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A B S T R A C T

Advances in 3-dimensional (3D) computer vision have tremendously impacted the way

that humans and computers interact. Applications of 3D vision, such as virtual reality

video games and robotics are underpinned by a range of computer vision competencies,

including pose estimation, mapping and semantic understanding. However, many

challenging research problems remain, three of which are the focus of this work.

Firstly, the difficult task of dense mapping in dynamic environments is tackled,

utilising a novel scene representation allowing dynamic and static components to be

handled separately. This approach demonstrates improved pose estimation accuracy

in dynamic scenes, compared to established reconstruction approaches. The second

topic of this Thesis is 3D object reconstruction, with a novel representation and for-

mulation that provides online error correction. This approach demonstrates improved

reconstruction quality and geometric accuracy compared to both a start of the art

method and a vanilla approach. The final focus of this work is the simultaneous

inference of object shape and pose in large scale, outdoor environments. The approach

taken regresses shape and pose in a combined supervised/weakly-supervised manner,

utilising a combination of Convolutional Neural Networks and Gaussian Processes.

This Thesis provides a foundation for further research in this area. However,

immediate applications are evident. The motion segmentation and dense mapping

approach allows for operation in previously prohibitive scenarios, such as robotics. The

3D object reconstruction work is applicable to the collection of geometrically consistent

3D object data. Finally, the simultaneous inference of shape and pose is applicable

to modelling scenarios of specific semantic interest, where an entire scene need not
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be reconstructed, preliminarily demonstrating potential for large scale, semi-dense,

geometric mapping.



N O TAT I O N A N D A B B R E V I AT I O N S U S E D

mathematical notation

This preliminary section introduces the mathematical notation used in this work. The

following table outlines essential notational details, separated into sections on Sets,

Fields and Groups, Linear Algebra, Sums and Products, Calculus and Probability

Theory.

Symbolic Form Meaning

A Calligraphic variables indicate mathematical sets (unless otherwise

indicated).

{a,b, c} A mathematical set consisting of the elements a, b and c.

{a|ρ(a)} A mathematical set whose elements are defined by predicate ρ(a).

a ∈ A The element a, in the set A.

f(a)∀a ∈ A f(a) for all a in A.

|S| Cardinality of S; the number of elements in S.

inf S Infimum of S.

sup S Supremum of S.

RN The field of real numbers, of dimension N.

SE(3) The Special Eucledian Group of 4× 4 transform matrices.

SO(3) The Special Orthogonal Group of 3× 3 rotation matrices.

A, Θ Bold, uppercase symbols indicate matrix or tensor quantities.
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a, θ Bold, lowercase symbols indicate vector quantities.

‖a‖n n-norm of a vector.

aT , AT Transpose of a vector or matrix.

A−1 The matrix inverse of A.

tr(A) Trace of the matrix A.∑N
a=0 a The sum from 0 to N of a.∑
a∈A The sum of the elements in A.∏N
a=0 a The product from 0 to N of a.

∂f(a)
∂ai

Partial derivative of f with respect to the ith element of a.

∇f(a) Gradient vector of f(a). The vector of partial derivatives.∫
f(a)da Infedinite integral over f(a) with respect to a.∫n
m f(a)da Definite integral over f(a) with respect to a, between m and n.

P(a,b, c) Joint distribution over the random variables a, b and c.

P(a | b, c) Distribution over the random variable a, conditioned on b and c.

P(a) Marginal distribution over the random variable a.

N(a | µ,σ) Gaussian distribution parameterised by mean µ and standard devia-

tion σ.

N(a | µ,Σ) Multivariate Gaussian distribution parameterised by mean µ and

covariance Σ.

E(a) Expectation over the random variable a.

b ∼ P(a) A sample b, drawn from the distribution P(a).

f(a) ∼ GP(a) A function f(a), drawn from the Gaussian Process GP(µ),Σ.
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abbreviations

In this preliminary section, a reference of abbreviations used in this work is given.

The abbreviations and their associated meanings are given in the following table.

Abbreviations are listed in order of first appearance in the text.

Abbreviation Meaning

RF Random Forest.

MRF Markov Random Field.

DNN Deep Neural Network.

2D Two Dimensional.

3D Three Dimensional.

VR Virtual Reality.

AR Augmented Reality.

RGB Red-Green-Blue.

RGBD Red-Green-Blue-Depth.

SLAM Simultaneous Localisation and Mapping.

AI Artificial Intelligence.

ML Machine Learning.

TAM Tracking and Mapping.

GPU Graphical Processing Unit.

CPU Central Processing Unit.

GRAM Graphical Random Access Memory.

DoF Degrees of Freedom.

SDF Signed Distance Function.

TSDF Truncated Signed Distance Function.
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ICP Iterative Closest Points.

ATE Absolute Trajectory Error.

RTE Relative Trajectory Error.

RMSE Root Mean Squared Error.

SVM Suport Vector Machine.

FPFH Fast Point Feature Histogram.

CRF Conditional Random Field.

MLE Maximum Likelihood Estimate.

PDF Probability Density Function.

PMF Probability Mass Function.

CDF Cumulative Density Function.

PwP Pixel-wise-Posteriors.

PGM Probabilistic Graphical Model.

MAP Maximum a Posteriori.

CNN Convolutional Neural Network.

GP Gaussian Process.

GPLVM Gaussian Process Latent Variable Model.

DCT Discrete Cosine Transform.

IDCT Inverse Discrete Cosine Transform.

PCA Principal Component Analysis.

RoI Region of Interest.

SGD Stochastic Gradient Descent.
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1
I N T R O D U C T I O N

This introductory chapter outlines the motivation and background of this thesis, as

well as it’s objectives and structure.

In recent years there has been much research activity in the field of three dimen-

sional (3D) computer vision, a field concerned with the processing of 3D geometric

data for machine vision. This work addresses a number of open technical challenges

within the field of active, 3D vision. Specifically, the 3D reconstruction of dynamic

environments, robust 3D reconstruction of arbitrary objects and, the prediction of

shape and pose of objects. These areas of research are of interest to the computer

vision community due to the broad application potential of such systems. Scene recon-

struction for example, has applications ranging from mobile robotics to recreating the

physical world for Virtual Reality (VR) viewing. Object reconstruction has applications

including the reproduction of tangible objects via 3D printing and building 3D object

models for the training of machine learning systems. Finally, shape and pose prediction

allows representations of a machine’s environment to be inferred when traditional

methods of reconstruction may not be feasible.
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4 introduction

1.1 3d scene reconstruction and understanding

Driven by the availability of consumer grade depth sensing equipment such as the

Microsoft Kinect Red-Green-Blue-Depth (RGBD) sensor (introduced by Microsoft in

2009 for the XBox 360), there has been a renewed interest in dense scene reconstruction.

Advances in recent years have allowed for the creation of digital reconstructions of

the tangible world with consumer grade computer equipment [1, 2, 3]. Such systems

iteratively integrate observed world points into a global model, such that over time,

a smooth representation of the observed world surfaces is built. In addition to the

integration of such information into a model, there is the task of inferring how the

sensor has moved in world space, such that the observed points may be transformed

and integrated into the appropriate model location. The amalgamation of these two

tasks is known as Simultaneous Localisation and Mapping (SLAM). The basic SLAM

pipeline is given in Figure 1.1. A typical reconstruction using such a system is given in

Figure 1.2.

Depth 

Map

Observation 

Integration

Model 

Rendering

Pose 

Estimation

Updated Sensor Pose

Figure 1.1: A high level overview of the basic SLAM pipeline.

There has been much advancement in the two dimensional (2D) semantic scene

understanding literature [4, 5, 6], which can be utilised within the context of 3D

vision to introduce a semantic component to dense SLAM systems [7, 8, 9]. Such a
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Figure 1.2: An example of room-scale dense reconstruction using a dense SLAM system.

combination of techniques provides an adaptable component to Augmented Reality

(AR) and robotics applications. Early work on amalgamating the two areas of research

has allowed one to view a reconstruction of their environment in VR and interactively

label some of the objects within it, with the system inferring the remaining labels. An

example of the output of such a system is given in Figure 1.3.

Though the results of the systems shown in Figures 1.2 and 1.3 represent impressive

advances in computer vision, there are however, open technical challenges. One such

challenge is the successful modelling of real environments in which there are dynamic

components (such as people walking in the camera’s view). The traditional dense

SLAM pipeline is unable to accurately build a globally consistent model in such

environments. In addition, when using a combined reconstruction and semantics

system such as that shown in Figure 1.3, many of the descriptive cues that enable the

1 Copyright Golodetz et al, 2015.
http://www.robots.ox.ac.uk/∼tvg/projects/SemanticPaint/index.php

http://www.robots.ox.ac.uk/~tvg/projects/SemanticPaint/index.php
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Figure 1.3: An example of semantic SLAM.1

segmentation to be performed rely on features utilising 2D image information. As

such, there is no true 3D object learning and recognition.

As outlined, traditional dense SLAM systems have difficulty performing dense

reconstruction in an environment where there is motion. The aforementioned sensor

pose estimation phase in these systems is prone to error or failure in such a scenario.

The reason for this is due to the reliance on point based correspondences between

frames. If a static environment is being modelled, then a high number of valid point

correspondences will be found. However, when motion (independent of the sensors

motion) is introduced into the scene, invalid correspondences may be found. For

example, points that belong to a non moving object such as a chair may erroneously

be matched to those on a moving scene component, such as a walking person. Such

erroneous correspondences can incur failure cases ranging from moderate model

inconsistencies to total loss of sensor tracking [10].
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Though there are many use cases for static scene reconstruction, the lack of robust-

ness to dynamics is prohibitive in scenarios where a high level of machine perception

is required. For example, if reconstructing a busy working environment in which

there is a high level of dynamics (people walking, doors opening etc), an ideal re-

construction would not include artefacts of such motion. As such, the reconstruction

system would be required to identify such components and account for them in the

reconstruction process. Additionally, a system that is capable of detecting and seg-

menting such motion would additionally be capable of extracting pertinent cues for

object recognition.

1.2 object reconstruction

Modern machine learning provides much of the semantic and contextual information

required to make meaningful inferences over the state of the world, as observed by

a sensor (such as a camera). Many advances have been made in recent years on the

tasks of object detection and semantic segmentation, in standard 2D images [4, 5, 6].

The application of such techniques in 3D vision allows for semantic reasoning and/or

discrimination about 2D representations of 3D objects, as shown in the semantic SLAM

system of Figure 1.3, in which semantic and/or class labellings of 3D objects are

applied to a dense 3D reconstruction of a scene.

However, there are many technical challenges that must be overcome before such

efficacy on these tasks is reached for the true 3D case (where both learning and

inference are performed from geometry). Many modern Artificial Intelligence (AI) and

Machine Learning (ML) algorithms require vast quantities of data to learn to perform

a given task successfully. This is not prohibitive for systems that operate on standard

2D images, due to the abundance of available data. However, for the 3D case there
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is not a comparable volume of 3D data with real world geometric information from

which a system can learn to perform complex tasks in the real world. One method of

obtaining such geometric data is the reconstruction of objects, providing geometrically

accurate models of real world objects. An example of an object centric reconstruction

is given in Figure 1.4.

Figure 1.4: An example of a reconstructed Chair.

A related problem to that of sensor pose estimation as outlined in Section 1.1,

is pose estimation when performing reconstruction of individual objects. As with

the larger scale case, point correspondences are problematic. One prominent reason

is that for a smaller object versus a full scale scene (such as a room), there is less

geometric data available in the former case than in the latter. As with the larger scale

reconstruction, inconsistencies in the pose estimation phase can have varying effects

on the resultant reconstruction. Such inconsistencies in the reconstruction can have a

detrimental effect on learning based systems for 3D tasks if used to train such models.

This is particularly troublesome as inconsistencies in object scale models in some

cases have a more pronounced effect than in the case where an entire room is being

reconstructed.
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Though the model consistency problem for objects may be circumvented somewhat

when using specialist equipment such as modelling turntables and laser range scanners,

there are financial and practical issues that can be prohibitive. Thus, the ability to build

high quality, consistent reconstructions of arbitrary objects with commodity depth

sensing and computing hardware is desirable. Additionally, such a system would be

required to perform robustly in non-specialised scenarios, such as scanning objects

in a busy setting where there is no ideal object reconstruction setup and motion not

related to the object of interest may occur in the sensors view. Thus, it is desirable for

a dynamic SLAM system to be able to separate a given object from other components

in view.

1.3 shape and pose prediction

Though for many reconstruction scenarios the approaches outlined in Sections 1.1

and 1.2 are applicable, there are some situations in which the aforementioned ap-

proaches are not practical. For a complete, closed model, the reconstruction based

approaches require that the object be fully observable, such that full coverage with the

depth sensor is possible. As such, a clear failure point is the case in which the object is

not fully observable, for example, when reconstructing a large object that is on a wall.

Additionally, the scene and object reconstruction approaches previously outlined

depend on the iterative integration of observed range data. This approach may be

troublesome in a scenario where an object may not be visible to the sensor for a

sufficient period of time to build a smoothly reconstructed model. Circumventing this

issue would require a very high framerate sensor. Additionally, the highly dynamic

nature of such a scenario is likely to be problematic in a similar manner to the case of

dynamic dense SLAM.
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As such, a desirable approach to the 3D modelling of objects in problematic

environments would not rely on direct reconstruction (in the sense of the integration of

range data into a 3D model). Rather, an inference based approach is appropriate, due

to the inherent stochasticity of building a full model of a partially observable object.

Additionally, due to the lack of a separate frame-to-frame pose estimation phase, such

a system would be required to infer accurate shape and pose from input data that is

not necessarily temporally consistent.

1.4 technical aims and thesis structure

The aforementioned technical challenges pertain to the dense reconstruction of dy-

namic scenes, the reconstruction of objects and the reconstruction of objects for which

no full view is available. As such, the following main research challenges are addressed

in this work.

• The dense reconstruction of dynamic environments.

– With real time performance.

– With comparable reconstruction quality to static counterpart.

– With an improvement in pose estimation over static counterpart.

• Identifying the dynamic components of a scene.

– Utilising for object recognition.

• The reconstruction of arbitrary objects in a consistent manner.

– With comparable reconstruction quality to scene based alternative.

– With commodity hardware for wider applicability.

– Without known pose.
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• The inference of object centric scene properties where traditional reconstruction

may not be possible.

– Pose inference.

– Experimentation with shape inference.

– Without requiring temporally consistent frames, averting tracking errors.

With the central technical challenges of this work outlined, the remainder of this

work is structured as follows. Firstly, Chapter 2 provides a comprehensive survey

of the literature pertinent to this work. Initially, a survey of the dense SLAM (as

introduced earlier in this chapter) literature is provided. The research outlined in this

section is fundamental to much of the content of this work. Additionally, relevant

works on semantics (such as semantic SLAM) are reviewed. Next is an assessment

of relevant research on the topic of dynamics in 3D vision; topics include motion

segmentation, optical and scene flow. Much of the material reviewed in this section

is pertinent to the subject matter of Chapter 3. The next major area of research to be

reviewed is on the topic of object reconstruction; relevant background to the topic of

Chapter 4. Finally, Chapter 2 concludes with an assessment of the literature on the

topics of pose prediction and shape prediction.

Chapter 3 introduces the approach taken in this work to the problem of dense

reconstruction in dynamic environments (environments with moving components).

The chapter begins by outlining fundamental concepts in the static dense SLAM

pipeline that shall be fundamental to much of the content in this work. Following

this fundamental material, an approach to performing dense reconstruction and

motion segmentation in dynamic scenes is presented. The method outlined in this

chapter is evaluated against a state of the art dense SLAM system for static scenes, to

which the presented approach demonstrates an overall improvement versus the static

dense SLAM system. Additionally, the qualitative results of the presented approach
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demonstrate high quality resultant reconstructions on the test scenes. Furthermore,

a demonstration of utilising motion segmentation to perform rudimentary object

recognition using 3D geometric features is given.

Chapter 4 introduces a novel approach to the segmentation and reconstruction

of individual objects. The chapter outlines a novel probabilistic approach to object

reconstruction that reduces inconsistencies in pose estimation, which positively impacts

the overall reconstruction quality. The approach presented in this chapter works with

commodity computer and depth sensing equipment (though in principle it is trivially

extensible, by design) and yields high quality reconstructions. Reconstruction quality

is evaluated quantitatively and qualitatively against multiple alternative approaches.

A quantitative evaluation of pose estimation quality is also provided, demonstrating

an improvement over alternative approaches. The work in this chapter has been peer

reviewed and published in the International Conference on 3D Vision2.

Chapter 5 approaches the problem of performing inference of shape and pose

simultaneously. The work in this chapter is notably different in nature relative to the

approaches taken in Chapters 3 and 4. The work in outlined in this chapter utilises

a data driven, non-SLAM based approach to learn predictive models for shape and

pose in a semi-supervised manner. A full view of the object of interest is not required,

nor is temporal consistency between frames; ad-hoc prediction can be performed for

arbitrarily sequenced frames.

Chapter 6 is a discussion chapter, that begins by providing a brief outline of the

approaches, contributions and results of Chapters 3, 4 and 5. Followed by a more

granular assessment of each, within the context of the research objectives outlined in

Section 1.4. Additionally, consideration is given to the limitations of the approaches

2 Probabilistic Object Reconstruction with Online Global Model Correction.
Jack Hunt, Victor Prisacariu, Stuart Golodetz, Tommaso Cavallari, Nicholas Lord, Philip Torr.
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presented in this work and the potential directions of relevant, future work. Finally,

this work is concluded with some brief closing remarks.

Appendices .1 and .2 provide extra mathematical details and results.
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2
L I T E R AT U R E R E V I E W

This chapter provides a comprehensive survey of pertinent literature in the fields

of Tracking and Mapping, Semantic SLAM, Dynamics in 3D Vision, Object

Reconstruction and the prediction of Pose and Shape.

2.1 tracking and mapping

There has been much research in the field of Tracking and Mapping (TAM) in recent

years, with many large scale works being driven by the availability of once costly

depth sensing equipment. The availability of such equipment combined with the ever

increasingly parallel nature of modern Graphical Processing Units (GPU) has seen the

field advance greatly beyond the seminal but compute resource limited works of it’s

infancy. This advancement is most predominant within the dense SLAM literature.

This section shall first explore the earlier, fundamental works of this area of research,

followed by an assessment of the current state of the art in dense SLAM.

Besl & McKay [11] introduced their seminal work on 3D shape registration in 1992,

providing a method to estimate the full Six Degrees of Freedom (DoF) pose between

3D point sets. The authors present an Iterative Closest Point Algorithm that consists of

15
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three operations per iteration; computation of closest point, computation of a 6DoF

transformation and application of the transformation. The authors present a proof

of convergence based on that of least squares minimisation, however there must be

sufficiently complex geometry present in the structure of the data to converge to a

meaningful transformation. The algorithm introduced is commonly known as Iterative

Closes Points (ICP).

Complementary to the aforementioned works of Besl & McKay [11] in the foun-

dational aspects of Dense SLAM is that of Curless & Levoy [12], 1996. The authors

present an early volumetric integration framework for the reconstruction of shapes

from range data obtained from a sensor such as a laser scanner. The authors introduce

the Signed Distance Function (SDF), a volumetric, implicit shape representation in

which entries are cumulatively updated in a weighted manner. Once observations

have been integrated in to the SDF volume, an isosurface representation of the shape is

extracted by a Marching Cubes [13] procedure. Though the approach may lead to gaps

in the resultant model, the authors mitigate this by introducing a surface tessellation

step.

Klein & Murray [14], in 2007 introduced the seminal, sparse TAM work PTAM

Parallel Tracking and Mapping. The authors present an approach to the parallel estimation

of camera pose and sparse scene mapping, making use of early parallel CPU hardware.

The proposed scene representation is a map, consisting of point based features and

multiple resolution key-frames. Pose estimation is achieved by the minimisation of the

projection error between map points and the current live frame, following a coarse-

to-fine strategy. The authors report per-frame running times of ≈ 20ms, irrespective

of increases in map size. However, it is reported in the work that failure cases exist;

blurring of frames can impede feature detection, as can a lack of rigid geometry in the

scene (due to the systems dependence on corner based features).
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Later work by Zhou et al [15] in 2008 introduces an alternative shape representation

to that of Curless & Levoy [12], based on the spatial KD-Tree data structure and a highly

data parallel Breadth First Search (BFS) construction algorithm. The level of parallelism

introduced allows for application to problems that require real time performance. The

authors provide examples of use in ray tracing [16] and photon mapping [17].

In the same year, Censi [18] introduced Point-to-Line ICP, a variant of the ICP

algorithm introduced in the work of Besl & McKay [11]. The presented approach

utilises a point-to-line metric rather than a point-to-point metric and has a closed

form solution in the planar case. For the non planar case the presented approach

achieves quadratic convergence in a finite number of steps, utilising a normal weighting

and a Lagrangian optimisation scheme. However, it is highlighted that prior to the

optimisation procedure it is necessary to trim outliers from the point data sets as an

additional preprocessing procedure.

In 2011, Newcombe et al [19] introduced an approach to dense TAM using monocular

RGB images. Unlike the work of Klein & Murray [14], the authors do not make use of

features extracted from the scene, but rather dense, textured depth maps. However,

similar to the approach of Klein & Murray [14], the authors generate map components

on a keyframe basis, which are used for the pose estimation phase within a photometric

loss against a dense model. The authors report real time performance with commodity

GPU acceleration. However, due to the reliance on a monocular RGB source, the

authors report failure cases in the presence of illumination changes in the scene.

Culminating much of the aforementioned work, in 2011 Newcombe et al [1] also

introduced the seminal KinectFusion pipeline, allowing for real time mapping of indoor

scenes with the Kinect RGBD sensor from Microsoft. The authors utilise a sparser form

of the SDF structure introduced by Curless & Levoy [12], the Truncated Signed Distance

Function (TSDF), allowing for reconstruction at scene scale. For pose estimation, a

multi-level variant of the ICP algorithm utilising a point-to-plane metric similar to that
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of PL-ICP [18] is used. The pipeline consists of four phases; measurement, integration,

isosurface extraction and pose update. Applications of the presented system however are

limited only to those that require the reconstruction of static scenes; dynamic scenes

are not supported by KinectFusion.

Further optimisations were made in 2013 by Neißner et al [20] to the KinectFusion

pipeline proposed by Newcombe et al [1]. The authors introduce a spatially hashed

TSDF data structure, in which the TSDF is split in to hashed blocks of voxels allowing

for very fast voxel lookups. The presented approach yields low space and time

complexity for such operations, vastly increasing the potential for real time, large

scale use. Additionally, a streaming system is introduced to dynamically handle

data transmission between the Central Processing Unit (CPU) and GPU, allowing for

the reconstruction of scenes that may exceed the Graphical Random Access Memory

(GRAM) bounds of commodity GPU’s. The proposed system is capable of running at

≈ 46Hz on an NVIDIA Titan GPU.

In the same year, Thomas et al [21] introduced an alternative scene representation,

based on the notion that a scene may be represented as a set of planar components

with attributes such as surface normal vectors, confidences and Red-Green-Blue (RGB)

colour. The motivation of the authors approach is that many common scenes that one

might reconstruct are indoors and consist of components that are planar in nature,

such as walls, floors and ceilings. Additionally, many planar objects are common, such

as tables and cabinets. The authors present an alternative rendering approach based

on quadrangulation [22] and utilise a KinectFusion [1] like ICP based algorithm for

pose estimation.

