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Abstract

Monocular 6DoF pose tracking has many applications in augmented reality, robotics and

other areas and because of the rise of deep learning new approaches such as category-level

models are successful. The temporal information in sequential data is essential for both

online and offline tasks, which can help boost the quality of predictions while encountering

some unexpected influences like occlusions and vibration. In 2D object detection and

tracking, substantial research has been done in leveraging temporal information to improve

the performance of the model. Nevertheless, it is challenging to lift the temporal processing

to 3D space because of the ambiguity of the visual data. In this thesis, we propose a method

to calculate the temporal difference of points and pixels assuming that the K nearest points

share similar features. The extracted features from the difference are learned to weigh

the relevant points in the temporal sequence and aggregate them to provide support to

the current frame’s prediction. We propose a novel difference-based temporal module to

incorporate both RGB and 3D points data in a temporal sequence. This module can be

easily integrated with any category-level 6DoF pose tracking model which uses RGB and

3D points as input. We evaluate this module on two state-of-the-art category-level 6D

pose tracking models and the result shows that it can increase the model’s accuracy and

robustness in complex scenarios.
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Chapter 1

Introduction

1.1 Background

Object pose prediction is essential because the urge to make computers understand and

model the motion of objects in 3D space. The object pose prediction problem has been

substantially studied in the past decade. The application in Augmented Reality (AR) [4],

autonomous driving [51, 125], SLAM (Simultaneous Localization and Mapping) [120] and

robotics application [16,44,48] also reveals the importance of it. In these fields, the system

needs to process the data given by sensors like LiDAR (point cloud) [45], RGBD camera

(depth) [31].

Autonomous driving is one of the typical fields that require precise 3D and 2D in-

formation processing to predict the direction of other vehicles on the road will provide

more flexibility to avoid subtle danger. In this case, the model is required to combine the
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information from different sensors [8] including stereo camera and GPS to recognize and

analyze the status of other vehicles and pedestrians status. Because in the scenario of

autonomous driving, the vehicles can only rotate around the axis that is orthogonal to the

ground, 3D object detection and tracking [81,91,123] and optical flow estimation [2,85] to

predict the 3D bounding box of it will be more efficient than pose detection and tracking.

Unlike autonomous driving, in robotics manipulation and navigation, the target object has

6DoF (degree of freedom) pose, which is essential for the system to make instant reactions.

Recognizing and grasping objects accurately and performing instant feedback in a noisy

scene is always a challenging task to tackle in robotics-related problems. Thus, visual

tracking plays an indispensable role in robotic applications. The two components, joint

measurement [16,36,90] and object pose tracking [118] are the core algorithms of a robotic

manipulation system. The system needs to analyze the pose of joints and target objects to

give reasonable orders. AR is another field that also benefits from object pose estimation.

In 1997, Ronald et al. [4] gave an explicit definition and comprehensive survey of AR. In

their survey, a well-developed AR system needs to have three features. The combination of

real and virtual, real-time interaction and 3D registration. Generally, an AR system con-

sists of the alignment between the real and virtual world, which will achieve a high-level

simulation to immerse users. In this point, VR (Virtual Reality) [92] has similar functions.

In AR applications, its hardware is comprised of different sensors to collect real-world data

and a display device to show users the results after processed by the system. With the

development of the mobile phone, the AR device with a camera with a display screen

becomes most people’s preference. Therefore, it becomes a vision-based problem, and it

becomes a basic research direction in AR. Basically, the problem contains the alignment
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between CG (computer graphics) camera and real camera [70]. The CG camera and the

real camera should have the same position and intrinsic parameters. This process is called

compositing. The problem now becomes estimating the pose of the camera in the real

world.

In this thesis, our method focuses on addressing the pose estimation challenges in AR

applications. Monocular RGBD cameras that return the depth and RGB image of the

scene are commonly used as sensors in AR applications because they can simply produce

3D information. In AR, the system is required to produce robust, accurate and instant pose

predictions of the target object in video to enhance the human-computer Interaction. The

robustness is one of the essential aspects to achieve during inference, where the quality of

the input frame sequence is affected by a lot of factors as the cameras are mostly deployed

on mobile devices. The motion of the camera is not steady. On the other hand, the target

objects in AR are frequently manipulated by users. The pose and appearance of the objects

will experience rapid change. Making stable and real-time pose predictions is the key to

better align the CG camera and the real camera.

Among all the applications of AR, remote assistance in repair tasks has been a rising

direction in the past decade [94]. Customers request repair services from manufacturers

or repair shops when the products they purchased are broken. The procedure usually

includes sending the products back to the factory, damage assessment, broken components

replacement, reassembling and receiving the repaired items from the manufacturers, which

will take time depending on the complexity of the products. Repair services are often not

available and while manufacturers are obliged to exchange broken products under warrant

terms, consumer products become unusable after even minor defects after the warranty
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period. In addition, the practices of product exchange is not environmentally sustainable.

Moreover, due to the outbreak of COVID-19 in 2020, the demand for repairing at home

has been increasing, where the transport cost can be minimized. In this case, guidance

that allows the customer to replace the broken components and reassemble the item is

needed. Traditionally, instructional booklets, video clips and online audio guidance are

common ways to provide customers with remote assistance. However, the limitations of

these methods impede the interaction between customers and experts, where customers

cannot get enough information from these channels. For example, the static images in

the instructional booklets have a different pose or appearance from the real products,

which will mislead the users. The experts who provide online audio assistance may have

limited access to the broken product orally described by the users, which will produce

incorrect guidance and cause cascading issues. Generally, these traditional methods are

not interactive enough to let customers disassemble or assemble the items following experts’

guidance. In this case, AR is one of the solutions for remote assistance in repair tasks,

where the visual combination of virtual and real objects allows the customers to precisely

execute the disassembly and assembly guidance. The experts can also recognize and track

each component of the product [80, 106].

Compared to other AR applications like games, the hardware requirement for repair

assistance can be simpler, where the assistance service can also be efficient and accurate

without the immersive user experience provided by complex devices. One display screen

and some sensors to receive visual input are enough. A mobile phone with AR system

deployment can fit the demand. The repair assistance can be provided in an online or

offline manner. In online service, the customers can book an appointment with the experts

4



to finish the repair together. The experts will monitor the repair process and give guidance

to the users, where the position of the target component will be displayed as a virtual

object in the users’ device. The experts can modify the position of the virtual object to

fit different conditions. In offline service, the customers can finish the repair by following

the automated guidance pre-recorded in the system. In either of these two services, the

AR system is required to know the pose of each component to highlight the part that

the customer needs to pay attention to and the target position that the component needs

to fit into. In this case, high-quality 6DoF object pose tracking is needed. Because the

components after disassembly will be held in the hand of the customer, occlusion which

may cause the system to lose track will occur. Providing stable 6DoF pose tracking during

the repair process is the main challenge of the task. In this thesis, we propose a method

to use temporal information to enhance the performance of 6DoF pose tracking in repair

assistance using AR.

1.2 Definition

6DoF (6 Degree of Freedom) pose is comprised of a rotation R ∈ SO(3) and a translation

T ∈ R3, which together indicate the status of an object in 3D space. R is an orthogonal

matrix that represents the object’s rotation around the x, y and z axis in 3D space. T is

a vector that points to the object’s center. These two variables can precisely indicate the

object’s status. They are both differentiable, which means they can be optimized using

traditional non-linear optimization methods and deep learning.
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1.3 Solution Approaches

In the past, the common way to deal with the 6DoF pose problems is through using

optimization-based methods, integrating Lie Algebra [25] and non-linear optimization [89].

The majority of them [37, 86] rely on a hand-crafted feature. Thanks to the advance of

deep learning techniques, modelling the problem into a deep learning network is possible.

Zhaoxin et al. [26] provides a detailed review of the application of deep learning on pose

prediction tasks. First, the term monocular means the input is either RGB or RGBD data

captured by a single monocular camera. Correspondingly, there are other types of data

captured by binocular [6, 62] and stereo [54, 121] cameras. Although stereo and binocular

cameras provide more information regarding the scene, their high cost is an inevitable

drawback, which makes monocular cameras still a preference for most people. Because the

monocular camera can only provide RGB or RGBD data, efficient algorithm support is

necessary.

The tasks can be categorized into two main types, category-level and instance-level.

The difference between them is the availability of the 3D CAD model. For instance-level,

the model is applied to predict the pose of an object whose shape, and size is exactly

the same as the one during training. However, the category-level models aim at tackling

more complicated scenarios, while the CAD model is not available during training and

evaluation. It is trained on objects in the same category and is sensitive to all the objects

despite different shapes and textures in the same category.

In recent years, researchers started to realize the advantage of multi-frame tracking over

single-frame. Previously, pose tracking has usually been tackled by single-frame estima-
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tion, which means the model will estimate the relative transformation from camera space to

object space for the object being tracked in each frame of a video individually. According

to the position of the camera and object, the transformation can be very large. Predicting

such a large transformation can introduce a great amount of errors. On the other hand,

it will also ignore inter-frame relations, because it does not take previous frames into ac-

count. Object tracking in 2D images has seen a lot of development in the last decade.

Wenhan et al. [66] give a comprehensive review of it. The tracking of 3D objects, namely

6DoF pose tracking is rarely discussed. In a pose tracking problem, the model will predict

the relative pose change between the current frame and the next frame. Traditionally,

the pose of the objects can be recovered by using hand-crafted features [15, 37, 86] and

solving an optimization problem. The optimization problem is to minimize the error of

projection, which is not efficient and accurate enough as the texture and categories of

objects are becoming more complicated. The increasing vision variations including illumi-

nant change, motion blur, scene clusters and occlusions make the task more complex. With

the incorporation of deep learning techniques, Wang et al. [100] propose a way to address

the 6DoF category-level pose tracking problem. They follow the idea of [95], proposing a

keypoint-based method to track the objects in the NOCS-REAL275 dataset [103]. They

decomposed the 3D pose tracking problem into 3D keypoints detection and 6D pose esti-

mation problem. By generating ordered keypoints, the model recovers the transformation

through least square optimization [3]. The biggest advantage of this model is that it does

not require the manual annotation of precise keypoints neither does it need a CAD model

of the object. The model will learn to generate matched keypoints in the preset 3D anchor

box. After that, a lot of research into 6DoF pose tracking was conducted including another
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state-of-the-art regression-based method Captra [115].

1.4 Motivation

However, in most of the application scenarios, pose tracking is used to process video se-

quences. The majority of current pose tracking methods only consider two frames, the

current frame and the previous frame without paying attention to a temporal history of

frames which contains rich temporal and spatial features that can improve the pose pre-

diction. The rapidly changing objects’ motion in the video will make the model difficult

to produce promising results if we only take one frame into account. The object can be

temporarily occluded, or blurred because of it. This will always cause the loss of fea-

tures which makes models make false judgements. The motion pattern extracted from the

history, in this case, will reduce errors. Although, history has been deeply explored in

2D computer vision [18, 19, 63, 93]. In 2D computer vision, the method used to process

sequential data is commonly called temporal modelling and action recognition [104]. At-

tention [1,9,73] and difference [24] techniques have been deeply exploited in 2D. Although

the temporal difference in 2D computer vision tasks is associated with optical flow [39]

and it can support motion extraction, there is still a lack of a proper method in 3D to in-

corporate temporal information. In temporal 6DoF tracking tasks, the methods proposed

by Wen et al. [110, 112, 113] store the historical frames as unordered references to achieve

the maximum overlap to conduct the optimization of current pose and learn the shape of

the target object to transform the category-level model to a pseudo-instance-level model,

where the continuity and inter-relation across frames are not considered. TP-AE proposed
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by Zheng et al. [128] uses the temporal frames to learn the trajectory of the object to es-

timate a prior pose of the current frame. However, the learning of the prior pose may not

correctly reflect the expected position of the object while the rapid motion appears in the

consecutive frames. In this case, embedding the whole stored history sequence into useful

features to enhance the current prediction will be the better choice. Due to the different

representations and high variance of data, how to exploit the relations of 3D points across

frames becomes the most challenging problem.

1.5 Thesis Statements

In this thesis, we propose a novel way to aggregate history information into state-of-the-art

6D pose trackers. Our method is based on difference calculations between current frames

and historical frames. Considering the input of the 6D tracker can be either 3D points [115]

or RGBD [100], the proposed method aggregates pixels and points. In order to calculate

the difference between points and pixels, we need to first find their correspondence. We use

KNN (K-NearestNeighbor) to define that one point’s feature is similar to its K neighbours

with the closest Euclidean distance. Then the difference calculation will be applied to

different point sets to accomplish cross-frame feature aggregation. All of the calculations

between the feature of two pointsets are based on KNN. Like most of the 2D temporal

model, we use a sliding window with a pre-defined size to dynamically store and update

frames. The module will work on the history sequence and learn to produce weights for

each frames based on the difference calculation method aforementioned. These weights

represent the per-channel importance of each point’s feature. Then we globally and locally
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aggregate the historical features into current frame (see Chapter 3 for more details). The

module we have developed is a plug-in module that can be easily used on any category-

level 6D tracker that takes RGBD or 3D point cloud as input. The experiments show that

models gain significant improvements from our difference-based history module.

1.6 Contributions

The summary of this thesis’s contributions is as follows:

• We designed a difference-based temporal module that can solve the 6D pose tracking

problem. This module aggregates features by calculating differences to enhance the

prediction of the object pose in the current frame.

• We propose a new way to fuse and calculate the difference between two frames based

on their distance.

We tested our methods in two state-of-the-art architectures: 6-Pack [100] and Captra

[115] on NOCS-REAL275 [103]. and MoVi-E [30] datasets. The model with our module

outperforms the corresponding baseline.

1.7 Thesis Organization

This section is a brief outline of this thesis’s structure. This thesis has 6 chapters.
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• Chapter 2 is the literature review. We introduce the basic definitions of 6DoF pose

and how to minimize the pose error in optimization and deep learning. Then we

discuss the instance-level and category-level 6DoF pose detection and tracking ap-

proaches from different aspects. To better describe our ideas of temporal difference

in the later sections, we will cover some reviews of temporal networks, action recog-

nition and motion detection models used in 2D and 3D. Our model fuses the RGB

and points representation, so we also introduce feature fusion methods that learn to

fuse features from different inputs. Furthermore, we describe the metrics and dataset

that we used in our experiments.

• Chapter 3 is the detailed introduction to our difference-based temporal module. In

this section, we start with our module’s architecture, we explicitly describe each step

of the data flow and calculations from end to end. We also explicitly describe how

we integrate the history module into other networks.

• Chapter 4 covers the experimental setup details. We introduce the data augmenta-

tion, loss function and symmetry object handling methods. Then, we specify how we

construct our training data and training strategy.

• Chapter 5. In this Chapter, we present the training results on the benchmarks. We

give a comparison of our model and two state-of-the-art methods and conduct an

ablation study including the comparison between baseline (6-pack and Captra) and

the one integrated with our history model and the impact of sliding window’s length

to the performance.

• Chapter 6 is the conclusion and future work. We summarize the work that we have
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done and analyze our model’s advantages and disadvantages for our future research.
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Chapter 2

Literature Review

In this section, we review the works that are related to our thesis including 3D detection,

Instance-level and Category-level 6D pose detection, Instance-level and Category-level pose

tracking, 2D and 3D temporal models and commonly used benchmarks.

To estimate the position of the objects in 3D scene, there are three options, which

are 6DoF pose detection, 6DoF pose tracking and 3D bounding box detection. Although

their purposes are inferring the object’s pose directly (6DoF pose detection and tracking)

or indirectly (3D bounding box detection), the scheme they are using is different. For

3D bounding box detection, the model does not cover the pose-related information, the

aims at predicting the bounding boxes of the objects, which is predicting the edges and

the corners. The 3D bounding can somehow reflect the pose of the object. However, the

gap between the actual pose and the pose inferred from the 3D bounding box cannot be

eliminated. The advantage of 3D bounding box detection is that it can efficiently handle

13



tasks that do not require precise pose estimation.

However, although 3D bounding box prediction can fit most of the demands that only

require knowing the approximate pose of the objects, some tasks require accurate pose,

the direct pose estimation is needed. The pose detection allows the model to directly pro-

cess the pose-related parameters to have a better understanding of the object’s geometry.

