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SUMMARY

6-DoF Pose estimation is finding the rotation and translation of an object to

a preferential frame of reference. With the help of Neural Networks, recent pose

estimation algorithms show significant improvements over the classical ones. Especially

in complex scenes where challenging illumination, occlusion, and scene clutter impair

the algorithm performance. However, the gain in performance carries a computational

cost and expensive hand-annotated real-world data. Moreover, prominent algorithms

require larger neural models to raise the bar, thus requiring more expensive training

data. This thesis investigates the possibility of easing the computational burden and

dependency on big data. We propose three different methods to address the issue.

Our first model uses synthetically generated data to remove dependency on real-world

data for pose estimation with a light-weight neural network. The second method

incorporates aspect-classification and dense key-point estimation processes and recovers

the object pose using robust algorithms. Our final study proposes a new curriculum-like

training regime. This curriculum takes advantage of synthetic and real-world data and

the behavior of neural networks against adversarial and noisy(perturbed) data. We

conduct our experiments on public datasets to validate our proposed methods. Results

demonstrate that the proposed methods perform comparably to the state-of-the-art

algorithms while speeding up the inference time significantly.

Key Words: Object Pose Estimation, Deep Learning, Constraint Satisfaction.
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ÖZET

6-DoF Pose tahmini, bir nesnenin tercih edilen bir nesneye konumunu ve ro-

tasyonunu bulmaktır. Yapay sinir ağları yardımı ile geliştirilen sinir ağları klasik

modellere göre oldukça başarlı olmaktadır Özellikle zorlu aydınlatma, engellenme

ve sahne dağınıklığının görüntüyü bozduğu karmaşık sahneler de algoritmaların per-

formanıs dikkat çekici hale gelimiştir. Bununla birlikte, performanstaki kazanç bir

hesaplama maliyeti taşır. Özellikle elle etiketlenmiş verinin az ve pahalı olması ve

önerilerin daha yüksek başarım için daha büyük modeller kullanması Bu algoritmaların

uygulanabileceği platformları kısıtlamaktadır. Bu tez çalışmasında, hesaplama yükünü

ve büyük veri bağımlılığı hafifletme olasılığını araştırılmıştır. Bu sorunları çözmek

için üç farklı yöntem önerilmiştir. İlk yöntem, bağımlılığı ortadan kaldırmak için

sentetik olarak oluşturulmuş verileri kullanırak daha küçük modeller kullanılabilir mi

sorusunua cevap aramaktadır. İkinci yöntem, aspect sınıflandırması ve yoğun anahatar

nokta tahminlemesi kullanarak nesne pozunu bulmaya çalışır. Son çalışmamızda ise ,

müfredat benzeri yeni bir eğitim rejimi önerilmektedir. Bu müfredatı oluşturulurken,

sentetik ve gerçek dünya verilerinden ve yapay sinir ağlarının davranışlarından yarar-

lanır. Önerilen yöntemlerimizi, diğer araştırmacılarında kullandığı için halka açık veri

kümeleri test ettik. Elde ettiğimiz sonuçlar, önerilen yöntemlerin poz kestirim algorit-

malarını hızlandırırken, en son teknolojiye sahip algoritmalarla karşılaştırılabilir bir

performans sergilediğini gösteriyor.

Anahtar Kelimeler: Nesne Poz Kestirimi, Derin Öğrenme, Kısıtl sağlanması.
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1. INTRODUCTION

At its core, 3D computer vision is about sensing and inferring Geometry which we

intrinsically use to interact with our surroundings. The sensing part is acquiring external

signals and storing them in a structured representation. The inference, where computer

scientists usually focus, is finding good representations and efficient algorithms to

solve problems. This study focus on 6-Degrees of Freedom (6-DoF) pose estimation.

The pose estimation problem asks about finding relative rotation and translation of an

object to a canonical frame of reference. To this end, pose estimation has attracted

significant interest from computer vision communities, since it is an essential part of

Augmented Reality, Robotics, and autonomous driving. Prior approaches in computer

vision solve this problem by extracting low-level features, and contours and matching

them using a robust optimization algorithm. These methods generate promising results

in simple structure scenes with feature objects. However, they fail to recover the pose

under challenges like occlusion, scene clutter, or even texture-less objects. Like many

computer-vision tasks, pose estimation also took its share with the rapid advancements

in deep learning. Current learning-based methods outperform traditional ones in every

metric. They demonstrate a powerful tool to work The central theme of this thesis

is to build efficient and reliable techniques and notions for solving the 6-DoF pose

estimation problem. In turn, this could be leveraged to construct successful applications.

Researchers have studied these problems well and accumulated knowledge across

decades. Yet, with the re-invention of deep learning, most of this valuable knowledge

has started to fade away. In our thesis, we re-visit these problems from an optimization

and constraint perspective where real-world annotated data is scarce and hard to obtain.