Salas-Moreno et al [23] in 2013 also, introduced an alternative approach to that of

the KinectFusion [1] like pipelines that, similarly to Thomas et al [21], utilises the prior

information that many scenes consist of predictable, repeated structures. As such, the

authors introduce a so called “Object Oriented” dense SLAM paradigm, in which the
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reconstruction of the scene is split in to a graph of observed objects. Pose estimation

is achieved by running an ICP based algorithm against renderings of the individual

objects in the reconstructed scene model. Following pose estimation, the proposed

system detects newly observed objects and inserts the appropriate object model in

to the scene model. Consistency between scene components is enforced with pose

graph optimisation, with re-localisation achieved in a similar manner. The proposed

approach does however require a database of known objects a-priori.

Stückler et al [24] in 2014 introduced a non implicit, non volumetric representation

based on multiple resolution Surfel [25] maps. The core data structure used for scene

representation is a Voxel Octree [26], containing both Surfel’s and probability distribu-

tions over appearance and shape. Pose estimation is achieved by optimising for a unit

quaternion [27] and translation vector within a maximum likelihood framework, in

which the energy function to be maximised is the likelihood of the RGBD observations

given the accumulated probability distributions stored in the Octree. The presented

pipeline also incorporates a randomised, graph and keyframe based loop closure

component.

Following the approach of Thomas et al [21], Salas-Moreno et al [28] in 2014 in-

troduced another reconstruction system that utilises the planarity property of many

common scenes. The proposed approach focuses on the detection and modelling

of planes in the scene, proceeding with their refinement over time. The proposed

approach generates Surfel [25] Maps from observed RGBD frames, from which the

planar regions are detected and integrated, filling holes in the reconstruction over

time. The authors utilise an ICP algorithm to register the vertex maps of the RGBD

observations and the reconstructed model. Additionally, re-localisation is achieved by

the use of fern encoding [29] on key-frames.

Prisacariu et al [30, 31] in 2014 followed up the optimisations to the KinectFusion

pipeline proposed by Neißner et al [20]. The authors presented, in addition to the
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original publication, a technical report and an open source implementation. The

proposed work provides further improvements to those of Neißner et al [20] including

a number of low level optimisations to the core hashed TSDF data structure, it’s

allocation and update (integration of observation points) and the rendering phase of

the pipeline. In addition, the authors demonstrate that pose estimation quality may be

greatly improved by the use of commodity Inertial Motion Unit devices, commonly

found on mobile phones and tablet computers. Prisacariu et al report running times of

≈ 47Hz on an NVIDIA Shield tablet and ≈ 910Hz with a commodity NVIDIA Titan X

GPU.

Whelan et al [3] in 2015 proposed another KinectFusion [1] like pipeline intended to

enable reconstruction of large scale scenes, achieving reconstruction over hundreds of

metres. The approach taken by the authors to enable such large scale reconstructions is

centred around the use of a cyclic buffer on the GPU. For pose estimation, the authors

impose both geometric and photometric constraints on the camera pose. Additionally,

the author’s approach performs map updates in an as-rigid-as-possible [32] manner,

combining frame recognition such that on a recognition event, a map update is

performed. The proposed pipeline provides loop closure capabilities by utilising pose

graph optimisation [33].

Zhou et al [34] also, in 2015, proposed another variant of the KinectFusion [1]

pipeline proposed by Newcombe et al. The authors present improvements to the pose

estimation phase of the pipeline, utilising contour cues to aid association and enforcing

correspondence constraints on the estimated pose, with respect to scene geometry.

Central to the presented approach is the depth image pre-processing steps of in-

painting [35] regions of the depth image for which there are no depth measurements,

followed by the aforementioned contour extraction stage.

The optimised pipeline proposed in 2014 by Prisacariu et al [30] was in 2016 im-

proved with the addition of loop closure handling by Kahler et al [2]; Kahler being
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one of the authors of the original 2014 contribution. Drift correction is achieved by

the use of a multiple scene representation, with online alignment being performed

periodically between the scenes. Corrections between the scenes are made via the

use of Pose Graph Optimisation [33]. Loop closures are detected by the use of fern

conservatories [29] as with the contributions of Salas-Moreno et al [23].

Many of the approaches and techniques evaluated in this section are foundational to

the algorithms presented in later chapters. The fundamental geometric representations

used in Chapters 3, 4 and 5 are variants of the volumetric representation introduced

by Curless & Levoy [12]; the SDF. Additionally, a central theme in the work that follows

is pose estimation, specifically utilising variants of the ICP algorithm, as introduced by

Besl & McKay [11]. Later work on the KinectFusion pipeline and it’s variants [30, 20],

first introduced by Newcombe et al [1] builds on the aforementioned volumetric

representation and pose estimation approaches to provide a full, modern pipeline for

dense reconstruction. This pipeline, in turn, is foundational to the approaches taken in

Chapters 3 and 4.

2.2 semantic slam

Over the years there has been much interest within the computer vision research

community on the semantic understanding of our environment. The ability of machines

to recognise and extract information about their environments and the components

of them (such as people and objects) has wide application potential, ranging from

autonomous robotics to AR video games. The application potential of this semantic

scene understanding ability is amplified when it is combined with the vast progress

that has been made in dense SLAM. This section shall provide a survey of research

that amalgamates the two fields of semantic scene understanding and SLAM.
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Civera et al [6] in 2011 introduced an approach to semantic SLAM that utilises image

based features to attach semantic meaning to 3D observations. The SLAM system itself

is based on Monocular Extended Kalman Filter SLAM [36], with semantics added to

points via correspondences between Speeded Up Robust Features [37], extracted from

the observed RGB frames and precomputed object descriptors. Consistency is then

enforced by a geometric compatibility measure.

Stückler et al [38] in 2012 presented a semantic dense SLAM pipeline for the object

centric integration of RGBD images. Given an RGBD frame, objects are detected using

a Random Forest (RF) [39] classifier trained on hand crafted features extracted from

RGBD images. The proposed approach does not reconstruct an entire scene, rather it

reconstructs scene components (such as objects) that have been semantically segmented

from the current RGBD frame.

Valentin et al [7] in 2015 proposed a fully integrated dense SLAM and semantic

scene understanding pipeline with interaction being a primary focus. The proposed

pipeline at it’s core is based on that of KinectFusion [1], so requires the use of RGBD

images and is restricted to the reconstruction of static scenes. Once a scene has been

reconstructed, the author’s pipeline allows users to interact with objects in the scene to

provide training data for streaming RFs [40], which are used to detect and label parts

of the rendered isosurface belonging to a given object class. Segmentations are refined

using Variational Bayesian Mean Field Inference [41, 42]. The features extracted for

this training process are Voxel Oriented Patch features, consisting of surface normal

vectors and appearance information using the CIELab colour space.

Golodetz et al [8], in the same year, released an open source implementation of the

pipeline proposed by Valentin et al [7], utilising the implementation of the KinectFu-

sion [1] pipeline provided by Prisacariu et al [30]. The framework proposed by the

authors extends that of Valentin et al [7] greatly, for example by supporting the use of
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motion capture systems and VR headsets. In addition, the implementation provided is

optimised to allow for real time use.

Handa et al [43], again in 2015 introduced an alternative, real time dense semantic

SLAM pipeline. Much like the approaches of Valentin et al [7] and Golodetz et al [8],

the proposed system is based on the KinectFusion [1] pipeline, with semantic scene

understanding performed on the rendered isosurface. Contrary to previous approaches

however, the authors make use of stacked Deep Autoencoders [44], trained on synthetic

depth images a priori. As such, the proposed system makes use only of depth cues

and may not be adapted to new object classes on an ad-hoc basis.

Cavallari et al [9], in the following year, presented another semantic dense SLAM

pipeline built on top of the dense SLAM system presented by Neißner et al [20]. Much

like the work of Handa et al [43], the proposed approach depends on a model pre-

trained on a set of object classes. Unlike Handa et al [43], the authors make use of an

Fully Connected Network [45], taking the Probability Mass Function (PMF) output to

determine the class to be assigned to an isosurface region.

Later work by McCormack et al [46] in 2017, further integrates CNN based semantic

information with dense SLAM. The authors make use of CNN generated semantic

probability maps over a set of object classes when densely reconstructing a scene, using

the approach of Whelan et al [47]. The instantaneous, pixel-wise distributions over class

labels are fused into the scene model via the use of a Bayesian update procedure. The

authors report a high degree of semantic accuracy with their approach, and highlight

that due to the multi-view nature of the approach, an improvement on the 2D case is

also achieved on the NYUv2 dataset.

Following thir aforementioned 2017 contribution, McCormack et al [48] introduce

an object centric Dense SLAM system, leveraging recent advances in 2D semantic

segmentation understanding [49] to augment the traditional Dense SLAM pipeline.

The authors utilise 2D segmentation masks to spawn object centric TSDF volumes,
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into which RGBD depth measurements are fused. Contrary to the traditional point-to-

plane, ICP based tracking (and it’s variants), the authors estimate pose over a graph

of individual objects, including the handling of loop closure events. Spurious object

instance detections are suppressed by maintaining an existence probability for each

detection and it’s corresponding TSDF volume.

The theme of dense 3D reconstruction with semantics is directly related to the

research objectives outlined in Section 1.4. As outlined in this section, little research

has investigated semantic learning directly on 3D geometry, though approaches such

as that of Handa et al [43] work towards this. Prominent, prohibitive factors include

the lack of readily available 3D data and the increased complexity of dealing with

environments in which such capabilities are desirable, as outlined in Chapter 1. The

contributions that follow in this work are intended to facilitate such research.

2.3 dynamic & non-rigid slam , motion segmentation and optical flow

Sections 2.1 and 2.2 provided an assessment of pertinent literature in the fields of

SLAM and Semantic SLAM. However, all of the approaches outlined in these sections

are limited to use in static scenes only without the capability to accurately operate in

an environment that contains moving or deforming objects. This section shall explore

pertinent literature on the topics of Dynamic SLAM, Motion Segmentation and Optical

Flow. As such, the general focus of the work surveyed in this section is the detection,

estimation and segmentation of motion in dynamic scenes.

Tsap et al [50], in 2000, presented an algorithm for non-rigid motion tracking of

objects. The presented approach solves for dense motion vector fields between 3D

objects by modelling motion with finite elements. The proposed system analyses

differences between actual and predicted behaviour, using gradient descent to find a



2.3 dynamic & non-rigid slam , motion segmentation and optical flow 25

set of optimal parameters for the non-linear Finite Element Model. Additionally, pose

estimation is improved by using point correspondences.

Chen et al [51], in 2011, introduced a system to perform non-rigid motion tracking

of the human body. The proposed system extracts and skins a surface mesh from

multi-view video, after being fitted with a skeleton prior. To solve for non-rigid,

articulated motion, the authors utilise a weighted, hierarchical ICP algorithm, where

weightings are obtained by the Approximate Nearest Neighbour [52] algorithm.

In the following year, Sun et al [53] proposed an approach to motion estimation for

objects in images. The proposed approach estimates optical flow in a layered manner,

where each layer pertains to an object undergoing rigid body motion, with the number

of layers being determined automatically. The authors utilise Maximum Flow [54] to

solve a discretised flow field cost function for each layer, where object layers are a set

of depth ordered Markov Random Fields (MRF) [55, 56].

Also in 2012, Vicente & Agapito [57] introduced an approach to the problem of non

rigid reconstruction from monocular RGB video. In the proposed approach, the authors

utilise an inextensibility constraint, such that the approach performs template-less

reconstruction. The authors also cite the lack of post processing requirement as an

advantage over related methods.

Unger et al [58], again in 2012, proposed an alternative system for the estimation

of motion of objects undergoing rigid body motion in images. The authors present

a variational formulation for motion estimation and segmentation with occlusion

handling. As with the contributions of Sun et al [53], the authors utilise a parametric

labelling of the flow field for each object undergoing motion, with labels encoded with

an MRF Potts Model [59]. However, contrary to Sun et al [53] who utilise a Maximum

Flow algorithm over the MRF models, Unger et al solved for flow and labels within a

Primal-Dual [60] based optimisation framework.
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In 2013, Herbst et al [61] proposed an extension to optical flow estimation to 3D

scenes; the proposed system solves for Scene Flow based on RGBD data. The proposed

approach is similar to that of Brox et al [62], with scene flow being formulated as a

variational optimisation problem. The presented approach is a generalisation of the

well established variational optical flow algorithm of Brox et al [62].

In the same year, Stückler et al [63] presented a framework for the segmentation

of rigid body motion from RGBD data. The authors represent regions undergoing

rigid body motion and their associated motion parameters as latent variables, with the

resultant segmentations and parameters being solved for within an Expectation Max-

imisation [55, 56] framework. The presented approach is robust to both simultaneous

foreground and background motion by giving each parity in the probabilistic model.

Though the motion estimation and segmentation approaches reviewed up to this

point have not been within the SLAM framework, Keller et al [64] in 2013 introduced

an RGBD based dense SLAM system capable of segmenting motion in a reconstructed

scene. Unlike the KinectFusion [1] inspired dense SLAM pipelines, the presented

approach does not utilise an implicit, volumetric representation. Rather, the authors

opt for an explicit Surfel [25] based representation. Whilst performing live reconstruc-

tion, the proposed system detects and uses ICP outliers to determine dynamic scene

components. With the information gained from detecting ICP outliers, the proposed

system then propagates these detections by a flood fill operation. As the proposed

approach utilises an explicit, flat data structure for scene representation, it does not

have the advantages of it’s highly optimised volumetric counterparts, such as that

proposed by Prisacariu et al [65]. As such, scalability is limited.

In 2015, Perera et al [66] presented an approach to motion segmentation in TSDF

volumes. Similar to it’s planar counterparts presented by Sun et al [53] and Unger et

al [58], the authors utilised a Markov network over the domain of interest. Motion

segmentation is posed as a Maximum a Posteriori (MAP) [55, 56] inference problem
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over a Conditional Random Field (CRF) [42] defined over TSDF voxels. The proposed

system is able to segment objects undergoing both minor and major displacements,

with motion labels and parameters found with respect to the live frame and the TSDF

However, the proposed approach is limited only to very small scenes, with very long

running times reported for TSDF volumes of dimensionality 256× 256× 256.

Newcombe et al [10] again in 2015, introduced a dynamic dense SLAM system based

on the earlier KinectFusion [10] pipeline, with the addition of the ability to handle

non-rigidly deforming scenes. Non-rigid deformations are handled by the estimation

of a 6DoF motion field that warps the model represented by the TSDF to the live

frame. The solving of the warp field is achieved by the use of Dual Quaternion

blending [67]. Though promising results are presented, there are limitations, such as

lack of robustness to open/closed topology changes, such as hands. In addition, the

authors highlight scalability issues.

The research outlined in this section is pertinent to the work presented in Chapter 3,

which presents an approach to the handling of dynamics for dense reconstruction in

real time, and with a volumetric representation. Though the aforementioned works of

Perera et al [66] and Newcombe et al provide algorithms for handling dynamics in such

representations, there remain complexity and scalability issues, the target of which is

the focus of Chapter 3.

2.4 object reconstruction

It is evident from Sections 2.1, 2.3 and 2.2 that much progress has been made in the

fields of TAM/SLAM, dynamic SLAM and semantic SLAM. However, Object Recon-

struction remains a very open and active field of research. As outlined in Section 2.4,

cumulative errors in pose estimation are troublesome for the smaller scale (relative
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to scene-scale), object centric SLAM. The combination of inherently less geometric

information and potentially rapid, repetitive motion exacerbates the difficulties faced

in scene-scale SLAM.

This section provides a review of pertinent literature on the task of reconstructing

consistent models of objects, rather than full scale scenes. The problem of interest in

this section, though related to SLAM, incurs additional complications with regards to

pose estimation.

Curless & Levoy [12] as introduced in Section 2.1 presented a method of statically re-

constructing shapes from range images taken from different viewpoints. However, the

presented approach pre-dates many of the advances that have allowed for simultaneous

tracking and mapping.

Kolev et al [68], in 2006, presented a probabilistic approach to 3D shape segmentation

and recovery. Rather than the direct reconstruction approach taken by Curless &

Levoy [12], the authors take the approach of inferring the most probable shape with

respect to the observed image sequences. The shape to be inferred is encoded as a

zero level set, extracted from a level set representation (such as an SDF). The level set

of the shape is evolved over time within a variational framework, with respect to a

volume of segmentation probabilities (foreground versus background). However, the

proposed approach does not have an additional pose estimation phase and has only

been evaluated on synthetic data of very polarised appearance.

Weise et al [69], in 2009, proposed an approach to the in hand scanning of 3D

objects. The authors utilise an explicit point cloud representation of shape, rendered

as Surfels [25]. Objects are rotated in front of a sensor with poses recovered by the use

of an ICP like algorithm. During pose estimation, a topology graph is built which is

used to offset drift in estimated poses in an as-rigid-as-possible [32] manner. However,

the specification of object rotation in front of a sensor is suggestive of limited tracking
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ability. In addition, the type of sensor is not specified, as such it is not clear what

quality of sensing equipment is required to yield high quality results.

Llado et al [70] introduced in 2011 an approach to the 3D reconstruction of Deformable

objects. The proposed approach makes use of an uncalibrated RGB stereo rig, requiring

minimal a-priori setup. The approach to nonrigid reconstruction taken centers around

the computation of a mean shape, to which live and reference frames are registered.

From the registration to the mean shape, rigidly moving points may be identified. The

final deformed model is recovered as a nonlinear optimisation problem.

Prisacariu et al [71] in 2012 proposed a probabilistic approach to the simultaneous

tracking and segmentation of objects with a priori known 3D shape. Appearance based

segmentation is performed in 2D, utilising Pixel Wise Posteriors (PWP) [72], with

tracking performed in 3D. The authors demonstrate real time performance with the

use of GPU hardware and propose a simple extension to the multiple object tracking

case.

In 2013, Garg et al [73] introduced an approach to dense, ron-rigid surface recon-

struction from monocular video. The authors present an approach to non-rigid SfM as

a variational energy minimisation problem that does not require a shape prior. The

author’s report efficacy on the modelling of an instantaneous objects deformed state

for a given frame.

Also in 2013, Ren et al [74] proposed an approach to the tracking and reconstruction

of objects. Like Kolev et al [68], the authors utilise a probabilistic formulation based

on the evolution of a level set representation. Initialised with a shape prior level set,

the proposed approach evolves the shape prior with respect to observations. Crucially,

unlike the approach of Kolev et al [68], the proposed approach simultaneously optimises

for object pose. The proposed system works with RGBD data and segments the object

of interest using PWP [72], as with the aforementioned work of Prisacariu et al [71]. It is
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noteworthy however that there are performance limitations of the proposed approach

and experiments show success for a limited set of target shapes.

Agudo et al [75] in 2014 proposed an approach to dense, non-rigid SfM. The authors

outline an algorithm that is sequential in nature (rather than offline, batch processed)

and takes as input a single monocular RGB stream. The approach taken is to model

the mechanical dynamic behaviour of an objects surface over a rolling temporal

window. The authors perform EM in a tractable manner by marginalising over the time

dependent deformation parameters of the mechanical model. The proposed approach

demonstrates efficacy for on-line, instantaneous recovery of a given objects mesh.

Later in 2015, Dou et al [76] present a system for the reconstruction of deformable

objects using a Microsoft Kinect RGBD sensor. The proposed approach solves for a

latent target shape and shape deformations by utilising bundle adjustment [77]. The

authors report that loop closures are automatically detected, with errors incurred by

drift being distributed backwards from the detection point. The resultant shape surface

is extracted as a triangular mesh. The presented experiments demonstrate high quality

reconstruction results, but with overnight run times indicating that it is not suitable

for real time use.

Also in 2015, Yu et al [78] proposed a novel approach to non-rigid SfM using a

monocular RGB video stream. The authors outline a shape template based algorithm,

in which the template shape is constructed from a short rigid sequence (i.e an object

of interest is not non-rigidly deforming). Once a template shape has been obtained,

the algorithm proceeds to recover, for each frame, the deformed object model via an

energy minimization over a photometric loss. Though the authors present impressive,

high quality results, the requirement of a rigid sequence a-priori may limit the scope of

applicability of the approach.

In the following year, Gupta et al [79] proposed a system for the reconstruction

and segmentation of 3D objects from data obtained with an RGBD sensor. The
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reconstructed object is represented implicitly within an SDF volume, but notably

observations are integrated using the Softmax [56] function rather than weighted

means as with KinectFusion [1]. Each voxel in the volume is assigned a label pertaining

to it’s membership of the object set, with objects refined utilising Graph Cuts [80] and

Alpha Expansions [80]. The proposed approach utilises a photometric loss to optimise

for object pose, with keyframe based loop closure detection. However, the authors

report difficulties in building sufficiently granular reconstructions. In addition, the

authors report drift in pose estimation to be problematic.

Also in 2016, Agudo et al [81] propose an approach to pose and 3D shape estima-

tion of nonrigid and “potentially extensible” surfaces. As with previously outlined

methods [50, 75], the authors model the deformation dynamics of the object to be

reconstructed. In the presented approach, nonrigid dynamics are modelled by Navier’s

equations, which are then solved using FEM. The propsoed approach proves effica-

cious for the tasks of pose estimation and 3D shape recovery, however, performance is

reported to be considerably below real time.

The contributions of Chapter 4 for the problem of object reconstruction outlined

in Section 1.2 draw on the work of Kolev et al [68]. The probabilistic volumetric repre-

sentation used for the authors level set evolution approach influences the formulation

of object segmentation given in Chapter 4. Additionally, the work of Ren et al [74]

provides a suitable base of comparison for the approach outlined later in this work.

The approach of Ren et al performs simultaneous segmentation, pose estimation and

reconstruction of objects from an RGBD image source, as is the case with the approach

taken in Chapter 3.
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2.5 shape and pose prediction

Section 2.4 provided a review of pertinent object reconstruction research, which

demonstrates that although much progress has been made since the early work of

Curless & Levoy [12], many open research problems remain. This section provides a

survey of research into an alternative, inference driven approach to obtaining 3D mod-

els of observed objects, whereby rather than direct optimisation and integration being

used for pose estimation and model building, the process is posed as a probabilistic

inference procedure.

Prisacariu et al [65] in 2011 introduced an approach to shape prediction, segmenta-

tion and pose estimation. Shape is predicted from a hierarchy of generative Gaussian

Process Latent Variable Models (GPLVM) [82], encoding a latent space embedding of

common shape properties. Candidate shapes are generated as a one off regression in

latent space, with a unified energy function optimised with respect to the shape latent

space point and the object pose parameters.

In 2013, Dame et al [83] proposed an approach to dense object reconstruction from a

monocular image source. Like the approach of Prisacariu et al [65], the authors utilise

GPLVM’s as shape priors to aid reconstruction and segmentation of the object of

interest. Depth maps for the observed monocular sequence are optimised for within

a Primal-Dual [60] framework, utilising Total Variation [84] regularisation. However,

there is no pose estimation ability in the formulation, as poses are known a priori from

PTAM [14].

In the following year, Toshev et al [85] proposed an approach to pose estimation

utilising cascaded Deep Neural Network (DNN) [86] regressors. The authors utilise

the DNN framework for the complex task of articulated human pose estimation.
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Wohlhart et al [87], in 2015, presented an approach to the 3D detection and pose

recovery of objects. The proposed approach utilises features extracted from a Con-

volutional Neural Network (CNN) [86] within a nearest neighbour cost function for

object detection and recovery of rough pose. As such, the proposed approach poses the

problem as a K-Nearest Neighbour [88] search in descriptor space. Object and pose

are coupled in training (i.e. two similar cars with different poses will have spatially

distant descriptors).

Chang et al [89], also in 2015, presented a large scale dataset of 3D shapes. The

dataset can be used for a variety of 3D vision tasks due to the potential of modern

machine learning techniques to learn rich latent space embeddings, as demonstrated

by the approaches of Prisacariu et al [65] and Dame et al [83]. However, the shapes in the

dataset are synthetic and as such have no depth sequences. Though, such sequences

may be artificially rendered.