Nevertheless, predicting the object’s pose transformed from the camera coordinate system

to the object coordinate system may suffer from errors with increasing distance from the

camera and the object. In this case, predicting the relative pose change between the cur-

rent frame and the previous frame given a video sequence will be a better choice. Hence,

6DoF pose tracking is proposed for real-time inference. Instead of estimating the pose of

the object with respect to the camera, the 6D pose tracking models predict the relative

pose change between two consecutive frames.

Based on 6D pose tracking models, most models only focus on two frames, the current

and the previous frames. The lack of history information may lead to poor performance

encountering occlusion and fast motion. Learning from historic frames allows the model

to extract the features from the object that is occluded or blurred because of fast motion

in the current but intact in historic frames to enhance the feature of the current frame.

These methods are commonly named temporal models in previous 2D computer vision

tasks. However, in 3D computer vision, the temporal model is rarely discussed. The

combination of temporal models and 6D pose track is a potential direction from our point

of view.

In the following sections, we will cover detailed reviews of 3D bounding box detection,
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6D pose detection, 6D pose tracking, and the temporal model’s application on both 2D

and 3D.

2.1 Background

In this section, we will give a brief introduction to the least-square 3D points matching

algorithm [3,47] and the Umeyama algorithm [97].

2.1.1 Least-squares 3D points matching algorithm [3,47]

Least-square 3D points matching is commonly used to align the two point sets with known

correspondence. We mainly introduce the proof based on the method proposed by Arun et

al. [3]. Given the two point sets pti and psi , the problem can be described as an optimization

problem:

[R|t] = argmin
R|t

1

N

N∑
i=1

∥pti −Rpsi − t∥2 (2.1)

Non-linear optimization and SVD (Singular Value Decomposition) are commonly used

to solve this problem. In this thesis, we mainly use SVD. In order to solve it, the ro-

tation and translation are computed separately. For rotation, the centers of the two

point sets (us, ut) are calculated. The target formula of rotation R is R∗ = argmin

1
N

∑N
i=1 ∥(pti − ut)−R(psi − us)∥2. The formula can be simplified asR∗ = argmax

∑N
i=1(p

s
i−

us)R(pti − ut)
T
. With the definition of the trace of a matrix, the formula can be further

transformed to R∗ = argmax tr(RH), where H =
∑N

i=1(p
s
i − us)(pti − ut)

T
.
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For two matrices A and B, where BB
T
= I. We have

tr(BAAT ) = tr(ATBA) (2.2)

tr(ATBA) =
∑
i

AT
i (BAi) (2.3)

where the Ai means the ith column vector in matrix A. For Eq. 2.3, according to Cauchy-

Schwarz inequality, we have

∑
i

AT
i (BAi) ≤

∑
i

√
(AT

i Ai)(AT
i B

TBAi) (2.4)

∑
i

AT
i (BAi) ≤

∑
i

AT
i Ai (2.5)

tr(AT (BA)) ≤ tr(ATA) (2.6)

Then we have the conclusion tr(AA
T
) ≥ tr(BAA

T
), BB

T
= I. According to this

conclusion, we have tr(RH) ≥ tr(BRH), BB
T

= I. When RH can be written in the

form of AA
T
, tr(RH) has the largest value. Hence, we calculate the SVD of H, we have

H = USV
T
. When R = V U

T
and A = V S

1
2 , we have V U

T ·USV
T
= AA

T
, which satisfies

AA
T
= RH. After knowing the rotation, the translation can be computed through ut−Rus.
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2.1.2 Umeyama Algorithm [97]

Umeyama Algorithm is also a least-squares solution to 3D points alignment problem, which

is similar to the method described above. The optimization target is

[R|t|s] = argmin
R|t|s

1

2

N∑
i=1

∥pti − s ·Rpsi − t∥2 (2.7)

where s is the scale, which is an extra variable that needs to be calculated. Also, in the

previous section, the Umeyama algorithm decouples the problem into the estimation of R,

t and s. Similarly, the centers of the two point sets (us, ut) are calculated. Eq. 2.7 can be

further written as

[R|t|s] = argmin
R|t|s

1

2

N∑
i=1

∥pti − s ·Rpsi − t− ut + s ·Rus + ut − s ·Rus∥2 (2.8)

[R|t|s] = argmin
R|t|s

1

2
(

N∑
i=1

∥pti − ut − s ·R(psi − us)∥2 + ∥ut − sRus − t∥2) (2.9)

Because R and s are only relevant to the first term in Eq. 2.9 and t can be computed

by t = ut − sRus, we can solve the R, s above. The target then becomes

[R|s] = argmin
R|s

1

2
(

N∑
i=1

∥pti − ut∥2 − 2s(pti − ut)TR(psi − us) + s2∥R(psi − us)∥2) (2.10)

We define the variance (σs, σt) and covariance matrix (D) of ps and pt as

σt =
1

N

N∑
i=1

∥pti − ut∥2 (2.11)
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σs =
1

N

N∑
i=1

∥psi − us∥2 (2.12)

D =
1

N

N∑
i=1

(pti − ut)
T
R(psi − us) (2.13)

R can be calculated by using Eq. 2.13 and the SVD described in Chapter 2.2.1. Then we

need to calculate s and t. First, for scale s, Eq. 2.10 can be written into

[R|s] = argmin
R|s

σt − 2sD + s2σs (2.14)

[R|s] = argmin
R|s

(s
√
σs − D√

σs
)2 +

(σtσs −D2)

σs
(2.15)

The first term (s
√
σs − D√

σs )
2 is relevant to s, while the second term (σtσs−D2)

σs is not. For

each R (D contains R), we can always find a s to make the first term equal to 0. For s,

when the first term is equal to 0, Eq. 2.15 has the minimum value, hence, we solve

(s
√
σs − D√

σs
)2 = 0 (2.16)

s =
D

σs
(2.17)

After knowing R and s, t can be computed as ut − s ·Rus.

18



2.2 Instance-level Object Pose Detection

In this section, we will review the related works in instance-level pose detection. Although

our thesis is a category-level pose detection method, instance-level methods have inspired

us. We follow the categories given by Fan et al. [26].

2.2.1 Definition

In instance-level object pose detection, the CAD model M is one of the inputs during

training and evaluation. Given an RGBD image I and the target object’s CAD model

M , the task can be defined as T = F ([I,M ],Θ), where T ∈ SE(3) is the transformation

comprised of rotation R ∈ SO(3) and translation T ∈ R3. Θ are the learnable parameters

of the model F . The instance-level model works with exactly the same object during

training and during prediction.

The transformation T usually refers to the transformation between two coordinate

systems. In the scene, the coordinate system can be divided into object space, world space

and camera space. Methods commonly predict the transformation between the camera and

object space. Because the RGB data doesn’t provide any three-dimensional information,

most of the RGB methods [49, 119] solve ill-posed problems. Deep learning methods are

commonly used to solve this problem and we will focus on these methods review.
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2.2.2 Keypoints-based methods

Keypoints-based methods treat the object as keypoints, and use those keypoints to con-

struct 3D-3D correspondence, either considering the keypoints as the vertices of the 3D

bounding box or using keypoints to build correspondence between two point sets. PVNet3D

proposed by Yisheng et al. [35] is a pioneer work in this field. PVNet3D takes the fusion

of RGB and points features to generate a per-point offset with respect to the selected

keypoints and the semantic segmentation of each point. In this scheme, a Hough voting

strategy is applied to acquire the keypoints and center of the object. During the training,

the keypoints are selected using FPS (farthest point sampling) [76] by giving the ground

truth center and the mesh of the object. FPS algorithm is widely used in point sampling.

Suppose that we need to sample N points from a source point set to the target point set.

The strategy is then to iteratively update the target point set using the point in the source

point set with the greatest distance from all the points in the target point set until the N

points are selected to the target point set. In this case, the keypoints can be selected on

the surface of the object and be representation of the object. After knowing the predicted

keypoints of two point sets, the transformation can be derived by solving a least-squares

problem [3].

This work inspires many keypoints-based deep 6D pose estimation tasks. Similarly,

PointPoseNet [12] proposed by Wei et al. also adopts the idea of hough voting. Point-

PoseNet takes RGB and points as input and uses a 2D detection network to detect the

object’s 2D bounding box and category. Then, like PVNet3D, it predicts a vector for each

point, which points to the keypoints and the model also does the segmentation for the
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points. The predicted vector for each point is a norm, which only represents the direction.

In their experiments, predicting unit vectors has a better result than actual displacement.

Thus, the intersection of those directional vectors will be the hypothesis of keypoints. How-

ever, the non parallel lines in 3D may not have an intersection, unlike 2D. The author uses

the midpoint of the shortest line segment to determine the intersection with a confidence

value.

Wu et al. [117] propose a new method to estimate 3D keypoints. Instead of using

vector voting in PointPoseNet [12] and PVNet3D [35], they incorporate radial voting.

Radial voting uses a sphere with an estimated radial radius for each point. The keypoints

are supposed to lie on the surface of the spheres. These spheres are then used to vote

for incremented accumulator space on the surface of the spheres, the peak of which is

the voted keypoint. Unlike previous methods, the model needs to predict a 3-dimensional

vector for each point, which is not accurate for the sparse keypoints. Radial voting only

needs to know the radius of the sphere, and render those spheres during inference to vote

for keypoints.

2.2.3 Retrieval-based methods

In instance-level object pose detection, the CAD model of the object is available. Thus,

we can use the CAD model to construct the virtual object with different poses. Given

those samples, the task is becoming comparing the input RGBD data and the samples to

find the most similar pair. Kehl et al. propose [50] a method to handle the pose detection

problem through a CAE (Convolutional AutoEncoder) [72] or AE (AutoEncoder) [78].
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They train the CAE on sampled local patches from the LineMOD dataset [37]. Each patch

contains two pieces of the image, each of which is the augmentation of the same scene. The

model will minimize the reconstruction error. The purpose of this pretraining is to get a

low-dimensional feature descriptor. The pose can be derived by matching the descriptor

output from CAE. The biggest drawback of this method is the model depends too much

on the representation of the object and lacks occlusion and texture-less object handling.

MTTM (Multi-Task Template Matching) [82] proposed by Park et. al. retrieves the

nearest sample with segmentation and transformation prediction. Basically, this model

incorporates multiple tasks into the calculation of the similarity of two samples. The

model uses Resnet-50 [33] to extract ROI (Region of Interest) and basic features from

depth. These features will be then forwarded to three components for multi-task learning.

The first task is the distance calculation, which expresses the similarity between the two

samples. The mask prediction, task can help the model to exclude the points that belong

to occlusions or backgrounds. The last task is the transformation prediction. Unlike the

model proposed by Wadim et al. [50], the model predicts the transformation offset between

the target and source sample. Because errors always exist, no matter how close the two

samples are. However, predicting the transformation offset, in this case, can massively

increase the accuracy. The transformation offset is small because the sample has been

pre-processed by selecting the closest feature distance. Generally, although retrieval-based

methods have robust and stable prediction results in most cases, they rely on the 3D CAD

model to generate training templates and representative descriptors [5, 116].
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2.3 Category-level Object Pose Detection

In this section, we will review the category-level pose detection method. Because 3D object

detection is very important to pose detection and predicting 3D bounding boxes somehow

reveals the pose information. 3D object detection is also in the range of our discussion.

2.3.1 Definition

Unlike in instance-level pose detection. The 3D CAD model is not available during either

the training or testing phase in category-level object detection. Because the model doesn’t

have specific prior knowledge of the target object, the size of the object is unknown.

Therefore, the model needs to predict 9DoF (9 Degrees of Freedom) of the object. The

task can be formulated as (T , S) = F ([I,M ],Θ), where T ∈ SE(3) is the transformation

comprised of R ∈ SO(3) and T ∈ R3. S ∈ R3 is the size of the object consisting of length,

height and depth, ie., So the 9DoF is 3-dimensional rotation, 3-dimensional translation

and 3-dimensional shape.

2.3.2 Category-level 3D Object Detection

As we discussed in Chapter 1, 3D detection techniques are significant for AR and au-

tonomous driving. Unlike 2D detection [29,32,42], the predicted 3D bounding box contains

the object’s rotation information in addition to the location of the object in the image.

Similar to 6D pose detection, 3D detection estimate the rotation and translation through

a 3D bounding box. The difference between 3D detection and pose detection is that 3D
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detection has more emphasis on translation accuracy, which suits those tasks that value

more the location than the orientation. This property makes 3D detection models more

efficient in inference and easier to train. Chen et al. [13] first propose a monocular 3D

object detection method for autonomous driving. The method uses a ground plane, which

is assumed to be orthogonal to the image plane, to generate 3D candidates. Then, the

3D candidates are projected to the image plane to calculate confidence scores by using

different data including class segmentation, instance level segmentation, shape, contextual

features and location priors.

Instead of directly regressing the orientation of the 3D object, many methods combine

2D bounding boxed in 3D detection. Mousavian et al. [77] use 2D bounding boxes as

geometric constraints to produce a stable 3D detection. In most cases of autonomous

driving, the objects are assumed to only have 3 DoF. Because the vehicle and pedestrians

are assumed to only make movements along the axes that are parallel with the ground and

rotations around the axis that is vertical to the ground. Therefore, for each 2D bounding

box side, there is at least one projection of a 3D bounding box corner. Hence, these

constraints are not enough to recover the 6DoF parameters, and the model regresses the

bound box’s dimension based on the observation of the invariance of the objects’ size in

the same category. Thus, as long as the object’s category is known, the bounding box

dimension can be easily recovered. As the 2D bounding box constraints bring a great

advantage to 3D detection in autonomous driving. Li et al. propose GS3D to regress the

3D bounding box. This model disentangles the problem into bounding box and orientation

regression problems. As we discussed previously, in autonomous driving, the 3D bound

box of a vehicle fits tight in its 2D bounding box. Predicting the orientation of the object
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can easily recover its 3D bounding box prior to guidance through its 2D bounding box.

Then a post-processing refinement step is applied to get a more accurate 3D bounding

box, including a surface extraction module, which assumes that the center of the top plane

and bottom plane of the 3D bounding boxes are close to their 2D bounding box. This

assumption is also the main factor that leads to the error in real-time inference.

To better solve this problem, Liu et al. [7] propose M3D-RPN, a region proposal network

to generate 2D and 3D bounding boxes simultaneously based on Faster R-CNN [29] through

using 3D anchors. It defines the 2D and 3D anchors with the size and orientation of

the bounding box and uses a depth-aware convolution to extract features with 2D-3D

constraints in the camera view.

Pseudo-LiDAR [107] proposed by Wang. et al. argue that the gap between using

LiDAR (points) and depth (RGBD) data to train a 3D detection network can be shrunk

by converting the depth data into 3D points by the camera’s intrinsic matrix. Unlike,

previous models, they are based on depth data and treat depth as one of the direct inputs

of the model, Pseudo-LiDAR lifts the 2D pixels to 3D. Thus, the depth data can be treated

as 3D data by off-the-shelf point cloud models, although the gap in performance between

actual LiDAR and Pseudo-LiDAR cannot be eliminated. This research affects a lot of

later 6D pose detection models because deriving depth data is always easier and cheaper

than LiDAR data. Qian et al. [84] propose an end-to-end Pseudo-LiDar to integrate depth

estimation and 3D detection, which is treated separately in previous methods. They point

out that the two objectives are commonly aligned well, where the depth estimation will

pay attention to the overall information among the image while the detection module

needs to distinguish the target objects. Basically, they also point out that the existing
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method [14, 52, 58] adopts a grid-based strategy, which discretizes the points into a fixed

grid. The tensor will only record the occupation and densities. The advantage of this

strategy is the 3D and 2D convolution can be directly applied to those tensors. However, it

is difficultly differentiable. The author proposes CoR (Change of Representation modules)

to facilitate back-propagation and to maintain the modularity and compatibility of pseudo-

LiDAR.

Ma et al. [67] do a deep survey of pseudo-LiDAR and observe that the improvement of

pseudo-LiDAR comes from the coordinate transformation, instead of data representation.

Based on this theory, a CNN-based 3D detector, Patch-Net is proposed to verify their idea.

Patch-Net is mostly similar to pseudo-LiDAR. The difference is that Patch-Net organizes

the generated 3D points data as an image where the 3D points are divided into three

patches and each patch is one of the x, y, and z values of the points coordinate. By doing

so the model gets more promising results compared to the original pseudo-LiDAR and it

also proves that the input representation matters in a pseudo-LiDAR network.

