas are over-segmented into S super-pixels: Unp : {Unp
i |i ∈ [1, S]}.

For the i-th plane, we extract a set of keypoints Ki using ORB features [61].

We then conduct multimotion segmentation on planar areas Up and cluster the

planes into M planar rigid bodies of different motions. For simplicity, we name

the camera motion relative to objects’ egocentric frames as object egocentric

motion [39] and denote them as ego战 = {战̃m ∈ se(3)|m ∈ [1, M]}. Since the static

background may not be the largest rigid body in the camera view, we use

the camera motion prior 战̃c with potential drift to simultaneously classify all

planes and super-pixels into either static or dynamic, and estimate the camera

ego-motion.

We use the score γi ∈ [0, 1] to represent the probability that a plane or super-

pixel is static. The cluster-wise static scores Γ : {γi|i ∈ [1, P + S]} are assigned

to each plane and super-pixel, where {γi|i ∈ [1, P]} and {γi|i ∈ [P + 1, P + S]}
represent the scores of planes and super-pixels respectively. The static parts of

intensity and depth images are used to estimate the camera motion 战c ∈ se(3).

The dynamic planar rigid bodies are used to track dynamic objects. The non-

planar dynamic super-pixels, such as humans, are removed as outliers.
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Figure 24: The pipeline of our proposed method. (1) We first represent the input image
in the current frame t as a combination of planes and super-pixels. The
ORB features [83] are extracted and matched to the previous frame. (2)
Planes with similar rigid motions are clustered into M planar rigid bodies
and their corresponding egocentric motions are estimated respectively.
However, we are uncertain which planar rigid body belongs to the static
background. (3) We, therefore, jointly separate the static background from
the planes and super-pixels, and estimate the camera motion via frame-to-
frame alignment. (4) The static part is used to reconstruct the background
and refine the camera motion. (5,6) Dynamic non-planar super-pixels are
removed as outliers, while dynamic planar rigid bodies are matched with
planar rigid bodies in the previous frame. The matched planar rigid body
is tracked using RANSAC on their ORB features and plane parameters.

The world-, camera-, and the m-th object-frames are W, C and Om respect-

ively. The camera motion T(战c) := exp(战c) is TCt−1Ct = T−1
WCt−1

TWCt , which

transforms homogeneous coordinates of a point in the current camera frame Ct

to the previous frame Ct−1. The function exp(战) is the matrix exponential map

for Lie group SE(3). The m-th object egocentric transformation is the camera

motion relative to this object [39]:

T(战̃m) =
mT−1

Ct−1Ct
= T−1

Om
t−1Ct−1

TOm
t Ct . (33)

5.2.2 Multimotion segmentation based on planes

To extract planes, we transform the depth map to a point cloud and cluster

connected groups of points with close normal directions using the method

from [23]. To match plane i in the current frame with one in the previous frame,

we first estimate the angle and point-to-plane distance between plane i and

all planes in the previous frame. A plane is chosen as a candidate if the angle

and distance are below 10 degrees and 0.1 m respectively, which is the same

58 dynamic rgb-d slam with multiple large planar object

tracking in indoor environments



as [53, 134]. However, rather than choosing the plane with minimal distance

[53, 134], we further consider overlap proportion between two planes using

the Jaccard index, J(U1, U2) =
|U1∩U2|
|U1∪U2|

, where |U1| is the number of pixels in

planar segment 1. We choose the candidate plane that has the maximal Jaccard

index as the matched plane for plane i and denote it as plane i′.

To estimate object egocentric motion Ti = exp(战i) =
iT−1

Ct−1Ct
of plane i, we

extract and match ORB keypoints from plane i and i′. The error function is

defined as:

ei(战i) = ∑
k∈χii′

ρH(||uk
i − Tuk

i′ ||Σ) + λh||q(Πi)− q(exp(战i)
−TΠi′)||22, (34)

where χii′ is the set of keypoint matches between planes i and i′. uk
i and uk

i′

are homogeneous coordinates [x, y, z, 1] of the two matched keypoints. ρH (·)
is the robust Huber error function [61]. λh is the parameter to weight the error

between the Hessian form of planes. q(Π) =
[
arctan(nx

nz
), arctan(ny

nz
), d
]

avoids

over-parametrisation of the Hessian form [53].

To cluster planes with similar motions, we introduce a score bij ∈ [0, 1] for

each pair of neighbouring planes i and j in the current frame. bij represents

the probability that the motion of planes i and j can be modelled by the same

rigid transformation. We further introduce a new formulation based on planes

to jointly estimate motion of planes and merge planes into rigid bodies:

min
egoξ,b

P

∑
i=1

ei(战i) + λ1 ∑
(i,j)∈Vp

bij f (战i, 战j)− λ2 ∑
(i,j)∈Vp

bij,

s.t. bij ∈ [0, 1] ∀i, j.

(35)

ego战 is the set of egocentric transformations {战1, · · · , 战P} for all planes in the

current frame. b = {bij|(i, j) ∈ Vp}. Vp is the connectivity graph of planes in

the current frame and (i, j) ∈ Vp means that planes i and j are connected in

space. The first term ei(战i) is introduced in Equation (34). In the second term,

we propose

f (战i, 战j) =
[
ei(战j) + ej(战i)

]
−
[
ei(战i) + ej(战j)

]
(36)
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to quantify the error between two planes with egocentric motion 战i and 战j

respectively. The last term penalises the model complexity by maximising the

sum of probabilities that neighbouring planes have similar motions.

The novelty of the formulation is that we treat each individual plane as a

motion hypothesis and estimate the likelihood b of any two neighbouring

hypotheses having the same motion. This is in contrast to MVO [39], which

discretely decides whether two motion hypotheses are merged or not. This

means that MVO needs to iterates between label merging, assignment and

splitting, while our method unifies these three actions with one set of scores

b. Importantly, the score b is tightly coupled with the motions of planar rigid

bodies into a novel loss function (Equation (35)).

To minimise Equation (35), ego战 and b are decoupled. We first initialise

all egocentric motions 战i to identity and all scores bij to 0. Then, at each

iteration, we fix b and find optimal ego战 by optimising each transformation

independently. b is analytically solved subsequently by fixing the optimised

transformations. After minimisation, we set a threshold b̂ = 0.9 and merge

planes i and j if bij > b̂. We therefore acquire M planar rigid bodies and use

RANSAC to estimate their prior egocentric motions {战̃1, · · · , 战̃M} respectively.

However, since the dynamic objects can occupy the majority of the images, we

still need to decide which planar rigid body belongs to the static background.

5.2.3 Joint camera tracking and background segmentation

We jointly track the camera motion and segment the static background based on

a hierarchical representation of planes and non-planar super-pixels. This rep-

resentation is more efficient in planar environments than uniformly sampled

clusters used in previous work [56, 94]. In addition, compared to RigidFusion

[56], our method only requires the camera motion prior. The dynamic planar

objects are detected by their different rigid motions compared to the camera

motion while dynamic non-planar areas are removed by their high residuals.

To achieve it, we propose to minimise a combined formulation that consists of

three energy terms:

min
ξc,Γ

Probust(战c, Γ) + Rseg(战c, Γ) + Rmotion(战c) s.t. γi ∈ [0, 1] ∀ i, (37)
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where Γ is the full set of probabilities that each plane or super-pixel is static.

战c ∈ se(3) is the camera ego-motion in the world frame. Importantly, planes

that belong to the same planar rigid body are assigned with independent

scores γ. The first term Probust(战c, Γ) aligns the static rigid body using weighted

intensity and depth residuals. The second term Rseg(战c, Γ) segments dynamic

objects by either different motions or high residuals and maintains segmenta-

tion smoothness. The last regularisation term Rmotion(战c) adds a soft constraint

on the camera motion.

5.2.3.1 Residual term

Following the previous work [56, 94], we consider image pairs (It−1, Dt−1) and

(It, Dt) from two consecutive frames. Similar to Equation (24), for a pixel with

coordinate u ∈ R2 in the current frame t, the intensity residual ru
I (T) and

depth residual ru
D(T) against the previous frame under motion T are given by:

ru
I (T) = It−1 (W(u, T))− It (u) (38)

ru
D(T) = Dt−1 (W(u, T))− |Tπ−1(u, Dt (u)) |z , (39)

where π : R3 → R2 is the camera projection function and | · |z returns the

z-coordinate of a 3D point. The image warping function W is:

W(u, T) = π
(

Tπ−1(u, Dt(u))
)

. (40)

which is the same as Equation (25). Similar to SF, the weighted residual term

is:

Probust(战c, Γ) = ∑
u∈U

γ(u)[F(αIwu
I ru

I (战c)) + F(wu
Dru

D(战c))] , (41)

which is similar to Equation (26), however, γ(u) represents the score of planes

or super-pixels that contains the pixel u. αI is used to weight the intensity

residuals. The Cauchy robust penalty:

F(r) =
c2

2
log
(

1 +
(

r
c

2
))

(42)
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is used to control robustness of minimisation and c is the inflection point of

F(r). Compared to SF, which assigns scores to each cluster, we represent the

image a combination of planes and super-pixels.