Also proposed in 2015 by Rock et al [90], is an approach to the recovery of complete

3D models from a single depth image of an object of interest. The input depth image

is regressed into a database of a priori known objects by the use of an RF [39]. The

matched shapes are coarsely matched to the input depth map, then later deformed at

a higher granularity by a separate optimisation process.

Kendall et al [91], again in 2015, proposed a CNN approach to the regression of

6DoF camera pose from RGB input. The authors base their CNN architecture on that

of Szegedy et al [92], with a depth of 23 layers. The authors report high levels of

accuracy on indoor scenes, attributing this to the use of Transfer Learning [93] applied

to classification models.

In 2017, Zhou et al [94] introduced an approach to object detection from 3D point

clouds. Central to the proposed approach is an end-to-end trainable convolutional

Region Proposal Network [95]. The authors evaluate the proposed approach on the
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KITTI LIDAR [96] dataset, with input point clouds quantized into a voxel volume

prior to training and prediction.

Gwak et al [97], also in 2017 introduced a Generalised Adversarial Network [98] like

approach to shape prediction. The proposed network is trained in a weakly-supervised

manner on silhouettes and 3D shapes with a log-barrier objective function. However,

the applicability to “real world” scenarios is questionable, due to the synthetic nature

of the data used to train and evaluate the network.

Grabner et al [99] in 2018 introduce a CNN based approach to the problem of

simultaneous pose estimation and 3D shape retrieval. The authors use the estimated

pose of a given object of interest as a shape prior for 3D model lookup. The authors

render depth images of a given retrieved shape under the predicted pose for evaluation

in a multi-view photometric loss for evaluation against learned image descriptors. The

authors report impressive performance on Pascal3D+ [100].

Pumarola et al [101], also in 2018 introduced an approach to the prediction of

deformable shape surfaces from a single view. The outlined algorithm takes a two

stage, CNN based approach consisting of detection and shape estimation, respectively.

The approach is evaluated a synthetic dataset to which the authors artificially apply

deformations and varying textures. The proposed approach demonstrates efficacy in

both synthetic and non-synthetic data scenarios.

2.6 summary

From the evaluation of the literature given in Sections 2.1, 2.3, 2.2, 2.4 and 2.5, it is

clear that much progress has been made in many areas of 3D computer vision, with

a high level of commonality across the different domains. However, when assessed



2.6 summary 35

within the context of the research objectives of this work, as outlined in Section 1.4,

there is still much that can be contributed.

The literature reviewed in Sections 2.1 and 2.3 is directly related to the subject

matter of Chapter 3, which approaches the problems faced when utilising dense

SLAM techniques in an environment that is dynamic, rather than static, as with the

approaches outlined in Section 2.1. Though it is evident from the literature assessment

of Section 2.3 that much progress has been made, it is also evident from Section 2.3 that

there exist limitations in current work. Section 3.1 introduces approaches to solving

some of these limitations.

Section 2.4 reviewed literature pertinent to the object reconstruction subject matter

of Chapter 4. Though it is clear that many advances have been made on representations

and combined TAM for objects, Section 4.1 introduces an approach to the ongoing

research problem around global model consistency. Additionally, the primarily 2D

featured nature of the systems outlined in Section 2.2 provide a motivation for such

approaches, as outlined in Sections 1.2 and 4.1.

The data driven works outlined in Section 2.5 provide a basis for the approach

to shape and pose prediction presented in Chapter 5. Though much of the work

reviewed in Section 2.5 addresses each of these problems in a decoupled way, may of

the techniques are pertinent to the integrated approach taken in Chapter 5, as outlined

in Section 5.1.
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3
R E A L T I M E M O T I O N S E G M E N TAT I O N F O R D E N S E V O L U M E T R I C

F U S I O N

This chapter introduces an approach to motion segmentation and dense reconstruc-

tion in dynamic scenes with RGBD observations. The approach outlined in this

chapter is capable of performing dense reconstruction in dynamic environments

and segmenting objects undergoing motion. The approach presented in this chapter

yields an improvement in pose estimation accuracy with respect to the standard

KinectFusion-like pipeline. Furthermore, it is demonstrated that the segmentation

of dynamic objects may be leveraged for 3D object recognition purposes.

3.1 introduction

Progress in dense volumetric fusion has been accelerated in recent years with the

availability of consumer grade RGBD sensors such as the Microsoft Kinect and the

Asus Xtion coupled with the increasingly parallel nature of GPU hardware. Systems

such as the seminal KinectFusion [1] allow one to build high quality, globally consistent

scene models trivially, as outlined in Section 1.1 and Figure 1.2. Applications of such

reconstruction pipelines however are limited due to the inability of such systems to

37
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handle scenes in which there are dynamics; these systems are unable to yield reliable

reconstructions when there is motion in the sensors field of view, independent of the

sensors own motion. Such a scenario introduces additional error to the pose estimation

component of the pipeline, resulting in model corruption ranging from noise in the

reconstruction to spurious surface data due to erroneous pose estimation.

In this chapter, an approach to mitigating the problems present when performing

dense volumetric reconstruction in dynamic scenes is presented. The basic SLAM

pipeline on which this work is based is the InfiniTAM [30] variant of the KinectFusion [1]

pipeline (InfiniTAM is also used as a base of comparison in Section 3.5). Central to

the proposed, modified pipeline is the introduction of a dual scene representation

based on the use of an implicit TSDF [12]. The use of a dual TSDF approach allows

for the segmentation of moving components in the scene from static components,

e.g. segmenting a person getting up from a chair from the chair itself. One of the

two scene representations is the static scene and the other the dynamic scene. Such

separation prevents corruption in the static scene, the reconstruction output of the

system. Examples of motion segmentation are given in Figure 3.1.

(a) (b) (c)

Figure 3.1: Examples of motion segmentation (note that red indicates motion):
(a) A person sits on a sofa.
(b) Dynamic objects that have become stable and have been identified by class.
(c) A person waving their arms in the scene.

Without the segmentation of dynamic scene components, when tracking against

the current reconstruction the integrated dynamic components may cause artefacts
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that prevent the finding of ICP correspondences which often causes camera tracking to

drift, or completely fail. By tracking against only the stable scene components, this

interference in the ICP pose estimation process can be mitigated. However, it should

be noted that due to the rapid updating of the dynamic scene representation, the

dynamic model does incur artefacts. This is due to the shorter TSDF truncation band

of the dynamic model. However, empirically, these artefacts do not get fused into the

static model as they do not gain a sufficient level of stability. Pose estimation is thus

unaffected due to the static scene being used for ICP registration.

Once a part of the dynamic model has been stable for a sufficient period, its

volumetric data is integrated in to the static model and is used for the tracking phase

of the pipeline. The use of volumetric structures in this work is motivated by previous

works on Voxel Block Hashing [20], providing efficient, real time lookup operations.

The presented approach exploits the abstraction that voxel blocks provide; a block of

voxels is interpreted as a region of space that can be either static or dynamic. Voxel

block stability is determined by a confidence measure over the voxel blocks in the

dynamic scene, such that isosurface information is not transferred to the static model

(used for camera tracking) until there is sufficient confidence in it’s stability. From a

survey of the literature, it appears that this approach is the first to utilise such a dual

representation for the motion segmentation problem. A graphical representation of

the voxel block based structure of a given scene is presented in Figure 3.2.

The remainder of this chapter is structured as follows. Section 3.2 introduces

preliminaries pertaining to the static Fusion pipeline followed by Section 3.3 describing

the dynamic Fusion component of the pipeline. Qualitative and quantitative results

are presented in Sections 3.4 and 3.5, respectively. Finally, an application to interactive

object recognition is given in Section 3.7.
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Figure 3.2: A graphical representation of an SDF/TSDF with it’s voxels subdivided into voxel
blocks. In the above, v represents voxel blocks and v voxels.

3.2 static volumetric fusion

The volumetric fusion approach taken in this work draws on previous volumetric inte-

gration techniques [12, 1, 20, 30] and shall be introduced in this section as preliminary

material, as it shall be referred to in later chapters. Following this approach, at each

frame the camera is tracked against the current scene, after which new data is fused

into the scene model which is then rendered using ray-casting to prepare for tracking

in the next frame. The static Fusion pipeline consists of the following three consecutive

stages:

• Camera Tracking.

• Model Integration.

• Rendering.

The approach in this work utilises the TSDF Volumetric data structure which

encodes for each voxel in the structure, a signed value and a weight. In the case of 3D

environment modelling, the values pertain to distances from surfaces, within some

truncation region.
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Given a vertex map generated from the back projection of the points in a depth im-

age, the vertices pertain to the zero crossing point with voxels either side representing

distances to the zero crossing point; positive in front of the surface, negative behind.

Surface points are known as the Zero Level Set.

Figure 3.3: Slices of a car embedded within a three dimensional SDF.

For a given TSDF Φ, the Zero Level Set is defined as follows in Equation 3.1 where

v denotes a TSDF voxel. An example of such an embedding is given in Figure 3.3.

S = {v |Φ(v) = 0}, ∀v ∈Φ (3.1)

To facilitate real time fusion, the InfiniTAM framework employs a voxel block

hashing mechanism for fast access to scene voxels [20]. Within this context, voxel

blocks are collections of RN×N×N TSDF voxels, stored in a hash table for fast access.

As such, each hash table entry corresponds to a portion of a global voxel block array,
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pertaining to a region in the scene. This division of the scene into voxel blocks is used

for the later process of determining and labelling dynamic regions in the scene.

3.2.1 Camera Pose Estimation

As in previous works [1, 30], the gradient optimisation based ICP algorithm is utilised

to register consecutive images, to derive the camera pose at time t with respect to time

t− 1, that is to optimise for the rigid body transform T ∈ SE(3) of the camera between

the two frames using the Levenberg-Marquardt non-linear least squares method [102].

The rendering stage of the pipeline is used to generate the image from the TSDF at

time t− 1 to which a new frame at time t is registered.

The target transformation T ∈ SE(3) is a member of the Special Euclidean Group

given in Equation 3.2, where SO(3) is the Special Orthogonal Group of Skew Symmetric

Rotation Matrices.

SE(3) = {R, t |R ∈ SO(3), t ∈ R3} (3.2)

The definition of Equation 3.2 has the alternative matrix form given in Equation 3.3.

T =

R t

0 1

 (3.3)

Attitude Representation

The rotation matrix component of the transformation T is generated by a Rodriguez

parameterization [103], whereby the SO(3) rotation matrix R is generated by three

rotational parameters, α, β and γ. Each parameter represents a rotation around one of

three principal axes, as shown in Figure 3.4.
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Figure 3.4: Right handed coordinate system and the three rotational axes; α, β and γ.

The Rodriguez parameters α, β and γ form a member of the Lie Algebra g corre-

sponding to the tangent space of the SO(3) Lie Group. Elements of the Lie Algebra

map to the Lie Group by the matrix exponential. The formulation of the Rodriguez

parameterization (performing the aforementioned matrix exponential) [103] is given

by Equation 3.4, with the parameter vector p = [α,β,γ]T .

R(p) =
1

‖p‖22

[
(1− ‖p‖22)I+ 2pp

T +ω(p)

]
(3.4)

Where in Equation 3.4, for an arbitrary vector v, ω(v) is defined as the cross product

matrix operator, as is given in Equation 3.5.

ω(v) =


0 v3 −v2

−v3 0 v1

v2 −v1 0

 (3.5)
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Evaluating Equation 3.4 leads to the form of the rotation matrix R of Equation 3.6.

R =
1

‖p‖22 + 1


α2 −β2 − γ2 + 1 2αβ+ γ 2αγ−β

2αβ− γ −(α2 −β2 + γ2 − 1) α+ 2βγ

2αγ+β −(α− 2βγ) −(α2 +β2 − γ2 − 1)

 (3.6)

The translational component t of the transformation T is given by the vector t ∈ R3

of Equation 3.7, with each component representing a translation along it’s respective

axis.

t =


tx

ty

tz

 (3.7)

Pose Recovery Formulation

The recovery of the camera pose change between frames t and t− 1may be formulated

as the point-to-plane energy minimisation problem of Equation 3.8.

E(R, t,Ω,Φ) = arg min
R,t

∑
p∈Ω

∥∥∥[Rx+ t−V(x̄)]TN(x̄)
∥∥∥
2

(3.8)

In Equation 3.8, R and t are the aforementioned rotation matrix and translation

vector of the transformation T . x is the 3D point extracted from the depth image Ω

and the point x̄ is the 3D point in the TSDF volume Φ found by ray-casting from Ω

under the transformation T . Finally, N is a normal map of Φ and is defined as follows

in Equation 3.9.

N =
∇Φ
‖∇Φ‖2

(3.9)
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In Equation 3.9, ∇Φ is approximated by central finite differencing, as follows in

Equation 3.10.

∇Φ =


(
2δvx

)−1(
2δvy

)−1(
2δvz

)−1

�

Φ
(
vx + δvx

)
−Φ

(
vx − δvx

)
Φ
(
vy + δvy

)
−Φ

(
vy − δvy

)
Φ
(
vz + δvz

)
−Φ

(
vz − δvz

)
 (3.10)

For the gradient update phase of the ICP algorithm, the partial derivatives ∂E
∂Rλ
∀λ ∈

{α,β,γ} may be derived as follows in Equation 3.12. As a first step, the following

definition is made in Equation 3.11.

φ(R, t, x, x̄) = [Rx+ t−V(x̄)]TN(x̄) (3.11)
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With the substitution of Equation 3.11 in place, the derivation proceeds as follows

in Equation 3.12.

∂E

∂λ
=
∂

∂λ

∑
p∈Ω
‖φ(.)‖2 (3.12)

=
∑
p∈Ω

∂

∂λ
‖φ(.)‖2 (3.13)

=
∑
p∈Ω

∂

∂φ(.)
‖φ(.)‖2

∂φ(.)
∂λ

(3.14)

=
∑
p∈Ω

1

2

2φ(.)√
φ(.)

T
φ(.)

∂φ(.)
∂λ

(3.15)

=
∑
p∈Ω

φ(.)
‖φ(.)‖2

∂φ(.)
∂λ

(3.16)

=
∑
p∈Ω

φ(.)
‖φ(.)‖2

[
∂

∂λ

[
Rx+ t−V(x̄)

]T
N(x̄) +

[
Rx+ t−V(x̄)

]T
∂

∂λ
N(x̄)

]
(3.17)

=
∑
p∈Ω

φ(.)
‖φ(.)‖2

[
∂R

∂λ
x

]T
N(x̄) (3.18)
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The full partial derivatives ∂R
∂α , ∂R∂β and ∂R

∂γ may be found Equations 1, 2 and 3

respectively, of Appendix .1. The partial derivatives ∂R∂λ∀λ ∈ {α,β,γ} may be multiplied

with x and combined in to the Rotation Jacobian of Equation 3.19.

JR =

[
∂R

∂λ
x

]T ∣∣∣∣∣
λ=0

(3.19)

=


0 −z y

z 0 −x

−y x 0

 (3.20)

Note that the derivation for the partial derivatives ∂E
∂tλ̄
∀λ̄ ∈ {x,y, z} is analogous

with that of Equation 3.12, with the result given as follows in Equation 3.21.

∂E

∂tλ̄
=
∑
p∈Ω

φ(.)
‖φ(.)‖2

[
∂t

∂λ̄

]T
N(x̄) (3.21)

The translational partial derivatives ∂t
∂λ∀λ̄ ∈ {x,y, z} may also be combined in to the

following translation Jacobian as in Equation 3.19.

Jt =


1 0 0

0 1 0

0 0 1

 (3.22)

The overall combined Jacobian for the energy function defined in Equation 3.8, for

use in pose optimisation is as follows in Equation 3.23.

J =
φ(.)
‖φ(.)‖2

[
JR Jt

]T
N(x̄) (3.23)
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Pose Recovery Optimisation

With the gradient derivations in place, this section will now detail the pose re-

covery procedure. As highlighted, the optimisation routine used is the Levenberg-

Marquardt [102] algorithm for solving non-linear least squares problems. The gradient

update equation for the Levenberg-Marquardt algorithm is given in Equation 3.24.

θt+1 = θt − (H+ λdiag(H))−1J (3.24)

In Equation 3.24 θt = [α,β,γ, tx, ty, tz]T is the parameter vector of T at time t, J

is the Jacobian introduced in Equation 3.23 and H is the Hessian, approximated by

H = JTJ. The parameter λ controls the influence of the gradient on the update step

and is adjusted according to the change in error, as shall be evident in the algorithm

that follows.
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Algorithm 1 ICP with Levenberg-Marquardt

1: procedure ICP(Dl,Dm,V, θt−1)
2: λ← λinit
3: θtmp ← θt−1
4: θt ← θtmp
5: εold ← inf
6: ε← εold
7: while ε >= τ do
8: ε← E(.) . Evaluate Equation 3.8
9: if ε 6 εold then

10: λ← 10λ

11: θt ← θtmp
12: else
13: λ← λ

10
14: εold ← ε

15: θtmp ← θt
16: end if
17: J← ∇E . Evaluate Equation 3.23

18: H = JTJ
19: C = chol(H+ λdiag(H))
20: δ = backsub(C, J)
21: θtmp ← θtmp − δ
22: end while return θt
23: end procedure

Note that for numerical stability, the matrix inverse in Equation 3.24 may be avoided

by utilising the chol and backsub routines to compute the Cholesky Decomposition [102]

and solve a linear system with back-substitution [104], respectively. Additionally, it

should be noted that the cost term of Equation 3.8 and jacobian term of Equation 3.23

may be evaluated and reduced on the GPU, as there exists no spatial data dependence

between either the model points or depth map points.

3.2.2 Volumetric Integration

The second phase in the scene reconstruction pipeline is volumetric integration. That

is, the integration of observed depth images into a consistent, implicit, volumetric
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representation, in this case the existing TSDF model of the scene, providing the basis

for an updated rendering to be used in the ICP procedure for camera tracking at the

next time step.

As previously outlined, the TSDF is defined as a volume of distances to an iso-

surface, with the isosurface itself being given by the Zero Level Set, as defined in

Equation 3.1. A graphical representation is given in Figure 3.3.

As with KinectFusion [1] the global (scene) location xv of each voxel v ∈Φ that is

visible in the current view frustum is transformed into the camera’s coordinate frame

via the transformation given in Equation 3.25, noting that xv is in homogeneous form.

xΩ = KT−1i xv (3.25)

In Equation 3.25, K is the camera’s intrinsic calibration matrix, T is the transforma-

tion optimised for at time t, with the form given in Equation 3.3 and xΩ is the resultant

projected coordinates. The form of the camera intrinsic calibration is as follows in

Equation 3.26.

K =


fx s x0 0

0 fy y0 0

0 0 1 0

 (3.26)

In the calibration matrix of Equation 3.26, fx, fy, s, x0 and y0 are the focal lengths, scale

and camera principal points respectively.

The integration of new data points into the TSDF volume is achieved by computing

running means; each voxel contains a running average of its SDF value over time.

Projecting to the depth image Ω coordinates as in Equation 3.25 to perform a depth
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pixel lookup in Ω and subtracting the z component of xv from the resulting value

yields the depth offset from the surface, as follows in Equation 3.27.

η = xΩ − xzv (3.27)

If η > −µ, then the depth of the point is not beyond the truncation band of the

TSDF (behind the isosurface), where µ is half the width of the truncation band, then

the TSDF depth measurement update proceeds as follows in Equation 3.28 for a voxel

xv ∈Φ. A graphical depiction of the 2D case of a TSDF truncation region is given in

Figure 3.5.

Φ(xv)t =
1

φ(xv)t−1 + 1

[
φ(xv)t−1Φ(xv)t−1 + min

(
1,
η

µ

)]
(3.28)

Figure 3.5: A 2D TSDF with it’s truncation region specified.1

In addition, the voxel weight φ(xv) update is as follows in Equation 3.29.

φ(xv)t = φ(xv)t−1 + 1 (3.29)
1 Image copyright: Whelan et al [3].
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3.2.3 Rendering

Following the integration process outlined in Section 3.2.2 is the rendering stage

in which an image of the scene under the current pose is generated, to provide an

updated rendering for the tracking stage outlined in Section 3.2.1, at the next time

step.

Rendering in the pipeline is achieved by Ray-casting [105], the process of “casting”

a ray from the camera frame into the volume representation of the scene, to find

intersections with the scene isosurface. The basic Ray-casting process is Given in the

following Algorithm.
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Algorithm 2 Volume Raycasting.

1: procedure Raycast(Φ,Ωin,Ωout,C,P, zmin, zmax,D)
2: for y← 0 to H do
3: for x← 0 to W do

4: pmin ←
[
x−C0,2
C0,0

y−C1,2
C1,1

zmin 1
]T

. Unproject

5: pmax ←
[
x−C0,2
C0,0

y−C1,2
C1,1

zmax 1
]T

6: p?min ← P−1pmin . Object Point
7: p?max ← P−1pmax

8: p?min ← D
p?min
p?min,3

+ η

9: p?max ← D
p?max
p?max,3

+ η

10: s← p?max −p
?
min . Ray Step

11: s? ← s
‖s‖

12: pm ← p?min − s? . Starting Point
13: for δ← 0 to ‖s‖ do . Traverse the Ray
14: if Φ(pm) is valid then . Write Shaded Pixel
15: φ←Φ(pm)
16: x← P(pmD − η)
17: x? ← x

x3
18: Ωx,y ← x?2
19: break
20: end if
21: pm ← pm + s? . Increment Model Point
22: end for
23: end for
24: end for
25: end procedure

It should be noted that the loop over image pixels Ωx,y can be trivially optimised in

a data parallel fashion on a GPU. This is possible as there exists no data dependence

between image pixels and TSDF accesses are read only.
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3.3 volumetric fusion with dynamic scenes

The conventional approach described in Section 3.2 is adapted to handle dynamic

environments. A dual-volume representation of the scene is introduced, consisting of

a static model and a dynamic model (both of which are TSDF’s).

There are two additional stages in the dynamic pipeline to handle integration in

to the static model. The first updates stability values for all of the voxel blocks in

the current view frustum at each frame. The second integrates blocks whose stability

values are above a given threshold into the static model. Camera tracking is performed

against the static model as soon as it contains valid isosurface data to track against,

preventing moving objects in the scene from contributing to tracking drift. An overview

of the proposed pipeline is given in Figure 3.6.
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3.3.1 Stability Labelling

The purpose of the stability labelling section of the pipeline is to distinguish between

stable and unstable voxel blocks in the dynamic model, resulting in parts of the scene

that are moving being excluded from the static model. For each voxel block in the

dynamic model, a stability value is maintained, representing the extent to which the

instantaneous TSDF values and fused textures for the voxels in a given voxel block

(visible in the current view frustum under the current pose) have remained sufficiently

similar over time.

The stability value for each voxel block in the scene is initialised to nought. At each

frame, the instantaneous TSDF values and textures for the voxels in each visible voxel

block are computed. For each voxel block, the mean absolute difference τ, between the

instantaneous and existing TSDF values is computed as follows in Equation 3.30.

τV =
1

|V|

∑
v∈V

[∣∣∣∣Φd(v) − min
(
1,
η

µ

)∣∣∣∣+ ∣∣∣∣Φd
rgb(v) −ω

∣∣∣∣
]

(3.30)

Note that in Equation 3.30, ω is the RGB pixel corresponding to the depth pixel

from which the depth raycast was performed. Additionally, Φd
rgb(v) is the RGB value

of the voxel v in the dynamic scene model.

The stability label lV ∈ {stable, unstable} for a given voxel block V is determined

by thresholding on ξ, as follows in Equation 3.31. Note that the voxel block score

computed in Equation 3.30 are min-max normalised block wise to the interval [0, 1]

prior to the evaluation of Equation 3.31.

lV =


stable if τ 6 ξ

unstable if τ > ξ
(3.31)
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If the label lV is stable, the implication is that the voxel block contains few disparities

between the current scene and the stored model. In this case, it’s stability value is

incremented. If however lV has the label unstable, the implication is that the contents

of the voxel block are changing, so it’s stability value is reset to nought, as outlined in

Equation 3.32.