Like most contemporary research, We heavily rely on the power of deep learning in our

studies, yet we also utilize classical optimization techniques and notions. We believe,

this union of old and new, results in simple and elegant solutions for pose estimation.
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1.1. Motivation

As mentioned previously, contemporary pose estimation methods heavily depend

on deep learning. Some studies rely on neural networks for end-to-end pose inference,

while others estimate the location of key-points like object corners and random points

on the object surface. Then, a robust PnP(Perspective-N-Point) algorithm is applied.

Moreover, recent studies even use neural networks to estimate surface normals and

depth information to provide information about the object geometry. Several studies

also include a post-refinement stage where the predicted pose is crudely rendered and

compared to the original image. These methods overcome the limitations of traditional

pose estimation techniques by integrating deep learning. However, we observe several

drawbacks in these studies.

Firstly, these methods heavily rely on large training datasets. These datasets

for pose estimation require specialized hardware, a controlled environment, and hand

labeling. While this may not pose a problem for competitive research, it impedes the

development of industry-ready applications.

Additionally, we observe those ever-growing neural architectures to achieve better

results in this particular task. It is well-known that neural networks do not suffer

from the curse of dimensionality as long as there is data to be consumed. Keeping

this in mind, researchers propose complex neural models to achieve state-of-the-art

resultsPeng et al. [2019]; Akgul et al. [2016]. On the other hand, these large models exert

a heavy computational burden. Hence, this hinders the applicability of the algorithms on

multiple platforms. Additionally, several studies develop ad-hoc refinement procedures

to increase the accuracy of existing approaches. Yet this also increases the complexity

of the already heavy-weight approaches.

Finally, When analyzed in depth, these methods look like they are memorizing a

variety of poses of the object. Provided that one has such diversity in the training data,

a large enough network can learn a global semantic representation for features to be

used estimation process. Yet with the lack of diversity, models tend to memorize the

2



training data and perform poorly in the out-of-distribution inference samples (Bias).

1.2. Overview of Methods and Contributions

Previously mentioned problems are real-world challenges that affect the quality

of products. The thesis presents algorithms and notions that can significantly improve

the performance of pose estimation applications and helps to solve the problems with

elegant solutions. Our proposal also minimizes the dependency on specialized hardware

(GPU, Accelerators) by employing low cardinality architectures. These architectures

expand the applicability of available solutions to computationally limited devices. While

we will present the detail of each study in their corresponding section, We would like to

summarize our contributions case by case.

• In our first study, we construct an ultra light-weight neural network to directly

estimate rotation and translation matrices. In our previous experiments, we noted

that rotation matrices are harder to predict compared to translation vectors. To

alleviate this, we parameterized the loss function and introduced an orthonormal-

ization constraint on the rotation matrix as a regularizer. These changes enabled

faster convergence in training and an observable drop-in validation loss.

• At the heart of this thesis, we introduce an aspect classification mechanism. In this

study, we use a lightweight neural network for key-point estimation and object

aspect classification. Then depending on the object aspect, our algorithm selects

several key points from a canonical frame. Finally, we perform PnP- Ransac over

a small set of selected key points. The proposed approach performs comparably

to the state-of-the-art while consuming little memory and running on a mobile

device in real-time.

• In the last study, we address the desperate need for data. We carefully construct

a curriculum strategy. Our curriculum strategy heavily relies on synthetic data,

online augmentation, Adversarial examples, and visual attention. We divide the

training process into what we name ”chapters” where each chapter has its data-

3



sources learning rate policy. We tested the proposed method on two different well-

known pose estimation architectures. Our empirical studies suggest a significant

improvement, especially under challenging conditions like occlusion and scene

clutter.

1.3. Other researches carried out during Doctoral studies and
Outline

In addition to the Pose Estimation problem, we have been conducting research

on theoretical and applied aspects of Deep Learning. Firstly, we have introduced two

new ensemble methods and a training strategy similar to annealingDede et al. [2019b].

In another study, we proposed an algorithm for estimating additional spectra of earth

images from aerial images. We have suggested a deep learning-based iterative approach

on select datasets and showed that generated spectral images are very similar to the

ground truthDede et al. [2019a]. During these studies, we heavily collaborated with Dr.

Erchan Aptoula.

We have studied the representation efficiency of deep neural models. More

specifically, in deep ReLU architectures, a significant number of neurons die out1

during training. We have reduced the number of dead neurons by randomly perturbing

the weights. Despite having minimal gains, the proposed algorithm was very slow

due to batch calculations and memorization of activations. In a side study, We have

explored the idea of surgically removing specific pathways of a neural graph and attach

to another network to provide additional abilities. We have conducted experiments on

the effects of adverse samples on training. We found that a subset of generated samples

is architecture-independent. In other words, a neural network mispredicts these samples

even if they do not target that architecture. During this study, we have also observed

that incorporating these samples into the training data hampers the training process. We

currently focus on neural rendering and implicit representations of the 3D geometry of

scenes.
1Their output becomes zero and terminates gradient flow.
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Finally, we have studied on explainability of machine learning-based decisions

on a financial problem. We have developed a perturbation-based analysis approach

with neighbor-hood analysis. We assume that the decision surface is a Riemannian

manifold, and we have projected the feature space onto the decision space. We explored

the topology of the decision surface by tracking gradients to perturbations. We have

constructed decision atlases for combinations of features2. This research provided

visually rich and more plausible explanations, compared to the generic explainability

studies. On the other hand, we have failed to generalize the idea when projection space

becomes more complex on carefully constructed toy datasets.