5.2.3.2 Segmentation term

The objective of Rseg(战c, Γ) adds regularisation on both plane and super-pixel

segmentation. Dynamic planar rigid bodies are detected by their motions

while dynamic non-planar super-pixels are detected by their high residuals.

Rseg(战c, Γ) is computed by the sum of three items:

Rseg(战c, Γ) = λpRp(战c, Γ) + λnpRnp(Γ) + λsRspatial(Γ), (43)

where λp, λnp and λs are parameters to weight different items. The first

term Rp(战c, Γ) classifies planes as dynamic when their egocentric motions are

different from the camera motion 战c:

Rp(战c, Γ) =
P

∑
i=1

γiρH(||战c − 战̃m(i)||22), (44)

where m(i) is the planar rigid body that contains the plane i. 战̃m(i) is the

egocentric motion prior of the m-th planar rigid body and Huber cost function

ρH(·) is used to robustly control the error.

The second term Rnp(Γ) handles non-planar dynamic areas. We follow

StaticFusion and assume they have a significantly higher residual under the

camera motion:

Rnp(Γ) = F(ĉ)
P+S

∑
i=P+1

(1 − γi)|Ui|, (45)

where we only consider super-pixels in non-planar area and |Ui| is the number

of pixels with valid depth in the i-th super-pixel. The threshold ĉ is chosen as

the average residual over all S super-pixels.

The last term Rspatial(Γ) maintains the spatial smoothness of segmentation 戍

for both planar and non-planar areas by encouraging neighbour areas to have

close scores:

Rspatial(Γ) = ∑
(i,j)∈Vp

bij(γi − γj)
2 + ∑

(i,j)∈Vnp

(γi − γj)
2, (46)
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where Vp and Vnp are the connectivity graphs for planes and non-planar

super-pixels respectively. bij is directly acquired from the minimisation of

Equation (35). This means that rather than directly assigning the same score

γ to planes that belong to the same rigid body, we encourage them to have a

close score γ.

5.2.3.3 Motion regularisation term

We add a soft constraint on the camera motion 战c based on the motion prior

战̃c:

Rmotion(战c) = λc(1 − αs)ρH(||战c − 战̃c||22), (47)

where αs ∈ [0, 1] is the proportion between the number of pixels that are

associated with the static background over the total number of pixels with

valid depth reading. This means that we rely more on the camera motion prior

when the dynamic objects occupy a higher proportion of the image view. The

robust Huber cost function ρH(·) is used to handle large potential drifts in the

camera motion prior.

The solver of Equation (37) is based on StaticFusion and a similar coarse-to-

fine scheme is applied to directly align dense images. Specifically, we create

an image pyramid for each incoming RGB-D image and start the optimisation

from the coarsest level. The results acquired in the intermediate level are used

to initialise the next level, to allow correct convergence. We also decouple

the camera motion 战c and 戍 for more efficient computation. Concretely, we

initialise the camera motion 战c as identity and all 戍 to 1. For each iteration,

we first fix 戍 and find the optimal 战c. The closed-form solution for 戍 is then

obtained by fixing 战c. The solution for the previous iteration is used to initialise

the current iteration.

5.2.4 Background reconstruction and camera pose refinement

In the current frame t, after the minimisation of Equation (37), we acquire the

optimised camera motion 战̂c and the static parts of intensity and depth images

(Is
t , Ds

t ). These images are used to reconstruct the static background and refine

the camera pose 战c using frame-to-model alignment. Concretely, we render
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an image pair (Ir
t−1, Dr

t−1) from the current static background model at the

previous camera pose. The rendered image pair (Ir
t−1, Dr

t−1) is directly aligned

with (Is
t , Ds

t ) by minimising

min
ξc

Probust(战c, Γ = 1) + Rmotion(战c). (48)

The first term Probust(战c, Γ = 1) is the same as Equation (41) but the Γ is

fixed to 1 because the input should only contain the static background. We

append Rmotion(战c) in Equation (47) as a soft-constraint for the frame-to-model

alignment and αs is estimated from pixel-wise dynamic segmentation. Since

we have already solved Equation (37), we directly start from the finest level

of the image pyramid and initialise the solver with the camera pose 战̂c for

the solver of Equation (48). The refined camera pose is used to fuse the static

images (Is
t , Ds

t ) with the surfel-based 3D model as described in SF [94].

5.2.5 Planar objects tracking

After removing the static planes, we further track dynamic planar rigid bodies

independently. This is different to our previous work RigidFusion [56] which

models the whole dynamic component with a single rigid transformation. For

each dynamic planar rigid body m, we match it to the previous dynamic rigid

bodies using the plane association and estimate the egocentric motion. If all

the currently associated planes are static in the previous frame, we detect the

dynamic planar rigid body m as a new object and the initial pose of the object

relative to the camera frame is denoted as Tinit. If the initial time of frame for

an object is t0, the object pose in the object’s initial frame can be acquired by

[119]:

TOm
t0

Om
t
= TCt0 Ct

mTCt0 Ct T
−1
init. (49)
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(a) Mobile manipulator Ada (b) Object 1 (c) Object 2

Figure 25: (a) An omnidirectional wheeled platform with Vicon markers. (b) The first
rigid object is put on a board with wheels and moved by a human. (c) The
second rigid object is put on the youBot and is controlled remotely.

5.3 evaluation

5.3.1 Setup

The sequences for evaluation are collected with an Azure Kinect DK RGB-

D camera which is mounted on an omnidirectional robot (Figure 25a). The

camera produces RGB-D image pairs with a resolution of 1280 x 720 at 30 Hz.

The images are down-scaled and cropped to 640 x 480 (VGA) to accelerate the

speed of pre-processing (Figure 24), such as super-pixel and plane extraction.

In the solver of Equation (37) and (48), we further down-scale images to 320 x

240 (QVGA).

The dynamic objects are created from stacked boxes and are either moved

by humans or via a remotely controlled KUKA youBot (Figure 25). The ground

truth trajectories of the camera and objects are collected using a Vicon system

by attaching Vicon markers on the camera and dynamic objects. The camera

motion prior is acquired by adding synthetic drift on camera ground truth

trajectories with a magnitude of around 7 cm/s (trans.) and 0.4 rad/s (rot.).

For quantitative evaluation, we estimate the absolute trajectory error (ATE)

and the relative pose error (RPE) [105] against the ground truth. The proposed

method is compared with PlanarSLAM (PS) [53], EM-Fusion (EMF) [103], Joint-

VO-SF (JF) [38], StaticFusion (SF) [94], Co-Fusion (CF) [84] and RigidFusion
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(RF) [56]. We additionally provide the camera motion prior with drift to CF as

the variant CF∗. Following the previous work (Chapter 4), we use the default

parameters of these baseline methods. The original RF uses motion priors for

both camera and object. Here we only provide RF with the camera motion

prior and denote it as RF∗, while our method with the camera motion prior is

denoted as ours∗.

We collect eight sequences with various camera and object movements in

different planar environments. For example, in the seq1, a human moves the

taller box to clear way for both the robot and the other object so that the

potential collision can be avoided, while in the seq5, the robot tries to overtake

two dynamic objects ahead (Figure 26). All trajectories are designed such that

the two dynamic objects and a human can be visible in the image at the same

time and frequently occupy the major proportion of the camera view. We also

run experiments on sequences sitting_xyz and walking_xyz from TUM RGB-D

dataset [105] which includes a large proportion of non-planar areas and denote

them as seq9 and seq10 respectively.

5.3.2 Camera localisation

We estimate the ATE root-mean-square error (RMSE) and RPE RMSE between

the estimated camera trajectories and ground truth (Table 5). In planar dy-

namic environments (seq. 1-8), the evaluation demonstrates that our method

outperforms all other state-of-the-art methods (Figure 27). With the help of the

camera motion prior, our method achieves the best performance and corrects

the large drift of the camera motion prior. Even without the camera motion

prior, we still achieve better performance than the baseline of JF, SF and CF.

PS is unable to estimate the correct camera pose because there are dynamic

planes in the environment while PS assumes all planes are static. Our method

also outperforms EMF because the semantic segmentation method [33] can

only detect and segment certain categories of dynamic objects, like humans.