τV =


τV + 1 if lV = stable

0 if lV = unstable
(3.32)

Voxel blocks that are observed to be stable over a sufficiently long period of time

(empirically set to 40 frames) will be integrated into the static model, as follows in

Section 3.3.2.

3.3.2 Integration into Static Model from Dynamic Model

For a time step t, each voxel block in the dynamic model that has assigned to it a

stable label has the entirety of it’s voxel TSDF values integrated into the static model.

In a similar formulation to that given in Equation 3.28 of Section 3.2.2, the update

comprises integration of new data in to a running average.

The weight update for a given voxel v in the stable model Φs with respect to a

voxel (belonging to a voxel block labelled stable) v̄ in the dynamic model Φd is given

in Equation 3.33.

φst(v) = φ(v)
s
t−1(v) +φ(v̄)

d
t−1(v̄) (3.33)

Similarly, the update for the TSDF values is as follows in Equation 3.34.

Φs
t(v) =

1

φst(v)

[
φst−1(v)Φ

s
t−1(v) +φ

d
t−1(v̄)Φ

d
t−1(v̄)

]
(3.34)
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Removal of Static Blocks Undergoing Motion

In the case that a voxel block that has been integrated into the static model is detected

to be undergoing motion in the dynamic model, it is simply removed from the static

model. Due to the 1 : 1 correspondence between the static and dynamic scenes, this

removal is trivial and computationally inexpensive.

Following the removal of a previously static voxel block from the static scene model,

any depth observations that have been integrated into the corresponding space in the

dynamic model must follow the integration procedure of Equations 3.33 and 3.34 once

labelled as static, as these quanitites are reset to their initial state. The removal of a

voxel block from the static model excludes it from the following ICP pose estimation

procedure.

CRF Refinement of Voxel Block Scores

The outlined motion segmentation and dynamic SLAM pipeline may also be aug-

mented with an additional 2D segmentation step. Given the normalised voxel block

wise stability scores (refer to Section 3.3.1), the corresponding stability labels may be

refined in image space and unprojected back into 3D scene space.

During the raycast procedure outlined previously, a raster image of voxel block

indices is generated, such that each pixel contains the lookup index for the voxel block

for which it’s ray intersects. Thus, a 2D map of unary potentials is generated based

upon the stability scores for the voxel blocks in the view frustum.

With known extrinsic calibration between the depth and RGB sensors, the energy

function of Equation 3.35, over voxel block stability scores may be defined.

E(Φd(v)) = P(v) +
∑
u∈V

P(Ωd(v) |Ωd(u)) (3.35)
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(a) (b)

Figure 3.7: Denoising of stability scores.
(a) Without CRF refinement.
(b) With CRF refinement.

In Equation 3.35, v is the raster index of the voxel block for which the energy

calculation is to be computed, with respect to neighbouring raster locations u ∈ V,

for some set of neighbouring locations V. The unary term P(Φd(v)) is proportional

to the normalised voxel block score τ given by Equation 3.30 and the pairwise term

P(Ωd(v) |Ωd(u)) is given by a standard Gaussian density N(Ωd(v) |Ωd(u),Σ), where

Σ is given by the texture variance of the voxel block corresponding to v.

Following CRF refinement, the voxel block scores may be directly updated via

the aformentioned index image. This process is carried out prior to the labelling

of Equation 3.31. Empirically, although this CRF refinement procedure does have a

denoising effect on the stable scene rendering, it appears to have minimal impact on

pose estimation quality. Inference over the CRF outlined in this section is performed

via the efficient, filter based message passing algorithm of Kr’́ahenb’́uhl [42].

3.3.3 Pipeline Summary

With the central components of the proposed algorithm now outlined, an algorithmic

summary may be given. As has been highlighted, the central components of the
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approach are the dual volume representation, stability labelling and inter-volume

surface integration. The process is given in the following algorithm.

Algorithm 3 Motion Segmentation and Dynamic SLAM

1: procedure MoSeg Iteration(Φs,Φd,Ω, T , t)
2: if t 6= 0 then
3: R← raycast(Φs,Ω, T ) . Section 3.2.3
4: Tt+1 ← estimatePose(R,D) . Section 3.2.1
5: updatePose(Tt+1)
6: end if
7: D← unproject(Ωd)
8: Φd ← integrate(D,Φd, T ) . Equation 3.28

9: for p ∈ D do
10: b← getVoxelBlock(p)
11:
12: τb ← getStability(b) . Equation 3.30

13: lb ← getLabel(τb) . Equation 3.31

14: updateStability(b, lb) . Equation 3.32

15:
16: if t 6 initial frame count ∨ lb == stable then
17: for v ∈ getVoxels(b) do
18: φs(v)← getWeight(v)
19: φd(v)← getWeight(v)
20: Φs(v)← integrate(Φs(v),Φd(v)),φs(v),φd(v) . Equation 3.34

21: updateStableWeight(φs(v),φd(v)) . Equation 3.33

22: end for
23: end if
24: end for
25: raycast((Φ)d, T ) . Visualise Dynamics
26: end procedure

The presented algorithm is trivially parallelisable with commodity GPU hardware.

The integration of points in the depth map D is parallelisable with minimal risk of

race conditions occurring. However care must be taken for edge cases where multiple

simultaneous writes may occur at the same TSDF location. However, the integration of

TSDF data from the dynamic model to the static model has no such risk and as such is

trivially parallelisable.
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3.4 qualitative results

Empirically, the proposed motion segmentation system is capable of retaining globally

consistent tracking within the dense SLAM framework for a range of scenarios that

would prove to be problematic for other, static dense SLAM systems. The experiments

performed demonstrate a robustness to dynamics in various scenes, both in terms of

tracking and noise artefacts in the static model. In addition, the system is robust to

the addition and removal of scene components and is robust to short term occlusions,

such as a person walking in front of the camera. An example of a person moving in to

the the view frustum and sitting on a sofa is given in Figure 3.8.

(a) (b) (c)

Figure 3.8: A qualitative comparison between the proposed system and InfiniTAM [30].
(a) A static scene containing a sofa is reconstructed.
(b) When a person enters the scene using standard InfiniTAM, the tracking fails,
leading to a corrupted scene model.
(c) Using the proposed system, tracking is maintained and the person is
integrated successfully into the scene.

In addition to the ability to reconstruct a moving object that becomes static in

the scene as shown in Figure 3.8, the proposed system is also capable of segmenting

dynamic objects in a scene that are undergoing non-rigid motion. Whilst these objects

are segmented and labelled as “dynamic” they are not used for camera pose estimation.

An example of this behaviour may be observed in Figure 3.9.
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(a) (b)

(c) (d)

Figure 3.9: A qualitative example of the proposed systems ability to segment
dynamic scene components.
(a) A static scene containing a Chair is reconstructed.
(b) A person enters the scene, is marked as dynamic and sits down.
(c) After gaining a sufficient confidence score, the person is labelled
static and is integrated in to the static model.
(d) The person gets up from the Chair and leaves the scene.
The original reconstruction of the Chair from (a) is in tact.
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3.5 quantitative results

In this section, a quantitative evaluation of the system’s efficacy in terms of and camera

tracking ability is provided.

For the quantitative analysis, the system has been evaluated on the dynamic objects

subset of the TUM2RGBD dataset [106] with respect to trajectory quality. The scenes

provided in the dataset contain a range of dynamic components ranging from arm

movement to people walking around, occluding parts of the scene. Comparison is

drawn against the standard InfiniTAM framework on which the proposed system is

based, using standard, static InfiniTAM as a baseline. It should be noted that both the

approach outlined in this chapter and the baseline implementation (InfiniTAM) utilise

a simple ICP outlier rejection routine to improve tracking performance.

TUM Standard Sequence Name MoSeg ATE (m) ITM ATE (m) EF ATE (m)

fr2-desk-with-person 0.131 0.297 NA
fr3-sitting-static 0.013 0.012 0.009
fr3-sitting-xyz 0.068 0.053 0.026
fr3-sitting-halfsphere 0.141 0.115 0.138

fr3-sitting-rpy 0.052 0.081 NA
fr3-walking-static 0.272 0.999 0.062
fr3-walking-xyz 0.373 0.544 0.216
fr3-walking-halfsphere 0.544 0.762 0.209
fr3-walking-rpy 0.547 0.843 NA

Table 3.1: The Absolute Trajectory Error (ATE) results (in metres) achieved by the proposed
approach in comparison to the baseline InfiniTAM [30] framework on a variety of the standard
sequences from the TUM RGBD dataset [106]. The lower ATE result on each sequence is
highlighted in bold. Additionally, ATE scores for ElasticFusion [47] are also provided.

2 Technical University of Munich, RGB-D SLAM Dataset and Benchmark.
https://vision.in.tum.de/data/datasets/rgbd-dataset

https://vision.in.tum.de/data/datasets/rgbd-dataset


64 real time motion segmentation for dense volumetric fusion

Given in Table 3.1 is the Absolute Trajectory Error (ATE) measures for each of the

TUM Dynamic Scenes. The ATE utilises the method of Horn [107] to solve for the error

incurred by mapping the trajectory of the proposed system on to the ground truth

trajectory of the TUM sequence, for a given TUM Dynamic Objects sequence. The

results of Table 3.1 are visualised in Figure 3.10. For completeness, the performance

of the current state of the art explicit dense SLAM system ElasticFusion [47] is also

provided. Note that ElasticFusion is not volumetric in nature (rather, using an explicit,

surfel representation), so is not directly comparable with the approach outlined in this

work.
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Figure 3.10: Absolute Trajectory Error (ATE) for the TUM Dynamic Scenes dataset.
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In addition to evaluating quantitatively in terms of Absolute Trajectory Error,

additional results are provided in terms of Relative Trajectory Error (RTE) [106]. RTE

measures the relative pose error over a fixed time interval, with the final score being

the Root Mean Squared Error (RMSE) over all time windows. RTE results are provided

in Table 3.2 and visualised in Figure 3.11.

TUM Standard Sequence Name MoSeg RTE (m) ITM RTE (m) EF (m)

fr2-desk-with-person 0.024 0.026 NA
fr3-sitting-static 0.011 0.010 0.010
fr3-sitting-xyz 0.031 0.028 0.028
fr3-sitting-halfsphere 0.032 0.032 0.102

fr3-sitting-rpy 0.071 0.067 NA
fr3-walking-static 0.077 0.163 0.058
fr3-walking-xyz 0.406 0.300 0.214
fr3-walking-halfsphere 0.252 0.305 0.163
fr3-walking-rpy 0.469 0.406 NA

Table 3.2: The Relative Trajectory Error (RTE) results (in metres) achieved by the proposed
approach in comparison to the baseline InfiniTAM [30] framework on a variety of the standard
sequences from the TUM RGBD dataset [106]. The lower ATE result on each sequence
is highlighted in bold. As with Figure 3.10, ElasticFusion results are also provided for
completeness.

3.6 performance evaluation

As outlined in the research objectives of Section 1.4, the proposed dynamic SLAM

pipeline is required to run in real-time if it is to be suitable for use at scale. The basic

dense SLAM pipeline of Prisacariu et al [30] is a highly optimised implementation of

the voxel hashing approach of Neißner et al [20], achieving very high frame-rates on

consumer computing equipment. For the purpose of evaluating the performance of

the modified pipeline outlined in this work, a direct comparison is drawn to InfiniTAM,

the implementation of Prisacariu et al [30].
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Figure 3.11: Relative Trajectory Error (RTE) for the TUM Dynamic Scenes dataset.
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Figure 3.12: Performance of the proposed approach versus the standard dense SLAM pipeline
of Prisacariu et al [30].
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It can be seen from Figure 3.12 that the motion segmentation and dynamic SLAM

system proposed in this work is capable of operating at above real time performance.

The sequence from which the performance statistics of Figure 3.12 are derived consists

of 1108 frames in which dynamics are prevalent throughout. It can be seen that

although the cost of the proposed system is higher than that of the standard SLAM

pipeline, performance is still better than real-time. It should be noted however that the

mean processing time for a given frame is 0.011843 seconds, the standard deviation

over the sequence is 0.000862 seconds. Such varying per frame times are due to

the varying degree of observed dynamic scene components. However, the proposed

approach performs at ≈ 84Hz versus the standard pipeline’s performance of ≈ 136Hz,

indicating a non detrimental performance deficit.

It should be noted that the quoted performance is that of the pipeline outlined

in this chapter and does not include the time taken to perform on-screen rendering

(OpenGL texture writing and GLUT window updating).

3.7 application to 3d object recognition

The dynamic scene handling approach described in Section 3.3 can be used to prevent

moving objects from being integrated into the static scene model. However, for many

applications (e.g. mobile robotics), there is an additional need to understand what

objects are present in the scene and where they are, as outlined in Section 1.1. In this

section, it is therefore shown that classifiers may be trained for the moving objects and

used to recognise new instances of those objects as they enter the scene.

The voxel blocks in the dynamic model that were identified as unstable provide a

natural representation of the dynamic parts of the scene. Where multiple dynamic

objects are present, they can be separated by finding the connected components of
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these voxel blocks. For each object, a one-class Support Vector Machine (SVM) [108]

with a polynomial kernel is trained and used to recognise new instances of the object

class.

Upon seeing a new object, the system first tries to classify the object into a category

that has already been seen, by predicting the objects class with all of the existing single

class SVMs. If this fails, the system generates a label for the object and trains a new

SVM for it’s class.

To make the training examples for the detected object, points are uniformly sampled

from the object’s isosurface and Fast Point Feature Histogram (FPFH) descriptors [109]

are computed at these points. FPFH descriptors are geometric features that provide a

per-point statistic of the curvature within some neighbourhood of the point (empirically,

a 2.5cm radius around the point is used). Figure 3.13 shows an example of this training

and prediction process for dynamic objects.

3.8 summary

As outlined in Sections 3.4 and 3.5, the proposed approach provides an improvement

on the quality of camera pose estimation when performing dense reconstruction

in scenes that have dynamic components, versus the standard KinectFusion [1] like

pipeline as implemented by Prisacariu et al [30]; a research objective that was outlined

in Section 1.4.

Additionally, it is evident that the proposed approach is capable of segmenting

dynamic components (such as people moving in an articulated fashion) that are

visible in the camera’s view frustum, from those that are static (such as furniture

in the scene). This segmentation also demonstrates a novel way of obtaining 3D

geometry information to perform rudimentary scene understanding. Additionally, the



70 real time motion segmentation for dense volumetric fusion

(a) (b) (c)

(d) (e) (f)

Figure 3.13: An example of the training and prediction process for dynamic objects:
(a) A teapot is placed in the scene.
(b) The teapot is recognised as a new object and an SVM is trained for it.
(c) A box is placed in the scene.
(d) The box is recognised as being distinct from the teapot, so a separate
SVM is trained.
(e) Another teapot is placed in the scene.
(f) The new teapot is recognised, and is labelled accordingly.
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resultant reconstructions of the proposed approach are qualitatively comparable to the

comparison static dense SLAM system (InfiniTAM). Both of these results relate again

to the research objectives of Section 1.4.

The novel dual volumetric representation approach taken in this work of main-

taining both a static and a dynamic scene, utilising only the former for camera pose

estimation provides a simple and robust system for dense 3D reconstruction in environ-

ments that would otherwise be troublesome. Contrary to existing approaches outlined

in Section 2.3, the presented system has scope for use in large-scale reconstruction

scenarios, due to it’s leverage of efficient, hashed volumetric data structures. In addi-

tion, by utilising such data structures, the proposed system performs to the level of

highly optimised [30] KinectFusion [1] implementations, demonstrating feasibility for

application to problems that require real time performance.

Since the development of the work outlined in this chapter, there has been further

research into combined dynamic and object-centric SLAM. R’́unz et al [110] in 2017

introduced an approach to dynamic SLAM in which dynamic objects are segmented

(in image space), reconstructed and tracked independently. In a future iteration of

this work, such a schema could be adopted and combined with the approach of this

chapter to yield a real-time, object aware dynamic SLAM system. The authors cite

the performance of their approach as being ≈ 12Hz. Further advancements by R’́unz

et al [111] utilise cues from a state-of-the-art [49] semantic segmentation algorithm to

identify probable dynamic objects in a given scene, for instance humans, and exclude

them from pose estimation accordingly. This contribution provides an additional,

potential future expansion upon the approach of this chapter.

With the contributions outlined in this work, the proposed approach provides a

platform for further research into problems such as live semantic scene understanding

and dense scene flow. The proposed approach has the potential to be further developed

in to a fully dynamic, semantic scene understanding and reconstruction system for use
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in robotics, VR and AR applications as outlined in Section 1.1. Though as previously

outlined, the contributions of this chapter allow for the extraction of 3D geometry data

for machine learning purposes, it is reliant on the detection of motion. As such, the

topic of Chapter 4 is 3D object reconstruction.



4
P R O B A B I L I S T I C O B J E C T R E C O N S T R U C T I O N W I T H O N L I N E

D R I F T C O R R E C T I O N

This chapter introduces an approach to the reconstruction of arbitrary objects

in a globally consistent manner with RGBD observations. In this chapter, a

probabilistic formulation of object reconstruction is given, in which correction of

model inconsistencies is performed on-line. The approach outlined in this chapter

demonstrates improvements in pose estimation and reconstruction quality against

multiple baseline approaches.

4.1 introduction

Dense SLAM has proven to be an effective paradigm for the reconstruction of scenes

of moderate scale, with much research on the topic being driven by the availability

of consumer grade depth sensing equipment. However, there is a heavy reliance on

descriptive geometry in the scene when there is a lack of texture. Less descriptive ge-

ometry leads to an increase in camera tracking error and causes model inconsistencies,

especially when a loop closure event occurs. This is due to the small but cumulative

73
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errors incurred in pose estimation that prevent a reconstructed model from being

closed when the camera returns to it’s starting position.

Such model inconsistencies and corruptions are prohibitive when accurate, non-

synthetic geometric models of real world objects are required. As outlined in Section

1.2, such accurate geometric data is needed for learning based approaches to semantic

scene understanding.

As object reconstruction can be seen as a smaller scale equivalent of the scene based

dense reconstruction problem, it too is prone to the tracking drift and loop closure

problems, sometimes to a prohibitive level. Often it may be desirable to perform

object reconstruction in an interactive way, for example, as a component of a scene

understanding system, or to procure training data for the object in question.

With a high level of interaction comes an exacerbation of the aforementioned

shortcomings of dense SLAM, particularly due to the potential for frequent, repetitive

motion. This is the problem that is addressed in this chapter.

In this chapter, a probabilistic object reconstruction framework is presented for the

reconstruction of rigid objects based on object appearances. The framework facilitates

the correction of camera tracking drift by representing the object to be reconstructed

as a collection of overlapping sub-segments, such that deformations may be inferred to

keep the sub-segments aligned, resulting in a consistent overall model. The system

utilises a volumetric representation for each of these object sub-segments, as with many

larger scale reconstruction systems. Each voxel in a given sub-segment has additional

appearance posterior information pertaining to the voxels membership of the object.

Over time, multiple volumes containing both surface and probabilistic appearance

information are maintained and manipulated to yield a robust and temporally con-

sistent model. Finally, the optimum object shape is optimised for within a CRF [55]

framework. Textured renderings of various objects reconstructed with the proposed

system are given in Figure 4.1.
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(a) (b) (c)

Figure 4.1: (a) Textured reconstruction of a Teddy Bear.
(b) Textured reconstruction of a Chair.
(c) Textured reconstruction of a Filing Cabinet.

The proposed system is inspired by that of Kolev et al [68] in that the representation

used for the shape of the object to be modelled is a volume of probabilities, pertaining

to posteriors over a voxel’s assignment to being either on the objects surface or not.

In the proposed system this volume of posterior probabilities is “fused” into with

each frame, much like the fusion process in systems such as KinectFusion [1] and

InfiniTAM [30].

The probabilities that are “fused” into the volume are generated from an appear-

ance model, initialised prior to reconstruction by a Maximum Likelihood Estimation

(MLE) [55] procedure over the first frame of the RGB image. There are two appear-

ance models, one for the foreground object and one for the background, with the

foreground object indicated by a bounding box input by the user on the first RGB

frame. An appearance distribution is fitted over the appearance features of each region,

foreground and background.

During the fusion process, the Probability Density Functions (PDF) or PMF’s of

these distributions are evaluated on the latest colour observation for a given frame.

The aforementioned voxel posteriors are computed & updated accordingly in the

probability volume, with respect to the instantaneous image space probability maps

shown in Figures 4.2. Only those voxels with a posterior higher for the foreground

than the background are rendered.
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The remainder of this chapter proceeds as follows; Section 4.2 provides a high level

overview of the proposed algorithm in terms of it’s separate components. Section

4.3 introduces and formalises the probabilistic framework on which the proposed

object reconstruction system is based. Following the introduction of the probabilistic

framework, Section 4.4 introduces it’s use for the online correction process. Section 4.5

describes the volumetric segmentation approach taken for refinement of the resultant

object reconstructions. To conclude the introduction of the technical aspects of the

system introduced in this chapter, Section 4.6 provides an algorithmic summary of

the proposed approach. Sections 4.7 and 4.8 present comparative qualitative and

quantitative results, respectively, against alternative object reconstruction approaches.

Finally, Sections 4.9 and 4.10 provide performance analyses and a discussion of findings,

respectively.

4.2 algorithm overview

In the proposed system, the object model is divided into sub-volumes, each consisting

of a TSDF, colour volume and object probability volume. Additionally, each has

associated with it, a rigid body transform T ∈ SE(3) that specifies it’s pose relative to

the global coordinate frame.

At each time step, a segmentation model is applied to the RGB input image to

generate an object probability map defining the segmented region to be the object of

interest (as shown in Figure 4.2) and the remainder the background, to be discarded.

Using these generated probability maps, the system accumulates the probabilities into

the object probability volume of the active sub-volume. Examples of such instantaneous

probability maps are given in Figure 4.2.
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(a) (b)

Figure 4.2: (a) An instantaneous probability map in which much noise is present
in the background.
(b) A map that is very probabilistically polarized with respect to foreground
and background beliefs.

As with the dense SLAM system outlined earlier in this work, the proposed system

also has Integration, Tracking and Rendering stages in its pipeline (all of which are run at

each time step). However, in the proposed system, there are an additional two stages

to the pipeline; Online Model Correction and CRF Based Segmentation.

At the end of each frame, the online model correction algorithm is run, which

infers the relative poses between the sub-volumes, mitigating tracking drift. Once the

reconstruction process is finished, a CRF based optimisation is performed to refine the

resulting object segmentation over all sub-volumes.

The proposed approach is not tied to the use of any one probabilistic model, though

in the presented experiments PwP of Bibby et al [72] is used. An overview of the object

reconstruction pipeline is shown in Figure 4.3.

4.3 probabilistic formulation of object reconstruction

The surface map and camera pose are estimated using the standard KinectFusion

like pipeline of Newcombe et al, Prisacariu et al [1, 30]. The surface is represented as

the Zero Level Set of a TSDF discretised over voxels, with the iso-surface embedding
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Figure 4.3: The pipeline of the proposed Object Reconstruction approach.
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built by a weighted mean of new observations, as outlined in Equations 3.28 and 3.29.

Camera pose estimation is performed with ICP, as outlined in Section 3.2.1 and is run

simultaneously against the evolving map. Here, inspired by [68], this procedure is

augmented by estimating the posterior probability per map voxel, of belonging to the

object of interest. This volume of posterior probabilities is updated at each time step,

in parallel to the fusion process in the mapping and pose estimation components of

the pipeline.