On the other hand, Ye [122] et al. propose DA-3Ddet to use domain adaption to

solve the real-LiDAR and pseudo-LiDAR gap problem. The model contains three main

components, a domain adaptor, foreground segmentation estimator and 3D bounding box

predictor. The model consists of two branches. The two branches are identical in structure,

the first branch is pre-trained using real LiDAR data and only forwarded during training.

The second branch is the pseudo-LiDAR branch. The domain adaption is then performed

by calculating an adaption loss between the extracted features from the two branches.

Therefore, the pseudo-LiDAR branch will mimic the real-LiDAR’s features.
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In conclusion, the pseudo-LiDAR theory massively affects not only 3D detection mod-

els but 6D pose estimation models. Although, the domain shift problem still remains

challenging.

2.3.3 Category-Level 6D pose estimation

As we discussed in the previous section. Although 3D bounding box detection is widely used

in autonomous driving and robotics manipulation and achieves high accuracy in predicting

the location, it is still an ill-posed problem in pose detection with respect to rotation

prediction. In this section, we will discuss a more straightforward method, category-level

6DoF pose estimation. Instead of predicting the pose through its 3D bounding box, 6D

pose estimation directly predicts the target object’s transformation.

Because, unlike instance-level pose estimation, there’s no CAD model available during

training and testing. We need to predict 9DoF pose including the three-dimensional size

of the object. The main problem in category-level pose detection is to make models to be

category-sensitive. In autonomous driving, there’s no need to predict the pitch and roll

angle, which makes the problem more accessible and can primarily benefit from the 2D

proposal. However, as the main application scenario of category-level pose detection is AR

and robotic manipulation, the model needs to predict all the dimensions.

Sahin [87] et al. first define the main challenges of category-level 6D pose detection

problems including intra-class variations, distribution shifts etc. The authors argue that

the basic difference between instance-level and category-level is defecting the distribution

of 3D points in training and testing samples. In instance-level detection, the distribution
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of the points is the same as the points assigned to the COM (Center of Mass) from both

training and testing samples and the model tends to predict the transformation between

COM of the target object and the camera coordinate. The objects in category-level pose

detection task have different COM and different distributions of points. And the same

methods cannot be used to define the 6D pose of unseen objects. Sahin et al. redefine the

6D pose of category-level objects through SSC (Semantically Selected Centers). Typically,

for one category, there is only one SSC. Given the skeleton structure for each instance and

the distance between those nodes and the COM, the SSC can be computed by finding the

repetitive nodes between all instances and applying interpolation to the repetitive nodes.

Although the distribution of object coordinates in each instance under the same category

is quite different based on COM, the SSC of them maintains consistency across different

instances. This definition of SSC inspires many works in category-level 6D pose detection.w

Refinement-based methods

Refinement-based methods are early methods used in deep category-level 6D pose detection

problems. They recover the transformation by a post-processing algorithm to align the two

coordinates. Commonly, they rely on the Umeyama algorithm [97], ICP (Iterative Closest

Point) [102] etc. The first theoretical deep learning refinement-based category-level method

is proposed byWang et al. [103]. In their work, the authors propose a novel way to represent

the instance in object coordinate, which is called NOCS (Normalized Object Coordinate

Space). NOCS is a unit cube that aligns with the object’s center in 3D space. The origin of

the NOCS is on one of the cube’s corners. To transform the ordinal coordinates in object

space to NOCS, one only needs to shift the origin of the object coordinate system to the
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corner of the bounding box and scale the x, y, and z axis component values to a range

of 0 to 1. In this case, all the coordinates of the object in NOCS are normalized. The

purpose of constructing NOCS is to find a unified representation for instances of different

sizes, shapes and textures in the same category. Nevertheless, a model that is built upon

Mask R-CNN [32] is trained to predict the NOCS, mask and labels only from RGB images.

The depth is then used to lift the image with the predicted NOCS and mask to 3D points

to recover the 6D pose through the Umeyama algorithm [97]. Wang et al. also publish

a benchmark NOCS-REAL275 for category-level 6D pose detection which is comprised of

both synthetic data and real data. Their work is an important milestone in deep learning

category-level 6D pose detection. The baseline for comparison in this thesis also builds on

NOCS-REAL275 dataset.

Tian et al. [96] develop a model to solve the pose problem by using a category shape

prior. The category prior is the global characteristics of a category across different in-

stances. In order to extract the category-level shape, Tian et al. train an autoencoder

to extract the low-dimension latent embeddings of each instance. Then, the mean of the

embeddings will be passed to a decoder to get the mean shape category prior. The output

category prior is the point cloud that represents the general shape of the category. The

advantage of the shape prior is its corresponds to the category rather than the instance.

Once we have the in the shape prior, the model takes the prior, RGB and points as input

to infer a deformation field and correspondence matrix. The reconstructed point cloud is

equal to the summation of the points in the deformation field and shape prior. The corre-

spondence matrix is used to map each point in the input data and the reconstructed point

cloud because the number of points of these two sets may be different. After knowing the
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reconstructed points, depth and their correspondence, the 6D pose can be then estimated

using the Umeyama algorithm [97].

Regression-based methods

Although the aforementioned refinement-based methods can improve the performance of

category-level 6D pose detection. They still need a post-processing refinement step to

obtain the final result, which is not efficient. Another solution is to directly regress the

transformation, which is proposed by Chen et al [11]. This method learns CASS (Canon-

ical Shape Space) to tackle the intra-class variations. The whole model is comprised of

three parts: Canonical Shape Space learning, Pose-dependent Feature Extraction and Pose

Estimation. Like the two methods mentioned in the previous section. The model needs

to find a proper representation for the category. The authors propose CASS (Canonical

Shape Space) in their work the task is separated into two parts, the pose estimation and

size estimation. The authors separately learn pose-dependent features and size-dependent

features, where the size-dependent features are learned through reconstructing a canonical

point cloud, that is pose-normalized and has real-scale size. The size of the model can

be derived from this canonical point cloud. Then the other part will directly regress the

transformation matrix consisting of rotation and translation from the RGBD input.

CPS++ [69] proposed by Manhardt et al. incorporates self-supervised learning. Sim-

ilarly, for a category-level method, class representation is needed. The authors use Atlas-

Net [98] to learn latent space descriptors from the input point cloud, which are then

concatenated with points sampled from 2D images to conduct a shape reconstruction
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through a decoder. Each category will learn an auto-encoder for class representation.

Then, a class-specific predictor will regress the pose-related parameters. The class pre-

dictor from the auto-encoder of the first step also encodes the features to reconstruct its

shape, which can give additional supervision to the pose prediction. However, the training

of this model needs annotation, that are time-consuming to collect, and hence developing

a self-supervised scheme will be a better choice. The authors proposed a self-supervised

learning method to solve the problem by computing the chamfer distance between the

predicted point cloud and the sensor point cloud.

Improving the supervision of 6D pose is commonly used in category-level detection. Lin

et al. [59] propose a totally different idea. They propose an end-to-end pose predictor with

a parallel structure consisting of explicit and implicit decoders, to improve the supervision

of pose. The input image will first be processed by MaskRCNN [32] to extract the ROI

and then the input is separated into two streams, which are points and RGB values. Given

these two streams, the pose encoder is applied to learn the pose-sensitive features of them

respectively. It fuses the features of the two streams by spherical convolutions [17]. The

features output from the encoder are fed into an explicit decoder and an implicit decoder

simultaneously, where the explicit decoder uses features to regress the pose parameters

directly and the implicit decoder reconstructs a canonical point cloud instead. The two

predicted results from explicit and implicit decoders are used to refine the final pose by

forcing their pose consistency. In this case, the pose prediction can benefit from extra

constraints.
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Keypoints-based methods

Like instance-level methods, keypoints are also very important in category-level methods.

MobilePose [40] is a lite model developed for AR in mobile phones. Unlike previously

mentioned models, which take RGBD data as input. MobilePose only uses RGB to infer

the 6D pose of objects. MobilePose uses MobileNetv2 [88] as the backbone to build the

encoder. In MobilePose, the first step is to do instance segmentation to find the foreground

with specific categories. The authors conduct segmentation by assigning anchor grids to

the image and use the model to predict the Gaussian distribution for each object to find

peaks. MobilePose add an intermediate layer to MobileNetv2 for shape supervision. The

shape is comprised of 3 channel coordinates and 1 channel segmentation. However, a CAD

model is required to render object coordinates that are assumed to be partially available

in the training data. During training, the model will skip computing the loss if the CAD

model is not available. After knowing the peak locations of the objects in the 2D image,

the center and 2D bounding box vertices can be approximated. EPnP [55] is applied to

recover the 3D bounding box.

2.3.4 Summary

The instance-level and category-level pose detection models focus on single-image pose

estimation with respect to the camera space. Given a video, a 6D pose detection model will

estimate the transformation from camera space to object space regardless of the continuity

of the pose in the real scene. Compared to single-image pose detection, pose tracking

that works on a frame sequence is appropriate in real scenarios and has the potential to
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improve the estimation. Hence, pose tracking is proposed to tackle sequential data. Unlike

6D detection models, the tracking models predict the relative pose between two consecutive

frames. Given the initial pose of the object in the first frame, the model can iteratively

recover the poses in each frame. Additionally, the temporal information in the tracking

model is significant In the next section, we will introduce instance-level and category-level

tracking models.

2.4 Instance-level Object Pose Tracking

From this section on, we will discuss the monocular pose tracking problem, which is also

the topic of our work. For the cases with and without CAD models, we divide the methods

into instance-level pose tracking and category-level pose tracking, which is similar to pose

detection except the prediction is based on the inter-frame transformation.

2.4.1 Definitions

Given a sequence of frames and the initial pose of the target object with its CAD model,

Instance-level poses tracking requires the prediction of the 6DoF pose (R ∈ SO(3) and

T ∈ R3) of the object in each frame. Because the CAD model is available in training and

testing, the size of the object is known.
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2.4.2 Regression-based methods

Like the regression-based methods, we discussed in the previous section on pose detec-

tion. In the pose tracking problem, the relative pose between two frames will be directly

regressed. Garon et al. [28] propose Deep 6-DoF to formulate the instance-level track-

ing problem. Like many other tracking methods, the model takes the reference frame’s

object position and current frame as input to predict the actual pose of the object. In

order to generate the observed position, the authors incorporate an augmented strategy,

where the current frame’s observed position is generated by applying random rendering

and transformation to the predicted pose in the previous frame. The model takes the pre-

dicted position in the previous frame and the observed object in the current frame as input

through a multi-head CNN network to regress the relative transformation between these

two frames. The authors also prove the robustness of their tracking model encountering

occlusions. However, this method does not consider the interaction between the object and

its environment. Besides, this method lacks a specific occlusion solution. Marougkas et

al. [71] propose a multi-attention framework to address background occlusions and clusters.

The authors demolish the problem into foreground attention and occlusion with Fire lay-

ers [43] and skip-connections. The purpose of such a multi-attention architecture is to help

the model learn to distinguish occlusions from the foreground. FCR-TrackNet proposed by

Zhu et al. [130] incorporates multi-feature Fusion and Classification-Regression to predict

the rotation information. Similarly, like other instance-level methods, it requires the 3D

model of the target object to render the reference frame and estimate the relative pose

represented by Lie Algebra between the current frame and the reference frame. The input
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data (current frame and rendered previous frame) will be fed into low-level and high-level

feature extraction modules to learn detailed and semantic information respectively. These

features will be fused to regress the parameters of Lie Algebra representation. Additionally,

a classification module is added as a sub-branch to the rotation regression. The authors

proposed a novel rotation classification strategy, CRA (Classification label for Rotation

Angles). The CRA classifies the rotation angle into different ranges and converts the dis-

crete angle space into a smooth coding label by dividing the rotation angle into multiple

areas. The CRA proposed in FCR-TrackNet takes the range of rotation angle into account

to solve the boundary problem in rotation estimation.

2.4.3 Optimization-based methods

Wen et al. proposed se(3)-TrackNet [111], which estimates the relative pose given the

RGBD image of the current frame and the synthetic image rendered using the optimal pose

estimated from the previous frame and the CAD model of the object. The rendering of the

previous frame and the RGBD of the current will be passed to two encoders respectively.

The model will learn the residual pose transforms represented by Lie Algebra given a

proper loss function. This method only relies on the synthetic data during training and

can be easily transferred to real scenes. However, the fact that it requires the CAD model to

render is its drawback in practice. PoseRBPF [21] utilizes Rao–Blackwellized Particle Filter

and autoencoder network to estimate rotation and translation separately. The particle in

PoseRBPF is represented by a translation hypothesis and rotation distribution conditioned

on the translation hypothesis. The particles are fed to a motion model to determine the
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RoI (Region of Interest) according to the translation. The autoencoder is then used to

compute a feature embedding from the RoI. Then, the authors match the embeddings

with the embeddings in the pre-computed codebook to derive the observation likelihood

and calculate the weights of the particles. Finally, through resampling the particles using

the weights, the translation and the probability of the rotation can be computed.

2.4.4 Refinement-based methods

Unlike regression-based methods, refinement-based methods add a post-procession step

in the end to refine the predicted or prior pose. Manhardt et al. [68] propose an RGB-

based model to tackle the tracking problem. The method proposed does not require depth

or segmentation. The model is trained to infer the transformation updates between two

patches with a 6D pose hypothesis. The goal of the network is to refine this hypothesis

till it fits the real transformation. Specifically, given a CAD model, the authors render

it with a random transformation to a random background to get a scene patch. Then

a perturbation pose (hypothesis) is applied to the scene patch to get a render patch.

Therefore, the hypothesis is no longer aligned well with the scene patch. The task is

then the refinement of the hypothesis. In order to optimize the increment of rotation, the

authors use quaternions to define a regression problem. Meanwhile, a contours-based loss

is proposed to tackle the invariance to object’s shape and the lack of depth information,

which degenerates the 3D alignment problem into a 2D matching problem.

Li et al. [57] propose DeepIM, a 6D pose matching network. The authors argue that

the direct regression of object pose may produce poor results. Matching between rendered
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images and observed images has a better performance. The authors adopt a high-resolution

zoom-in to the image and segmentation map before feeding it to the model. Given the

observed image and its corresponding initial pose estimation. DeepIM uses FlowNetSimple

[23] to iteratively refine the pose by matching the rendered image and the observed image.

Because the objects are observed originally in the camera coordinate system. Scale and

rotation-dependent translation variation change may appear, which requires the model to

memorize each object’s size when matching mismatched pairs. In this condition, untangled

transformation representation is presented to tackle this problem. Basically, the prediction

of rotation and translation needs to be separated. Therefore, the rotation estimation needs

to be based on the object coordinate system and the axes are parallel to the camera’s

coordinate system. This solves the problems of object size memorization and dependent

rotation estimation. Insufficient real training data is also a challenge of 6D pose tracking

problems, and learning from synthetic data is the main tendency.

Additionally, Busam et al. reformulate the instance-level tracking problem into an

action decision process by incrementally updating the initial pose. First, the training pair

is acquired by randomly rendering the input object with different poses. The goal is to

iteratively update one of the objects to be close to the other through action. The possible

actions can be discretized into an action vector, which is composed of 6 positive actions,

6 negative actions and a stop sign. The problem now becomes finding an optimal action

sequence. The authors use a CNN with an attention module and Hamming distance loss to

learning the best action sequence. This action decision model provides a new direction for

pose tracking. Instead of considering the transformation as an entity comprised of rotation

and translation, the discretized action can also represent the pose refinement process.
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2.5 Category-level object pose tracking

Like category-level object detection, the biggest challenge of category-level pose tracking is

to learn scale-invariant and shape-invariant features of the categories with different input

instances. While the CAD model is not given, the model can only learn from the point

cloud without specific prior knowledge, which makes the task more complicated. But it

also can expand the category-level tracking model to more tasks than instance-level. This

is the reason why we are interested in it. Our work is also built on the category-level object

tracking method. In the following sections, we will introduce the related works of several

state-of-the-art category-level tracking methods.

2.5.1 Definition

In category-level tracking problem. The CAD model is not available. Thus, the neural

network is not able to get any prior of the target object’s shape and size. Like category-level

detection, learning the category-level features is the most important thing. The initial pose

and the bounding box of the object are given, the size prediction is not strictly necessary

except if it is a non-rigid object or non-articulated object.

2.5.2 Detection-based methods

In most scenes of autonomous driving is only one category (vehicle) and the orientation

prediction is simply with only one degree of freedom. Detection-based methods that are

inspired by 2D tracking models are often used. Hu et al. [41] propose a tracking method
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for autonomous driving. The task here is defined as a multi-object tracking problem.