In non-planar dynamic environments (seq. 9-10), EMF outperforms all other

methods because the dynamic humans can be directly segmented by Mask

R-CNN [33]. However, even without relying on semantic segmentation, our

method has close performance compared to StaticFusion. This is because our
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Figure 26: The ground truth trajectories of camera and dynamic objects in both 2D and
3D perspectives. Trajectories of humans are not plotted. The red segment of
camera trajectories represents the part when there are moving objects in
the camera view, while the blue segment means the camera moves in static
environments. We mark trajectories’ start position with a black solid dot
and end position with a circle-cross marker. The black arrows point to the
direction of camera view.

method can still detect dynamic super-pixels by their high residuals under the

camera motion.

5.3.3 Multimotion segmentation

For planar environments, we visualise the segmentation results of our method

and compare them with SF, RF∗ and CF (Figure 29). SF is unable to detect

all dynamic objects because they as a whole occlude a large proportion of

the camera view, while RF∗ tends to classify parts of the static background as

dynamic. Both CF and our method can further distinguish between different

dynamic objects. However, the segmentation of CF is not complete and CF

tends to have a delay when detecting a new object. We use two different colours

(green and purple) to represent that our method treats the taller object as a
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trajectory start
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Figure 27: Visualisation of the estimated camera trajectories, camera motion prior and
ground truth. The start position of all trajectories is aligned to the same
position and is marked with a black solid dot. Our method (blue) achieves
the lowest error compared to the ground truth (black solid) and can correct
the drift of the camera motion prior (black dashed).

new one after it passes behind the front object. In non-planar environments,

our method can still provide correct binary segmentation of the static and

dynamic objects (Figure 28). However, we are unable to segment and track

different non-planar dynamic objects independently.

5.3.4 Background reconstruction

We qualitatively evaluate the reconstruction result of seq3 (Figure 30). Since we

have no ground truth segmentation, we re-collect a new sequence with the same

camera trajectory but no dynamic objects to recover the true background. As

shown in the results, RF∗ maps the dynamic objects into the static background

model. CF has mapped the same static object twice, which is caused by wrong

camera pose estimation. Only our proposed method can remove all dynamic

objects and correctly reconstruct the background.
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Figure 28: Static/dynamic segmentation results on the walking_xyz sequence [105].
The first row shows the RGB images with segmentation of planes and
super-pixels. Our method achieves close segmentation performance to SF
in non-planar environments.

5.3.5 Planar rigid objects trajectory

For both objects, we compute the ATE RMSE between the estimated and

ground-truth trajectories when they are in the camera view (Table 6). Since the

object can move out of or move into the camera view several times, one object

trajectory can be divided into multiple parts. For each object, we, therefore, use

the maximal ATE RMSE among the estimated trajectories of different parts for

the final result. Our method can provide more accurate and complete object

trajectories than CF, but loses track of a dynamic object when the object stops

moving or is occluded by other objects (Figure 31).
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seq4: opposing_move2 seq8: obj_transfer

RGB
input

SF

RF∗

CF

ours∗

Figure 29: Segmentation result of the static background and dynamic objects. We
visualise the input RGB images with the segmentation of planes and super-
pixels in the first row. In all four methods, the static part is marked by
blue. In SF and RF, we use red to represent dynamic parts. In CF, we use
different colours to show different objects. In our method, the non-planar
dynamic areas are marked by red, the planar rigid objects are marked by
other colours. Results show that only our method can segment multiple
dynamic objects correctly and is robust to large occlusion.
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Figure 31: Comparison between CF baseline (red) and our method with the camera
motion prior (blue) in terms of the estimated object trajectories. Our method
can detect and track an object immediately when it starts to move.

70 dynamic rgb-d slam with multiple large planar object

tracking in indoor environments



Ground truth RF∗

CF ours∗

Figure 30: Reconstruction result of the RGB-D sequence 3. The reconstruction failures
are marked with red rectangles. RF has mapped dynamic objects into the
background. CF has mapped the same static poster twice, which indicates
wrong localisation results.

seq1 seq4 seq7

object1 object2 object1 object2 object1 object2
CF 21.5 10.6 24.2 5.36 33.8 6.57

CF∗
20.9 16.3 20.5 6.21 17.1 12.9

ours∗ 13.1 4.95 4.95 8.84 7.27 3.93

Table 6: ATE RMSE of the object trajectories estimated from CF baseline, CF∗ and
ours∗.

5.3.6 Impact of drift in motion prior

We increase the drift magnitude of the camera motion prior to test our methods’

robustness to different levels of drift. By comparing the RPE RMSE of the

camera motion prior and estimated trajectories, we find that our method can

outperform Co-Fusion baseline with drift up to 24 cm/s (Figure 32). Even

when the motion prior has a drift of nearly 30 cm/s, we can still reduce the
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drift to around 12 cm/s. Compared to Co-Fusion with camera motion prior,

our method is always better using the motion prior with the same magnitude

of drift.
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Figure 32: RPE RMSE of the estimated trajectories against the drift magnitude of
wheel odometry. Our method performs better than CF when using the
camera motion prior with the same magnitude of drift and is robust to
nearly 24 cm/s odometry drift until it is comparable with CF baseline.

5.4 conclusion

In this chapter, we present a dense RGB-D SLAM method PlanarFusion (PF)

that tracks multiple planar rigid objects without relying on semantic segment-

ation. We also proposed a novel online multimotion segmentation method

and a dynamic segmentation pipeline based on a hierarchical representation

of planes and super-pixels. The detailed evaluation demonstrates that our

method achieves better localisation and mapping results than state-of-the-art

approaches when multiple dynamic objects occupy the major proportion of

the camera view.

Compared to RigidFusion (RF) proposed in Chapter 4, PF is able to track

multiple dynamic objects independently and does not rely on object motion

priors. PF also achieves higher object tracking accuracy than RF. However, if one

dynamic object is occluded by another, PF fails to track the object but detects

the object as new after it reappears in the camera view. Moreover, neither RF

nor PF demonstrate their performance when the large occlusion lasts for a

long period of time. For the solution of re-detecting the dynamic objects based

on their models to support long-term object tracking, please refer to [77]. In

Chapter 6, we plan to improve our method’s robustness to long-term large

occlusion and use measurements from an inertial measurement unit (IMU) as

camera motion priors.
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MP SLAM Method
PS EMF JF SF CF CF∗ RF∗ ours ours∗

1 26.7 38.5 50.6 30.5 22.9 10.4 10.2 16.5 20.1 4.23
2 49.5 88.7 63.6 28.2 27.4 26.0 7.30 14.3 6.81 6.32
3 41.7 53.1 37.0 24.3 74.0 21.6 10.6 4.38 4.01 3.42
4 36.0 36.8 34.0 28.9 87.2 18.9 20.3 8.39 22.6 8.37
5 16.2 31.4 14.7 10.3 13.6 4.73 8.35 14.1 25.2 6.74

6 11.7 39.6 35.5 52.8 23.5 10.1 3.67 7.57 8.37 4.67

7 25.5 19.1 25.5 34.7 57.6 14.7 8.71 41.3 6.43 7.60
8 28.4 46.8 25.6 26.5 62.1 69.8 18.9 14.2 8.33 10.3

9 273 2.15 3.7†
11.1†

4.0†
2.7†

5.63 9.73 3.81 5.54

10 197 29.8 6.6†
87.4†

12.7†
69.6†

48.7 19.5 14.9 11.6

(a) Trans. ATE RMSE (cm)

MP SLAM Method
PS EMF JF SF CF CF∗ RF∗ ours ours∗

1 7.64 23.8 43.6 28.4 17.2 7.58 9.07 9.41 10.9 4.50
2 7.31 51.6 22.8 26.9 11.2 12.6 5.61 3.99 3.58 3.06
3 7.87 25.1 14.8 23.5 26.1 6.8 4.22 7.13 3.11 2.78
4 7.38 29.9 26.5 28.2 64.3 15.9 15.7 6.13 14.2 6.52
5 7.61 25.8 6.31 31.4 3.31 3.62 6.34 3.90 13.5 4.77

6 7.51 17.1 30.6 25.4 18.1 7.02 4.67 4.26 4.38 3.18
7 7.52 12.8 15.4 31.3 62.4 7.54 6.43 25.1 4.73 4.09
8 7.29 20.0 15.6 24.1 36.4 28.3 11.2 7.54 5.91 4.41

9 7.36 3.12 2.6†
5.7†

2.8†
2.7†

3.01 3.48 2.95 2.98

10 7.34 49.0 6.0†
27.7†

12.1†
32.9†

41.9 13.4 9.59 8.67

(b) Trans. RPE RMSE (cm/s)