The representation of the reconstructed object comprises multiple sub-volumes,

each pertaining to some patch on the object surface. Additional sub-volumes are

created when sufficiently many new voxels have been allocated and have had SDF data

integrated. By ensuring overlap between the sub-volumes, transformations between

them can be found and pose inconsistencies addressed, online. Empirically, the

threshold for starting a new sub-volume is defined as the event when 50% of the voxels

fused in to the current volume are newly observed points, such that there is sufficient

overlap between two sub-volumes that shall later be registered.

4.3.1 Volumetric Appearance Model

At each observed RGBD frame, the object posterior probabilities for the visible voxels

in the active sub-volume are updated via an appearance-derived probability map

for that frame, as described in Section 1.3. Under the assumption of conditional

independence between frames (for the sake of tractability), the posterior probability

of a given voxel ψ ∈ Ψ belonging to the object has the following form (noting that

Φ ⊂ Ψ):

P(ψ ∈ Φ|Ω,p) =
∞∏
t=0

P(ψt ∈ Φ|Ωt,pt) (4.1)
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In Equation 4.1 Ψ is the volume of voxels for which measurements are accumulated,

Φ is the volume of voxels pertaining to the object Φ of interest, Ωt is the current RGBD

image observation at time t and pt is the currently tracked pose at time t. Equation 4.1

gives the probability of a voxel belonging to the object of interest as the product of

instantaneous appearance-derived pixel-wise conditionals. Note that in the above, Φ is

a discretisation of the continuous Φ in the probabilistic formulation that follows.

4.3.2 Full Joint Definition

Central to the proposed system is the aforementioned volume of appearance based

posterior probabilities pertaining to a voxel wise membership of either the object voxel

set or the non object (background) voxel set. This allows for formulation of the full joint

distribution over the object as the Probabilistic Graphical Model (PGM) of Figure 4.4.

Φ u

L

Ω

p

t, p

Ψ

s, s’

Figure 4.4: Probabilistic Graphical Model representing the full joint distribution over the shape
Φ of the object of interest.

In Figure 4.4, Φ is the shape of the object to be reconstructed (represented as a

subset of voxels for which surface data has been integrated into the relevant TSDF), u is

the appearance model volume (aforementioned appearance posteriors of Equation 4.1),

L is the set of consistency constraints for each adjacent sub volume pair in the form of
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rigid body transformations, Ω is the set of RGBD image pixels and p the set of poses

over time.

The PGM given in Figure 4.4 leads to the factorisation over the full joint distribution

given in Equation 4.2.

P(Φ,Ω,p,u,L) =
∏
ψ∈Ψ

∏
s,s ′∈S

P(Φ | uψ,Ls,s ′)
∞∏
t=0

∏
p∈P

P(uψ |Ωp,t,pt)P(Ls,s ′ |Ωp,t,pt)

P(Ls,s ′)P(pt)P(Ωp,t)

(4.2)

In Equation 4.2, Ψ is the set of voxels across all sub-volumes, P is the set of RGBD

pixels for a given frame Ωt, and S is the set of sub-volumes. Note that the notation

s, s ′ ∈ S refers to pairs of adjacent, overlapping sub-volumes.

If pixel-wise independence is assumed in the RGBD observations and temporal

independence is assumed in the poses, the plate containing Ω and p can be removed

as shown in Figure 4.5.

Φ u

L

Ω

p

s, s’

Ψ

Figure 4.5: Probabilistic Graphical Model representing the simplified joint distribution over the
shape Φ of the object of interest.
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The simplifications transforming the PGM of Figure 4.4 in to that of Figure 4.5 lead

to the factorisation of the joint distribution over Φ given in Equation 4.3.

P(Φ,Ω,p,u,L) =
∏
ψ∈Ψ

P(Φ | uψ)
∏
s,s ′∈S

P(uψ |Ω,p,Ls,s ′)P(Ls,s ′ |Ω,p)P(Ls,s ′)P(p)P(Ω)

(4.3)

The formalisms defined in Figures 4.4 and 4.5, and Equations 4.2 and 4.3 describe

a probabilistic framework in which online corrections can be made to the reconstructed

model (piecewise over sub-volumes), to counter errors caused by pose tracking incon-

sistencies. As with scene scale dense SLAM systems [1, 30, 20], the presented system

follows a pipeline that consists of a tracking stage and an integration stage, as outlined

in Section 3.2.

However, the presented formulation of this pipeline consists of an additional, novel

estimation module that relies on the use of a sub-volume representation (an example

of which is given in Figure 4.6) to correct tracking errors by applying rigid body

transformations to the sub-segments of the reconstructed shape (the sub-volumes) to

correct their alignment when there are intra sub-segment tracking inconsistencies. As

inference on the full joint distribution of the presented probabilistic model is intractable,

conditional independence assumptions are made that empirically do not appear to

cause any functional issues.

Note that only voxels whose appearance posterior is greater for the foreground

class are used in the correction procedure; only voxels that satisfy the probabilistic

condition P(ψ ∈ Φ|Ω,p) > 1− P(ψ ∈ Φ|Ω,p) are considered.
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(a) (b)

(c) (d)

Figure 4.6: Example subvolume renderings of a given object of interest. As viewed from the
front:
(a) Left hand side and back.
(b) Back and right hand side.
(c) Top and sides
(d) Top and left hand side.
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4.3.3 Appearance Marginal

Continuing on from the formulation given in Equation 4.3, the appearance model u

may be marginalised as follows.

P(Φ,Ω,p,L) =
∫ ∏
ψ∈Ψ

P(Φ | uψ)
∏
s,s ′∈S

P(uψ |Ω,p,Ls,s ′)P(Ls,s ′ |Ω,p)P(Ls,s ′)P(p)P(Ω)du

(4.4)

=
∏
ψ∈Ψ

∫
P(Φ | uψ)

∏
s,s ′∈S

P(uψ |Ω,p,Ls,s ′)P(Ls,s ′ |Ω,p)P(Ls,s ′)P(p)P(Ω)du

(4.5)

=
∏
s,s ′∈S

P(Ls,s ′ |Ω,p)P(Ls,s ′)P(p)P(Ω)P(Φ) (4.6)

Note that the appearance posterior volume outlined in Section 4.3.1 is reintroduced

later in this work in Section 4.4 for the purposes of sub-volume alignment and de-

termining the subset of voxels Φ ⊂ Ψ that yield the target object shape. Further

details pertaining to the inference procedure for the per-sub-volume deformations are

provided in Section 4.4.

4.4 online model correction

The tracking consistency constraints denoted by the variables Ls,s ′ such that s, s ′ ∈ S,

where S is the set of overlapping sub-volume pairs s, s ′ in the PGM’s given by Figures

4.4 and 4.5. These constraints can be enforced in terms of minimising the disparity

between each pair of adjacent sub-volumes. The effect of this minimisation being
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that consistency in the pose estimation phase of the pipeline outlined in Figure 4.3 is

enforced. The objective of this procedure is to infer a robust and consistent deformation

transformation for the sub-volume pair.

4.4.1 Alignment MAP Estimate

Referring back to the joint distribution of Equation 4.3, to achieve the aforementioned

minimisation of disparity between overlapping sub-volumes, a MAP estimate is desir-

able. The MAP estimate over Ls,s ′ in Equation 4.3, for a given sub-volume pair s, s ′,

may be derived as follows.

P(Ω,p|Ls,s ′) ∝
∏
s,s ′∈S

P(Ls,s ′ |Ω,p)P(Ω|p)P(p)P(Ls,s ′)∫
P(Ls,s ′ |Ω,p)dLs,s ′

P(Φ) (4.7)

∝
∏
s,s ′∈S

P(Ls,s ′ |Ω,p)P(Ω|p)P(p)P(Ls,s ′)P(Φ) (4.8)

∝
∏
s,s ′∈S

P(Ls,s ′ |Ω,p)P(Ls,s ′)P(Φ) (4.9)

Note that in the third step of Equation 4.7 the distributions P(Ω|p) and P(p) are taken

to be uniform and as such may be omitted whilst retaining proportionality. The prior

distribution P(Ls,s ′) is conjugate to P(Ls,s ′ |Ω,p) and is of the form of a multivariate

Gaussian distribution N(0 | I) over the SE(3) deformation parameters described in

Section 3.2.1.

The choice of such a prior distribution is motivated by the assumption that motion

between consecutive frames is minor (for a real-time sensor running at at least 30Hz),

thus the given prior will have the effect of constraining the SE(3) transformation

accordingly. The prior distribution P(Φ) serves as a surface prior to mitigate the effect
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of noise introduced in to the TSDF volumes. The form of P(Φ) shall be discussed in

Section 4.4.2.

The rationale of Equation 4.7 is that the deformation Ls,s ′ applied to the sub-volume

s maximises the posterior probability of observing the current pose p given the current

RGBD frame Ω by reducing the variance of the result of the pose estimation phase

of the pipeline. As such, global tracking variance (quantified by the proportion of

outliers in the result of the ICP component of the pipeline) is reduced by enforcing local

consistency, also improving global consistency and thus the quality of the resultant

reconstruction.

4.4.2 Analytic Form of Alignment MAP Estimate

With the probabilistic framework now outlined, the analytic form of the posterior

given in Equation 4.7 may be explored. The likelihood term in Equation 4.7 quantifies

the ability of the constraint Ls,s ′ to maximise consistency between sub-volumes s and

s ′, with respect to observed RGBD frame Ω and pose p. By quantifying the likelihood

only for voxels in s and s ′ that are visible in the current view frustum at time t, the

posterior P(Ω,p|Ls,s ′) is given. As outlined in Section 4.4.1, the prior on the constraints

Ls,s ′ has the form of a multivariate Gaussian distribution of the form N(0, I).

As such, the analytic form of the likelihood term P(Ls,s ′ |Ω,p) is given as follows.

P(Ls,s ′ |Ω,p) =
∏

(s,s ′)∈S

1√
2πσ

e
− 1

2σ2

[
Φs

(
x
)
−Φs ′

(
Λ(x,p,t)

)]2
(4.10)
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In Equation 4.10, the function Λ(.) applies the resultant SE(3) transform to a given

voxel position x and is defined as follows.

Λ(x,p, t) = Rpx+ t (4.11)

=

Rp t

0 1

 x (4.12)

In Equation 4.11 Rp is the SO(3) rotation matrix generated from the Rodrigues param-

eters given by the Vector p (recall the definition of the Rodrigues parameterisation

given in Equation 3.4 of Section 3.2.1).

The form of the aforementioned surface prior P(Φ) is taken to be that of the

logistic distribution, due to the symmetric 1− f(x) = f(−x) and squashing Range[f(x)] =

[0, 1] properties of it’s Cumulative Density Function (CDF). The PDF of the logistic

distribution is given as follows.

Logistic(x | µ,σ) =
e−

x−µ
σ

σ
(
1+ e−

x−µ
σ

)2 (4.13)

To encode the probability of a given voxel ψ ∈ Ψ containing an isosurface point,

represented as the Zero Level Set defined in Equation 3.1 of a TSDF, it is desirable to
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quantify the probability with a function that has the aforementioned properties. As

such, the CDF of P(Φ)′ is derived as follows.

P̄(Φ) ∝ P(Φ < b) (4.14)

∝
∫b
−∞

e−
Φ−µ
σ

σ
(
1+ e−

Φ−µ
σ

)2dΦ (4.15)

∝ lim
y→−∞

∫b
y

e
−Φ+µ
σ

σ
(
1+ e

−Φ+µ
σ

)2dΦ (4.16)

∝ lim
y→−∞ 1σ

∫b
y

e
u
s(

1+ e
u
σ

)2du (4.17)

Where u = −Φ+ µ and du = −dΦ

∝ lim
y→−∞−

∫b
y

ep(
1+ ep

)2dp (4.18)

Where p = u
σ and dp = 1

σdu

∝ lim
y→−∞−

∫b
y

1

w2
dw (4.19)
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Where w = 1+ ep and dw = epdp

∝ lim
y→−∞

[
1

w
+C

]b
y

(4.20)

∝ lim
y→−∞

[
1

1+ ep
+C

]b
y

(4.21)

= lim
y→−∞

[
1

1+ e
u
σ

+C

]b
y

(4.22)

∝ lim
y→−∞

[
1

1+ e
−Φ+µ
σ

+C

]b
y

(4.23)

∝

[
1

1+ e
−Φ+µ
σ

+C

]
Φ=b

−

[
lim
y→−∞ 1

1+ e
−Φ+µ
σ

∣∣∣∣∣
Φ=y

+C

]
(4.24)

∝ 1

1+ e
−Φ+µ
σ

(4.25)

With the CDF of Equation 4.13 derived in Equation 4.14, an appropriate choice of

the parameters µ and σ must be made for the prior over the SDF. The logistic PDF

and CDF are plotted in Figure 4.7 for varying values of µ and σ.

The requirement of the shape prior is to penalise SDF values that are both far from

the isosurface and behind the isosurface. As such, a suitable prior may be found by

parameterising the CDF is an appropriate manner. With the parameterisation of µ = 4

and σ = 0.7, the CDF is shifted appropriately and penalises on a strict range of SDF

values. However, in this form the CDF penalises SDF points close to the isosurface.

However, this is trivially solved as in Figure 4.8, note the symmetric property of the

logistic CDF.
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Figure 4.7: (a) PDF of the Logistic Distribution with varying µ and σ = 1.
(b) CDF of the Logistic Distribution with varying µ and σ = 1.
(c) PDF of the Logistic Distribution with varying σ and µ = 0.
(d) CDF of the Logistic Distribution with varying σ and µ = 0.
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Figure 4.8: P(Φ) and 1− P(Φ)

Given the CDF derived in Equation 4.14, the prior P(Φ) is redefined as follows.

P(Φ) ∝


1−
∫b
−∞ Logistic(Φ | µ,σ)dΦ

∣∣∣
µ=4,σ=0.7

ifΦ > 0

0 ifΦ < 0
(4.26)

∝


1− P̄(Φ) ifΦ > 0

0 ifΦ < 0
(4.27)

It is evident from Equation 4.26 that under an appropriate paramaterisation, the

CDF of the logistic distribution is the logistic sigmoid function prevelant in the

Artificial Neural Network literature. As given in Equation 4.26 the mean µ and

standard deviation σ are 0 and 1, respectively.
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Finally, the analytic form of the log-posterior is given as follows, optimising for

the Rodriguez parameters p and translation vector t of the constraint Ls,s ′ between

sub-volumes s and s ′.

lnP(Ω,p|Ls,s ′) ∝ ln
∏
s,s ′∈S

P(Ls,s ′ |Ω,p)P(Ls,s ′)P̄(Φ) (4.28)

∝
∑
s,s ′∈S

lnP(Ls,s ′ |Ω,p) +
∑
s,s ′∈S

lnP(Ls,s ′) +
∑
s,s ′∈S

ln P̄(Φ) (4.29)

∝
∑
s,s ′∈S

[
ln

1√
2πσ

e
− 1

2σ2

[
Φs

(
x
)
−Φs ′

(
Λ(x,p,t)

)]2

+ ln
−1
2e
pTΣ−1p√

(2π)k |Σ|
+ ln

1

1+ e−Φ

]
(4.30)

∝
∑
s,s ′∈S

[
− ln(2πσ) −

1

2σ2

[
Φs
(
x
)
−Φs ′

(
Λ(x,p, t)

)]2
−
1

2
ln |Σ|

−
1

2
pTΣ−1p− ln(1+ e−Φ)

]
(4.31)

∝
∑
s,s ′∈S

[
− ln(2πσ) −

1

2σ2

[
Φs(x) −Φs ′

(
Λ(x,p, t)

)]2
−
1

2
pTp

− ln(1+ e−Φ)

]
(4.32)

As with the gradients derived in Section 3.2.1, the gradient update when optimising

Equation 4.28 takes the familiar Levenberg-Marquardt update form, akin to that of

Equation 3.24.
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4.4.3 Optimisation for MAP Inference

To infer the optimal consistency constraints between adjacent sub-volumes, the log-

posterior given in Equation 4.28 may be optimised using second order gradient based

methods such as Levenberg-Marquardt in a similar fashion to the procedure outlined

in Section 3.2.1. As with the ICP procedure outlined in Section 3.2.1, the optimisation

is performed with respect to the three Rodriguez rotation parameters α, β, γ and

translation parameters tx, ty and tz of the target SE(3) transformation.

In a similar manner to the process outlined in Section 3.2.1, the target energy

function must be differentiated with respect to each of the SE(3) parameters. In this

case, the log-posterior of Equation 4.28 is the target energy function and shall be

denoted E(.) in the following derivation. The derivation of the partial derivatives

of E(.) with respect to the Rodriguez rotational parameters is as follows for some

parameter τ ∈ {α,β,γ}. It should be noted that the partial derivative with respect to

the translation parameters can be derived in a similar manner.

∂E

∂τ
=
∑
s,s ′∈S

[
−
∂

∂τ
ln(2πσ) −

∂

∂τ

1

2σ2

[
Φs
(
x
)
−Φs ′

(
Λ(x)

)]2
−
∂

∂τ

1

2
pTp−

∂

∂τ
ln(1+ e−Φ)

]

(4.33)

=
∑
s,s ′∈S

[
1

2σ2
∂

∂τ

[
Φs
(
x
)
−Φs ′

(
Λ(x)

)]2
−
1

2

∂

∂τ
pTp−

∂

∂τ
ln(1+ e−Φ)

]
(4.34)

=
∑
s,s ′∈S

[
1

2σ2
∂φ

∂Φ

∂Φ

∂Λ

∂Λ

∂Rτ
−
1

2

∂

∂τ
pTp−

∂

∂τ
ln(1+ e−Φ)

]
(4.35)
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Where φ(.) =
(
Φs(x) −Φs ′(Λ(x))

)2
=
∑
s,s ′∈S

[
σ2φ(.)

∂Φ

∂Λ

∂Λ

∂Rτ
−
1

2

∂

∂τ
pTp−

∂

∂τ
ln(1+ e−Φ)

]
(4.36)

=
∑
s,s ′∈S

[
σ2φ(.)

∂Φ

∂Λ

∂Λ

∂Rτ
−pT −

∂

∂τ
ln(1+ e−Φ)

]
(4.37)

=
∑
s,s ′∈S

[
σ2φ(.)

∂Φ

∂Λ

∂Λ

∂Rτ
−pT +

1

1+ eΦ
∂Φ

∂Λ

∂Λ

∂Rτ

]
(4.38)

4.4.4 Implicit Surface Deformation

The resultant object surface Φ is implicitly deformed according to the inferred con-

sistency constraints L by a blending function ζ(X) over each set X of overlapping

sub-volumes for which surface data has been integrated. The set X is defined as

follows in Equation 4.39.

X =
{
L
s,s ′ ,Ψs,Ψs ′

}
∀s, s

′
∈ S (4.39)

The blending of surface data between two volumes Ψs and Ψ
s
′ approximates the

true object surface Φ, assumed to exist between that of Ψs and Ψ
s
′ . This notion is

depicted in Figure 4.9. In Figure 4.9, T1 and T2 are SE(3) transforms applied to the

surfaces of the object sub-volumes.
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Figure 4.9: An example of deformations being applied to observed surfaces to approximate a
true surface.

For the experiments performed in this work, the blending function ζ is defined

as follows in Equation 4.40. Note that the output of the blending function ζ is the

approximated object surface Φ.

Φ = ζ(X) (4.40)

=
1

|X|

∑
χ∈X

[
Ψs(v) −Ψs ′ (v

′
)∀v, v

′
∈ Ψs ∪Ψs ′ ↔

1− P(Ψs(v) ∈ Φ|Ω,p) < 0.5∧

1− P(Ψ
s
′ (v
′
) ∈ Φ|Ω,p) < 0.5

]

(4.41)

4.5 volumetric segmentation and explicit loop closure detection

The final component of the proposed pipeline performs a segmentation in 3D observed

model space to perform refinements over the appearance posteriors that separate the

voxels pertaining to the object of interest from those that have irrelevant measurements
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integrated, i.e. background measurements that have not been used to perform pose

estimation and as such have not been rendered.

This segmentation is formulated within a CRF framework, with each node in the

CRF graph representing a set of neighbouring voxels in volumetric space, where

connections are made between adjacent voxel neighbourhoods. This segmentation

process is posed as an energy minimisation problem to optimise for a cut in down-

sampled voxel space between observations pertaining to the object of interest and those

of irrelevant observations, such that a segmentation in 3D is obtained. The central

purpose of this segmentation is to refine the resultant output model of the proposed

object reconstruction system. The described CRF model is depicted in Figure 4.10

Figure 4.10: The 3D CRF model over Voxel space.

The following energy function consists of the appearance posterior probabilities

accumulated during the on-line fusion process for a region in space as the CRF

unary potentials. The pairwise smoothing term represents the physical appearance
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similarity of the observation regions represented by the texture fused in to the voxels

of neighbourhoods γ and γ
′
:

En =

∞∏
t=0

∏
ψ∈Ψn

P(ψ ∈ Φ |Ωt,pt) + P(E[c]γ | E[c]γ ′) (4.42)

In Equation 4.42 the terms E[c]γ and E[c]γ ′ of the pairwise component of the

energy function are the expected values over appearance for the 3D regions γ and

γ ′ respectively. Recall the unary term P(ψ ∈ Φ |Ωt,pt) from Equation 4.1 of Section

4.3.1. In the implementation of this work, the voxel neighbourhood of a given voxel

is defined to be it’s first degree connected components for which valid SDF data has

been integrated.

In the implementation used in this work, the aforementioned cut in voxel space

is obtained by optimising the energy function of Equation 4.42 within a Max-Flow

framework [112] due to GPU parallelisation potential.

4.6 pipeline summary

As outlined, the proposed object reconstruction system performs online correction of

reconstruction errors incurred by erroneous pose estimation results. The process of

reconstruction and correction is given in the algorithm that follows.
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Algorithm 4 Object Reconstruction with Drift Correction

1: procedure Object Reconstruction Iteration(Ω, S,u, t)
2: P← getProbMap(Ωrgb)
3: for s ∈ S do . For Each Submap s
4: if isVisible(s) then
5: Φs ← getVolume(s)
6: T st ← getPose(s)
7: Rs ← raycast(Φs,Ωdepth, T st )
8: T st+1 ← estimatePose(R,D)
9: updatePose(T st+1)

10: D← unproject(Ωdepth)
11: Φs ← integrate(D,Φs, T st+1)
12: updatePosteriorVolume(D,u,P, T st+1) . Update Posterior with P

13: if adjacentVolumesOverlap(s) > 50% then
14: newAdjacentSubmap(s, T st+1)
15: end if
16: end if
17: end for
18: for s, s

′ ∈ S do . For Overlapping Submaps s, s
′

19: Φs ← getVolume(s)
20: Φ

s
′ ← getVolume(s

′
)

21: L
s,s ′ ← getConstraints(s, s

′
)

22: L?
s,s ′
← inferOptimalConstraints(Φs,Φs ′ ,Ls,s ′ ) . Optimise Equation 4.33

23: updateConstraints(s, s
′
,L?
s,s ′

)

24: end for
25: if t%n == 0 then
26: for s ∈ S do
27: maxFlow(s) . Optimise Equation 4.42

28: end for
29: end if
30: end procedure

The process outlined in the given algorithm is highly amenable to GPU paralleli-

sation. The first loop integrates the observed depth map into each active sub-map,

estimates it’s updated pose and adds instantaneous probability information to it’s

appearance posterior volume. As outlined in Section 3.3.3, the integration and pose es-

timation phases are largely parallelisable with minimal risk of race condition occurring

if care is taken.
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Though the second loop itself is not directly parallelisable due to the dependen-

cies between sub-maps given their consistency constraints, the inference of optimal

constraints is parallelisable. Though multiple constraints may not be optimised for at

a time, the process of registering two adjacent sub-maps is easily amenable to GPU

parallelisation, when each sub-map pair is taken sequentially.