The model aims at finding N trajectories for the objects detected in the image. Because

the targets are all vehicles, predicting category-wise features becomes less important. In

autonomous driving, the rotation can be represented by a single angle Θ. Therefore, the

status of each vehicle can be represented by the object center, orientation and appearance

features for re-identification. Because the GPS information is available, the ego view of

the vehicles is known during training. The authors design a weighted bipartite matching

based on affinity matrices between existing tracks and the new detection and matching

with depth-ordering matching to solve the re-identification problem. LSTM (Long Short

Term Memory) [38] is used to introduce temporal relations to each detection in sequential

frames. Similarly, the 3D tracker proposed by Weng et al. [114] adopts the idea from deep

multi-object tracking in 2D computer vision using a Kalman filter [109] and the Hungarian

algorithm [53] for motion prediction and data association respectively. The Kalman filter is

used to update the parameterized 3D bounding box from different frames. It also provides

new metrics for 3D tracking evaluations.

2.5.3 Regression-based methods

On the other hand, in AR applications with diverse categories and the need of 6DoF trans-

formation, Regression-based and keypoints-based methods are more appropriate. They

are also the baselines that we evaluate in our experiments. So we will give a detailed

introduction to these methods. Captra proposed by Weng et al. [115] takes both rigid and

articulated objects into account and treats the tracking problem as a 9DoF regression. The
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9DoF requires the model to predict the size of the object in each frame because the tar-

get objects include articulated object whose size may change during the tracking. Captra

adopts the idea from NOCS [103] and proposes a pose-canonicalized space. Unlike NOCS,

the pose-canonicalized space uses the object’s pose in the previous frame to normalize the

current frame’s object. Suppose Xi are the points in frame i, Ri and Ti are the rotation

and translation in frame i, respectively. Si is the scale of the object that can be calcu-

lated by Si =
√
W 2 +H2 + L2, where the (W,H,L) are the width, height, length of the

3D bounding box. Si is the length of 3D bounding box’s diagonal. Thus, the points in

frame i + 1 can be canonicalized to Zi+1 = R−1
i (Xi+1 − Ti)/Si. The formula normalizes

the current frame’s points by applying the inverse transformation of the previous frame.

Assuming the change of size between two consecutive frames is minor, the size of the object

is approximated using the previous frame’s size. The model takes Zi+1 as input to regress

Ri+1, Ti+1, Si+1 to satisfy

Ri+1 = RiRi+1 (2.18)

Ti+1 = SiRiTi+1 + Ti (2.19)

Si+1 = SiSi+1 (2.20)

Noticeably, the output from the model are the relative transformations Ri+1, Ti+1, Si+1

between two frames. The difference is that Captra normalizes all the input points to a

pose-canonicalized space using the previous frame. In this case, the transformation will be

easier to regress. The model’s architecture is shown in Fig. 2.1.
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Figure 2.1: Captra architecture [115]. ©Copyright IEEE 2021.

The model is comprised of two sub-modules, namely CoordinateNet and RotationNet.

The former is responsible for segmentation and normalized coordinates prediction. The

normalized coordinates are similar to the pose-canonicalized space except the transfor-

mation (Ri, Ti, Si) is replaced by (Ri+1, Ti+1, Si+1). The purpose of predicting normalized

coordinates is to use the Umeyama algorithm [97] to compute the translation along with

RANSAC. The latter is built upon PointNet++ [83] for rotation prediction. Considering

articulated objects, the input is their masked per-part points, pose, rotation and trans-

lation under pose-canonicalized space. Unlike other methods using Lie Algebra [25] or

Euler angles [108], RotationNet uses a neural network continuous representation [129] for

rotation.

The training and testing strategies are different. In training, the pose-canonicalized
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coordinates are transformed using a random rotation, translation and scale instead of the

real previous frame’s pose because the majority of data in the dataset [103] that is used in

Captra are synthetic and using random values can augment the data. Suppose (ns, nr, nt)

are Gaussian random noise. The pose after the perturbation is {S ′ = S(1 + ns), R
′ =

Rnr, T
′ = T +nt}. The (S ′, R′, T ′) is ground truth in training phase. The previous frame’s

pose is only used in testing. Generally, Captra uses the previous frame’s pose and size

to normalize the current frame’s points, which formulates the pose change between two

frames in a normalized space to tackle the scale and pose variation.

2.5.4 Keypoints-based method

On the contrary, keypoints-based methods focus on representing the object as keypoints.

CenterPoseTrack proposed by Lin et al. [61] is a single-stage model that takes monocular

RGB video as input to predict the bounding cuboid and 6-DoF pose. The keypoints

in this method are defined as the vertices of the 3D bounding box. The final pose is

calculated using PnP (Perspective n Points). Given the 2D image of the current frame and

the previous frame along with the center and keypoints heatmap of the previous frame, a

neural network will be used to generate a heatmap to find the center and keypoints of the

current object. The network is also trained to generate the offset vectors, which indicate

the offset from the previous keypoint locations to current locations. After predicting the

heatmaps, the Bayesian and Kalman filters are used to update the 2D keypoint locations

as well as the relative cuboid dimensions. Finally, PnP is used to process the 2D keypoints

to obtain the 6D pose. The advantage of this method is that it does not require 3D
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data as input and directly predicts the distribution of keypoints in 2D image coordinates.

Incorporating uncertainty estimation allows this method to work on previously unseen

object instances. CatTrack proposed by Yu et al. [124] utilizes vision transformer [22]

to remove the irrelevant information during the tracking process and emphasize useful

features. Like CenterPoseTrack [61], the purpose of this method is to leverage the heatmap

of keypoints from the previous frame and a 2D image of the current frame to produce the

heatmap of the current frame. Then, using the PnP algorithm to recover the pose of the

object. The model takes the heatmaps of the previous frame and the 2D image of the

current frame as input and conducts visual self-attention on them to learn the heatmaps of

object centroid and keypoints (the vertices of the 3D bounding box). One drawback of this

method is when the objects are close to each other, the keypoint matching and grouping

might fail. 6-pack [100] proposed by Wang. et al. address the tracking in the scenario

of robotic manipulations. Due to the great workload of annotating data with handcrafted

keypoints, in 6-pack, the network predicts the keypoints with respect to the input point

cloud in an unsupervised manner based on an anchor-based attention module. 6-pack is

a rigid-object-oriented 6D tracker. So the size of the object is assumed to be the same

between frames. There is no need to predict the object’s size. This model is also one of

the baselines that we use for evaluation. Fig. 2.2 is the architecture of 6-pack.

First, the previous frame’s pose or initial pose is used as an approximation of the cur-

rent frame’s pose by the model. The purpose is to find the ROI of the object. Given the

bounding box of the previous frame, the model can crop out an enlarged 2D bounding

box according to the projection of the 3D bounding box. The purpose of enlarging the 2D

bounding box is to cover as much of the points as possible. Because the authors use a ran-
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Figure 2.2: 6-Pack architecture [100]. ©Copyright IEEE 2020.

dom sampling strategy, an enlarged bounding box can increase the model’s robustness. In

addition, anchor points are set to the surface and inside of the 3D bounding box uniformly.

Then, sampled points and their corresponding 2D pixels are fused using a per-point fusion

method [101] to extract a per-point feature. In order to find the anchor that is the closest

to the object’s center, the anchors collect all the points’ features weighted by their distance

to the anchors. After that, the model is trained to find the anchor that is the closest to the

object’s center. The central anchor features will generate keypoints as the representation

of the object. To let the model learn to generate the keypoints in an unsupervised manner,

the authors use a multi-view consistency loss as the constraint.

Lmvc =
1

K

∑
∥kt

i − [∆Rgt
t | ∆tgtt ]k

t−1
i ∥ (2.21)

As this is the first category-level pose tracking method applied in robotic manipulation.
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It provides a new idea for using keypoints, which provides inspiration for our works.

2.5.5 Summary

In this section, we have discussed instance-level and category-level pose tracking problems

from different aspects including regression, indirect post-refinement and keypoints gener-

ation. There is one characteristic that is in common among these methods. They make

predictions between only two frames to accomplish the tracking task. The task is however

not about offline video processing, where the whole video is available during inference as

e.g., video detection, or action recognition in 2D computer vision. In real-time processing,

only the historic frames can be stored and used. Given the fact that the input is a real-time

frame sequence, much valuable information is hidden in the history. The historic pose can

be used to refine the pose of the current frame. In the next section, we will introduce the

temporal models that inspire us in 2D and 3D.

2.6 Temporal Models

As we discussed in Sec. 2.4. Considering the drawbacks of 6D pose detection, pose tracking

by relative pose prediction between two consecutive frames is more feasible in processing

real-time video sequences. Thus, in video processing methods, historical information can-

not be ignored. In 2D object detection, action detection, and video object detection. The

temporal model has been deeply explored. However, the temporal model is challenging to

migrate to 3D pose prediction problems because of the difference in data representation.
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Category-level pose tracking still lacks a proper temporal method to process the history.

This is why we focus on it. In this section, we will start with 2D computer vision to

introduce the application of temporal information in both 2D and 3D.

2.6.1 2D Temporal Models

Wang et al. [104] propose TDN (Temporal Difference Networks) for action recognition in

video, which incorporates short-term and long-term motion captures. Like what we propose

in this thesis, TDN is based on a temporal difference operator. The network consists

of three components including video sparse sampling, short-term motion and long-term

motion. Considering the limit of GPU memory, the authors use a sparse video sampling

method to organize the input data. For each video, a non-overlapping segment strategy is

applied and a frame is randomly sampled for each segmentation. Then, the sampled frames

are fed into a CNN to extract frame-wise features for a short-term process. The short-

term difference is applied at the early stage. The temporal difference calculates the RGB

difference between two adjacent frames and differences of the all the frames will be stacked

to produce short-term motion. They use a low-resolution processing strategy. Because the

authors observe that the difference has a high value only in the motion of salient regions,

where high resolution is not necessary. In order to add constraints to the model and

to maintain the sensitivity to motion, the authors adopt a long-term module to further

process the features. If the short-term module concentrates the spatial feature between

two frames, the long-term module aims at using a cross-segment structure to improve

the feature representation. Fig. 2.3 is the architecture of TDN. The long-term structure is
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Figure 2.3: TDN architecture [104]. ©Copyright IEEE 2021.

comprised of multiple sub-modules, which correspond to one short-term module. The long-

term structure formulates a multi-scale attention map on the different segments to enhance

frame-level features. The design of our global attention map in this thesis is inspired by

this idea. Please see Chapter 3 for more details.

In 2D video object detection, a single frame’s features may be distorted encountering

occlusion, motion blur, and illumination change. It is important to explore temporal infor-

mation to enhance feature representation. Cui et al. [20] propose TF-Blender (Temporal

Feature Blender) for video object detection. The proposed model considers the temporal

feature integration problem as a combination of feature relation and adjustment. The

model will first sample a frame and its neighbouring frames in a video as the input. The

feature relation module aims at learning a pixel-wise adaptive weight between two neigh-
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bouring frames. The authors argue that the global weight used in existing methods makes

the model incapable of suppressing the occlusion or other objects in the background. A

pixel-wise weight is more suitable for the model to focus on the target object. The tempo-

ral relation module is a mini-network comprised of several convolution layers. The input is

the concatenation of the frames. The output map of the mini-network is a 2D map that de-

picts the corresponding weight for each pixel according to their similarity. If the weighted

similarity between the original frame and the one is greater than a threshold, the weight

map will be set to 0. This step increases the model’s efficiency by suppressing features of

repetitive frames and makes the model concentrate on the feature difference. Nevertheless,

the authors also adopt a feature adjustment module to maintain the feature consistency

around in neighbouring frames. In the feature adjustment module, the model calculates a

weighted summation between each frame and other frames in the neighbouring set using

the weight map from the feature relation module. The feature blender is the last module

to connect feature adjustment and feature relation, which is the weighted element-wise

multiplication between the current frame and other adjusted frames in the neighbouring

set. Fig. 2.4 is the overall architecture of TF-Blender.

Figure 2.4: TF-Blender architecture [20]. ©Copyright IEEE 2021.
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2.6.2 3D Temporal Models

It is more difficult for 3D models to leverage temporal information than for 2D models

because the relation between different point clouds is hard to measure. Using a memory

pool to store unordered frames is a common method to use 3D temporal information. TP-

AE proposed by Zheng et al. [128] incorporates an auto-encoder and continuous temporal

frames. The authors first use the history buffer to learn the prior pose of the current frame

by extracting the trajectory in the history frames. Then, the prior pose will assist the

downstream modules. The image and points will be sampled in an enlarged region and

the prior pose is used to transform the sampled points. By doing so, an RGB-Cloud pair

with the offset of the prior pose to the ground truth pose is generated. An auto-encoder-

based strategy is used to address the problem of rotation estimation. The model will first

learn the latent embeddings of rotations invariant to the translation by reconstructing the

ground truth RGB-Cloud pairs, where the target objects are located in the center of the

image. The embeddings of all rotations will be collected into a codebook for matching

during inference. The output latent embeddings with the highest similarity score will be

assigned with the corresponding rotation. Similarly, in translation prediction, the authors

also build a codebook by reconstruction using an auto-encoder. The embeddings from

rotation prediction are concatenated as one of the inputs for translation prediction because

the authors observe that the rotation may provide some useful information for translation

estimation. This method incorporates an auto-encoder to tackle the challenge of occlusions.

However, the prior pose prediction using history frames lacks the consideration of the case

that the pose of the object is in fast motion, where the error of prior pose estimation will be
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enlarged. FoundationPose [113] proposes a novel setup for 6D temporal tracking using 3D

models or model-free reference images combining the idea from Nerf [74]. In the absence

of 3D models, the model uses a bunch of reference images to learn the shape of the object

to effectively render images with sufficient quality for downstream modules. To this end,

the authors propose an object-centric neural SDF (signed distance field) representation for

object modeling. The object is represented using two functions, geometry function and

appearance function. The geometry function intends to learn the signed distance from

the 3D points and the appearance function takes the intermediate feature vector from

the geometry module, a point normal, and a view direction to output the color. Then

the object surface can be obtained by taking the zero-level set of the signed distance

field. In addition to RGB rendering in Nerf [74], the model requires depth to do the

pose estimation. The authors further perform marching cubes [65] to extract a mesh

from the zero-level set of the SDF. After having the shape information from the 3D CAD

models or the aforementioned neural field learning, the pose hypothesis can be generated

through two steps, pose initialization and pose refinement. The model initializes rotation

and translation by viewpoint sampling from an icosphere. Then, the model will refine

the initial pose using the rendering of the object conditioned on the coarse pose and a

crop of the input observation from the camera to refine the initial pose. Finally, a pose

selection strategy will be used to select the optimal pose from those pose hypotheses.

This method bridges the gap between model-based and model-free methods. It uses a

neural implicit representation for effective novel view synthesis. Wen et al. [110] propose

BundleTrack, a 6D pose tracking model that is generalizable to unseen objects without

using any CAD model or prior knowledge of the object based on an object pose graph.
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Unlike previously discussed 6-Pack [100] and Captra [115], it does not require training

on each specific category and it can store previous poses to refine current frame’s pose

prediction. Fig. 2.5 is the architecture of BundleTrack.

Figure 2.5: BundleTrack architecture [110]. ©Copyright IEEE 2021

The model is a recurrent structure. In each timestamp, the input is the currently

observed RGBD image It and the previous frame’s segmentation map Mt−1. Then the off-

the-shelf segmentation network [126] will predict the corresponding segmentation. After

cropping out the object in two frames, a keypoints detector will predict the keypoints and

feature descriptors. The estimated keypoints are associated using RANSAC [27]. Based

on these two keypoint sets, an initial coarse transformation can be calculated by solving

a least square problem [3], which initializes the current node in the pose graph (step (5)

in Fig. 2.5). The initialized pose Tt is refined using the selected keyframes in the memory

pool. The strategy of frame selection is to find the set of frames that has the largest mutual

viewing overlap, which can maintain the multi-view consistency. Supposed the size of the

memory pool is N , the authors formulate the problem as a minimum H-subgraph of an
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edge-weighted graph problem [99]:

argmin
x

∑
i∈N

∑
j∈N

xixjarccos
tr(RT

i Rj)− 1

2
(2.22)

where xi ∈ 0, 1, i ∈ N and Ri is the rotation matrix of keyframe i. The purpose of the

optimization is to find a binary vector x ∈ RN that indicates the selection of frames in the

memory pool.