Table 5: ATE and RPE RMSE for all ten RGB-D sequences. The asterisk (∗) symbol
represents that the method uses the camera motion prior with drift and the
dagger (†) symbol means the result is taken from the original paper [103]. Our
method achieves the best performance in custom robotic sequences collected
from planar environments (seq. 1-8) and estimates correct camera trajectories
in TUM RGB-D dataset [105] which contains a large proportion of non-planar
areas (seq. 9-10).
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6
V I S UA L - I N E RT I A L S L A M A N D M O T I O N S E G M E N TAT I O N

U N D E R L O N G - T E R M L A R G E O C C L U S I O N S

This work presents a novel RGB-D-inertial dynamic SLAM method that can

enable accurate localisation when the majority of the camera view is occluded

by multiple dynamic objects over a long period of time. Most dynamic SLAM

approaches either remove dynamic objects as outliers when they account for a

minor proportion of the visual input, or detect dynamic objects using semantic

segmentation before camera tracking. Therefore, dynamic objects that cause

large occlusions are difficult to detect without prior information. The remaining

visual information from the static background is also not enough to support

localisation when large occlusion lasts for a long period. To overcome these

problems, our framework presents a robust visual-inertial bundle adjustment

that simultaneously tracks camera, estimates cluster-wise dense segmentation

of dynamic objects and maintains a static sparse map by combining dense and

sparse features. The experiment results demonstrate that our method achieves

promising localisation and object segmentation performance compared to other

state-of-the-art methods in the scenario of long-term large occlusion.

6.1 introduction

Simultaneous localisation and mapping (SLAM) is one of the core problems in

various robot applications. Despite providing accurate camera motion estima-

tion and mapping in large-scale environments, most existing SLAM systems

[61, 123] assume that the environment is static. This assumption can be violated

when a robot closely manipulates objects in the scene or collaborates with

other humans over a long period. In this scenario, the dynamic objects can

cause long-term large occlusion, which means for the majority of time when a

robot moves in the environment, the major proportion of the camera view is

occluded by multiple dynamic objects.

To enable robust SLAM in dynamic environments, many visual SLAM

methods [84, 94] detect the areas of dynamic objects by assuming that the
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(b) Localisation and sparse mapping

(c) Dense reconstruction

(a) RGB input with large occlusion and dense segmentation

Figure 33: (a) In the scenario of long-term large occlusion, the majority of camera
view is occluded for the majority of time frames. Our method can estimate
cluster-wise dense segmentation of dynamic objects, and (b) simultaneously
localise the camera and create a static sparse map. (c) The dense reconstruc-
tion of the static background can be acquired using the estimated camera
trajectory and dense object segmentation after the procession of the whole
sequence.
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static background occupies a major fraction of the camera view. The dynamic

objects can, therefore, be removed as outliers during robust camera tracking.

On the other hand, when the categories of dynamic objects are predefined, the

regions containing these objects can be directly detected using deep learning

methods [80].

However, when a priori undefined dynamic objects cause long-term large

occlusion, there are still two major challenges. First, robots are unable to

differentiate the dynamic objects from the static background because they

can neither be detected by semantic segmentation nor be removed as outliers.

Moreover, even when the dynamic objects are correctly removed, the remaining

colour and depth information from the static background may be inadequate

to support accurate localisation or mapping.

Various dynamic SLAM methods [55, 56, 99] have explicitly considered

dynamic objects that are dominant in the camera views with the aid of robot

proprioception, like wheel odometry or Inertial Measurement Units (IMU).

Some static visual-inertial navigation system (VINS) methods [11, 104] have

also demonstrated their robustness when the camera view is fully occluded

for a short period. However, none of them has shown their performance if the

large occlusion lasts for the most of time when the camera is in motion.

This paper is aimed to enable robust dynamic SLAM in the presence of long-

term large occlusion. We use motion priors from IMU in a tightly-coupled way

to help detect dynamic objects that cause large occlusion by simultaneously

estimating camera motion, object segmentation and bias terms of the IMU.

However, when the major proportion of camera view is occluded for a long

period, the remaining features from the static background are unable to provide

an accurate bias estimation of IMU which is important to detect dynamic

objects that cause large occlusion. To further improve the method’s robustness

to long-term large occlusion, we actively remove sparse map points that are

generated from the regions of dynamic objects and maintain a sparse model

of the static background by integrating both sparse and dense features. The

dense reconstruction of the static background is acquired after the processing

of the whole sequence (Figure 33).

In summary, this chapter contributes:

1. an RGB-D-inertial SLAM method that is robust to long-term large occlu-

sion caused by multiple undefined dynamic objects.
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2. a new bundle adjustment (BA) pipeline that simultaneously provides

dense segmentation of dynamic objects, tracks the camera and maps the

environments.

3. a novel methodology that combines sparse and dense features for dy-

namic object detection.

6.2 methodology

6.2.1 Overview and Notation

The proposed new RGB-D-inertial SLAM pipeline (Figure 34) focuses on

accurate localisation and dense segmentation of dynamic objects that cause

long-term large occlusion. Our method takes a stream of RGB-D images and

readings from a low-cost IMU as input, which means additional variables

are needed to be estimated compared to visual SLAM. For a frame i, similar

to ORB-SLAM3 [11], we consider the pose of body TBi ∈ SE(3), velocity

of body vi in the world frame, and the biases of gyroscope bg
i ∈ R3 and

accelerometer ba
i ∈ R3 respectively. The two biases are modelled by Brownian

motions of Gaussian processes. The state vector for frame i is denoted as

Si = {TBi , vi, bg
i , ba

i }. The camera pose TCi can be acquired by TCi = TBiTBC,

where TBC is calibrated a priori and denotes the rigid transformation between

the body (IMU) and camera frame.

For the image frame i, we extract ORB features [83] from the intensity image

Ii and the observation is denoted as u ∈ Rn, where n = 2 for monocular

feature points and n = 3 for features points with a depth reading. We also

over-segment the depth image into K clusters and the region with no valid

depth reading is denoted as the (K + 1)th cluster. For each cluster, we assign a

score γ ∈ [0, 1] to represent the probability that the cluster is static. The whole

set of scores is denoted as Γi = {γi0, · · · , γiK−1, γiK}, where γiK = 1. To reduce

computation complexity, we assume all pixels and feature points in the same

cluster have the same score. Concretely, γ(u) denotes the score of the pixel u

and is equal to γik for any pixel u that belongs to the k-th cluster at the i-th

image frame.

Between two consecutive images i − 1 and i, we estimate pre-integrated

measurements of rotation ∆Ri−1,i, velocity ∆vi−1,i and position ∆pi−1,i from
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their states Si−1, Si based on the theory proposed in [25, 58] and denote the

inertial residual rI
i−1,i as [∆Ri−1,i, ∆vi−1,i, ∆pi−1,i].
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Figure 34: The pipeline of our method is based on ORB-SLAM3 [11] and blue rect-
angles highlight the functions we implement in addition to ORB-SLAM3.
Our pipeline consists of three threads: (1) In the tracking and segmentation
thread, we extract ORB features [83] from colour images and over-segment
the images into clusters by applying K-Means clustering on the depth
image. Given IMU bias estimation, we acquire camera motion priors using
pre-integrated velocity, rotation and position measurements. We then estim-
ate initial object cluster-wise segmentation and image frame states based on
a combination of sparse and dense features (Section 6.2.2). (2) In the local
optimisation thread, new keyframes are created and sparse map points are
generated from the initial static parts of the image. We then conduct robust
visual-inertial BA to simultaneously remove dynamic map points, estim-
ate the states of multiple keyframes and refine dense object segmentation
(Section 6.2.3). (3) Finally, the static parts of keyframes are used for place
recognition and loop closure in the loop closure thread (Section 6.2.4).

Our robust BA considers a set of M + 1 co-visible keyframes within a sliding

window and a set of L 3-D map points that are observed by these keyframes

[11]. The states of keyframes are denoted as Ŝ = {S0, · · · , SM} and the 3-D

positions of map points are denoted as X̂ = {x0, · · · , xL−1}. For all keyframes,

the set of cluster-wise dense segmentation is denoted as Γ̂ = {Γ0, · · · , ΓM}. In

addition, for each map point j, we also assign a score β j ∈ [0, 1] to represent

the probability that the map point is generated from the regions of the static

background. The scores of all map points are denoted as B̂ = {β0, · · · , βL−1}.

For simplicity, we denote X = {Ŝ, X̂, Γ̂, B̂}.