Finally, with careful implementations and use of atomic primitives, the max flow

procedure performed on each sub-map may be parallelised for GPU hardware. In

addition, each sub-map may be processed in parallel as there is no data dependency at

this stage that would be problematic for the task of performing segmentation on each

individual sub-map.

4.7 qualitative results

Empirically the proposed system is capable of reconstructing a range of objects

characterised by a range of different sizes and geometries. The experiments in this

section demonstrate efficacy over the approach of Ren et al [74] for the task of obtaining

closed, small object reconstructions from RGBD data. Each evaluation sequence is run

on the system proposed in this chapter versus that of Ren et al, with output snapshots

taken at quarterly intervals for each sequence. In Section 4.8, a quantitative evaluation

of reconstruction quality is given.

As can be observed in Figure 4.11, the proposed system of Ren et al begins with a

discretised SDF shape prior of a sphere that is evolved over time whilst simultaneously

optimising for pose. However, it is evident that through the course of the sequence it

is unable to evolve sufficiently to model the object of interest, contrary to the approach

outlined in this chapter.
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(a)

(b)

Figure 4.11: (a) The system of Ren et al [74] evolving a shape prior SDF from
RGBD observations on the Museum Rock sequence.
(b) The proposed system (of this work) reconstructing the same object
from RGBD observations of the Museum Rock sequence.

(a)

(b)

Figure 4.12: (a) The system of Ren et al [74] evolving a shape prior SDF from RGBD
observations on the Museum Dinosaur Head sequence.
(b) The proposed system (of this work) reconstructing same the object
from RGBD observations of the Museum Dinosaur Head sequence.
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As with the example given in Figure 4.11, it can be seen in Figure 4.12 that the

system of Ren et al is again unable to evolve the SDF shape prior sufficiently to model

the object of interest. As can be observed, again the proposed system of this work is

capable of yielding a suitable reconstruction.

An additional evaluation is performed on the proposed systems ability to recon-

struct a range of objects versus that of an implementation of the standard KinectFusion

pipeline as outlined in Section 3.1. The central difference in the use of the two ap-

proaches for the purposes of this comparison is that in the proposed system, only the

observed points of the live frame and of the reconstruction that belong to the object of

interest are used for pose estimation.

In the KinectFusion pipeline, used as a base of comparison however, the entire

scene is modelled as the camera moves, with the reconstruction of the object of interest

being segmented as a post processing step. As such, the results extracted from the

KinectFusion pipeline are taken to be the ground truth reconstructions of the object of

interest. This is due to the more robust pose estimation that would be expected from

utilising all available geometric data for tracking, versus utilising only that of a single,

potentially small object. The reconstructions of each approach are given in Figures 4.13

and 4.14.

As can be seen in Figures 4.13 and 4.14, the proposed system is capable of providing

reconstructions of a wide variety of objects in an aesthetically similar manner to a

well established baseline. The proposed system provides globally consistent, closed

reconstructions as is evident from the top-down views presented in Figures 4.13

and 4.14.

The efficacy of the approach described in this work is further demonstrated when

comparing the pipeline as outlined in Figure 4.3 to a version that utilises only a single

representation of the object of interest. Figure 4.15 demonstrates the difference in
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 4.13: Comparisons of object reconstructions, versus manually segmented (after
scene reconstruction) ground truth models:
(a, b) Dinosaur Head.
(c, d) Chair.
(e, f) Bear.
(g, h) Brain.
Reconstructions from the proposed system are on the left, ground truth
is on the right.
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(a) (b)

(c) (d)

Figure 4.14: Closed reconstructions of the following sequences: (a) Teddy.
(b) Dinosaur Head.
(c) Chair.
(d) Rock sequences.

reconstruction output when not utilising the multiple sub-volume representation and

it’s accompanying enforcement of consistency constraints.

The gaps in the isosurface depicted in Figure 4.15 (a, b) demonstrate the impact

that drift in the pose estimation stage can have on the resultant reconstruction; drift

can introduce irregularities in the extraction and rendering of the objects isosurface.

Note that the reconstructions given in Figure 4.15 (c, d) do not suffer such irregularities

when utilising the object reconstruction pipeline presented in this chapter.

A final set of examples of the system in use for face reconstruction are given in

Figure 4.16, the objective of which is to demonstrate tracking with mostly uniform

appearance.
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(a) (b)

(c) (d)

Figure 4.15: Teddy reconstruction with InfiniTAM versus the system proposed in this work:
(a, b) InfiniTAM.
(c, d) Approach of this work.

4.8 quantitative results

In this section the performance of the proposed system is evaluated quantitatively

with respect to both pose estimation accuracy and reconstruction accuracy.

For pose evaluation, the 3D Object Reconstruction subset of the RGB-D SLAM Dataset

and Benchmark [106] is used1. The objects of interest in the dataset vary largely in both

geometry and appearance. As with the quantitative evaluation presented in Section 3.5,

the ATE is the primary metric of interest.

It can be seen from Table 4.1 that on the freiburg3 cabinet and freiburg3 teddy se-

quences the approach proposed in this work yields a marked improvement in ATE

over that of the standard KinectFusion pipeline with object segmentation.

1 Technical University of Munich, RGB-D SLAM Dataset and Benchmark.
https://vision.in.tum.de/data/datasets/rgbd-dataset

https://vision.in.tum.de/data/datasets/rgbd-dataset
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(a) (b)

(c) (d)

Figure 4.16: Tracking and reconstructing a face at various poses.

Sequence Name Proposed Approach ATE (m) InfiniTAM (m)

freiburg3 cabinet 0.077903 0.520693

freiburg3 teddy 0.030596 0.048560

Table 4.1: ATE results achieved by the proposed approach versus InfiniTAM with object
segmentation.
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The remaining sequences in the 3D Object Reconstruction subset of the RGB-D

SLAM Dataset and Benchmark [106] did not yield an interpretable reconstruction; these

sequences did not reconstruct in neither the proposed approach, nor the baseline

approach (InfiniTAM). In the case of the freiburg2 metallic sphere (2) sequences, the

object of interest is purely spherical in geometry. Such a shape is problematic for ICP

like tracking algorithms due to it’s inherent ambiguity. Ambiguous geometry was also

troublesome for the freiburg2 coke sequence in both systems. The freiburg2 flowerbouquet

(brownbg) sequences also proved troublesome for both approaches. When inspecting

the depth stream for this sequence it is apparent that much of the flower bouquet

does not have consistent depth data, in some cases with a large amount of descriptive

geometrical information missing. An example of such frames from the sequence are

given in Figure 4.17

(a) (b)

Figure 4.17: (a) Starting frame with much missing depth data.
(b) End frame with much more depth data.

The trajectories of the proposed object reconstruction system are evaluated on the

freiburg3 cabinet and freiburg3 teddy sequences of Table 4.1, and are plotted versus the

ground truth trajectories in Figure 4.18.

The proposed system is additionally evaluated quantitatively with respect to recon-

struction quality. Reference models are obtained by reconstructing both the object of
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(b)

Figure 4.18: Trajectory plots for the following sequences:
(a) freiburg3 cabinet.
(b) freiburg3 teddy.
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interest and it’s surrounding scene (for maximal pose estimation accuracy), followed

by a manual segmentation of the object of interest in 3-space. To quantify the recon-

struction quality the Hausdorff Distance [113] for subsets of metric spaces is used,

where in this case the metric space is Euclidean. The Hausdorff Distance is defined as

follows in Equation 4.43

dH(X, Y) = max

[
sup
x∈X

inf
y∈Y

d(x,y), sup
y∈Y

inf
x∈X

d(x,y)

]
(4.43)

In Equation 4.43, X is the ground truth dense SLAM reconstruction, Y is the recon-

struction outputted by the proposed system and d(.) is the Euclidean distance.

The resultant quantitative comparisons may be found in Table 4.2.

Sequence Min Dist (m) Max Dist (m) Mean Dist (m) RMS (m)

Bear 0 0.102777 0.013588 0.019796

Brain 0 0.026465 0.008745 0.011349

Chair 0 0.053441 0.012349 0.016422

Dinosaur Head 0 0.035252 0.007919 0.010676

Table 4.2: Minimum, maximum, mean and RMSE distances between the reconstructions yielded
by the proposed system and the baseline.

As can be seen by the similarity measures presented, the proposed system is capable

of yielding reconstructions to a high quality despite the markedly more difficult pose

estimation scenario of utilising the observations of a single object rather than those of an

entire scene. It can be seen that the presented output reconstructions are geometrically

close to those reconstructed with a dense SLAM system [30] following the KinectFusion

[1] pipeline that is modelling and tracking the entire scene and thus has much more

geometrical data with which to estimate pose.

Figure 4.19 presents renderings of the Teddy, Brain, Chair and Dinosaur Head se-

quences textured on the Hausdorff Distance between the output reconstructions of the
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presented system and the base reconstructions extracted from the KinectFusion like

pipeline.

(a) (b)

(c) (d)

Max Min
(e)

Figure 4.19: (a, b, c, d) Renderings of the sequences evaluated in Table 4.2 textured
on Hausdorff Distance.
(e) Intensity mapping corresponding to the minimum and maximum
values given in Table 4.2.

4.9 performance evaluation

This section provides an analysis of the performance of the proposed approach. The

research objectives outlined in Section 1.4 highlight the requirement that commodity

hardware be used for ease of applicability. As such, the proposed system has been

designed with real time performance in mind. Figure 4.20 gives performance statistics

on a subset of the evaluation sequences.
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Figure 4.20: Performance of the proposed approach on the Bear, Dinosaur Head and Museum
Rock sequences.
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It can be seen in Figure 4.20 that for the Bear and Dinosaur Head sequences there

are mean per-frame running times of 0.011948 and 0.010490 seconds, respectively. It

can also be seen that the Standard Deviations of the frame running times are small

(0.002129 and 0.002185 seconds respectively). As these sequences focus on objects

with sufficient geometry to converge to a consistent model in a relatively short period,

the fluctuations in runtime due to online correction are minimal. However, it may

be seen in Figure 4.20 that for the Museum Rock sequence, the runtime is less stable.

This sequence demonstrates a mean per frame runtime of 0.021890 seconds, with a

larger standard deviation of 0.007783 seconds. This behaviour is likely to be caused by

the lack of descriptive geometry of the object, resulting in less stable pose estimation.

As such, for this sequence, the online correction procedure requires more iterations

to converge to a consistent model. The spikes in Figure 4.20 reflect the practical

implications of this; though correction is performed asynchronously, occasionally the

correction thread blocks the main pipeline.

It can be seen in Figure 4.20 that for the Bear and Museum Rock sequences that

there is a multimodality in the timing distributions. On further analysis it is apparent

that this is due to the non-consistent sizing of the reconstructed subvolumes. Thus, a

subvolume with high occupancy in the view frustum requires more processing time

due to the increase of surface data. This is apparent when a new subvolume is created

when viewing a smaller portion of an object. For example, if a new subvolume is

created whilst viewing the side of the Bear, that subvolume will naturally contain a

larger amount of distance and surface data than the case of viewing from the front, for

example.

However, in all cases the system demonstrates real time performance with frame-

rates of ≈ 84Hz, ≈ 95Hz and ≈ 45Hz for the Bear, Dinosaur Head and Museum Rock

sequences, respectively. As with the performance evaluation of Section 3.6, the quoted

runtimes in this section are excluding on-screen rendering with GLUT.
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4.10 summary

It is evident from Sections 4.7 and 4.8 that the proposed approach is capable of densely

reconstructing a range of rigid objects, providing closed and consistent object models,

versus the state-of-the-art approach of Ren et al [74], which failed to reconstruct any of

the objects with non-trivial geometry that it was evaluated on. Recall from Section 1.4

that a primary research objective of this work is to provide a means to reconstruct

arbitrary object in a globally consistent manner.

Additionally, the proposed approach shows an improvement over direct segmen-

tation in image space of the object of interest in terms of pose estimation. When

evaluating the output reconstructions of the proposed system versus those extracted

from a standard KinectFusion like pipeline (post reconstruction), the proposed system

is capable of producing reconstructions that are geometrically similar. Again, noting

the research objective of producing reconstructions of a comparable quality to the state

of the art, as outlined in Section 1.4.

The probabilistic formulation proposed in this work is intended to be easily gener-

alised, such that it may be adapted for a range of use cases. For example, when utilising

stereo sensors where a noise model may not be known a-priori, the framework allows

for a suitable prior to be used. Additionally, the proposed approach is intentionally

decoupled from the object segmentation model, allowing for ease of adaptation for

multiple object scenarios, or those where a continuous distribution over voxel labels is

required.

In summary, the presented approach has demonstrated efficacy for the reconstruc-

tion of arbitrary objects in a geometrically consistent manner. As such, this work

tackles one of the central research challenges outlined in Chapter 1, the difficulty in

obtaining geometrically accurate 3D object data. As previously outlined, such data
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collection is imperative for the advance from purely 2D features in learning systems,

to the use of 3D geometry.
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5
S T E R E O S H A P E A N D P O S E R E G R E S S I O N

This chapter introduces an approach to the simultaneous prediction of object shape

and pose from stereo image pairs. A novel, data driven approach is taken that

utilises the representational power of Convolutional Neural Networks with the

generative power of Gaussian Processes.

5.1 introduction

In the computer vision literature, there has been much research on the reconstruction

of objects from observed points in a range image, such as those obtained with an

RGBD sensor (like the Microsoft Kinect). As outlined in Chapter 4, progress has been

made on the techniques used, such that globally consistent models of an object of

interest can easily be obtained.

Though the traditional reconstruction paradigm is suitable for tasks such as 3D

data collection, it is less applicable in scenarios where full sensor coverage of the object

of interest is not possible, as outlined in the research problems in Section 1.4. When a

full view of an object is not available, only a partial reconstruction may be built. Data

driven, learning based approaches that yield reconstructions as predictions from a

115
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generative model do not have such a limitation. However, for application as a direct

replacement for manual reconstruction, pose estimation must also be performed.

There has been much progress on learning based methods for both pose estimation

and shape prediction, as outlined in Section 2.5. However, much of this progress has

been on the two problems when decoupled. In this work, an approach is proposed to

solve the problem of simultaneous shape and pose prediction. The first difference in

this work to those outlined in Chapters 3 and 4 is the use of monocular RGB frames

versus RGBD. The central reason for the change of input data format is that the

use of RGBD is prohibitive when considering outdoor environments where lighting

conditions may prevent RGBD sensors, such as the Microsoft Kinect, from producing a

meaningful depth map.

The second major deviation from the contributions of Chapters 3 and 4 is the

removal of the dependence on temporally consistent input sequences. Rather, in this

work the proposed system performs shape and pose prediction from an instantaneous,

monocular RGB frame, requiring no temporal consistency in both the training and

prediction phases. As such, there is no iterative solving for shape and pose per frame,

rather, the process is framed as an instantaneous regression task. However, this work

makes use of volumetric shape representations, as with the other works outlined in

Chapters 3 and 4.

The approach outlined in this chapter makes use of CNN’s and GPLVM’s to jointly

regress shape and pose given an RGB frame with an object (or objects) of interest

present in the view frustum. The training of the model is part supervised (pose)

and part semi-supervised (3D shape), requiring a ground truth 6DoF pose and a

segmentation of the object(s) of interest. The proposed system regresses rotational and

translational parameters directly from the neural network component, whilst the object

shape drawn from a GPLVM prior. The use of a GPLVM for latent space embeddings

of 3D shape allows for a simple way to learn complex 3D geometrical features, thus
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simplifying the learning tasks of the neural network. In the proposed approach, the

neural network component need only learn a mapping from observation to latent

space, rather than from observation to full geometry for the shape of interest.

The system is based on the Faster-RCNN approach of Ren et al [114], trained on a

multi-task loss over detection, classification, pose and shape. For training of shape, the

loss is evaluated in terms of a rendering of the predicted shape under it’s associated

pose, against a ground truth segmentation. As such, the shape component of the

model is trained in a weakly-supervised manner, as there is no ground truth 3D shape.

Though such an approach presents a greater challenge than in the case of known

ground truth for 3D shape, it does widen the applicability of the approach. In many

real world scenarios it is not possible to obtain such ground truth data without first

solving the problem of this work.

As outlined previously, the proposed approach differs from that of Chapters 3

and 4 in that it is data driven. Rather than predetermined algorithmic procedures

being performed at each frame, the result of the input frames is derived from a trained

model. As outlined in Sections 1.3 and 1.4, the research interest is in shape and pose

prediction for objects in larger scale, real world environments. However, due to the

difficulty faced with earlier experiments with a fully semi-supervised approach, a

ground truth 6DoF pose is highly desirabe. As such, the dataset used in this work is

the Virtual KITTI (VKITTI) dataset [115], a photo-realistic, synthetic rendering of the The

KITTI Vision Benchmark Suite [96, 116, 117]. The advantage of using the aformentioned

dataset is the balance between being a real world dataset and having a reliable and

accurate ground truth for pose. The object class of interest in this work is cars.

The remainder of this chapter is structured as follows; Section 5.2 introduces the

high level structure of the proposed model and the structure of it’s neural network

components. Section 5.3 introduces and derives the GPLVM that provides a generative

model over shape. Following the introduction of the GPLVM, Section 5.4 outlines the
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process of extracting a candidate shape for the observed object segmentation, from

the GPLVM. Sections 5.5 and 5.6 outline the attitude representation of pose, and

the shape rendering method used. Though, these are akin to those of Sections 3.2.1

and 3.2.3 respectively, the rendering stage is modified to introduce the property of

differentiability. Sections 5.7 and 5.8 outline the loss function of the model and it’s gra-

dient for backpropagation, respectively. Sections 5.9 and 5.10 provide qualitative and

quantitative results on the aforementioned dataset, respectively. Finally, Section 5.11

provides a summary of the approach taken in this work and the preliminary results of

it’s use.

5.2 algorithmic overview

The proposed model takes as input a monocular RGB frame with the object(s) of

interest present within the view frustum. From this RGB frame, a ResNet-101 [118]

extracts feature descriptors which are mapped to a number of candidate object detec-

tions [4, 95]. For each detection, the extracted feature set is used to regress a latent

space point for shape, and six SE(3) pose parameters, forming a Lie Algebra. The

generated shape corresponding to the proposed latent space point is drawn from

the distribution of the Gaussian Process (GP) prior conditioned on the latent space

point. The form of the pose is the Lie Group mapping of the parameters, as given in

Sections 3.2.1 and 4.4.2.

The loss function over the regressed shape and pose is quantified by rendering the

generated shape under the predicted pose and computing a comparitive loss between

the rendered region versus the provided semantic segmentation region. To maintain

continuity, the rendering operation is formulated in a differentiable manner. As there
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is often no ground truth 3D shape for real world data, training is performed in a

weakly-supervised manner against a segmentation of the object of interest.

5.2.1 Model Architecture

The model of the proposed approach is of an RCNN [4] like architecture, where

for a given input frame, a backbone network computes a feature map which is then

provided to a Region Proposal Network (RPN), responsible for providing candidate

Regions of Interest (RoI) in the input image. A high level depiction of this architecture

is given in Figure 5.1. For the application outlined in this work, a true positive RoI

corresponds to an object for which pose and shape should be regressed. From end

to end, the model contains a ResNet-101 [118] backbone, an RPN, linear layers, batch

normalisation layers, non-linear activations, a mapping from Lie algebra to Lie group

(for pose), a GPLVM followed by an Inverse Discrete Cosine Transform (IDCT), a

ray-caster and and a loss layer. As previously outlined, the loss consists of supervised

and semi-supervised terms.

Figure 5.1: Faster R-CNN Architecture.1
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The purpose of the ResNet-101 and RPN components is to extract, for each region

proposal (object proposal), feature maps from the input frame that are descriptive

of the object of interest in relation to the scene. Each proposed feature map is input

into two sub-networks consisting of linear transforms and non-linear activations. The

purpose of these sub-networks is to regress a latent space point for object shape, and a

6DoF pose parameter vector for the object pose. Following these two sub-networks

is the aforementioned GPLVM and Lie algebra mapping. The GPLVM generates

a posterior mean over shape for a given latent space point, whilst the Lie algebra

mapping generates an SE(3) transform.

The IDCT decompresses the posterior mean output of the GPLVM to generate a

valid SDF. Both the resultant SDF and SE(3) transform are passed to the ray-casting

module, which generates a rendering for the candidate shape under the predicted

pose. Finally, both this rendering and the ground truth segmentation mask are passed

to the loss layer which computes a similarity metric between the two masks (ground

truth and rendered), providing a tractible proxy loss for 3D shape. The topology of the

proposed model is outlined in Figure 5.2.

1 Image copyright: Ren et al [114].
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Backbone Component

The ResNet architecture, introduced by He at al [118], is designed to overcome

the convergence challenges of very “deep” neural network models. The central

reformulation in the ResNet model is the notion that layers learn residual functions with

respect to their inputs. Instead of a layer learning a mapping H(x) of it’s input x, it

learns a residual mapping, as given in Equation 5.1.

F(x) = H(x) − x (5.1)

F(x) + x = H(x) (5.2)

The formulation of Equation 5.1 is depicted in Figure 5.3.

Figure 5.3: The central building block of the ResNet architecture2, for some input x and
transform F.

Region Proposal, Classification and Bounding Box Components

As outlined in the Faster-RCNN [49] literature, the standard R-CNN [4, 95] architecture

contains a region proposal network, providing pooled object RoI’s in the input image, a

2 Image copyright: He et al [118].
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classification network and a bounding box regression network, as depicted in Figure 5.1.

The standard R-CNN components are trained in a supervised manner with ground

truth bounding boxes and classification labels. In the standard approach, the overall

network loss is an aggregate of these individual task oriented losses.

Pose Regression Component

For each feature map obtained from an RoI object proposal, a 6DoF pose is regressed.

For this pose regression, a separate pose branch of the network is used, taking as input

for proposal n, a feature vector xn ∈ R1024 and providing output vector yn ∈ R4. The

4-dimensional output vector contains three rotational parameters and a single depth

value. The architecture given in Figure 5.4 consists of linear transforms and nonlinear

activation functions. For all but the first three output nodes, the Rectified Linear Unit

(ReLU) is used. The first three output nodes for the objects rotational parameters

however is the Hyperbolic Tangent (Tanh) scaled by 2π.

1024
4096 4096

512
4

Figure 5.4: Pose regression network taking a 1024 dimensional input and providing a 4

dimensional output (three rotational parameters and a z coordinate).
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It is not necessary to regress the entire 6DoF pose directly in the case of known

camera intrinsic parameters. For a given depth value z, the x and y coordinates of a

detected object may be recovered as follows in Equations 5.5 and 5.6 by making use of

the 2D bounding box coordinates regressed by the network, as in Section 5.2.1.

To recover the 3D position of an object of interest, a simple camera unprojection

may be performed. However, first the pixel coordinates of the object must be com-

puted. Taking the object’s x image location to be the centre of the x dimension of

the bounding box, and the the y coordinate to be the bottom of the bounding box,

the pixel coordinates may be computed as follows in Equations 5.3 and 5.4, for some

bounding box b.

x̄ = btlx +
1

2

[
bbrx −btlx

]
(5.3)

ȳ = bbry (5.4)

Where in Equations 5.3 and 5.4, the indices tl and br represent the top left and

bottom right bounding box coordinates, respectively. Finally, the camera space x and

y coordinates of the object of interest may be recovered as follows in Equations 5.5

and 5.6.

x =
z

fx

[
x̄− cx

]
(5.5)

x =
z

fy

[
ȳ− cy

]
(5.6)
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Latent Shape Space Regression Component

As outlined in Section 5.2, the GPLVM component of the network provides a generative

model over 3D shape for the object class of focus in this work. However, to draw a

3D shape from the GP distribution, the GP must be conditioned on a 2D latent space

point. The purpose of the shape regression network is to regress, for a given feature

map corresponding to an RoI, a latent space point on which the GP is conditioned to

predict a 3D shape descriptor.