After selecting the keyframes, the next step is to use those keyframes to optimize the

pose of the current frame. As shown in Fig. 2.5, the authors propose an object pose graph

to conduct the optimization. In the pose graph, each node is the pose of the corresponding

frame. For each edge in the graph, two types of energies Ef and Eg are introduced. The Ef

corresponds to the residuals between features and Eg corresponds to the geometric residuals

measured by dense pixel-wise point-to-plane distance. The spatiotemporal consistency can

be achieved by minimizing the total energy. The pose graph can be denoted as G = V,E.

The optimization equation is as follows:

E =
∑
i∈|V |

∑
j∈|V |

(λ1Ef (i, j) + λ2Eg(i, j)) (2.23)

The strategy to update the keyframe memory pool is by comparing the geodesic distance

between the currently determined pose and each existing keyframe in the memory pool.

The pose is added to the pool if the distances are larger than a threshold. BundleTrack

provides a novel direction for using optimization methods to align temporal information in

pose tracking. The model does not require any prior knowledge of the category or instance.
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2.6.3 Summary

In this section, we introduce the temporal methods in both 2D and 3D that provide ideas

for our thesis. In 6DoF poses tracking problem, the TP-AE [128], FoundationPose [113],

BundleTrack [110] and its improved version BundleSDF [112] proposed by Wen et al. are

typical temporal models that are used in 6D pose tracking problem. However, the temporal

information in most of their methods is unordered and acts like a bunch of reference frames,

where the continuity of consecutive frames is ignored. The TP-AE [128] is the only one

that uses continuous temporal information, which has a similar setting to our method. We

think the learning-based temporal model in 2D computer vision can be generalized to 6D

tracking tasks. Hence we adopt the idea of the temporal difference model in 2D combined

with the bidirectional feature fusion between pixels and points to propose a difference-based

model for 6DoF pose tracking.

2.7 Benchmarks

In this section, we will introduce some commonly used datasets in 6DoF pose detection

and tracking, which include the two datasets that we used to evaluate our model.

2.7.1 NOCS-REAL275 [103]

The NOCS-REAL275 dataset is a category-level dataset used for pose detection and pose

tracking. It consists of synthetic and real data. For synthetic data, 184 instances from

ShapeNetCore [10] under 6 categories are rendered with 31 indoor backgrounds. For real
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data, there are about 8000 RGBD frames from 18 real scenes (7 for training, 5 for validation,

and 6 for testing). The real objects are classified into 3 instances for each category. NOCS-

REAL275 dataset also contains the NOCS coordinate space for each object for training

and testing. Fig. 2.6. The reason why we use NOCS-REAL275 dataset to evaluate our

Figure 2.6: NOCS-REAL275 samples [103]. ©Copyright IEEE 2019

model is because it has a great number of instances and has them well organized into 6

categories, which is suitable for category-level 6D pose tacking. It contains real data, which

consist of videos. The real data can be used to train and evaluate our temporal model.

2.7.2 MoVi [30]

MoVi is a synthetic dataset generated using Kubric [30]. MoVi contains 5 subsets (Movi-A

- MoVi-E) with increasing complexity. The dataset consists of up to 24 categories, each

category has up to 1000 videos. Each video consists of 24 frames with 12 FPS (Frame
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per Second). The advantage of this dataset is that the pose of the object in each frame

is continuous, which is suitable for temporal model training and it has a great amount

of training data. Unlike other datasets, the object instances in MoVi are falling to the

ground with a moving camera and occluded frequently. It makes the detection tasks more

challenging than the static objects placed on the ground with a moving camera. The

dataset provides the annotation of optical flow, segmentation, 6D pose, surface normals,

depth and bounding boxes. Fig. 2.7 is an example of MoVi. The frames in this dataset are

all organized as video, which is appropriate for our temporal model’s training. Due to its

sufficient training data, we can better analyze the performance of our model. Nevertheless,

the objects in the scenes in the MoVi dataset have more complex motions compared to

NOCS-REAL275, which allows us to evaluate the model’s robustness when encountering

occlusions and rapid pose change.

2.8 Summary

In this Chapter. We reviewed many related works in the field of pose prediction. We

start with pose detection and 3D bounding box detection to introduce the basic theory

and we classify the pose-related works into instance-level and category-level depending on

the availability of the CAD model. Then, instance-level and category-level are further

categorized into refinement-based, retrieval-based, keypoints-based and detection-based

methods and we give details of some state-of-the-art methods. We analyze the limit of

pose detection of a single frame in an real scene. Pose tracking that predicts the relative

pose between the current frame and previous frames is applicable to tracking the pose
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of the object in a real-time sequence. Captra [115] and 6-Pack [100] are two successful

tracking models. Captra is a regression-based method that only takes points as input,

while 6-Pack is a keypoints-based method that takes both RGB and points as inputs.

Temporal processing is an inevitable topic in video-related tasks. Although many pose

tracking methods have achieved state-of-the-art, they still suffer from the loss of important

features caused by occlusion, motion blur etc. These problems can be solved by temporal

processing, which has been widely applied in 2D computer vision. Inspired by the idea of

temporal difference and bidirectional feature fusion we intend to transfer the difference-

based model in 2D action recognition to 6D pose tracking. In the following sections, we

will explicitly introduce our difference-based temporal model and evaluate its performance.
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Figure 2.7: MoVi samples [30]. ©Copyright IEEE 2022.
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Chapter 3

Approach

In this chapter, we will introduce our difference-based temporal model. First, we will give

a definition of the temporal model in category-level 6DoF tracking. Second, we will go

through the overall architecture of our model. Then, we analyze each component in our

model and how to integrate our temporal model with the two backbones 6-Pack [100] and

Captra [115].

3.1 Problem Definition

In a category-level 6DoF tracking model, the initial pose of the object is given with respect

to the camera coordinate system in the first frame, p0 ∈ SE(3), p0 = [R0 | t0] together with

a video sequence (I0, I1, I2, ..., I t). The problem can be depicted as tracking the continuous

pose pi of the object in each frame fi given the previous frame pose pi−1, which is the

relative transformation between I i and I i−1, ∆pi. Thus, pt can be computed through the
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accumulated multiplication of ∆p, that is pt = ∆pt ·∆pt−1 ·∆pt−2 ·∆pt−3 ·∆pt−4 ···p0. Given

the RGBD image Ii, the tracking task can be expressed as pt = F (I t, I t−1, I t−2, I t−3, · ·

·, I0, Ct−1, Ct−2, Ct−3, · · ·, C0, p0 | θ), where θ is the tracking model’s parameters and Ci is

the corresponding point cloud of image I i.

In order to estimate ∆p between two frames in ordinal 6D tracking models, the model

needs to take the current frame and previous frame as input, which is ∆pt = H(I t, Ct, I t−1, Ct−1 |

θ). Considering temporal information, there are a lot of ways to incorporate it into the

tracking model. As we discussed in Chapter 2, using an unordered memory pool [110,112] is

one of the options. In this thesis, the model is required to run in a real-time manner, where

the whole video is not available and past frames can be utilized. We propose to use a sliding

window (history sequence) to store and update history frames sequentially. Supposed the

length of the sliding windowM is L, whereMt = (I t−1, Ct−1, I t−2, Ct−2, I t−3, Ct−3...I t−L, Ct−L).

Therefore, the tracking model with the temporal information can be expressed as ∆pt =

H(I t, I t−1, Ct, Ct−1,Mt | θ).

3.2 Overview

As discussed in Sec. 3.1. The direct pixel-wise or feature-wise difference calculation is not

applicable for 3D points. Additionally, the differences of points, RGB values of pixels and

their fusion need to be considered. The proposed difference-based temporal model explores

the relations between the current frame I t and the frames in the sliding window Mt as

shown in Fig. 3.1. It outputs the refined features f t of the current frame I t.
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Figure 3.1: The overall structure of the difference-based temporal model.

The model takes both RGB pixel values and points as input and fuses them based on

the method inspired by Ffb6d [34]. Ffb6d is a pose estimation model proposed by He et

al. [34] that only considers individual frames. The authors propose a bidirectional fusion

strategy in the encoder to fuse the feature of pixels and points and it produces promising

results. We are inspired to fuse the difference of pixels and points, which will be introduced

in the next section. Two sub-modules are applied to the fused features to calculate the

difference. In 2D video detection or motion detection models, the difference calculation has

been deeply explored by RGB difference [79,105,127] and difference of features [46,56,64].

The difference in 2D can be directly calculated because the pixels and features are spatio-

related. In 3D tasks, the situation becomes challenging because the combination of RGB

values and points needs to be taken into account. In this case, we propose a bidirectional

feature-wise difference measurement method based on Euclidean distance, which will be
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discussed in Chapter 3.3. The purpose of the differences is to learn a feature-wise weight

for the previous frames, that indicates the importance of each dimension of the features.

After that, the current frame’s features are refined using the weight and the last frame’s

features. By doing so, the model can extract useful features from the history and suppress

those features that can affect the model’s performance negatively.

For the local difference module, the difference is calculated between every two consecu-

tive frames in Mt. The learned feature-wise weight will be applied to the previous frame’s

features and the weighted features added to the current frame’s features in an iterative

manner for all the frames in Mt. The iterative update will start from the latest frame’s

feature (f t−L) in the history sequence of frame t. Suppose the update function of local

difference is Slocal(), which satisfies

f t−L+i = Slocal(f
t−L+i, f t−L+i−1) (3.1)

where t is the index of current frame and i means the ith frame in the history sequence. L is

the length of the sequence. f i is the feature after refinement. The function Slocal takes the

refined feature of frame f t−L+i−1 and the feature of frame f t−L+i as input to generate the

refined feature of frame f t−L+i. This formula will be iteratively applied to all the frames

in the history sequence until it updates the current frame’s feature and gets the refined

feature of the current frame f t

The local difference module iteratively updates the frame sequence. However, this may

cause the model to forget early information in the sliding window, that is the feature f t−L.

In the local difference module, based on Eq. 3.1, we can represent current frame’s feature
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using all the frames in the history sequence. By expanding Eq. 3.1, we have:

f t = Slocal(f
t, Slocal(f

t−1, Slocal(· · ·Slocal(f
t−L+1, ft−L)))) (3.2)

The update function Slocal is to compute a weight and multiply the previous frame with this

weight. Then the current frame is updated with this weighted feature from the previous

frame (See Chapter 3.5 for more details). By doing so, the model can learn from the

continuity of the sequence. However, the weight will accumulate from the first frame in

the history sequence, which diminishes the effect of early frame in the history sequence. In

order to solve this problem, we further design a global difference module that can benefit

from the features of each frame equally.

A global module is necessary to align the current frame’s features with all the frames

in the sliding window regardless of their position in the window. The global difference

module will calculate the difference between each frame in M t and f t and accumulate

the weighted features together to update the current frame’s feature. Suppose the global

difference function is Sglobal that treats the relation between all the frames equally. Then

we have

f̃ t = Sglobal(f
t−1, f t−2 · · · f t−L) (3.3)

Local difference and global difference module outputs will be combined to generate the

final refined feature of the current frame. Please see Chapter 3.5 and Chapter 3.6 for more

details.
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3.3 KNN-based Difference Calculation

The difference in pixels can be calculated by direct subtraction because of the known corre-

spondence between pixels of the two images. In 3D computer vision, the point sampling in

each frame is different. What we have are unordered point sets, where direct subtraction

is not available. In this case, we propose to calculate the difference based on KNN. In

6-Pack [100], the features fusion is through Densefusion [101]. The features extracted from

points and pixels are directly concatenated correspondingly. In Densefusion, the features

of points and pixels are extracted using encoders and concatenated feature-wise depending

on their correspondence to generate the fused features. Although dense fusion is enough

for fusing the features of points and pixels according to their correspondence, it ignores

spatial relations of the neighbouring points and pixels. Inspired by Ffb6d [34], we propose

a KNN-based bidirectional difference calculation and fusion method shown in Fig. 3.2.

Pseudo-LiDAR [107] is back-projecting the pixels using the intrinsic matrix of the

camera to obtain points in camera coordinates. Thus, the correspondence between each

pixel in the image and the 3D point is known. We depict this correspondence as a mapping

X (), that is Ci = X (Ii), where Ci is the ith point in the point cloud C and Ii is the ith

pixel of the corresponding RGB image.

The image Ia and point cloud Ca are the RGB image and point cloud from scene a.

We propose an extension of the method of Ffb6d [34] to calculate the difference between

points and pixels respectively and fuse them in a bidirectional manner. Given the point

sets and RGB pixels of two scenes (a and b), the Euclidean distances of points between

scene a and b are calculated as ∥X (Iai )−X (Ibj )∥ and ∥Ca
i −Cb

j∥ assuming a static camera.
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Figure 3.2: KNN-based difference calculation and fusion.

According to the computed distance, given one point in scene a, we can find its K nearest

neighbors and given one pixel, we can also find itsK nearest pixel neighbors in scene b. The

correspondence is then used in the feature map to conduct feature difference calculation

and fusion. The KNN-based difference of K nearest point neighbours Ra
i of Iai selected in

the scene b can be described as

Ra
i = fa,rgb

i −MaxPool(Wi · K(X (Iai ), f
b,rgb)) (3.4)
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where fa,rgb
i are the features of ith pixel in scene a, f b,rgb are the features of the pixels in

scene b and K() is the KNN (K nearest neighbors) function, which takes a point Ca
i and

the feature map as inputs, and returns the K selected features for point Ca
i in scene a to

the pixel in scene b according to the back-projection (after back-projecting the points, we

can know the correspondence) X (). Additionally, we also apply a weight (Wi) depending

on the distance to weigh the selected features, which can be expressed as

Wij = SoftMax(−∥X (Iai )− Cb
j∥) (3.5)

Assuming the points with closer distance share more similar features, the weight Wi

ensures the model assigns high priority to closer points. MaxPool() is the feature-wise

maxpooling. The reason that we use maxpooling is to emphasize the largest difference in

each dimension of a feature. if given point in the scene a, Ca
j has feature fa,points

j . The

features of points in scene b are f b,points The points KNN-based points difference P b
j of the

jth point in scene a can be described as

P a
i = fa,points

i −MaxPool(Wi · K(Ca
i , f

b,points)) (3.6)

After deriving the RGB and points difference representations (Ra
i and P a

i ) of the i
th point

in scene a, we now consider fusing the two differences.
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3.4 Difference Fusion

In order to generate the fused difference feature of point i given its point difference P a
i and

pixel difference Ra
i , we follow the bidirectional fusion from Ffb6d [34]. As shown in 2) of

Fig. 3.2. The difference fusion is also based on KNN. The bidirectional differences fusion

of the ith point in scene a is shown as follows

Ua
i = Ra

i ⊕MaxPool(Wi · K(Ca
i , P

a)), and (3.7)

Oa
i = P a

i ⊕MaxPool(Wi · K(Ca
i , R

a)) (3.8)

where ⊕ is the concatenation along the feature dimension. Ua
i is the feature-wise con-

catenation between the pixel difference (Ra
i ) and the K nearest neighbors points difference

from the points difference features (P a) calculated in the previous section. The distance-

based weight and maxpooling are also applied to the selected features. Correspondingly,

the concatenation along the feature dimension between point difference P a
i and the K clos-

est pixels differences Ra is also calculated. Then, Ua
i and Oa

i are concatenated to generate

the difference representation of ith point in scene a, that is Da,b
i = Ua

i ⊕ Oa
i , where Da,b

i

is the difference representation of point i in scene a considering both pixels and points

differences between scenes a and b.
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3.5 Local Difference

After knowing the difference calculation strategy considering both 2D pixels and 3D points,

we will discuss the local difference module in this section. Given the pixel features (fa,rgb)

and points features (fa,points) of frame a with the features for the history frames in the

history sequence (f j,rgb, f j,points, j ∈ Mt), the procedure of local difference calculation can

be expressed in Fig. 3.3 as follows

Figure 3.3: Local Difference Update Process.
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where Dt−1,t is the difference calculation in Chapter 3.4. The update process starts

from the earliest frame I t−L in M. For two consecutive frames (I t, I t−1), we use a relation

module B to learn the feature-wise weight fromDt−1,t in Chapter 3.4, which is the difference

representation of scene t − 1 fusing both pixels and points differences between t − 1 and

t. The relation module is constructed by an MLP (Multi-Layer Perceptron) with three

layers. The update between the features of two consecutive frames can be expressed as:

f t
i = SoftMax(f t

i + AvgPool(K(Ct
i , B(Dt−1,t

i )×○f t−1
i ))) (3.9)

where ×○ is the feature-wise multiplication. f t
i is the refined feature of f t

i obtained through

the local difference module. As we discussed in Chapter 3.2. The update process will be

done across all the frames in M and finally accumulated to the current frame, I t. For the

first frame in M, f t−L = f t−L. In Eq. 3.9, inspired by TF-blender [20], we also use the

SoftMax function to normalize the refined features. According to Eq. 3.2 and Eq. 3.9, the

refined features of the local difference module will accumulate the weighted features from

previous frames in the history sequence. Not applying normalization will result in large

values.