6.2.2 Robust Visual-inertial Bundle Adjustment (BA)

To handle long-term large occlusion caused by dynamic objects, we simul-

taneously estimate the segmentation of dense images and sparse map points,
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track the camera motions and correct IMU biases. To achieve it, we propose a

novel cost function that consists of four terms:

min
X

M

∑
i=1

||rI
i−1,i||2Σ−1

i−1,i︸ ︷︷ ︸
IMU

+Probust(X ) + Rseg(X ) + Rimu(Ŝ)︸ ︷︷ ︸
Regularision

,

s.t. γik, β j ∈ [0, 1] ∀i, j, k,

(50)

where the first term is the IMU residual term [11] which provides motion

priors for any two consecutive keyframes.

The second term Probust(X ) is the robust residual error between feature

points on keyframes and map points:

Probust(X ) =
L−1

∑
j=0

∑
(i,k)∈Kj

ρ(β j, γik, rij) (51)

where Kj includes all clusters that observe the j-th map point and (i, k) ∈ K j

represents that the k-th cluster in the i-th keyframe can observe the j-th map

point. γik is the static weight of this cluster and β j is the static weight of the

j-th map point. rij ∈ Rn denotes the residual between the j-th map point and

its observation uij ∈ Rn on the i-th keyframe:

rij = uij − π(TCixj), (52)

where π : R3 → Rn is the camera projection function. The robust residual

function ρ(·) is inspired by DynaVINS [99]:

ρ(β, γ, r) = β2γ2ρH(||r||2) + (1 − β)2(1 − γ)2ρH(ĉ), (53)

where ĉ is heuristically selected as the average of all residuals ||rij||2 and the

robust Huber loss ρH(·) is used to reduce the effect of outliers [61]. Compared

to DynaVINS, we use the product of static weights β and γ to weight residuals.

Therefore, only correspondences between static map points and feature points

on static clusters have high static weights in the cost function. We can also

acquire the cluster-wise dense segmentation Γ̂ for keyframes, while DynaVINS

can only provide sparse segmentation on feature points. Additionally, we are

able to detect texture-less dynamic clusters that have no extracted feature

points.
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The third term Rseg(X ) = ∑M
i=1 λdRd(X , i) + ∑L−1

j=1 λsRs(X , j) adds regu-

larisation on the cluster-wise dense segmentation of images Γ̂ and sparse

segmentation of map points, where

Rd(X , i) =
K−1

∑
k=0

(γik − γ̃ik)
2 + ∑

(k1,k2)∈Vi

(γik1 − γik2)
2, (54)

Rs(X , j) = (β j − β̃ j)
2, (55)

where γ̃ and β̃ are the priors of γ and β respectively, λd and λs are parameters

to weight the two terms. Vi is the connectivity graph for clusters [94] in the i-th

keyframe and (k1, k2) ∈ Vi represents the k1-th and k2-th clusters of keyframe i

are connected in space.

Inspired by StaticFusion [94], we assume that the dynamic regions of the

depth map have a large depth difference from the static map. However, in

contrast to StaticFusion, we estimate the depth difference between sparse map

points and dense depth images. The γ̃ik is, therefore, defined as:

γ̃ik = 1 − λp
∑j∈Mik |β j(Di(π(TCixj))− |TCixj|z)|

n(Mik)
, (56)

where Mik is a set of map points that are observed by the kth cluster of the

i-th keyframe and π : R3 → R2 is the projection function of a pinhole camera.

Di(·) gives the depth value of a pixel on image i, | · |z gives the z-coordinate

of a 3-D vector and n(·) provides the number of elements in a set. λp is a

parameter to control the influence of the depth difference to γ̃.

Additionally, we assume that a map point belongs to the static background

if it is classified as static for most of keyframes that can observe this map point:

β̃ j = ϕ

(
λϕ,

∑(i,k)∈Kj γik

n(Kj)

)
, (57)

where Kj is defined in Equation (51). ϕ(λϕ, x) denotes max(0, x−λϕ

1−λϕ
), which

is inspired by ReLU [2]. λϕ ∈ [0, 1) is a parameter and is chosen as 0.5 in

implementation, which means a map point j is dynamic if more than 50% of

clusters in Kj classifies the map point j as dynamic.
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The last term Rimu(Ŝ) adds regularisation on the IMU biases and is defined

as:

λimu

M

∑
i=1

(
||bg

i − bg
i−1||

2
Σbg

+ ||ba
i − ba

i−1||2Σba

)
. (58)

Following [25], we assume that the IMU biases are changing slowly over time

and can be modelled with a Brownian motion. We, therefore, penalise the

difference of IMU biases ba and bg for any two consecutive keyframes.

The novelty of our robust visual-inertial BA (Equation (50)) is that we actively

estimate dense segmentation of input images Γ̂ and sparse segmentation of

map points. This is different to StaticFusion [94] or PlanarFusion [55] which

only consider the segmentation of images. We can, therefore, recover a static

sparse map and correct IMU biases even if the initial dense segmentation of

images are unreliable. The static map and corrected IMU biases can then be

used to aid dense segmentation of images in the presence of long-term large

occlusion.

To solve the optimisation for a large map, we follow ORB-SLAM3 [11] and

consider a sliding window of keyframes with their corresponding map points.

We also incorporate observations of these points from covisible keyframes. To

optimise Equation (50), we first initialise the state and dense segmentation of

the latest keyframe and set β = 1 for all map points. For each iteration, we

fix Γ̂ and B̂ while finding the optimal states Ŝ for M + 1 keyframes and and

map point position X̂ for L map points. Then, we fix Ŝ and X̂, while Γ̂ and B̂

are iteratively optimised by fixing one and analytically solving the other. After

optimisation, we remove all dynamic map points.

6.2.3 Initialisation of Segmentation and Image Frame State

For every two consecutive frames i − 1 and i, given the state of the previous

frame Si−1, we estimate the state of current frame Si and a cluster-wise dense

segmentation Γi of dynamic objects.

Similar to ORB-SLAM [60], we heuristically select a frame as a keyframe to

improve the robustness and accuracy of the SLAM method. For example, to

avoid the loss of tracking, a new keyframe should have enough overlap area
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with the previous keyframe. In addition, to avoid information redundancy, the

proportion of the overlap area is lower than a threshold (75%).

If the frame is selected as a keyframe, we use the segmentation and state

as the initialisation of the robust BA. The initialisation is a special case of our

robust BA such that Equation (50) is a multiple-frame-to-model optimisation

while Equation (59) is a single-frame-to-frame optimisation. Therefore, we

similarly propose to minimise a cost function with four terms:

min
Si,Γi

||rI
i−1,i||2Σ−1

i−1,i︸ ︷︷ ︸
IMU

+Pini(Si, Γi) + Rini
seg(Γi) + Rini

imu(Si),︸ ︷︷ ︸
Regularisation

s.t. γik ∈ [0, 1] ∀k,

(59)

where the first term is the IMU residual term. However, the second term

Rini(Si, Γi) minimises the residuals between the two consecutive dense intensity

and depth image pairs (Ii−1, Di−1) and (Ii, Di) so that features from texture-less

areas can be considered – a crucial departure from Equation (51). Similar to

Equation 26 and 41, Pini(Si, Γi) is defined as a weighted sum of intensity and

depth residuals:

∑
u∈Ui

γ(u)[F(αIwu
I ru

I (∆TCi)) + F(wu
Dru

D(∆TCi))] , (60)

where Ui is the set of pixels with a valid depth reading at the current image

frame i and u ∈ R2 is the pixel coordinate. ∆TCi = (Ti−1TBC)
−1TiTBC de-

notes the relative camera pose between two consecutive frames. Given a pixel

coordinate u, the intensity residual ru
I (T) and depth residual ru

D(T) under a

transformation T ∈ SE(3) can be acquired by:

ru
I (T) = Ii−1 (W(u, T))− Ii (u) (61)

ru
D(T) = Di−1 (W(u, T))− |Tπ−1(u, Di (u)) |z , (62)

where Ii(u) and Di(u) provide the intensity and depth value of the pixel

position u respectively. W is the pixel-wise image warping function:

W(u, T) = π
(

Tπ−1(u, Dt(u))
)

. (63)
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In Equation (60), αI is chosen as 0.15 to re-scale the intensity residual so

that it has a similar scale to the depth residual. Parameters wI and wD are

used to weight the residuals of intensity and depth respectively to penalise

measurement noise (σI and σD), discontinuity, which is similar to SF [94]:

wI =
1

λIσ
2
I + |∇u Ii|

, wD =
1

λDσ2
D + |∇uDi|

. (64)

We also use Cauchy robust penalty: F(r) = c2

2 log
(

1 +
( r

c
)2
)

to improve the

robustness of residual minimisation and c is the inflection point of F(r).