1024
4096

512

2

Figure 5.5: Shape regression network taking a 1024 dimensional input and providing a 3

dimensional output (a 2d point in the latent shape space, plus a scale factor).

The architecture of the shape network is analogous to the pose network of Sec-

tion 5.2.1. Much like the pose network, the shape network consists of a set of linear

transforms and nonlinear activations. The domain of the GP shape prior is [0, 1], so the

two outputs of the shape network are given by the sigmoid activation function.
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5.3 gaussian process latent variable model

The use of a GPLVM for the embedding of 3D shape is motivated by the assumption

that for a given category of object, cars for example, there is enough shared geometric

structure that a comprehensive generative model may be formed. In the linear case, the

GPLVM is equivalent to a probabilistic formulation of Principal Component Analysis

(PCA), where a linear mapping from observed to hidden, latent space is derived.

Under a Bayesian formulation, the often intractable latent variables pertaining to

the linear mapping may be marginalised, such that the latent embedding itself may be

optimised directly. The given framework allows for complex, non-linear embeddings

to be learnt via the use of kernel functions, though the optimisation in this case is often

non-convex and highly non-linear.

A GP may be viewed as a prior distribution over continuous functions. The posterior

may be obtained by conditioning on observed data, to obtain a function estimate for

each data point. A visual example of a GP is given in Figure 5.6.

5.3.1 Gaussian Process Marginal Likelihood

The first step is to define a latent variable model of the form given in Equation 5.7.

P(Y |X,W,β) = P(Y |WXT ,β−1I) (5.7)

In Equation 5.7 the observed data Y ∈ RN×D is mapped to a lower dimensionality

manifold X ∈ RN×P, by parameters W ∈ RP×D and variance β. In Equation 5.7,

the latent variable model P(Y | X,W,β) provides a linear mapping defined by the

aforementioned latent variables W. As W is unobservable and thus not directly
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x

f*(x)

Figure 5.6: For each point along x, a function f ∼ GP(µ,Σ) drawn from a Gaussian Process GP

is evaluated at x.

tractable, it may be analytically marginalised out, given a suitable likelihood and prior.

The marginal likelihood of X is of the form outlined in Equation 5.8.

P(Y |X,β) =
∫
P(Y |X,W,β)P(W)dW (5.8)

In Equation 5.8, P(Y | X,W,β) is of a multivariate Gaussian form and P(W) is a

multivariate Gaussian conjugate prior of the form N(W | 0, I).
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To find the marginal distribution outlined in Equation 5.8, it’s form may first be

simplified as follows in Equation 5.9.

P(Y |X,β) =
∫
N(Y |WXT ,β−1I)N(W | 0, I)dW (5.9)

=

∫
1√

|2πβ−1I|
e−

β
2

(
Y−WX

)T(
Y−WX

)
1√
|2πI|

e−
1
2W

TWdW (5.10)

=
1√

|2πβ−1I|

1√
|2πI|

∫
e−

β
2

(
Y−WX

)T(
Y−WX

)
−12W

TWdW (5.11)

∝
∫
e−

β
2

(
Y−WX

)T(
Y−WX

)
−12W

TWdW (5.12)

∝
∫
e
−12

[
β
(
Y−XTW

)T(
Y−XTW

)
+WTW

]
dW (5.13)

∝e−
β
2 Y
TY

∫
e
−12

[
−β
(
YTXTW

)
−β
(
WTXY

)T
+βWTXXTW+WTW

]
dW (5.14)

∝e−
β
2 Y
TY

∫
e
−12

[
−2βYTXTW+βWTXXTW+WTW

]
dW (5.15)

∝e−
β
2 Y
TY

∫
e
−12

[
WT
(
βXXT+I

)
W−2βYTXTW

]
dW (5.16)

To make the integral over W tractable in Equation 5.9, the distribution P(Y |X,β)

must be a Gaussian; an exponential of a quadratic form. Completing the square in
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W allows the marginal to be expressed in such a form. First, a change of variables is

made, as in Equation 5.17.

A = βXXT + I (5.17)

b = βYTXT (5.18)

The procedure to integrate over W and transform P(Y |X,β) into a valid multivari-

ate Gaussian form is as follows in Equation 5.19.

P(Y |X,β) ∝ e−
β
2 Y
TY

∫
e−

1
2

[
WTAW−2bW

]
dW (5.19)

∝e−
β
2 Y
TY

∫
e−

1
2W

TAW−2bW−bTA−1bdW (5.20)

∝e−
β
2 Y
TY

∫
e−

1
2W

TAW−2bAA−1W+bTA−1AA−1bdW (5.21)

∝e−
β
2 Y
TY

∫
e−

1
2

[(
W−A−1b

)T
A
(
W−A−1b

)
−bTA−1b

]
dW (5.22)

∝e−
β
2 Y
TYe−

1
2

[√
|2πA|−bTA−1b

]
(5.23)

∝e
1
2

[
βYTβY−bTA−1b

]
(5.24)

∝e−
1
2Y
T
(
βI−β2XTA−1X

)
Y (5.25)



130 stereo shape and pose regression

With the distribution P(Y |X,β) derived as being proportional to an exponentiated

quadratic form as in Equation 5.19, it is clear that the inverse covariance matrix Σ−1 of

the Gaussian distribution corresponding to P(Y |X,β) is as follows in Equation 5.26.

Σ−1 = βI−β2XTA−1X (5.26)

= βI−β2XT
(
βXXT + I

)−1
(5.27)

To obtain the covariance matrix of the distribution P(Y | X,β), the form of it’s

inverse may be simplified by the use of the matrix inversion lemma (also known as

the Woodbury Identity) [119]. First making a change of variables in the Woodbury

Identity as in Equation 5.28.

A = β−1I (5.28)

C = I (5.29)

U = XT (5.30)

V = X (5.31)

in

(A+UCV) = A−1 −A−1U(C−1 +VA−1U)
−1
VA−1 (5.32)

The simplified form of Σ−1 is thus given as follows in Equation 5.33.

Σ−1 = βI−β2XT
(
βXXT + I

)−1
(5.33)

= β−1I+XTX (5.34)
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It follows from Equation 5.33, that the covariance matrix Σ takes the form of

Equation 5.35.

Σ = (Σ−1)
−1

(5.35)

= XTX+β−1I (5.36)

As such, the form of the normalized marginal likelihood P(Y |X,β) of W is given

in Equation 5.37.

P(Y |X,β) = N(Y | 0,XTX+β−1I) (5.37)

5.3.2 Gaussian Process Fitting

As outlined in Section 5.3, the given formulation of the marginal likelihood in Equa-

tion 5.37 can be optimised directly for the latent embedding X. For a mapping from

RN×D space to RN×P space (for P < D), the latent embedding X may be initialized by

applying an orthogonal linear transform to the observed data and reducing dimen-

sionality. One such approach is to apply PCA to the observed data, taking the first

P reverse sorted eigenvalues of the covariance matrix. Additionally, in the non-linear

case, where the covariance matrix Σ is generated by a given kernel function κ, the

hyperparameters of κ may also be optimised.

To find the most probable latent space embedding, the latent variables X may be

found by directly optimising the marginal likelihood of Equation 5.37. As such, the
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natural logarithm may also be optimised for the latent variables X and is given in

Equation 5.38.

L = −
DN

2
ln(2π) −

D

2
ln(|Σ|) −

1

2
tr(Σ−1YYT ) (5.38)

= −
DN

2
ln(2π) −

D

2
ln(|Σ|) −

1

2
YTΣY (5.39)

The gradient of the log marginal of Equation 5.38 is derived as follows in Equa-

tion 5.40.

∂L

∂X
= −

1

2

[(
D
∂

∂Σ
ln
(
|Σ|
))∂Σ
∂X

+
( ∂
∂Σ
YTΣ−1Y

)∂Σ
∂X

]
(5.40)

= −
1

2

[
DΣ−1∂Σ

∂X
−Σ−1YYTΣ−1∂Σ

∂X

]
(5.41)

= −
1

2

[
DΣ−12X−Σ−1YYTΣ−12X

]
(5.42)

= −DΣ−1X+Σ−1YYTΣ−1X (5.43)

The gradient derived in Equation 5.40 holds for the case when Σ = XTX+ β−1I.

However, for Σ = κ(.) where κ is a given kernel function, the result of the derivation

of Equation 5.40 is applicable. When substituting ∂Σ
∂X with ∂κ

∂X , the gradient is thus

given in Equation 5.44.

∂L

∂X
= −

1

2

[
DΣ−1 ∂κ

∂X
−Σ−1YYTΣ−1 ∂κ

∂X

]
(5.44)

It should be noted that the gradient ∂κ
∂X may also be substituted for ∂κ

∂θ , for some

hyperparameter θ of a given kernel κ. A common non-linear covariance kernel function
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in the GP literature is the exponentiated quadratic [82], which takes the form given in

Equation 5.45.

κ
(
xi, xj, θ0, θ1, θ2, λ

)
= θ0e

−λ2‖xi−xj‖
2

+ θ1 + θ2δ
(
−
λ

2

∥∥xi − xj∥∥2 ) (5.45)

= θ0e
−λ2
∑D
n

(
xi,n−xj,n

)2
+ θ1 + θ2δ

(
−
λ

2

D∑
n

(
xi,n − xj,n

)2) (5.46)

The gradient of the Exponentiated Quadratic kernel of Equation 5.45, ∂κ
∂xi,n

for the

nth variable of xi can be derived as follows in Equation 5.47.

∂κ

∂xi,n
=

∂

∂xi,n
θ0e

−λ2
∑D
n=0−

λ
2

(
xi,n−xj,n

)2
(5.47)

=
∂

∂xi,n
θ0e

−λ2
∑D
n=0

(
xi,n−xj,n

)2 ∂

∂xi,n

D∑
n=0

−
λ

2

(
xi,n − xj,n

)2 (5.48)

= θ0e
−λ2
∑D
n=0

(
xi,n−xj,n

)2 ∂

∂xi,n

D∑
n=0

−
λ

2

(
xi,n − xj,n

)2 (5.49)

= λθ0e
−λ2
∑D
n=0

(
xi,n−xj,n

)2(
xi,n − xj,n

)
(5.50)
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Following the derivation of Equation 5.47, the remaining gradients of κ(.) may be

trivially derived, as in Equation 5.51.

∂κ

∂xj,n
= −

∂κ

∂xi,n
(5.51)

∂κ

∂θ0
= e−

λ
2

∑D
n=0

(
xi,n−xj,n

)2
(5.52)

∂κ

∂θ1
= 1 (5.53)

∂κ

∂θ2
= 0 (5.54)

∂κ

∂λ
= −

1

2

D∑
n=0

θ0
(
xi,n − xj,n

)2
e−

λ
2

∑D
n=0

(
xi,n−xj,n

)2
(5.55)

5.4 latent space shape estimation

The form of the model outlined in Section 5.3.1, when trained as outlined in Sec-

tion 5.3.2, defines a GP prior over the latent space embedding X. When regressing a

DCT compressed 3D shape, it is necessary to condition the DCT compressed 3D shape

of a given latent space point on the GP prior. This conditioning yields a posterior mean

estimation over 3D shape for a given latent space point.

The estimated posterior mean provides a Discrete Cosine Transform (DCT) com-

pressed representation of an SDF shape volume Φ ∈ RN×N×N. The DCT compressed

form of Φ given by the aforementioned posterior mean is obtained by GP regres-

sion [119]. Finally, the true, uncompressed form of Φ is obtained by taking the IDCT

of the posterior mean. The granularity of the geometric properties captured by the GP
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shape prior is governed by the number of DCT harmonics used in the compression

and decompression processes at training and prediction.

5.4.1 Shape Posterior Mean Estimation

With the optimised latent variables X, the formulation outlined in Equation 5.37

defines a GP prior over functions of X, as follows.

f(X) ∼ GP(0,ΣXX) (5.56)

A GP prior may similarly be constructed for observed latent space points L, as

follows.

f?(l) ∼ GP(0,ΣLL) (5.57)

It follows from Equations 5.56 and 5.57 that the joint distribution over X and L can

be formulated as follows in Equation 5.58.

 f
f?

 ∼ N

(0
0

 ,

ΣXX ΣXL

ΣLX ΣLL

) (5.58)

The posterior of f? conditioned on f is given by the distribution in Equation 5.59.

P(f? |X,L, f) = N
(
ΣLXΣ

−1
XXf,ΣLL −ΣLXΣ

−1
XXΣXL

)
(5.59)

As such, to obtain a posterior mean prediction for a latent space point l, a draw

from the distribution outlined in Equation 5.59 is taken as follows in Equation 5.60.

f? ∼ P(f? |X,L, f) (5.60)
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Given the form of P(f? |X,L, f) in Equation 5.60, the posterior mean f? and variance

V? are given as follows in Equation 5.61.

f? = ΣTXLΣ
−1
XXY (5.61)

f? = ΣLL −Σ
T
LLΣ

−1
XLΣLL (5.62)

5.4.2 Gaussian Process Posterior Mean Gradient

Due to the gradient based optimisation of the approach outlined in this chapter,

each component outlined in Figure 5.2 must be differentiable. The formulation of the

posterior mean of Equation 5.61 is differentiable with it’s gradient derived as follows

in Equation 5.63.

∂f?

∂L
=
∂

∂L
ΣTXLΣ

−1
XXY (5.63)

=
∂ΣTXL
∂L

Σ−1
XXY +ΣTXL

∂Σ−1
XX

∂L
Y +ΣTXLΣ

−1
XX

∂Y

∂L
(5.64)

=
∂ΣTXL
∂L

Σ−1
XXY (5.65)

5.4.3 Signed Distance Function Extraction

As outlined in Section 5.4, the SDF volume Φ is generated by taking the IDCT of the

posterior mean of the GP prior conditioned on a given latent space point, as given

by Equation 5.59. In the formulation presented in this work, the 2D latent point is

generated by the shape network component following the RPN of Figure 5.2. The
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output of the shape network is constrained to the interval [0, 1] by the use of a sigmoid

activation function.

The latent variable model outlined in Section 5.3 is a distribution over a latent

space embedding of 3D shape. However, the 3D shape data on which the GP prior

is modelled is compressed with the DCT. The intuition behind the use of the DCT

is the property that the number of harmonics used in the transform impacts on the

granularity of the resultant 3D shape geometry. It has been shown [120] that the

lower frequency harmonics of the DCT capture general structure and shape, whilst

higher frequency harmonics capture finer detailed geometric features. An example of

a decompressed SDF of a car is given in Figure 5.7.

The voxels of an input SDF V under the DCT (for model training) are thus given as

follows in Equation 5.66.

Ψx,y,z = Vx,y,z

[
N−1∑
x=0

cos
[ π
N

[
x+

1

2

]
x
]N−1∑
y=0

cos
[ π
N

[
y+

1

2

]
y
]N−1∑
z=0

cos
[ π
N

[
z+

1

2

]
z
]]

(5.66)

= Vx,y,z

[
N−1∑
x=0

cos
[π(x2 + x

2

)
N

]N−1∑
y=0

cos
[π(y2 + y

2

)
N

]N−1∑
z=0

cos
[π(z2 + z

2

)
N

]]
(5.67)

=

N−1∑
x=0

N−1∑
y=0

N−1∑
z=0

Vx,y,z cos
[π(x2 + x

2

)
N

]
cos
[π(y2 + y

2

)
N

]
cos
[π(z2 + z

2

)
N

]
(5.68)

It follows that for a predicted posterior mean f?, as outlined in Equation 5.60, the

voxels of the SDF corresponding to the estimation f? may be extracted via the IDCT as

follows in Equation 5.69.

Φx,y,z =

N−1∑
x=0

N−1∑
y=0

N−1∑
z=0

f?x,y,z cos
[π(x2 + x

2

)
N

]
cos
[π(y2 + y

2

)
N

]
cos
[π(z2 + z

2

)
N

]
(5.69)
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 5.7: Slices of a Signed Distance Function embedding Φ ∈ R20×20×20 of a
car at slices 0, 10 and 19:
(a, b, c) Along the x axis.
(d, e, f) Along the y axis.
(g, h, i) Along the z axis.
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An example of how the geometric detail of the decompressed model varies with

the number of harmonics used, N, is given in Figure 5.8.

(a) (b)

(c) (d)

(e) (f)

Figure 5.8: The effect of varying the number of DCT harmonics on the resultant
3D shape is shown for:
(a, b) One DCT harmonic.
(c, d) Three DCT harmonics.
(e, f) All DCT harmonics.
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5.4.4 Signed Distance Function Gradient

The SDF Φ, generated by the IDCT given in Equation 5.69, must be differentiable

with respect to the posterior mean f? for backpropagation training of the model. The

gradient of the SDF Φ outlined in Equation 5.69 is derived as follows in Equation 5.71.

For notational clarity, the DCT coefficients are defined as follows in Equation 5.70

ζ(x,y, z) = cos
[π(x2 + x

2

)
N

]
cos
[π(y2 + y

2

)
N

]
cos
[π(z2 + z

2

)
N

]
(5.70)

∂Φ

∂f?x,y,z
=

∂

∂f?x,y,z

N−1∑
x=0

N−1∑
y=0

N−1∑
z=0

f?x,y,zζ(x,y, z) (5.71)
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z=0

∂
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f?x,y,zζ(x,y, z) (5.72)
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z=0
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N−1∑
x=0

N−1∑
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N−1∑
z=0
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[π(x2 + x

2

)
N

]
cos
[π(y2 + y

2

)
N

]
cos
[π(z2 + z

2

)
N
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(5.75)

From Equation 5.71 it is evident that the partial derivative ∂Φ
∂f?x,y,z

is trivial to compute,

as the derivative of the IDCT is simply the IDCT of the derivative. Furthermore, the

gradient of the posterior mean is similarly trivial to compute, as shown in Equation 5.63.
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5.5 pose estimation

The parameters of the SE(3) pose applied to the predicted shape are obtained from a

fully connected component of the model, as outlined in Figure 5.2, as with the latent

pose point of Section 5.4.3.

The three rotational parameters α, β and γ are predicted by the pose network

component of the model on the interval [−2π, 2π). The translation parameters however

do not have their output range restricted (except the implicit nonnegativity enforced

by the ReLU).

5.6 rendering

The dynamic SLAM and object reconstruction works of Chapters 3 and 4, both rely on

ray-casting to obtain a rendering of a surface embedded within an implicit volume,

under some estimated pose. The approach taken in this chapter is very similar.

Ray-casting is first and foremost used in the model outlined in Section 5.2 for

visualisation purposes, to render the estimated shape under the estimated pose for

an instantaneous scene view. In Chapters 3 and 4, the output rendering is also used

for frame-wise evaluation and optimisation of the pose energy function. However,

as the approach outlined in this chapter does not assume temporal consistency, the

requirements for optimisation differ.

As the model outlined in Section 5.2 relies on the backpropagation of gradients for

it’s training, the rendering module must be differentiable for the backward pass. As

such, this section outlines a simple formulation of differentiable ray-casting, inspired

by the work of Prisacariu et al [65]. In addition to generating a shaded rendering,
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the proposed approach generates a probabilistic map. For a review of the generic

ray-casting algorithm, refer to Section 3.2.3.

By accumulating log probabilities of voxels visited on traversal of the ray, a dif-

ferentiable representation of the process can be obtained. However, this relies on the

use of a differentiable PDF. As with the approach to object reconstruction outlined in

Chapter 4, the desired behaviour is that the distribution shall encode the probability

of a voxel being very close to the isosurface embedded within the volume. As such,

the log-sigmoid of Equation 4.14 is used. Thus, for a pixel location [x,y], the output

probabilistic value is as follows in Equation 5.76.

R(x,y) =
∑
v∈V

lnP(v) (5.76)

In Equation 5.76, V is the set of voxels in the SDF Φ that intersect the ray from the

given pixel in the image frame. The gradient of the lnP(v) term in Equation 5.76 if the

form given in Equation 4.33.

5.7 multiple task loss

The architecture outlined in Section 5.2.1 contains multiple branches following the RoI

extraction, each with a different task and associated loss function. As the approach out-

lined in this work is based on the Faster R-CNN [114] architecture, the overall network

loss is an aggregate of the individual task oriented losses, as outlined in Section 5.2.1.

As such, the overall network loss may be defined as follows in Equation 5.77.

L = Lcls(zcls,ycls) +Lbb(zbb,ybb) +Lp(zp,yp) +Ls(zs,ys) (5.77)
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In Equation 5.77, the four loss terms measure the models performance on classifica-

tion, bounding box regression, pose regression and shape regression for predictions z

and targets y.

Note that the Ls is a proxy loss over shape, which measures the similarity between

the rendering of the predicted 3D shape under the predicted pose.

5.7.1 Pose and Shape Losses

As the approach in this work assumes a known ground truth pose, a simple L2 loss

over the network predicted pose parameters and the ground truth is sufficient. As

outlined in Section 5.2.1, only the z component of the translation vector must be

regressed by the network as the x and y components may be recovered from the

predicted bounding box coordinates.

As such, the pose loss term is given in Equation 5.78, for rotational parameter

vector zρ and depth parameter z.

Lp =

N∑
n=1

[
yρ − zρ

]2
+

N∑
n=1

[
yz − zz

]2
(5.78)

The loss over shape is given by the pixel-wise binary cross entropy between the

rendering of the current predicted shape under the current predicted pose, and the

ground truth segmentation for the given detection. Note that the aforementioned

rendering is the output of the differentiable raycast outlined in this work.

5.8 gradients for training with backpropagation

With the gradients of the model components derived, the gradient update to the

neural network component may be given. As the proposed model is optimised using
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the backpropagation algorithm, the gradient update for layer n−m is computed by

applying the chain rule to layer n, successively working backwards to layer n−m. As

such, the gradient for the non CNN components with respect to the CNN output for

pose Op, is given as follows in Equation 5.79.

∂L

∂Op
=
∂L

∂R

∂R

∂T

∂T

∂Op
(5.79)

In Equation 5.79, L is the loss given in Equation 5.77 of Section 5.7, R is the

rendering of the predicted shape Φ under the predicted pose T outlined in Section 5.6.

T is the SE(3) pose outlined in Section 5.5. The gradient with respect to the latent

shape point generated by CNN output Ol may also be found in the same manner and

is given in Equation 5.80.
∂L

∂Ol
=
∂L

∂R

∂R

∂Φ

∂Φ

∂f?
∂f?

∂Ol
(5.80)

In Equation 5.80, L and R are as in Equation 5.79. Φ is the SDF given by the IDCT,

as given in Equation 5.69 of Section 5.4.3. f? is the posterior mean of the GPLVM, given

by Equation 5.60.

5.9 qualitative results

This section provides a qualitative evaluation of the approach outlined in this chapter,

both with respect to shape and combined shape and pose. For the experiments in this

section and Section 5.10 two data sources were used. For the task of pose prediction,

the VKITTI dataset was chosen for it’s accurate ground truth and relative real world

nature (photorealistic renderings of real world scenes). For the shape embedding and

prediction component, the GPLVM model outlined in Section 5.3 was trained on a
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collection of 3D shapes obtained from the online ShapeNet collection of 3D Computer

Aided Design (CAD) models3.

For the training of the generative model, 70 CAD models of cars were obtained from

ShapeNet, chosen to cover a variety of common geometries for the class. The obtained

CAD models were then manually processed to remove inner geometry, voxelised into

binary occupancy volumes and finally converted to SDF’s by the computation of the

Eucledian distance transform to the binarised contour.

When training the latent shape point network, outlined in Section 5.2.1, a com-

bination of the VKITTI dataset and the shape drawn from the generative model of

Section 5.3 (derived from the ShapeNet CAD models) is used. As outlined, the VKITTI

dataset contains both ground truth 6DoF pose and ground truth semantic segmenta-

tion masks. As outlined in Section 5.1, the loss of Section ?? is minimised over the

rendering of the shape drawn from the GP under the predicted pose, with respect

to the ground truth mask. The 3D CAD models were also reoriented to align with

the VKITTI coordinate system of y pointing downwards, x pointing to the right and z

directly forwards.