In the local difference module, each frame only concentrates on the consecutive frame.

A strong connection is added between the current frame and the previous frame. However,

according to Eq. 3.2, an issue arises. The frame may forget those features of frames that

are early in M. Their features are weakened. Thus, we need as well a global difference to

treat all the features in M evenly.
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3.6 Global Difference

Similar to the local difference, the global difference module also needs to conduct an update

process between two frames. But in the global difference, the update is directly between

the features of each frame in M and the features of the current frame. Fig. 3.4 is the

structure of the global difference module. Given the feature of the current frame f t and

Figure 3.4: Global Difference Update Process.

the features of frames in the history sequence, f t−j, j ≤ L. The updated current frame

can be expressed as

f̃ t =
L∑

j=0

AvgPool(K(Ct, B(Dt−j,t)×○f t−j)) + f t (3.10)

where Dt−j,t is the learned difference representation between each frame in the history
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sequence and the current frame. f t−i is the refined feature from the local difference module

in Chapter 3.5.

As shown in Fig. 3.1, the features of the local difference f t and global difference f̃ t will

be concatenated and fed to an MLP for the output of the final refined feature. The final

aggregation is

f t
′
= Mlp(f̃ t ⊕ f t ⊕ f t) (3.11)

We will use the temporally refined feature f t
′
of f t for pose prediction. Our model can be

applied to any category-level pose tracker or estimator by plugging it into the layer right

after the feature encoder. Concretely, we use two models for evaluation, 6-Pack [100] and

Captra [115], one of which requires both RGB image and points as inputs and the other

only takes 3D points as input. Minor adjustment is needed for the case when the input is

3D points only. We will cover more details about it in Chapter 4. For 6-Pack, the refined

feature f t
′
will be used for keypoints generation. For Captra, the feature will be used for

NOCS prediction, segmentation and rotation regression.

3.7 Integration with other Learning-based 6DoF Pose

Tracking Models

Our difference-based temporal module can be integrated into other off-the-shelf category-

level 6DoF pose tracking networks to refine the current feature by using historical infor-

mation. Normally, learning-based pose tracking or estimation networks contain an encoder

to extract RGB and points features. Then, the downstream components will use these
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features to estimate the pose. Our temporal module can be added as a mid-layer after the

encoder to refine the extracted features from the encoder with the history features. Fig. 3.5

shows the pipeline of integrating our difference-based temporal module with category-level

6DoF pose tracking methods.

Figure 3.5: The integration between our difference-based temporal module and other
category-level 6DoF pose tracking methods.

3.8 History Sequence Updates

Another critical problem in our temporal model is how to manage the history sequence

M. Unlike 2D images, the coordinate system plays an important role in the system. We

follow a first-in-first-out strategy. The current refined frame will be added to the history

sequence once the pose prediction of the current frame is completed and the oldest frame
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will be deleted from the sequence. The transformation between camera space to object

space of the added frame will be recorded. Under this scheme, the history sequence can

work with the temporal model in a real-time manner.

However, the coordinates of 3D points are meaningless if they are not in the same

coordinate system. The model will encounter this problem when trying to align history

frames with the current frame. Using the camera coordinate system for all the frames

is one of the solutions to it. As the camera and the object are moving in the world

coordinates, the object coordinates and camera coordinates can be aligned through the

transformation between the camera and the object. A solution to this is to use object

space rather than camera space. The relative pose can be regressed through transforming

the current frame back to previous frame’s object space and letting the model regress the

relative pose according to the offset of points. Using the object coordinate system can

better normalize the points in different frames at the same scale, which is beneficial for

multi-frame consistency and pose regression. In both 6-Pack and Captra, the points are

transformed to object space for keypoints generation and rotation regression. However,

it is meaningless to transform the points of history frames to their corresponding object

space. Because the points of the same object in their object space are all the same. In this

case, there are no relations that can be explored.

We propose to align the pose of frames in the history sequence with the current frame,

which is transforming all of them using the latest frame’s pose in the history sequence

to the object space, where the object space is a fixed reference frame. Suppose that the

Rt ∈ SO(3) and Tt is the 3×3 rotation matrix and 1×3 translation of frame t from camera
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space to object space, which satisfies:

Ct
obj = (Ct

cam − Tt) ·Rt (3.12)

where the Ct
obj are the object coordinates system and Ct

cam are the camera space coordinates

of scene at time t. The current frame’s points Ct
cam has its transformation Tt and the

points in other frames of M, have their transformation Tt−i. For a single point Yobj (1× 3

coordinates) in Cobj, its camera space coordinate is Ycam = R ·Yobj +T . Instead of a single

point, we use a pointset, which is a n× 3 matrix, where n is the number of points. Thus

the rotation matrix needs to be moved to the right side of the pointset and transposed.

Because the transpose of the orthogonal matrix is equivalent to its inverse. Then we have

Ccam = Cobj · R−1 + t. Eq. 3.12 can be derived by moving the Cobj to the left side of the

equation. Before feeding the history sequence and current frame to the temporal model.

All the points are transformed as

Ct−i
obj

′
= (Ct−i

cam − Tt−1) ·Rt−1, 0 ≤ i ≤ L (3.13)

where Ct−i
obj

′
are the transformed points of frame t − i in the object coordinates. In the

6D pose tracking task, the goal of the model is to predict relative pose [∆R|∆T ]. After

knowing this relative pose and the transformation between camera coordinate system to

object coordinate system in the previous frame, we can compute its new transformation

with respect to the camera in the current frame, which is Rt = Rt−1 ·∆R and Tt = Tt−1 +

∆T · RT
t−1. After knowing the transformation between the object coordinate and camera

coordinate in the current frame, Eq. 3.13 can be further used to process the next frame and
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history frames to let them be in the same coordinate system. In this case, all the points

including history frames and current frames are transformed using the transformation of

frame t − 1 and all the poses are continuous and the relations of different frames can be

inferred subsequently.

3.9 Adaption to Points-Only Networks

Based on previously discussed concepts. The model works well with the models that take

both pixels and points as inputs. However, some of 6D tracking networks only rely on 3D

points. Captra [115] that we evaluated in this thesis is a points-only model, thus a simple

adaption is needed.

For the models that only rely on points data like Captra, we remove the difference

calculation and fusion in Chapter 3.3 and Chapter 3.4 for pixels. In this case, the difference

representation of ith point in scene a only contains P a
i . Then we have Da,b

i = P a
i when the

model only takes points as input.

3.10 Summary

In this chapter, we explicitly discuss the proposed difference-based temporal model. For the

difference calculation, we propose a bidirectional fusion method to combine RGB pixels’

and 3D points’ differences across scenes. The difference is conducted between the two

frames through a KNN-based difference between pixels’ features and points’ features. The
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overall difference can be represented by their bidirectional fusion. The relation between

two frames is learned to generate a feature-wise weight map through a relation module.

Based on the difference calculation, the two different modules are proposed. The local

difference focuses on the relation between consecutive frames in the history sequence and

the current frame. In order to enhance the early features in the history sequence, the global

difference is to treat all the frames in the history sequence equally. The refined features of

the current frame can be generated by combining these two types of differences.

We also argue that the object space coordinates can facilitate the points normalization

and pose regression. Points in previous frames need to be in the same coordinate system

before feeding them into the temporal model.

In the next chapter, we will discuss the details of implementation and the data pro-

cessing step for our experiments.
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Chapter 4

Setup

This Chapter will cover the details of our model’s implementation, data augmentation,

training strategies and hype parameters.

4.1 Dataset

In this thesis, we investigate two category-level datasets. NOCS-REAL275 [103] is the

commonly used dataset for 6DoF pose estimation. However, most of data in NOCS-

REAL275 have synthetic objects picked from ShapeNetCore [10]. The objects under 6

categories are then placed in random virtual scenes with virtual light sources to mimic

real indoor scenes. The synthetic data consists of 1085 individual object instances, which

enrich the diversity of objects and improve the model’s generalization. These instances

compose 300K synthetic images for training and evaluation. The NOCS-REAL275 dataset

has 3 asymmetric categories (Laptop, Mug and Camera)and 3 symmetric categories (Can,
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NOCS-REAL275 (Real Data Only) MoVi-E
Bottle Bowel Camera Can Laptop Mug Shoe Bottle, Can and Cup Bag

Training 3647 2203 2900 4367 2375 3203 169,824 68976 73824
Testing 2757 2370 2669 2729 2754 2837 23400 17496 7416

Table 4.1: The number of frames of each category split into training and testing sets.

Bottle, and Bowl). In addition to the synthetic scenes, NOCS-REAL275 also contains

continuous real data comprised of 18 real scenes (7 for training, 5 for validation, and 6 for

testing). Our baseline models, 6-Pack and Captra, use both synthetic data and real data

in training. However, due to the randomization of the object’s pose and scenes, there’s

no continuity across more than 2 frames and hence it is not suitable for the training of

our temporal model. Thus, our training and evaluation are all using only the real data of

NOCS-REAL275.

Due to the limited training data in the real data part of NOCS-REAL275, we use

another challenging benchmark, MoVi-E [30]. The MoVi dataset is a synthetic dataset

series with increasing complexity from A to F. The MoVi-E dataset has 16 categories,

among which the ”Shoe” category has the greatest number of training samples. Although

it is a synthetic dataset, its scene rendering is based on videos. Although the length of the

videos is short (24 frames per video), in each video, the pose of the object is continuous.

In this case, our temporal model can fully use the dataset. Considering the time limit of

training, we select two asymmetric categories (Shoe and Bag) and one symmetric category

consisting of Bottle, Can and Cup. The MoVi dataset classifies Bottle, Can and Cup as

a common category. Table 4.1 is the number of frames for training and testing of each

category in the two datasets.
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4.1.1 Data Augmentation

Background Replacement

We follow the data augmentation strategy in 6-Pack [100]. The data augmentation strate-

gies adopted in our experiments can be separated into background replacement and trans-

formation perturbation. For the NOCS-REAL275 dataset, we follow 6-Pack to randomly

change the background of each image by picking an RGB image from the COCO [60]

dataset and randomly changing the background depth with the depth of other frames. By

doing this, extra noise are added to the sampled points in the ROI (Region of Interest) in

addition to the target object. Fig. 4.1 shows the background replacement data augmenta-

tion examples. where the first row shows the original images and the second row is images

Figure 4.1: The examples of background replacement.

with different backgrounds. We can use the segmentation map of the foreground object to

crop out the pixels with their depth. Then we do the same thing to the background RGBD

images and compose the foreground and background RGBD as the new training sample.
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However, using the original depth to compose may cause inconsistency. The foreground

object may lie behind the background object. Thus, we maintain the original distance

between the background and the foreground object when we compose a new RGBD image.

In order to do so, we keep the original depth of the foreground and calculate the shortest

distance between foreground and background. Suppose the depth map of foreground is

dobj, the depth map of original background is dback and the depth map of the new back-

ground is dnew. Then adjusted depth map dnew is dnew
′
= dnew −min(dnew) +min(dback),

where min() and max() are the two functions for finding the minimum and maximum

depth value among the depth map. During the training of 6-Pack, the model takes two

images as input, the background of these two frames as well as the frames in the history

sequence will be all random.

Pose Perturbation

In addition to randomizing the scenes. A training strategy based on transformation per-

turbation is also applied. There is no need to use the actual previous frame in the training,

while the model takes two frames (the current frame and the previous frame) as input, both

of these frames are in their object space, that is the coordinate system with a origin in the

centroid of the object. Because, during real-time inference, the frame will be transformed

to the previous frame’s object space to predict the current frame’s pose with respect to

the previous frame. Thus, we can use a random transformation to represent the relative

transformation. The frame in the training is Ct′

obj = ((Ct
cam−tt)·rt)·r−1

random+trandom, where

the [rrandom | trandom] is the random transformation, which is different from frame to frame

and [rt | tt] is the transformation from camera space to objects. Thus, as discussed in Sec.
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3, all the frames in the history sequence are Ct−i′

obj = ((Ct−i
cam−tt)·rt)·r−1

random+trandom, i ≤ L.

The [rrandom | trandom] is the same random transformation as the current frame. After the

inference of the current frame’s pose, the history frame’s pose will be back-transformed to

camera space. In this case, the coordinate systems of all the frames are guaranteed to be

the same. In testing, the frames in the history sequence are not transformed to current

frame’s coordinate system because the transformation to it is unknown. Instead, we trans-

form all the frames including history frames and the current frame to the object space of

Ct−1.

4.1.2 Symmetry Handling

One of the challenging problems in 6D pose tracking is symmetric handling. Symmetric

objects may suffer from rotation invariance. The different rotations may result in the same

shape. The rotation’s degree of freedom will degrade to two. We follow the symmetry han-

dling methods of 6-Pack and Captra and use them in both MoVi-E and NOCS-REAL275

dataset.

6-Pack

For 6-Pack, its loss function (see Chapter 4.4 for more details) cannot handle symmetric

objects with their Cartesian coordinates. In 6-Pack, it transforms a symmetric object

into a new coordinate system. Supposed the symmetry axis of the object is l, around

which the object’s rotation is ambiguous, for any keypoint ki : (xi, yi, zi) that belongs to

the symmetric object, the transformation from the Cartesian coordinate system to the
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rotation-invariant coordinate system can be represented as (d, h, θ), where the d is the

distance to the symmetry axis l, and h is the distance between the projection of ki onto

the symmetry axis l and the original Cartesian origin. θ is the relative angle between the

two radial vectors between the keypoints and l. As the generated keypoints are ordered

in 6-Pack, the angles θ between two consecutive keypoints can be used to represent their

relative information. Fig. 4.2 shows the coordinate systems. On the left side of Fig. 4.2

are the original coordinates and on the right side is the bird’s-eye view coordinates after

the conversion. The axis marked as green is the symmetry axis l. The bird’s-eye view

coordinate system is then used in the loss function of a symmetric object.

Figure 4.2: Symmetry-invariant Coordinate System [100]. ©Copyright IEEE 2020.
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Captra

Unlike 6-Pack, Captra uses a 2D Umeyama algorithm [97] to estimate the rotation of

symmetric objects. This method is more generic and does not require the keypoints to

represent relative angles. As discussed in Chapter 2, Captra’s rotation prediction and

translation prediction are separate. The predicted rotation from RotationNet will be used

with the predicted NOCS coordinate to recover scale and translation. We have Ũ i+1 =

s̃i+1 ·R(l, θ) · Ỹ i+1 + T̃ i+1R̃i+1 and Ũ i+1 = C̃i+1
camR̃

i+1, where R̃i+1 is the predicted rotation

from RotationNet and s̃i+1, T̃ i+1 are the scale and translation we want to predict. Ỹ i+1

is the NOCS space coordiates and C̃i+1
cam is the input camera space coordinates. However,

due to the ambiguity of symmetric objects, there’s an arbitrary rotation R(l, θ) around the

symmetry axis l. Translation and scale cannot be computed without knowing R(l, θ). We

follow the method from Captra. Suppose the symmetry axis is z axis, all the points will

be projected to the x− y plane. In this case, R(l, θ) is considered as a 2D rotation. Thus,

the R(l, θ) can be derived by solving a 2D version of the Umeyama algorithm [97].

The loss functions that the two baselines used on asymmetric and symmetric objects

are slightly different. We will discuss that in Sec. 4.4.1.

4.2 Model Integration

In this section, we will specify how we integrate our difference-based temporal model with

the two baselines. As mentioned in Sec. 3, our temporal model’s purpose is to refine the

current frame’s feature through a history of frames. So our model is supposed to connect
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to each model’s encoder.