The third term of Equation (60) is the same as Equation (54) and Rini
seg(Γi) =

Rd(X , i). This is because we only consider the dense segmentation Γi of the

i-th frame and treat all map points as static: β j = 1, ∀j. Similarly, the last term

Rini
imu(Si) can be acquired by assigning M = 1 in Equation (58).

A coarse-to-fine scheme similar to StaticFusion [94] is applied to align dense

intensity or depth images in the solver of Equation (59). Concretely, for each

incoming RGB-D image pair, we create image pyramids for both intensity and

dense images by iteratively resizing the image to the half-size of the previous

level. We start the minimisation from the coarsest level and initialise the next

level using the intermediate results from the current level. In addition, the

frame state Si and dense segmentation Γ are decoupled in the solver. For each

iteration, we first fix the dense segmentation Γ and optimise Si. We then find

an analytical solution of Γi given the value of Si.

If the current frame i is selected as a new keyframe, we run our visual-

inertial BA (Equation (50)) where the estimated Γi and Si are used to initialise

the segmentation and state respectively.

6.2.4 Place Recognition and Loop Closing

We adopt a similar place recognition policy to ORB-SLAM3 [11] and use the

DBoW2 place recogniser [62] to detect loop candidates based on their appear-

ance. Because of large occlusion, to improve the accuracy of place recognition,

we remove the dynamic regions of each keyframe and only consider candidate

keyframes when the region of static background is more than 80% of the whole

image.
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After verification of loop closure matches, we conduct a full vision-only

BA based on the static parts of keyframes and all static map points to reduce

long-term drift.

6.3 evaluation

6.3.1 Setup

(a) Azure Kinect DK (b) Wheeled Robot (c) Boxes

Figure 35: (a) An Azure Kinect DK RGB-D camera with attached Vicon markers. (b)
The base of an omnidirectional wheeled mobile manipulator on which the
camera is mounted. (c) A large rigid object that can be moved by humans
to cause large occlusion in the camera view.

We collect evaluation sequences using an Azure Kinect DK RGB-D camera

with an embedded low-cost IMU (Figure 35a) . The ground truth trajectories

are acquired through Vicon system by attaching Vicon markers to the camera.

The Azure Kinect DK can generate registered 1280 × 720 RGB-D image pairs

at the frequency of 30 Hz and IMU readings at around 1700 Hz. To speed up

the processing of image frames, we down-scale and crop the RGB-D images to

the resolution of 640 x 480 (VGA). In the solver of Equation (59), the images are

further down-scaled to 320 x 240 (QVGA) because of dense image alignment.

During data collection, the camera is mounted on an omnidirectional

wheeled robot (Figure 35b) and a human moves the stacked boxes (Figure 35c)

closely in front of the camera to create large occlusion in the camera view. We

collect nine sequences with different camera and object trajectories and they

can be categorised into three types (Table 7) based on the proportion of large
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occlusion (LO) duration to the whole sequence: short-term (ST), mid-term

(MT) and long-term (LT). For each category, we visualise the camera trajectory

of one typical collected sequence and highlight the trajectory in red when the

camera view is occluded by dynamic objects (Figure 36). For example, in seq7,

the majority of camera view is occluded for more than 70% of image frames

and the camera travels around 20 meters during this period, which increases

the difficulty to localise camera. For quantitative evaluation, we follow [105]

and calculate the absolute trajectory error (ATE) and the relative pose error

(RPE) against the ground truth camera trajectories.

In addition, we also evaluate the localisation performance on a real-world

dataset OpenLORIS-Scene [98]. It contains RGB-D-inertial sequences from 5

different scenes, including static (office), texture-less (corridor) and complex

dynamic (home, cafe and market) environments. We remove the sequences

corridor1-3 and corridor1-4 because of dim lighting.

When compare against other baseline methods [11, 74], we tune their hyper-

parameters on static sequences we collected, because the environment in our

collected dataset is different from other benchmarks. For example, ORB-SLAM3

[11] and VINS-Mono [74] have achieved high localisation accuracy in outdoor

environments, while our dataset was collected in indoor environments.

Types Dis. (m) LO Dis. (m) Durat. (s) LO Durat. (s)
1 Static 22.1 0 (0%) 108 0 (0%)
2

ST
15.6 3.09 (19.8%) 58.1 10.2 (17.6%)

3 19.3 3.24 (16.8%) 59.0 9.45 (16.0%)
4

MT
17.2 5.83 (33.9%) 49.9 14.7 (29.5%)

5 17.5 6.01 (34.3%) 62.1 18.6 (30.0%)
6

LT

21.9 14.9 (68.0%) 85.8 48.7 (56.8%)
7 26.5 20.1 (75.9%) 131 97.5 (74.4%)
8 34.1 21.5 (63.1%) 189 101 (53.4%)
9 27.1 21.2 (78.2%) 140 102 (72.9%)

Table 7: Statistics of nine collected sequences. “Static” means there is no dynamic
objects in this sequence. Large occlusion (LO) distance or duration represents
the distance or duration when the camera view is occluded respectively.
Specifically, LTLO means the duration of large occlusion is longer than 50%
of the whole sequence duration.
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6.3.2 Camera Localisation

We first evaluate our method on our collected dataset, and estimate absolute

trajectory errors (ATEs) and relative pose errors (RPEs) against ground truth

camera trajectories. The results are compared with SF [94], PF [55], VINS-

Mono [74], ORB-SLAM3 [11] and Dynamic-VINS [54] in Table 8. In static

environments, our method achieves comparable results with other state-of-the-

art visual-inertial SLAM methods.
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Figure 36: The camera ground truth trajectories from top-down perspective. The blue
trajectory segment illustrates the part when there are no moving objects in
the camera view. While the red segment represents that dynamic objects can
be observed in the camera view. The start position of a trajectory is marked
with a black solid dot and the end position is marked with a circle-cross
marker. Finally, the black arrows point in the direction of camera view.
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Figure 37: Visualisation of the estimated camera trajectories compared with the ground
truth. We align the start position of all trajectory to the same point which is
marked with a solid black dot. The colour of the ground truth trajectories
gradually changes from black at the start to grey at the end. Results show
that our method can robustly handle large occlusion in the camera view
and is able to recover correct camera trajectories after drift caused by large
occlusion.

Both visual SLAM methods, StaticFusion and PlanarFusion, have a relative

high error in static environments, because they are unable to reduce long-

term drift with loop closure. In the scenario of LTLO (seq. 6-9), evaluation
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Visual SLAM Visual-inertial SLAM
SF∗ [94] PF∗ [55] VINS-Mono [74] ORB-SLAM3 [11] Dynamic-VINS [54] Ours∗ Ours

ATE RPE ATE RPE ATE RPE ATE RPE ATE RPE ATE RPE ATE RPE
1 Static 2.05 0.169 1.97 0.161 0.081 0.025 0.058 0.021 0.072 0.024 0.156 0.020 0.069 0.022

2 STLO 1.41 0.433 1.18 0.202 >6.0 2.112 0.873 0.321 0.747 0.306 0.170 0.0483 0.159 0.0471
3 >6.0 3.15 3.40 0.229 5.044 0.473 1.019 0.503 0.949 0.372 0.203 0.0470 0.081 0.0573

4 MTLO 1.76 0.683 1.78 0.238 >6.0 >6.0 1.934 0.402 1.973 0.375 0.151 0.0319 0.168 0.0342

5 1.66 0.533 1.54 0.176 1.234 0.345 1.584 0.441 1.181 0.232 0.178 0.0251 0.182 0.0289

6

LTLO

5.07 1.35 4.02 0.165 >6.0 >6.0 2.381 0.559 2.923 0.527 0.212 0.0771 0.153 0.0557
7 >6.0 3.46 5.36 0.148 >6.0 0.749 2.049 0.643 1.278 0.608 0.204 0.0844 0.123 0.0727
8 >6.0 2.07 5.21 0.137 >6.0 1.95 2.661 0.547 2.303 0.518 0.295 0.0420 0.191 0.0440

9 >6.0 4.49 4.23 0.153 >6.0 3.09 1.995 0.618 2.986 0.628 0.533 0.0665 0.171 0.0815

Table 8: ATE (m) and RPE RMSE (m/s) for all nine collected sequences. The asterisk
(∗) symbol means either the method is unable to close loops or the loop thread
is disabled. Our method outperforms all other state-of-the-art methods when
the large occlusion lasts for a long period in the camera view. While in static
environments, our method has comparable results to other visual-inertial
SLAM methods.

demonstrates that our method is able to provide accurate camera trajectories

and outperforms all other methods (Figure 37). While neither ORB-SLAM3

nor Dynamic-VINS is able track camera trajectory correctly. This is because

ORB-SLAM3 is unable to remove sparse features from dynamic objects and

Dynamic-VINS can only remove features from specific categories of dynamic

objects like humans. In the STLO and MTLO sequences (seq. 2-5), the state-

of-the-art methods have better performance compared to their performance

on LTLO sequences, however, our method achieves more accurate results.