5.9.1 Gaussian Process Latent Shape Embedding

The GPLVM based embedding of 3D shape outlined in Section 5.3 was trained on a

small but varied dataset of 3D CAD models. Qualitatively, the trained model appears

capable of representing common geometries of the class of interest in this work. Given

in Figure 5.9 are examples of shapes drawn from the shape distribution at uniformly

sampled latent space points.

It can be seen in Figure 5.9, the trained shape model is capable of embdedding a

variety of 3D geometries relevant to the problem addressed in this work. Note that

3 ShapeNet: https://www.shapenet.org/
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(a) (b)

(c) (d)

Figure 5.9: (a, b, c, d) IDCT extracted, random draws from the trained GP.

due to the probabilistic nature of the shape model, for a predicted shape (a posterior

mean), there is additional covariance information for each estimated posterior mean.

The shapes given in Figure 5.9 were drawn from a region of the latent space for which

there is low covariance, thus higher probabilistic certainty. Figure 5.10 demonstrates

shapes drawn from the shape distribution on regions of the latent space for which

there is higher covariance and thus increased estimation uncertainty.

Given in Figure 5.11 is a visual representation of the uncertainty in estimated shape

with respect to the latent space point on which the GP is conditioned. The examples

provided in Figures 5.9 and 5.10 correspond to the low uncertainty (dark) and higher

(light) uncertainty regions of Figure 5.11, respectively.
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(a) (b)

Figure 5.10: (a, b) IDCT extracted, random draws from the trained GP in regions of the latent
space that have high covariance.

Normalised Sum of Variances over Latent Space

0.06

0.12

0.18

0.24

0.30

Figure 5.11: Normalised sum of the embedding variance for estimated shape on the latent
space, for regularly sampled latent points on the interval [−5, 5]. Lower values indicate lower
estimation uncertainty.
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5.10 quantitative results

Following the qualitative results presented in Section 5.9, this section provides a

quantitative analysis of the performance of the model outlined in this work.

First, an overview of the models performance during training is provided, followed

by quantitative results on the pose prediction performance of the model. Finally, a

quantitative measure of the shape prediction performance of the model is provided.

In the training sections that follow, the supervised and weakly supervised tasks have

been trained and tested on a randomised 80 : 20 training and validation data split,

respectively. During training, gradient clipping was used to circumvent the problem of

exploding gradients, with the clipping threshold set to 0.9.

5.10.1 Transfer Learning for Car Detection on VKITTI

The training of the model has been performed in multiple stages. Firstly, the standard

Faster R-CNN is trained on the dataset outlined in Section 5.1 for the tasks of classi-

fication and bounding box regression. This stage of training may be thought of as a

simple application of transfer learning for the specific problem domain outlined in

this work; the backbone and RPN components of the network have been pretrained on

the Microsoft Common Objects in Context (COCO) [121] dataset for the tasks of object

classification and bounding box regression. Due to the specialisation of the detec-

tion requirements in this work, the RPN and feature extraction components must be

retrained.

Figure 5.12 depicts the short retraining of the RPN and finetuning of the feature

extraction network of the model outlined in Section 5.2. It can be seen that in a rela-

tively short training period, the Microsoft COCO pretrained network rapidly becomes



5.10 quantitative results 149

Figure 5.12: Bounding box regression loss on the VKITTI dataset for the standard Faster R-CNN
network.

performant on the VKITTI dataset used in this work, for the task of specific object

detection. Additionally, similar behaviour may be observed in Figure 5.13 for the

coupled task of object classification.

For the training procedures of Figures 5.12 and 5.13, the Stochastic Gradient Descent

(SGD) optimisation routine was used, with a learning rate of 0.001. The training session

consisted of 50, 000 batches, for which a batch consists of the class relevant ground

truth detecions for a given frame.

5.10.2 GPLVM Training

The training procedure of the GPLVM outlined in Section 5.3 is an unsupervised

routine and as such, no training/testing split of the 3D CAD model data introduced in

Section 5.9 is required. It can be seen in Figure 5.14 that the GPLVM model requires
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Figure 5.13: Classification loss on the VKITTI dataset for the standard Faster R-CNN network.

very few iterations to converge to an optimal latent embedding. The model was trained

by minimising the negative log-likelihood, as is standard in the GP literature [119].

For the training procedure given in Figure 5.14, the Adam [122] optimiser was used

with a base learning rate of 0.01. The model was trained for 1500 epochs, though as

can be seen in Figure 5.14, the model converges considerably prior to this epoch limit.

5.10.3 Supervised Training of Pose

The training procedure of the pose regression network, outlined in Section 5.5 is

supervised in nature, with the loss criterion given in Equation 5.78 measuring the MSE

between the model predicted pose and the ground truth pose given in the VKITTI

dataset. The training of the pose regression network was split over two training

sessions, with differing learning rates. Figure 5.15 provides the training and validation

error losses for the rotation and z coordinate for 150,000 training steps.
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Figure 5.14: Classification loss on the VKITTI dataset for the standard Faster R-CNN network.

It can be seen in Figure 5.15 that the model rapidly trains to a configuration that

dramatically reduces the magnitude of error. This behaviour is due to the pretraining of

the backbone and RPN networks, as outlined in Section 5.10.1. Additional experiments

that do not perform this pretraining phase do not reduce as rapidly. The loss plots

given in Figure 5.15 are of the first training session, with a learning rate of 0.001.

Figure 5.16 provides the losses over a second training session, in which the learning

rate is reduced to 0.0001.

Though it can be seen in Figure 5.16 that the orientation and z component losses do

decrease on the second training session, the magnitude of change is not comparable

to that of the first training session, of Figure 5.15. This is to be expected, due to the

combination of the network having been previously trained and the use of a small

learning rate. However, experimentation with a second training session in which

higher learning rates were used did not yield a loss reduction trend.
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(a)

(b)

Figure 5.15: (a, b) Training and validation losses for the two pose components, over 150,000

training iterations, with a learning rate of 0.001.
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(a)

(b)

Figure 5.16: (a, b) Training and validation losses for the two pose components, over 50,000

training iterations, with a learning rate of 0.0001.
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5.10.4 Detection, Classification and Pose Accuracy

As specified earlier in this section, the VKITTI dataset was split on an 80 : 20 ratio of

training to testing data. This section provides a quantitative evaluation of the pose

prediction branch of the model outlined in this work, as well as the object detection

and classification branches, on which the pose prediction branch is dependant. There

are two components to the pose prediction branch of the network, the rotational

component and the z translation component. As such, during training, there are two

measures of performance pertaining to the systems pose accuracy. Table 5.1 provides

MSE measures for the rotational and z translation components for both the training

and testing portions of the VKITTI dataset, as well as the related MSE measures for

the detection and classification branches.

Quantity Mean Training MSE Mean Testing MSE

Classification Error 0.060825 0.059888

Detection (Bounding Box) Error 0.039616 0.039755

Rotational Error 0.552863 0.512188

z Coordinate Error 1.798331 1.709215

Table 5.1: Mean Squared Error(s) over classification, detection, orientation and z coordinate
estimates for the training and testng subsets of the VKITTI dataset.

It can be seen in Table 5.1 that the training and testing errors are similarly low,

indicating a good bias/variance trade-off. In some cases, the testing data error is

slightly lower than it’s training counterpart, though by a small margin. As the split

between training and testing data was randomised on an 80 : 20 ratio, it is possible

that this is due to the testing subset containing a lower number of outliers. In addition

to the MSE metrics of Table 5.1, density estimates over the MSE metrics are provided

in Figures 5.17 and 5.18.
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Figure 5.17: (a, b, c, d) Training MSE Kernel Density Estimates (KDE’s).



156 stereo shape and pose regression

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5
Mean Squared Error

0

2

4

6

8

10

Er
ro
r D

en
sit

y

Testing Classification Loss

0.0 0.5 1.0 1.5 2.0
Mean Squared Error

0

2

4

6

8

10

12

14

16

Er
ro
r D

en
sit

y

Testing Detection (Bounding Box) Loss

(a) (b)

0 1 2 3 4 5 6
Mean Squared Error

0.0

0.5

1.0

1.5

2.0

2.5

3.0

Er
ro

r D
en

sit
y

Testing Orientation Loss

0 5 10 15 20 25
Mean Squared Error

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Er
ro

r D
en

sit
y

Testing z Loss

(c) (d)

Figure 5.18: (a, b, c, d) Testing MSE Kernel Density Estimates (KDE’s).
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As can be seen in Figures 5.17 and 5.18, the MSE distributions have a low standard

deviation, indicating that the MSE over the training and testing sets is consistent. This

implies that the performance of the pose estimation network is consistent and that the

network has indeed converged on a general solution.

5.10.5 Weakly Supervised Training of Latent Shape

Contrary to the training approach taken for the pose branch of the network, the

training of the latent space shape point predictor is weakly-supervised in nature.

As outlined in Section 5.2.1, the loss with respect to the latent space shape point is

minimised in terms of the 2D rendering of the predicted shape under the predicted

pose, against the ground truth semantic segmentation mask. Thus, the loss as outlined

in this work may be considered a proxy loss for true 3D shape.

However, experimentation has proven the proposed shape evaluation pipeline to

be difficult to train, largely due to the very high computational overhead involved in

rendering an occupancy map for each detection in a given input frame (for a frame

in which there are many instances of the object class of interest, this cost can become

very high). As such, the proposed approach was unable to converge to a meaningful

mapping from a given arbitrary detection, to a latent space shape point and more

crucially, scale factor. In addition to the computational overhead involved, there is the

inherent difficulty in scale estimation from a single view.

5.11 summary

The approaches introduced in this work to the problems of latent embedding of 3D

shape and the regression of orientation and depth (and thus, pose for a known camera
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configuration, as outlined in Section 5.5) provide useful tools for the understanding

of 3D scenes and their components (object classes of interest), in the wild. The pose

estimation approach outlined in this work has direct potential application in many

scenarios in which it is necessary to estimate an object’s pose (including translation,

rather than just orientation [123]) from a single view.

Additionally, the 3D latent shape embedding approach outlined in this work,

though not completely novel, is certainly of theoretical and practical interest. Despite

the difficulties in end-to-end training of pose and shape in this work, the use of

the GPLVM as a component within a 3D shape generating architecture is certainly

a promising approach for domain specific applications, due to the ease and short

duration of training, as shown in Figure 5.14. Purely CNN based approaches to the

problem of learning 3D shape are typically far more computatioanlly expensive and

complex (making them difficult to train).



6
D I S C U S S I O N

This chapter reviews the proposed algorithms in this work within the context of the

initially outlined research objectives of this thesis.

6.1 summary

This work has outlined novel approaches to various challenges in 3D computer vision,

including handling dynamics in dense SLAM, reconstructing 3D objects and predicting

both shape and pose. This chapter evaluates the methods, contributions and outcomes

of these approaches, with the research objectives outlined in Section 1.4 as a point of

reference.

This chapter proceeds as follows; first, Section 6.1.1 provides a summary of the

dynamic SLAM and motion segmentation approach outlined in Chapter 3. Following

this, Section 6.1.2 provides a similar evaluation of the approach to object reconstruction

outlined in Chapter 4. Section 6.1.3 evaluates the approach taken to shape and pose

prediction in Chapter 5.

159
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Following the evaluations given in Sections 6.1.1, 6.1.2 and 5.11, consideration is

given to the limitations of the approaches of this work and potential future directions in

Section 6.2. Finally, a high level conclusion and closing remarks are given in Section 6.3.

6.1.1 Real Time Motion Segmentation for Dense Volumetric Fusion

One of the central research objectives outlined in Section 1.4 is the development of

an algorithm which facilitates the dense reconstruction of dynamic environments.

As highlighted in Sections 1.1 and 2.3, this has remained a challenging problem in

3D computer vision, due to the reliance of prominent pose estimation techniques

on reliant point correspondences between frames. The novel approach taken in

Chapter 3 mitigates the restrictions incurred by this dependence by actively excluding

dynamic scene components from the pose estimation phase of the pipeline, as shown

in Figure 3.6.

As demonstrated in Sections 3.4 and 3.5, the approach taken shows improvements

in pose estimation quality over an open implementation [30] of the standard Kinect-

Fusion [1] pipeline when evaluated on the Dynamic Objects subset of the TUM RGBD

dataset [106]. This improved performance is evident in Tables 3.1 and 3.2, and Fig-

ures 3.10 and 3.11. The improvement in the ability to accurately track sensor pose

during reconstruction fulfils the research objective of designing an algorithm that

provides an improvement in pose estimation versus static dense SLAM in dynamic

scenes.

Additionally, it is evident from Section 3.4 that the proposed approach yields

high quality reconstructions in dynamic environments that are comparable to their

static counterparts when there is no motion in the scene. Again, this result is directly
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satisfying of the research objective to design a system that is capable of providing

comparable quality reconstructions in previously troublesome environments.

Section 3.7 demonstrates how the dynamic segmentation ability of the proposed

approach may be leveraged for object recognition purposes. It is shown that the use of

the dynamics information may be used to indicate to the system an object of interest,

such that 3D features may be extracted and used for training of, and prediction with

simple classifiers in an interactive manner. In Section 1.4 potential use of dynamics for

object recognition purposes is outlined as an additional research objective.

The demonstrated improvements in pose estimation and the ability to perform

simple scene understanding in dynamic scenes are facilitated by the following central

contributions of Chapter 3. First is the introduction of the novel dual representation of

the scene, in which a stable version of the scene is maintained as both the resultant

reconstruction and the source of depth map to which live frames are registered. The

dynamic scene representation has all observed data points integrated. This dual

representation allows for the separation and thus segmentation of dynamic, moving

scene components from their stable counterparts, thus allowing the pose estimation

phase to use a reliable, non corrupted scene model.

In addition to the dual scene representation, the system outlined in Chapter 3

introduces a novel online adjustment schema for the TSDF truncation region. This

online adjustment of the truncation region allows for live integration and removal of

surface data in the dynamic model by facilitating real time space carving such that

changes in the scene are reflected instantly in the dynamic model. This technique

combined with the dual representation is the basis of the proposed approach.

The system and results outlined in Chapter 3 have the potential to impact signifi-

cantly on real world applications of 3D vision systems. Due to the approach utilising

volumetric representations versus less scalable alternatives, there is potential for appli-

cation in large scale robotics. Such applications are ordinarily inhibited by the static
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nature of dense SLAM approaches. Additionally, the ability to operate in dynamic

environments when coupled with the ability to exploit dynamics has the potential to

greatly impact on the fields of semantic dense SLAM and 3D scene understanding.

6.1.2 Probabilistic Object Reconstruction with Online Drift Correction

The second major research objective outlined in Section 1.4 is the development of a

system that allows for the reconstruction of arbitrary objects in a globally consistent

manner. As highlighted in Sections 1.2 and 2.4, object centric dense reconstruction is

a markedly difficult problem compared to it’s scene scale counterpart. A prominent

technical challenge in object reconstruction is the enforcement of object consistency

when there are erroneous pose estimation results. The system outlined in Chapter 4

mitigates object inconsistencies by the use of a novel object reconstruction pipeline that

includes an online correction procedure.

The system outlined in Chapter 4 when compared to the state-of-the-art object

reconstruction method of Ren et al [74], demonstrates a vast improvement in efficacy

for general object reconstruction. The latter system was unable to reconstruct the test

sequences used in Sections 4.7 and 4.8.

Furthermore, it is shown in Table 4.2 and Figure 4.19 of Section 4.8 that the approach

presented in this work is capable of yielding high quality reconstructions, relative

to manually extracted reconstructions obtained with a standard, scene scale dense

SLAM approach. As outlined in Section 1.4, a principal requirement of the object

reconstruction research objective is to develop an approach that provides high quality

reconstructions, utilising only observations belonging to the object of interest.

Whereas many dedicated object reconstruction systems rely on either known poses

or poses for which there is a strong prior (such as an object on a turntable in front of a
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laser scanner), the approach proposed in this work is able to perform pose estimation

online for arbitrary trajectories. In Section 1.4 one of the requirements of the central

research objective of the work of Chapter 4 is that the system is capable of operating

with no a-priori known trajectory. This competency may be observed in Table 4.1

and Figure 4.13 of Section 4.8. This competency allows the system to be used with

commodity equipment, thus facilitating ease of use.

The ability of the proposed object reconstruction system to produce globally con-

sistent reconstructions is demonstrated in Section 4.7 and is one of the key research

objectives of the work of Chapter 4. The potential impact of a system that can be used

to easily obtain such reconstructions is particularly evident for fields that are heavily

data dependent. Such a field is machine learning, where as outlined in Section 1.2,

there is an abundance of real world 2D image data available for the learning of vision

tasks, but not a comparable amount for 3D geometry.

6.1.3 Shape and Pose Prediction

The work presented in Chapter 5 proposes an ambitious approach to simultaneous

pose and 3D shape prediction for a domain specific problem, namely class specific

inference for real world scenes. Firstly, the work presents an approach to the pose

estimation of instantaneous object detections, without requiring an explicit tracking

procedure; pose is inferred as a one-shot regression. The evaluation of this pose

regression performance demonstrates consistently low error over a randomised split of

the dataset used, prividing pose estimates for the difficult case of monocular vision.

Secondly, the proposed approach makes use of generative probabilistic modelling

to learn latent embeddings of complex 3D geometry for the class of interest, namely

cars. This latent embedding demonstrates the ability to generate a range of domain
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specific geometries, given a low dimensional latent space input (2D). It is demonstrated

that the model is trivial to train, requiring little data and computation time when

compared to CNN based approaches.

Though the driving motivation of Chapter 5 is the unification of these two problems

(pose estimation and 3D shape estimation), experimentally this proved to be computa-

tionally difficult. As the architecture presented is based on the RCNN approach, the

model is trained on each proposed object in the input frame. When regressing 3D

shape and attempting to optimise the latent space point that generated the 3D shape,

there is considerable computational overhead involved in performing the Gaussian

Process Regression step. Though this is not an issue in the case of a small number

of confirmed detections, when performing this inference step for each proposal of an

RCNN like architecture, it may need to be computed many times (experimentally, for

some frames this incurred upwards of 170 GP regressions).

As this requires a lot of memory, it is not feasible to run this inference step on

a single GPU simultaneously with the other neural network components. As the

GPU hardware available during the development of this work was a single NVIDIA

GTX1060 6GB card, this phase was run on an Intel Core i5 Quad Core CPU. For some

frames the running time was upwards of 1 minute for a single frame. However, there

is no theoretical reason that the rich features provided by CNN models such as that

used in Chapter 5 can not be used to learn a mapping from detection to 2D latent

point. The problems encountered in the development of this work are computational.

In summary, the approach outlined in Chapter 5 contains multiple components

that are of direct use and theoretical interest. However, computational difficulties were

encountered when amalgamating the pose and shape prediction components within

the proposed RCNN framework.
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6.2 future work

The system of Chapter 3 provides a strong foundation for further research into both

dense SLAM for dynamic environments and semantic SLAM. However, there are

potential directions of subsequent research that follow on directly from the approach of

this work. Firstly, at present the system presented in this work currently maintains two

full TSDF volumes; there is a volume for the static scene representation and a volume

for the dynamic scene representation. An improvement that could be introduced in a

later iteration of this work is the use of a sparse representation of the dynamic scene

volume, which would improve the space complexity of the system.

A second potential improvement to the work of Chapter 3 is the expansion of

the motion segmentation itself to be semantically aware. At present, the system is

capable of determining which elements of the world are undergoing motion and is

able to leverage this information to improve pose estimation and thus the quality of

the resultant reconstruction. With further semantic capabilities at the lower level, a

revised system could have the ability to separate observed motion into instances of

dynamic objects.

The object reconstruction system presented in Chapter 4 provides a simple means

to obtain geometrically consistent reconstructions of 3D objects. Though the proposed

system demonstrates an improvement over comparative methods, it still requires the

end user to indicate which object is to be reconstructed. An alternative approach

would be to leverage some of the advancements in salient object detection [124] to

allow for automation of the process.

The probabilistic framework on which the system is based could additionally be

extended in a later iteration of the work to estimate the geometry of any missing

sections of the surface of the object being reconstructed. Such an extension would
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further increase the consistency of the reconstructions in the case where full coverage

with the sensor has not been achieved.

Another potential line of research following on from the contributions outlined is

the extension to the multiple object case. The ability to track and reconstruct multiple

objects in the sensor view combined with the potential salient object detection would

greatly enhance the efficiency of 3D data collection.

Finally, future research may be carried out on the method of simultaneous shape

and pose prediction outlined in Chapter 5. Predominantly, this work would entail in-

vestigation into making the simultaneous pose and shape inference tractable. Potential

directions include changing the core architecture to another that does not require the

entire prediction pipeline to be run for each detection. Additionally, the computational

cost of the GP regression may be reduced by the use of sparse GP’s. However, this

would entail a new direction of research into sparse GPLVM modelling of 3D shape.

6.3 closing remarks

This work has introduced novel approaches to a range of non-trivial research problems

in 3D computer vision. The contributions of this work span the extension of the

traditional dense SLAM pipeline to the dynamic case, the consistent reconstruction

of arbitrary objects and the prediction of real world objects, for which only a single

view pair is available. The remit of this work has direct relevance to the increasingly

automated world of machine perception and intelligence.
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.2 motion segmentation results appendices

.2.1 Motion Segmentation figure: ATE results

In this section, figure: results for the Motion Segmentation system to complement

those outlined in Section 3.5 are given. The results in this section assess Absolute

Trajectory Error on the TUM Dynamic Objects Validation set. Quantitative results are

given in Table 1 and visualised in Figure 1.

TUM Standard Sequence Name MoSeg ATE (m) Baseline ATE (m)

fr3-sitting-static 0.044 0.030
fr3-sitting-xyz 0.044 0.048

fr3-sitting-halfsphere 0.026 0.028

fr3-sitting-rpy 0.043 0.044

fr3-walking-static 0.121 0.466

fr3-walking-xyz 0.082 0.633

fr3-walking-halfsphere 0.401 0.525

fr3-walking-rpy 0.073 0.561

Table 1: The Absolute Trajectory Error (ATE) results (in metres, lower is better) achieved by the
proposed approach in comparison to the baseline InfiniTAM [30] framework on a variety of
the standard sequences from the TUM RGBD Validation dataset [106]. Results are in the format
mean ± standard deviation. The better result (by mean) on each sequence is highlighted in
bold.

.2.2 Motion Segmentation figure: RTE results

In this section, figure: results for the Motion Segmentation system to complement those

outlined in Section 3.5 are given. The results in this section assess Relative Trajectory
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Figure 1: Absolute Trajectory Error for the TUM Dynamic Scenes Validation dataset.
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Error on the TUM Dynamic Objects Validation set. Quantitative results are given in

Table 2 and visualised in Figure 2.

TUM Standard Sequence Name MoSeg RTE (m) Baseline RTE (m)

fr3-sitting-static 0.011 0.011
fr3-sitting-xyz 0.031 0.034

fr3-sitting-halfsphere 0.024 0.022
fr3-sitting-rpy 0.051 0.048
fr3-walking-static 0.083 0.163

fr3-walking-xyz 0.067 0.285

fr3-walking-halfsphere 0.167 0.211

fr3-walking-rpy 0.121 0.194

Table 2: The Relative Trajectory Error (RTE) results (in metres, lower is better) achieved by the
proposed approach in comparison to the baseline InfiniTAM [30] framework on a variety of
the standard sequences from the TUM RGBD Validation dataset [106]. Results are in the format
mean ± standard deviation. The better result (by mean) on each sequence is highlighted in
bold.
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