6-Pack is a keypoint generator that generates ordered keypoints for each frame. The

encoder in 6-Pack is Densefusion [101], which fuses the feature of each pixel with its cor-

responding point. Our model intends to refine these features. The shared-weight encoder

is applied to extract basic features for the current frame and the history frames. Our

model extracts the bidirectional features mentioned in Chapter 3 to learn the inter-frame

relations, which are used to update the basic features provided by Densefusion. During

the training phase, we maintain two history sequences, one for the previous frame and the

other one for the current frame. During training, the two selected frames have no order.

The only constraint is that they are from the same scene. Thus, while the two history

sequences may be overlapping, they may also be distinct. Captra uses the two submod-

ules RotationNet and CoordinateNet which are built upon PointNet++ [83]. Our model

refines the output features from PointNet++. Because Captra only takes points as input,

the pixels-to-points correspondence is not feasible. In this case, there is no bidirectional

fusion between pixels and points. We directly use the output features from PointNet++

and calculate the KNN-based difference between two point sets to learn the weights for

feature updates. Because Captra has two sub-modules and the temporal model can be ap-

plied separately to each of them, we can apply our temporal to both or to one or the other.

Based on our experiments, the performance of the model depends on to which submodules

we apply the temporal model to. We have done multiple experiments to find out the best

combination, which will be discussed in Chapter 5.
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4.3 Metrics

We follow NOCS [103] and use 5 metrics to evaluate the models.

• 5◦5cm : The percentage of predicted relative pose with rotation error less or equal to

5◦ and translation error less or equal to 5cm.

• 10◦10cm : The percentage of predicted relative pose with rotation error less or equal

to 10◦ and translation error less or equal to 10cm.

• mIoU (Mean Intersection over Union): We follow the way of mIoU calculation in

6-Pack [100]. The average percentage of the 3D intersection between the predicted

3D bounding box and the 3D bounding box. In order to calculate the IoU of 3D

bounding box. Suppose the vertices of the two bounding boxes a, b are bba, bbb.

max() and min() are the two functions that can find the maximum and minimum

among x, y and z components in a pointset. The function proc() is to compute the

multiplication of the x, y and z components of a vector. The intersection of a, b can be

represented as In = prod(max(min(bba),min(bbb)−min(max(bba),max(bbb)). This

formula approximates the intersection between two bounding boxes as a cuboid. The

union can be expressed as Un = prod(max(bba) − min(bba)) + prod(max(bbb) −

min(bbb))− In. Finally, the IoU is IoU = In
Un

.

• Rotation Error (Rerror) : The average error of rotation in degree. Suppose the ground

truth rotation matrix is Rg and the predicted rotation matrix is Rp. The Erot can be

expressed as: arccos(
tr(Rp·RT

g )−1

2
), where tr() is the trace of matrix.
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• Translation Error (Terror) : The average error of translation in centimetres. Given

the ground truth translation (Tg) and predicted translation (Tp). The translation

error can be computed as ∥Tg − Tp∥.

4.4 Training

4.4.1 Loss Functions in 6-Pack [100]

The loss function is the key to unsupervised keypoints generation. The loss function is

mainly comprised of 4 parts, multi-view consistency loss, separate loss, pose estimation

loss and centroid loss.

Pose Estimation Loss:

This is the loss for relative transformation between generated keypoints k, which is as

follows:

Ltrans = ∥(kt − k
t−1

)∥ (4.1)

Lrot = 2arcsin(
1

2
√
2
∥∆R̃t −∆Rt∥) (4.2)

where the ∆R̃t is the predicted relative rotation matrix and ∆Rt is the ground truth

rotation matrix between the object in current and previous frames. The norm in Eq. 4.2

is applied to the summation of values in the two matrices. These two losses can force the

change of the keypoints position to be close to the ground truth.

Multi-view Consistency Loss [95]:
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The objective of the multi-view consistency loss is to align the keypoints in two different

frames. The multi-view consistency loss is as follows:

Lmvc =
1

K

∑
i

∥kt
i −∆T gt

t kt−1
i ∥ (4.3)

where the K is the number of keypoints, T gt
t ∈ SE(3) is the ground truth transformation

between the two frames. However, the multi-view consistency loss causes the model to

degenerate because the keypoints may be generated at the same location. To solve this

problem, a separate loss is needed.

Separate Loss:

The loss is to separate each keypoint to guarantee the generated keypoints will not end

up in the same place.

Lsep = − 1

K

∑
i

∑
j

∥kt
i − kt

j∥ −
1

K

∑
i

∑
j

∥kt−1
i − kt−1

j ∥ (4.4)

The two terms in the loss function are the average distance between every two keypoints

in the current and previous frames.

Centroid Loss:

This loss aims at forcing the centroid of generated keypoints to the centoid of the object,

which can suppress the noise from the points sampling and will also prevent the keypoints
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to cluster. The loss is as follows:

Lcen =
∑
i

∥kt
i∥+

∑
j

∥kt−1
j ∥ (4.5)

where kt
i is the i

th generated keypoint in frame t and kt−1
j is the jth keypoint in frame t−1.

Finally, the overall loss will be the summation of the mentioned 4 losses. In 6-Pack’s original

paper, the authors also adopt a close-to-surface loss, which forces the predicted keypoints

to be as close to the surface of the object as possible. This loss further requires the mess

of the object. However, we argue that using the mesh assumes the priori knowledge of the

instance’s shape, which is not consistent with category-level task. We have evaluated the

model trained with mesh and without mesh. The result shows no difference. Hence, we

remove the separate loss.

For symmetric objects, there are adaptions to the multi-view consistency loss and rota-

tion loss. As discussed in Sec. 4.1.2, suppose the conversion from the Cartesian coordinate

to the symmetry-invariant coordinate is ρ. Then we have the new mult-view consistency

loss and rotation loss:

Lsym
mvc =

1

K

∑
i

∥ρ(kt
i)− ρ(∆T gt

t kt−1
i )∥ (4.6)

Lsym
rot = arcos(

∆stgt ·∆s̃t

∥stgt∥ · ∥s̃t∥
) (4.7)

where the ∆stgt is the ground truth angle change of symmetry axis and s̃t is the predicted

change of symmetry axis. The two losses for symmetric objects decouple the rotation loss

into the change of symmetry-invariant coordinate and angular change of symmetry axis.
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4.4.2 Loss functions in Captra [115]

In Captra, the rotation is predicted through a PointNet++ [83] based network. The

Euclidean mean [75] is used to conduct the rotation regression. The CoordinateNet is used

to predict the NOCS space coordinates Ỹ t+1 in frame t+ 1 given the original point cloud

C̃t+1. Suppose w̃t+1 = Ỹ t+1R̃t+1, where the R̃t+1 is the predicted rotation. The rotation

matrix is predicted through direct regression using MSE (Mean Square Error). We have

C̃t+1 = s̃jt+1w̃
t+1 + T̃ t+1. The s̃t+1 and T̃ t+1 can be computed by:

s̃t+1 =

∑
i w̃

t+1⊤
i C̃

t+1
i∑

i w̃
t+1⊤

i w̃
t+1
i

(4.8)

T̃ t+1 = avg(C̃t+1 − s̃t+1W̃ t+1) (4.9)

For symmetric objects. Let Ũ t+1 = C̃t+1R̃t+1, then we have Ũ t+1 = s̃t+1R(l, θ)Ỹ j
t+1 +

R̃t+1T̃ t+1, where the R(l, θ) is a rotation around the symmetry axis l. It means that there

may be an extra rotation R(l, θ) between the NOCS space Ỹ t+1 and Ũ t+1. To use Eq. 4.8

and Eq. 4.9 to compute the s and T , we need to know the rotation R(l, θ). As discussed in

Chapter. 4.1.2, the R(l, θ) is recovered using a 2D version Umeyama algorithm [97], where

the points are projected to the plane that is orthogonal to the symmetry axis l. After

knowing R(l, θ), the s and T can be computed using similar methods like Eq. 4.8 and Eq.

4.9.
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4.5 Summary

In this Chapter, we have introduced the details of our implementation. We first describe the

dataset information that we used in the experiments including the data type (symmetric

or asymmetric object) and the data augmentation method we used. During training, we

do not use two consecutive frames. Instead, we add a random transformation to each

single frame to let the model learn the random pose change. Then we also introduce the

symmetry handling methods and loss functions of the two baselines that we compare with.

In the next Chapter, we will look into the evaluation results and their analysis.
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Chapter 5

Experiments and Results

In this section, we will introduce the experiments we have done to evaluate the model’s

performance compared with the two baselines and the evaluation results.

First, in Chapter 5.1, we present an overall comparison between our model and the two

baselines. The five metrics mentioned in Sec. 4.3 will be used to evaluate the results of the

models under each category. For Captra, we use an extra metric Escale to measure the error

of the predicted scale. Because Captra was originally designed for 9DoF pose tracking and

the size of the bounding box is required to predict. The size is reflected through a scale

factor. The scale has been introduced in Chapter 4, which is a factor that scales the point

cloud of the object from its NOCS space to its original object coordinate system. In this

thesis, we only consider non-articulated objects. 6-Pack does not conduct size prediction

as it uses the initial 3D bounding of the object in the first frame with the predicted pose

to represent the status of the objects in each frame. Hence, it does not require the scale
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of the object.

Secondly, we will do some ablation studies to evaluate our model in different aspects of

our model including experiments regarding the relations between the length of the history

sequence and the model’s performance, and the effect of using normalization in the local

difference module.

5.1 Overall Results

This section will mainly discuss the performance of our history model applied with 6-Pack

in the real data of NOCS-REAL275 and MoVi datasets. Our history model is trained with

a history sequence that has a length of four. Table 5.1 is the comparison with 6-Pack

trained with the real data from NOCS-REAL275.

Our model is trained using a history sequence. For the metrics in the first row of the

table, the up-arrow means the greater the better and the down-arrow means the smaller

the better. Generally, The overall performance of our model surpasses the 6-Pack except

for the translation error. Both of the models perform the best for the laptop category.

5◦5cm is an essential metric that can reveal the model’s robustness to keep the rotation

error and translation error under 5◦ and 5 centimetres. Our history module Our model

also obtains a 36.80% 5◦5cm, which is about 10 percentage points higher than 6-Pack. We

observed that most of the rotation error and translation error are settled in 10◦ and 10

centimetres respectively. It is difficult to investigate the model’s performance only through

5◦5cm. This is the reason why we also incorporate 10◦10cm as well. For 10◦10cm, our
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Table 5.1: Comparison with 6-Pack [100] in trained with the real data part in NOCS-
REAL275 dataset.

5◦5cm ↑ 10◦10cm ↑ mIoU ↑ Rerror ↓ Terror ↓

6-Pack [100]

Bottle 4.5 7.81 32.30 54.76 15.72
Bowl 11.79 14.60 36.99 53.30 4.43

Camera 2.19 5.80 37.18 53.30 7.40
Can 9.55 17.0 44.11 28.26 8.82

Laptop 27.48 68.67 68.05 8.59 3.29
Mug 2.80 7.8 54.60 67.95 6.84

Overall 9.71 20.28 45.53 44.36 7.75

Ours

Bottle 6.60 14.2 31.79 13.24 18.39
Bowl 6.9 16.45 50.14 24.46 7.26

Camera 4.8 9.45 35.25 30.75 6.44
Can 10.0 28.74 48.94 12.44 14.89

Laptop 36.80 60.45 65.88 9.90 2.25
Mug 4.27 10.35 60.68 37.80 2.78

Overall 11.56 23.27 48.78 21.43 8.6

model outperforms 6-pack in all categories except the laptop. Especially, the percentage

of rotation error and translation below 10◦ and 10 centimetres is twice the percentage of

6-Pack in the bottle category. Although our translation error is slightly higher than 6-

Pack (0.85), the rotation error (21.43) is half of 6-Pack (44.36). Based on these metrics,

our model refines the features to generate a more robust trajectory with less rotation and

translation error. Because 6-Pack uses ground truth 3D bounding box as the size of objects

instead of regressing it. Our history module’s average mIoU over all categories is higher

than 6-Pack, which also reflects the lower rotation and translation error we have. We

also evaluate our model in another larger video dataset MoVi-E. Table 5.2 is the result of

our model compared with 6-Pack using MoVi-E, a more challenging dataset with frequent

occlusions and clutter. Our model outperforms the baseline in all metrics in MoVi-E. There
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Table 5.2: Comparison with 6-Pack [100] in MoVi-E dataset.

5◦5cm ↑ 10◦10cm ↑ mIoU ↑ Rerror ↓ Terror ↓

6-Pack

Shoe 12.02 25.37 55.74 26 9.18
Bottle, Can and Cup 21.94 37.69 55.85 19.84 5.66

Bag 20.29 36.21 60.93 24.64 5.86
Overall 18.08 33.09 57.32 23.49 6.89

Ours

Shoe 43.18 63.25 65.09 11.94 0.51
Bottle, Can and Cup 33.33 53.18 64.20 17.75 5.49

Bag 35.59 53.39 69.14 17.23 4.5
Overall 37.36 56.6 66.14 13.87 3.5

is a huge gap in the metric of 5◦5cm and 10◦10cm. For the shoe category, the 5◦5cm and

10◦10cm (43.18 and 63.25)are almost three times the percentage of the baseline (12.02 and

25.37). Specially, the translation error of the shoe category is 0.51 while the baseline is

9.18, which is about 10cm error less than the baseline. For the symmetric category, Bottle,

Can and Cup, the metrics are a bit worse than the other two categories but the 5◦5cm,

10◦10cm and mIoU are about 10 percentage higher than the baseline.

Fig. 5.1 and Fig. 5.2 show some examples comparing 6-Pack and our module in the

MoVi-E dataset when encountering occlusions and clutter. The green bounding box is the

ground truth and the red bounding box is the predicted bounding box. Fig. 5.1 includes

two scenes where the target object is partially visible. The target shoe in the first and

second rows is partially out of the camera’s range. For 6-Pack, the translation prediction

can still allow the 3D bounding box to follow the target object. However, the rotation

error becomes larger as the visible part of the object decreases. For our history module,

the result is more robust when the vision of the object is limited. In the second scene

(third row and fourth row of Fig. 5.1), The target shoe is occluded by a purple box. When
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the occlusion appears, the rotation and translation error starts to increase. The error of

the baseline model is higher than our model.

Figure 5.1: Examples evaluated in MoVi-E dataset encountering occlusions, where the red
box is the prediction and the green box is the ground truth.

In Fig. 5.2, the object is placed in a cluttered scene. In this first and second row, the

6-Pack model is distracted by the white box that is near the target shoe, while our model’s

predicted 3D bounding box sticks with the object. In the third and fourth rows, the target
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shoe falls to a cluttered scene, where the change of the object’s pose is rapid. Both of the

models show translation and rotation errors. But our model’s predicted 3D bounding box

still follows the object while the baseline mistakes the bowl near the shoe as the target.

Figure 5.2: Examples evaluated in MoVi-E dataset with cluttering scene, where the red
box is the prediction and the green box is the ground truth.

Fig. 5.3 shows some examples of our model compared with 6-Pack in NOCS-REAL275
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dataset. Because the real video data in NOCS-REAL275 dataset is insufficient for training,

the overall performance of the models is worse than the models trained on MoVi-E dataset.

In Fig. 5.3, we show two scenes where the target object (laptop) is occluded by a cup and a

bowl respectively. The rotation error of the baseline in the first and third rows is becoming

large from left to right, while our model’s prediction results in the second and fourth row

are more stable.

Figure 5.3: Examples evaluated in NOCS-REAL275 dataset compared with 6-Pack [100],
where the red box is the prediction and the green box is the ground truth.
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Table 5.3: Comparison with Captra [115] in the real data of NOCS-REAL275 dataset.

5◦5cm ↑ 10◦10cm ↑ mIoU ↑ Rerror ↓ Terror ↓ Serror ↓

Captra [115]

Bottle 36.13 47.90 28.28 22.07 4.9 1.45
Bowl 29.8 38.64 26.87 31.35 5.3 1.55

Camera 0.2 1.08 3.19 72.38 5.4 2.09
Can 32.47 33.35 19.32 38.54 33.00 90.39

Laptop 67.64 87.33 59.95 12.7 0.5 0.05
Mug 1.37 20.01 34.35 77.86 1.7 1.10

Overall 27.82 38.05 28.66 42.48 8.46 16.10

Ours

Bottle 39.26 39.23 22.82 16.81 7.1 2.05
Bowl 27.54 33.77 24.67 24.79 2.9 1.17

Camera 0.41 2.53 9.52 79.44 3.9 1.77
Can 30.91 31.98 18.70 53.98 77.28 211.47

Laptop 60.46 94.49 65.39 4.58 0.2 0.01
Mug 31.61 62.15 34.57 14.18 1.5 0.10

Overall 31.69 44.02 29.27 32.29 15.48 36.09

We also use Captra as the backbone to test our model’s performance. Table 5.3 shows

the overall results of our history model compared with the baseline Captra.