We further disable the loop closure thread of our method to quantify the

accuracy improvement from the dynamic object removal. Results show that the

localisation precision decreases as the duration of large occlusion increases.

Additionally, we evaluate our method on OpenLORIS-Scene [98] dataset

(Table 9). Results show that our method is able to achieve high localisation ac-

curacy in static environments (cafe) and has comparable results with Dynamic-

VINS which relies on semantic segmentation in highly dynamic environments

(home, cafe and market). However, our method’s estimated camera trajectories

have a relatively higher ATE in environments with large regions of texture-

less objects (corridor) because we rely on a combination of sparse and dense

features.
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office corridor home cafe market
VINS-Mono [74] 0.193

†
3.413

†
0.541

†
0.486

†
1.664

†

VINS-RGBD [96] 0.110
†

2.412
†

2.274
†

0.389
†

1.817
†

ORB-SLAM3 [11] 0.103 3.453 0.571 0.359 2.234

Dynamic-VINS [54] 0.110
† 2.367† 0.280†

0.419
† 1.185†

Ours 0.109 3.279 0.291 0.349 1.227

Table 9: ATE RMSE (m) of estimated camera trajectories on OpenLORIS-scene [98]
dataset. The dagger (†) symbol represents that the result is taken from the
original paper [54].

6.3.3 Dynamic Object Segmentation

Figure 38 shows the static/dynamic segmentation results of seq7 and the

majority of camera view is continuously occluded for more than 40 seconds

from the time frame 500 to 1746. We compare our segmentation results against

StaticFusion (SF) [94], Co-Fusion (CF) [84] and PlanarFusion (PF) [55]. Results

show that SF is unable to detect dynamic objects when they occupy the major

proportion of the visual input. In addition, the segmentation provided by CF is

incomplete and parts of dynamic objects are classified as the static background.

Although PF achieves better segmentation results than SF and CF, it is unable

to provide accurate results consistently over a long period of time because

only two consecutive image frames are used. Our method takes advantage of

local optimisation over multiple keyframes and can therefore detect multiple

dynamic objects that cause long-term large occlusion.

We further quantitatively evaluate the intersection over union (IoU) of

the static background segmentation results. We remove humans using Mask

R-CNN [33] and manually remove planes that belong to the dynamic box

to obtain static background segmentation ground truth. Results (Figure 39)

demonstrate that our method provides more accurate static background seg-

mentation than PlanarFusion [55].
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CF [84]

PF [55]

Ours

Figure 38: Segmentation result of the static background (blue) and dynamic objects
(red) in seq7. In the first row, we show the input RGB images and their
corresponding time frame ID. The dynamic objects are manually high-
lighted by red rectangles for better visualisation. Results show that only
our method can provide a consistent segmentation of objects that cause
large occlusion for a long period of time. In contrast, both SF and CF are
unable to segment the dynamic objects correctly, while the segmentation
performance of PF is not persistent over time.

10 20 30 40 50 60
Time [s]

0.0

0.2

0.4

0.6

0.8

1.0

Dy
na

m
ic 

pr
op

or
tio

n 
or

 Io
U seq7

Dynamic proportion PF IoU (avg. 0.85) Ours IoU (avg. 0.92)

Figure 39: The IoU of the static background segmentation from our method (average
0.92) and PF (average 0.85) for a part of seq7 when dynamic large occlusions
last over a long period. The black dashed line illustrates the proportion of
dynamic objects to all pixels with a valid depth reading.
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Figure 40: Reconstruction results of the RGB-D sequence 7. We highlight the dynamic
objects with red rectangles and the dislocation of static objects with blue
rectangles. SF can neither remove dynamic objects nor estimate camera
trajectory correctly. In contrast, both PF and our method can detect dynamic
objects but PF is unable to accurately localise camera after the removal of
dynamic objects.

6.3.4 Background Reconstruction

We qualitatively compare our dense background reconstruction results with

SF and PF (Figure 40). We reconstruct the background after processing the

whole sequence with the estimated dense segmentation and camera trajectory.

The ground truth model is acquired by mapping the static environment to the

ground truth camera trajectory. Results show that SF maps dynamic objects

into the static background model, while PF is able to remove dynamic objects

from the model. However, the dislocation of static objects indicates that neither

SF nor PF is able to estimate camera ego-motion correctly. Based on consistent

dynamic object segmentation and camera localisation, our method outperforms

other methods and provides a correct background reconstruction.

6.4 real mobile manipulation experiment

Finally, we evaluate our method on a real-world mobile manipulation experi-

ment in a complex cluttered environment. We also introduce dynamic objects
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Figure 41: Visualisation of collected sequences from a third-person perspective. During
the 1st stage, the mobile manipulator manipulates an object closely while a
human works around the robot. In the 2nd stage, the robot returns back to
its starting position and a human pushes a large box in front of the camera
view, which causes large dynamic occlusions.
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Figure 42: The camera ground truth trajectories from a top-down perspective. 1710

among 3285 (52%) images are occluded by dynamic objects.

in this environment to simulate realistic scenarios. The sequence is collected

by the Azure Kinect DK (Figure 35a) mounted on the top of the robot’s head

and the ground truth camera trajectories are obtained from the Vicon system.

We visualise the sequence from a third-person perspective in Figure 41. The

whole sequence can be divided into two stages. In the first stage, the robot

picks up a box, transports it to another table and put it down while another

human moves in front of the robot. In the second stage, the robot returns back

to its previous location while multiple dynamic objects (humans and boxes)

cause long-term dynamic large occlusions. We further visualise the camera

ground truth trajectory in Figure 42 and around 52 percent of the images are

occluded by dynamic objects.
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Figure 43: Comparison of our estimated camera trajectory (red) to the ground truth
(grey to back). The absolute trajectory error (ATE) root mean squared error
(RMSE) of the estimated trajectory is 0.152 m.

We first evaluate the performance of localisation (Figure 43). Results show

that our method is able to handle long-term large occlusion in a real-world

mobile manipulation scenario and can help robots to accurately localise them-

selves.

We then evaluate the dense segmentation of our method. In Figure 44, we

visualise the cluster-wise dense segmentation of our method in both two stages.

In the first stage, when the robot closely manipulates a box, our method is able

to detect the manipulated box as dynamic even when it causes large occlusion

of camera view. During transportation, the manipulated box is static relative

to the camera but we can still detect it due to the use of inertial measurement

unit (IMU) measurements. In the second stage, a human moves a large box

in front of the camera view and causes large occlusion, our method can also

detect dynamic objects correctly.
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Figure 44: Cluster-wise dense segmentation of our method, where dynamic regions
are visualised as ref while static regions are visualised as blue. The first
two rows show the RGB images and segmentation results during the 1st
stage as described in Figure 41 and the last two rows show the results of
the 2nd stage.

6.5 conclusion

In this chapter, we present a novel RGB-D-inertial SLAM method that is robust

to multiple undefined dynamic objects that cause long-term large occlusion.

Our proposed robust visual-inertial bundle adjustment can simultaneously

estimate the dense segmentation of dynamic objects and localise the camera

with a combination of dense and sparse features. The dense segmentation can

be used to reconstruct the background. The detailed evaluation demonstrates

that our proposed approach outperforms other state-of-the-art methods in

terms of the dense object segmentation, camera localisation and background

reconstruction in the presence of long-term large occlusion.

However, our current method can fail to detect dynamic objects in outdoor

or texture-less environments and is unable to track or model dynamic objects.

Our future work will aim to address long-term object tracking and modelling,

building on the gains realised by the proposed method. We also plan to extend

the current method to large-scale outdoor environments.
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7
C O N C L U S I O N A N D F U T U R E W O R K

In this thesis, we have presented our latest work in the area of dynamic RGB-D

simultaneous localisation and mapping (SLAM), focusing on enabling accurate

localisation when the majority of the camera view is occluded by multiple

undefined dynamic objects over a long period (Table 10). In our first work, we

simplify the scenario and assume there is only one rigid dynamic object in the

scene. We then extend our first work to independently track multiple dynamic

objects in planar environments. In our third contribution, we consider the

scenario when the large occlusion in the camera view lasts over a long period

of time and use a low-cost inertial measurement unit (IMU) in a tightly-coupled

way to improve localisation robustness and accuracy. Finally, we demonstrate

the performance of our method in a real mobile manipulation platform.

SF [94] ORB-SLAM3 [11] RF (ch.4) PF (ch.5) LTLO-Fusion (ch.6)
large occlusion (LO) ✓ ✓ ✓

long-term LO ✓

multiple dynamic objects ✓ ✓ ✓

large-scale localisation ✓ ✓

dense segmentation ✓ ✓ ✓ ✓

Table 10: Comparison between our three contributions and the baseline SLAM methods.

The main outcome of our work in this thesis is an RGB-D SLAM pipeline

that is robust to long-term large occlusion with the aid of robot proprioception,

such as IMUs or wheel odometry. We have tested our approaches on multiple

robot platforms and compared them with other state-of-the-art methods. The

detailed evaluation demonstrates that our method is versatile and robust

to challenging dynamic environments. We are able to use camera motion

priors with a high drift to help separate the static background from dynamic

objects and then reduce the drift of camera motion prior with visual odometry.

We can also separate multiple undefined planar objects by their different

motions. Finally, we show that our method can achieve accurate localisation

and mapping in a real-world mobile manipulator experiment.

95



Additionally, our research work has profound implications for both the

industry and academic communities. First, this thesis addresses a challenging

real-world SLAM problem in dynamic environments. Our proposed methods

enable robots to accurately localise themselves without having prior knowledge

of dynamic objects nor assuming that dynamic objects only account for a minor

proportion of the camera view. In addition, our method’s robustness to long-

term large occlusion can extend the application range of robots, particularly

when multiple robots work together for a long period. Importantly, our novel

formulation for the multimotion segmentation problem can serve as inspiration

for other research works.

The limitations of our current approach will be discussed in the following

chapter. We will also provide potential ways to resolve these limitations and

propose future work.

7.1 limitations

There are four main limitations of our current framework.

7.1.1 Limited to indoor environments

All three publications are based on RGB-D cameras which have a limited

operational range of approximately 0.25 to 5.5 meters1. In most scenarios, the

dimension of the indoor environments falls within the operational range of

depth cameras. However, in outdoor environments [28], the depth can exceed

the depth range of a depth camera for the majority of areas in the camera view,

resulting in a lack of depth reading.

The depth information is vital to our current framework. For example, our

first work RigidFusion (RF) minimises depth residual to estimate camera mo-

tions between frames. In addition, our second work extracts planes from depth

maps and our last work uses the depth difference between the foreground and

background to segment dynamic objects. Therefore, our current framework is

unable to achieve desirable performance in outdoor environments.

To resolve this limitation, we can replace the RGB-D cameras with stereo

cameras which can estimate the depth of feature points based on triangulation.

1 https://learn.microsoft.com/en-us/azure/kinect-dk/hardware-specification
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To increase the density of depth reading, we can use deep-learning methods

[29] to inpaint the depth of pixels in depth-missing areas.

7.1.2 Limited to planar object tracking

Our second work has extended the first work to track multiple dynamic objects

independently. However, it is limited to tracking objects that are comprised

of planes. There are many objects commonly found in indoor environments

that are not composed of planes, like chairs, sofas or the surface of a cluttered

desktop. Importantly, our method is unable to track humans but removes them

as outliers.

7.1.3 Underestimation of the variety of dynamic environments

In our work, we consider dynamic objects that are constantly moving in front

of the camera view. These environments are classified as highly dynamic

environments where the movement of dynamic objects is continuous and can

be directly observed by the camera.

However, in addition to highly dynamic environments, there are two other

categories of dynamic environments. The first is low dynamic environments

where dynamic objects move beyond the camera view and remain unobserved

during the movement. For example, when a car leaves a parking lot and

returns, the other cars in the parking lot may have changed positions during

its absence. None of our methods considers low dynamic objects because we

detect dynamic objects by their distinct motions compared to static objects.

The other is intermittent dynamic environments where the movement of

dynamic objects is discontinuous. Since our method detects a dynamic object

by its different motion against the static background, if the status of an object

frequently alternates between dynamic and static, our method has difficulty in

object segmentation and background reconstruction.

7.1.4 Requirement of robot proprioception

Our previous two contributions require either synthetic camera motion priors

from ground truth camera trajectories or real camera motion priors from wheel
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odometry. Our third contribution only requires camera motion priors from

a low-cost IMU. However, an extra proprioceptive sensor is still required in

addition to visual sensors. This can limit the scalability of our method to

scenarios where only visual sensors are accessible.

7.2 future work

7.2.1 Extending our method to outdoor environments with multi-modality

We plan to integrate light detection and ranging (LiDAR) sensors with our

visual-inertial system because there are multiple advantages of LiDAR sensors

compared to depth cameras. First, a LiDAR sensor has a longer operational

range and can even be up to 100 to 200 meters [76], which surpasses the

operational range of depth cameras. This makes LiDAR more suitable for

outdoor environments. In addition, LiDAR provides a wider field of view

than the depth camera. Therefore, LiDAR sensors can be more robust to large

occlusions.

7.2.2 Exploring high-level features

In our future work, we plan to extend our previous work to independently

track multiple non-planar dynamic objects. Instead of segmenting images into

super-pixels [1] or clusters [56] and then merging them into different rigid

bodies, we propose to take advantage of recent progress in scene understanding

[47]. The recent Segment Anything (SAM) system [47] is able to generate a

valid dense mask with segmentation prompts. The segmentation prompts can

be either semantic labels of a specific object or a single point. Consequently, for

unmodeled objects, we can separate them from others with the scene parsing

methods. Compared to super-pixels, the segmentation from the scene parsing

methods can provide a finer boundary of individual objects. We plan to adopt

our multimotion segmentation methods on the finer segmentation and enable

multiple unmodeled object tracking.
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7.2.3 4D reconstruction of dynamic environments

4D reconstruction provides a changing dense model of the environment [63,

127] or a specific object [64, 68, 111], such as a human, over time. In a complex

dynamic environment, moving objects can be temporally static while static

objects can be moved again. Therefore, a 3D reconstructed model is inadequate

to describe this changing environment and we propose to reconstruct a 4D

dense model. Wong et al. [127] proposes a 4D reconstruction system for

dynamic environments, however, only one rigid dynamic object is allowed

to move at one frame of time. Our future work can involve proposing a

dynamic SLAM system capable of reconstructing a 4D model of the dynamic

environment with multiple unmodeled dynamic objects.

7.2.4 Representation of dense models

Compared to traditional explicit dense model representation, the implicit dense

representation neural radiance field (NeRF) [59] is able to generate rendered

images from a completely new perspective. Importantly, recent developments

of NeRF have addressed many limitations of the original NeRF proposed in [59].

FastNeRF [27] is able to render a high-resolution view of objects at around

200 Hz on a Nvidia RTX 3090 GPU, while the original NeRF takes more than

10 seconds to render an image of the same resolution. In addition, D-NeRF

[72] proposes a novel neural radiance field for a single dynamic object or

simple dynamic scene. Nice-SLAM [135] also uses NeRF to reconstruct the

static environment in a SLAM system. However, none of the previous works

is capable of representing a complex dynamic scene with NeRF and rendering

novel views of images at a real-time speed. Therefore, in our future work, we

plan to investigate how to represent the dense model of a large-scale cluttered

environment with a NeRF, which can be used to inpaint the significant occluded

areas caused by dynamic objects.

7.2.5 Handling dynamic large occlusions with only visual sensors

In this thesis, the dynamic large occlusion represents that the major proportion

of the camera view is occluded by dynamic objects. However, when this large
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occlusion is caused by closely moving objects, these dynamic objects can still

account for a smaller proportion in the bird’s eye (or orthographic) view [3]

of the scene than the static background. Therefore, to detect dynamic objects

that cause large occlusions in the camera view based on visual sensors only,

we can transform images acquired from cameras into bird’s eye view (BEV)

images. The dynamic objects are assumed to occupy a minor proportion in the

BEV images.

7.2.6 Handling dynamic large occlusions during multi-robot collaboration

When multiple robots closely collaborate together, one robot (A) can cause

large dynamic occlusion in the camera view of another robot (B). In this

scenario, robot B can track robot A, which provides camera motion priors

for robot A. Importantly, robot A can be treated as a dynamic object in the

camera view of robot B. Therefore, the ego-motion estimation of robot A can

be used as an object motion prior. In our first contribution (Chapter 4), we have

demonstrated that both camera and object motion priors can help differentiate

the dynamic objects from the static background. In future work, we plan to

use camera and object motion priors acquired from the multi-robot scenario to

help improve the localisation accuracy.
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