The 5◦5cm and 10◦10cm are better than 6-pack due to the smaller rotation error and

translation error. The overall mIoU is worse than 6-Pack because 6-Pack uses the ground

truth 3D bounding box as the scale of the object in each frame while Captra predicts the

scale in each frame. The mIoU of Captra will be affected by scale error.

The overall results of our model are better than Captra except the translation error and

scale error. These two metrics are mainly affected by the performance in the category of

Can. The Can category has high translation errors and scale errors in both our model and

Captra. However, the translation error and scale error are much higher than the baseline,

where the translation error is 77.28 and the scale error is 211.47. For the Mug category,

our model’s 5◦5cm (31.61) is much better than Captra (1.37). 1.37% for 5◦5cm means
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Captra cannot maintain a low rotation and translation error, while our model can handle

it well. Also, in the Mug category, the 10◦10cm (62.15) is three times larger than that of

the baseline Captra (20.01).

We also evaluate our model with baseline Captra in MoVi-E dataset, where the training

set is much larger than NOCS-REAL275 dataset. Table 5.4 shows the overall comparative

results. Our model’s overall 5◦5cm and 10◦10cm are better than the baseline. For the

symmetric category (Bottle, Can and Cup) and the bag categories, the 10◦10cm is 45%,

which is 21 percentage points higher than the baseline Captra. Although the mIoU, Rerror,

Terror and Serror are worse than the baseline Captra, their gaps are minor, where the largest

one is themIoU of Shoe category. Our model’s mIoU (28.30%) is about 7 percentage points

lower than the baseline model. Other metrics are almost the same but slightly worse, which

are about 2 to 3 percentage points lower than the baseline Captra.

Fig. 5.4 are examples of our model’s performance on NOCS and MoVi-E datasets. We

select bottle from NOCS-REAL275 dataset and bag from MoVi-E dataset. We identify

bottle as symmetric object and bag as asymmetric object. Unlike 6-Pack, Captra’s 3D

bounding box is not the ground truth bounding box, Captra predicts a scale in each frame,

which causes the size of the predicted 3D bounding box to vary from different frames for

the same instance. In Fig. 5.4, the first scene (NOCS-REAL275 dataset) displays the two

symmetric bottles placed on the table, both our model and the baseline performs well

in handling rotation and translation of symmetric object, where the orientation and the

position of the predicted bounding box align well with the ground truth. However, the

scale prediction is unstable in both of the methods. Our model better fits the ground

truth compared to Captra. In the second scene, the target object is heavily occluded, the
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scenes like this are frequent in MoVi-E dataset, which makes the task challenging. The

bounding box of Captra in the second scene becomes slim while our model’s bounding box

gets enlarged.

Figure 5.4: Examples evaluated in NOCS-REAL275 and MoVi-E dataset compared with
Captra [115], where the red box is the prediction and the green box is the ground truth.
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Table 5.4: Comparison with Captra [115] in MoVi-E dataset.

5◦5cm ↑ 10◦10cm ↑ mIoU ↑ Rerror ↓ Terror ↓ Serror ↓

Captra

Shoe 23.89 52.30 35.12 20.11 1.29 1.92
Bottle, Can and Cup 17.23 47.70 30.06 23.55 2.16 1.75

Bag 10.77 28.97 28.11 27.52 2.23 2.91
Overall 17.29 42.99 31.09 23.72 1.8 2.1

Ours

Shoe 27.8 58.44 28.30 19.80 1.89 1.84
Bottle, Can and Cup 26.12 49.32 29.45 29.94 2.9 1.3

Bag 19.13 45 26.56 28.25 2.5 3.9
Overall 24.35 50.92 28.10 25.99 2.4 2.3

5.1.1 Feature Visualization

In this Chapter, we visualize the difference features in the local difference module. Our local

difference module focuses on the difference between consecutive frames and learns a feature-

wise weight. We measure the feature-wise difference using cosine similarity. According to

the structure of the local difference module, the cosine similarity will be applied between

the current frame and its reference frame’s features from the history sequence. In our

design, the difference features are used to enhance the features of the target object, when

another object appears in the points’ sampling zone. The cosine distance of the difference

features of the new object will relatively increase for both pixels and points difference.

Fig. 5.5 shows the visualization results of difference features in our temporal model.
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Figure 5.5: The visualization of difference features of the sampled points measured by
cosine distance. For a feature point, the darker the color (blue or purple), the higher the
cosine similarity with respect to its reference frame (previous frame). Because the change
between two consecutive frames is minor, we display the results over two frames.

We visualize Eq. 3.6 by replacing the subtraction with cosine similarity, which is the

cosine similarity between fa,points
i and MaxPool(Wi · K(Ca

i , f
b,points)). The first row is the

laptop category in NOCS-REAL275 dataset and the second row is the shoe category in the

MoVi-E dataset. We visualize the features in different colors, where the color map is shown

on the right side. The darker blue points mean the cosine similarity is high compared to

its reference frame, while red and yellow means an obvious feature change appears for

these points. The input points are subsampled. For the first row, in the sampling region,

the area that is far from the centroid of the instance has a lower cosine similarity, where

the boundary of the object may encounter frequent changes of point features. When

the occlusion (bottle) enters the sampling area, the feature difference increases, which

also means the feature difference of the bottle increases. For the second row, the same
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phenomenon can be observed in cluttered scenes. These difference features can make our

model sensitive to the change of features.

5.2 Ablation Study

In the ablation study, we will analyze the two components of our model with different

parameters. First, we will discuss the performance of our model with different lengths

of history sequences (sliding window). The history sequence is the structure that stores

and updates the history information. The length of it will determine the features learned

from differences gathered through the local difference module and global difference module.

We would like to see what is the relation between the length of the history sequence and

our model’s performance. Second, we examine the necessity of feature normalization in

the local difference module. In Chapter 3, we have introduced the normalization using

SoftMax function for the local difference module to prevent the feature accumulation from

producing a large value. We will do an experiment to evaluate the performance of our

model with or without SoftMax normalization.

5.2.1 Length of History Sequence (Sliding Window)

The length of the history sequence is one of the important properties of our model. The

length of the history sequence may affect the essential features gathered from history

frames. Because the length one history sequence is meaningless, we start from length

two. Due to the GPU limit, we are not able to investigate very long history sequence.
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We evaluate our model with the backbone of 6-Pack in the MoVi-E dataset shown in

Fig. 5.6. It is obvious that the 5◦5cm and 10◦10cm are the two metrics most affected by

the length. For (a) of Fig. 5.6, when the length of the history sequence is 6 and 7, the

5◦5cm and 10◦10cm reach the peak. However, when the length is 5, the performance is

worse than the other cases and the performance also gets worse when the length of the

history sequence increases to 8 compared to the length of 7 and 6. For NOCS-REAL275

dataset, the gap between different lengths is smaller than MoVi-E. It is because the scenes

in NOCS-REAL275 dataset are more stable and less challenging than MoVi-E. Occlusions

and fast motion rarely appear. In NOCS-REAL275 dataset, the peaks are observed when

the length of the history sequence is 3 and 7. We cannot directly observe the relation

between the performance of our model. The significant impact from the length of the

history sequence can be found in more complex scenes (MoVi-E dataset).
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Figure 5.6: The performance of our temporal model with increasing length of history
sequence using laptop and shoe as the target object. (a) are the results from MoVi-E
dataset (Shoe) and (b) are the results from NOCS-REAL275 dataset (laptop). For (c) and
(d), we pick 5◦5cm and 10◦10cm to compare with the baseline 6-pack. The dashed lines
are the metrics of the baseline 6-Pack without our history module. (c) are the results from
MoVi-E dataset and (d) are the results from NOCS-REAL275 dataset.

5.2.2 Normalization in Local Difference Module

In this Chapter, we evaluate the performance of our model with and without the softmax

normalization in the local difference module.

The results in Table 5.5 show the normalization step in the local difference module can

help to improve the performance by normalizing the difference features iteratively gathered
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Table 5.5: The comparison of the history module trained on laptop category with and
without normalization. The model is using 6-Pack as backbone applied with our temporal
model trained with a length 4 history sequence.

5◦5cm ↑ 10degree◦10cm ↑ mIoU ↑ Rerror ↓ Terror ↓
Ours 36.80 60.45 65.88 9.9 2.25

Ours w/o Normalization 20.75 36.68 36.92 19.88 3.7

from the first frame in the history sequence to the current frame.

5.3 Summary

In this Chapter, we present the experimental results of our history module compared with

two baselines, Captra and 6-Pack in MoVi-E and NOCS-REAL275 datasets. We show

the results in 6 and 3 categories in NOCS-REAL275 and MoVi-E datasets, respectively,

measured by 5 metrics discussed in Chapter 4. We also provide some examples to illustrate

the performance of our model in several challenging scenes where the object is occluded or

in fast motion. Our model is more robust and has less prediction error when encountering

these issues compared to the two baselines. We also visualize the difference feature learned

from the model through cosine similarity. The sampled points’ difference feature should

be relatively high for the target object comparing to the outliers based on the difference

features observed in the history sequence. If the point does not belong to the target

object, e.g. due to occlusions, which does not appear in the history, the feature difference

will increase. Based on this, the robustness of our model can improve by suppressing

the influence of other points and focusing on the target object. The difference feature is

generated by fusing both pixels and point differences. The history difference in both the
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global difference module and the local difference module can be perceived by the model to

learn to refine the missing features of the current frame blocked by an occlusion.

Then we conduct an ablation study of two important components of our history model.

One is the length of the history sequence and the other one is the normalization using

softmax in the local difference module. For the length, we evaluate our model using

history sequence with a length of 2 to 8. For the NOCS-REAL275 dataset, the different

length does not make too much difference while the scenes in the NOCS-REAL275 dataset

are more static than MoVi-E dataset where the objects is placed on the ground and the

camera is the only thing that is moving. However, in MoVi-E, the model gains significant

improvement when the length of the history sequence increases to 6 and 7. There is a huge

gap between our normalized history model and the one without normalization. This means

the normalization makes the model easier to learn the difference feature and prevents large

values when the history sequence is long. In the next Chapter, we will make a conclusion

for this thesis.
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Chapter 6

Conclusion

In this Chapter, we conclude our work in this thesis. In Chapter 6.1, we will summarize

the content of our thesis in each Chapter. In Chapter 6.2, we list the main contribution of

our work. In Chapter 6.3, we will analyze some potential future works.

6.1 Summary

In the first Chapter, we discuss the definition and motivation for 6DoF pose detection and

tracking in this thesis. We start from different aspects including AR (Augmented Real-

ity), autonomous driving, SLAM (Simultaneous Localization and Mapping) and robotics

applications to amplify the importance of 6DoF pose prediction in these fields. Then, we

talk about the categorization of 6D pose estimation problems and the common methods

to solve them. We specify what the remaining problems these methods face and where the

idea for our thesis originates from.
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In Chapter 2, we review the related works of category-level, instance-level 6DoF pose

estimation and tracking. We first give a brief background of some commonly used points

alignment methods and concepts, which will be further used in other methods we introduce

in later Chapters. Then, we classify these methods into keypoint-based, retrieval-baesd,

refinement-based and regression-based methods according to the scheme they follow to

conduct the pose prediction or tracking as well as some widely used benchmarks. Our

two baselines 6-Pack [100] and Captra [115] belong to category-level tracking methods.

We analyze the pros and cons of these methods and found that they are lacking temporal

processing in pose estimation tasks. We also cover the introduction of essential methods

that inspire our work in both 2D and 3D.

In Chapter 3, we introduce our difference-based temporal model which consists of local

and global difference modules. Unlike 2D temporal models, due to the random sampling

strategy in each frame, the correspondence across frames cannot be built. In this case, we

incorporate KNN to approximate the corresponding point in the reference frame as the

MaxPooling value of its K nearest neighbors in the reference frame. We learn the pixels

and points difference and fuse them in a bidirectional manner to generate a feature-wised

weight to conduct a weighted summation of history frames. The global difference module

will gather the weighted features from the history sequence on average, while the local

difference module updates the features in history sequence iteratively. The feature of the

current frame, global difference and local difference will be concatenated to generate the

final refined feature representation of current frame. We also emphasize the importance of

transforming the history point clouds into the same coordinate system, which makes the

difference calculation meaningful.
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Chapter 4 is the basic setup of our experiments. We show the number of data we used to

train and test for the two datasets (NOCS-REAL275 and MoVi-E). For NOCS-REAL275

dataset, we only use the real data. The data augmentation strategy is also introduced.

We randomly change the background of the frame to increase the number of noisy points.

We introduce the symmetry handling strategy and loss functions used by the two baselines

(6-Pack and Captra).

In Chapter 5, we analyze the experimental results of our model compared with 6-Pack

and Captra in NOCS-REAL275 and MoVi-E. Examples, metrics and difference feature

visualization are shown to present the performance of our model. Our model outperforms

the two baselines in most of the metrics and has a better overall result. The examples

show our model is more robust to occlusions and cluttered scenes where the rotation and

translation error are smaller than the two baselines in the NOCS-REAL275 and the MoVi-

E datasets. Then, we present an ablation study about the length of the history and the

normalization in the local difference module. In complex scenes (MoVi-E) the model can

be impacted by the length of the history sequence.

6.2 Contribution

The contributions of this thesis are as follows:

• We propose a difference calculation that can be applied on random sampled points

in two consecutive frames based on KNN (K Nearest Neighbor).
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• We propose two modules to collect difference features from history sequence. One is

the global difference, which sums all the difference features in the history sequence

and the other is the local difference, which iteratively updates the features in the

history sequence.

• The proposed difference-based modules can be applied to any 6DoF pose tracker that

takes video sequence as input to refine the features from points and pixels to further

learn different tasks. This method also consider the combination of pixels features

and points features.

• Based on our experimental results, our model is applied to the two baseline models

(Captra and 6-Pack) and outperforms the respective baselines.

6.3 Limitation and Future Works

Although the proposed difference-based temporal model applied on the two 6D pose track-

ing networks outperforms the baselines, there are many drawbacks needed to be improved.

Static History

The first limitation is the history sequence. In our sliding window design, the history

sequence will update after processing a new frame, that is adding that frame into the

history sequence and removing the earliest frame in the sequence if the number of frames

is greater than the length of the sequence. One of the drawbacks of this first-in-first-out

strategy are proentially some “bad” instances in the sequence, which is unsuitable for
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difference extraction to enhance the current feature. This may occur, for example, if the

object is heavily occluded and only a corner is visible. An other case is if two frames are

too similar, the difference is useless. Ideally, we would use a dynamic strategy to select

frames to store. For similar frames, one option is using some feature distance calculation

methods to measure the similarity like the cosine similarity used in Chapter 5.

Category Generalization

The learning-based category-level 6DoF pose tracking models are mostly category-specific,

which means the model corresponds to the specific category. The model needs to be

retrained if there is an instance of a new category. In our thesis, for the 6 categories in

the NOCS-REAL275 dataset and 3 categories in MoVi-E dataset, we train 9 models in

total to get the final evaluation results which is time consuming and inefficient. During

inference, if we want to track enough categories, we need to load that amount of models,

which will occupy considerable resources. The method to tackle this problem is to train

one model that can be generalized to all the categories. Because in category-level tasks,

the prior knowledge is unknown, how to learn the category-specific features is important.

This field is not well explored in category-level 6D pose tracking and considering how to

incorporate it into the temporal model is a potential direction.

Memory Limit

As discussed in Chapter 5, we cannot store too many frames due to the limited memory of

GPU. Because our model calculates the difference of pixels and points according to their
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corresponding 3D coordinates. So the temporal module needs to store the point clouds

and their images, which occupies a lot of memory. One of the options can be learning

location-invariant features. These features would be generated for the two consecutive

frames. They can be used for direct difference calculation without computing the distance

although the sampled points are random in each frame. One may also be able to change

the point sampling strategy to sample the corresponding points between two frames.
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