Our thesis proposes multiple approaches for better solutions 6-DoF pose esti-

mation problems, yet they are not incremental research. Each study tries to address

distinct( yet overlapping) challenges of the DNN-based pose estimation pipeline. Hence

each part chapter has its narrative, datasets, and background. The rest of this thesis is

structured as follows: In the next chapter, we propose a very lightweight pose-estimation

architecture with algebraic constraints on rotation matrices. Chapter 3 presents a de-

tailed study about the joint estimation of object aspects and key points, which we use to

recover the object pose with the help of a robust algorithm. In chapter 4, we discuss the

advantages of curriculum-based training in pose estimation problems. We present an

extensive ablation study on different architectures. In the final chapter, we conclude our

thesis with discussions and future work.

2Up to three, due to visualization constraints
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2. COMPUTER VISION REVISITED

This chapter describes some core concepts of fundamental computer vision. We

aim to provide the reader with sufficient background on the subject to enable the readers

to navigate comfortably through the chapters. We certainly know that a few pages of a

summary will bring more questions to the table than it answered. We encourage the

reader to study [Hartley and Zisserman, 2003; Forsyth and Ponce, 2002; Lowe, 1999].

This chapter covers the pinhole-camera model and algebraic representations. In the

final pages, we present a shortened version of Multi-View Geometry and extensively

used algorithms.

2.1. Pinhole Camera Model

The pinhole camera model describes the mathematical relationship between the

coordinates of a point in three-dimensional space and its projection onto the image

plane of an ideal pinhole camera, where the camera aperture is described as a point and

no lenses are used to focus light.

Assuming an image is obtained by a pinhole camera and a real-world point

(Qx,Qy,Qz)
T corresponds to the point (Q̂x,Q̂y, f)

T
on the image plane (see Figure 2.1).

We can derive the transformation by assuming homogeneous coordinates.

X

Y

ZC P

Q’

Q

Camera Center

Image Plane

Focal Distance(f)

Figure 2.1: Pinhole camera model.

6




Q̂x

Q̂y

1

=


f 0

f 0

1 0





Qx

Qy

Qz

1


(2.1)

Equation 2.1 is a over-simplification of camera projection and emphasizes on the focal

length f. Real cameras are more complex and have many intrinsic variables. A more

accurate representation:

K =


fx s Ox 0

fy Oy 0

1 0


[

I

]
(2.2)

where fx and fy, are the focal length in pixel width and height the x⃗ and y⃗ axes. s

denotes the x⃗ and y⃗ axes and (Ox,Oy) are the coordinates of the principal point in the

image plane. The Matrix K is called Camera or The intrinsic Matrix sums up all the

linear constraints of projective geometry. In addition to these linear constraints, there

are other nonlinear such as lens distortion. While these distortions can be modeled and

approximated, it is out of the scope of this thesis. These equations describe half of the

story omitting the general transformation of a point in 3D-Space. In other words, this

representation lacks the implicit 3D rotations and translations.

If Q is the coordinate of a point in the world coordinate frame, and Qcam is the

corresponding point in the camera coordinate frame, then we may write;

Qcam = R(QĈ) (2.3)

where Ĉ represents the coordinates of the camera. And R represents the Rotation Matrix

in R3. We can re-write the equation in homogeneous coordinates by:

7



Figure 2.2: Correspondences between points

Qcam[3×1]

1

=

R[3×3] −R[3×3]Ĉ

0[1×3] 1


Q[3×1]

1

 (2.4)

Combining 2.2 and 2.4 gives the general projective mapping for any camera.(Assuming

no distortions). We usually omit the camera center from the equation and represent

relative translation −R[3×3]Ĉ as t.

P = [KR | t] (2.5)

where P is called the projection matrix.

2.2. Recovering 3D Pose

In the previous section, we have constructed an algebraic representation of camera

geometry. Now, if the intrinsic parameters are known, the Projection matrix P has 6

degrees of freedom, 3 for rotation R and 3 for translation t. Let’s assume we want

to recover the camera pose from an image. Solving the equation 2.5, we need to find

matched points between the 3D world and the corresponding image like in figure 2.2.

Figuring out which parts of one image correspond to the 3D world is not a trivial

task. There are many challenges like scale, occlusion, illumination, and ambiguity. In

8



Image Plane
Focal Distance(f)

A

B

C

A’
A’

B’

C!

Figure 2.3: Geometric representation of 3 point projection. If the exact coordinates of
correspondences are known, simple algebraic manipulation will yield the orientation

and rotation of the camera.

classical computer vision, hand-crafted algorithms are used to find informative regions

of an image. These regions usually rely on low-level features like edges, corners, blobs,

ridges, or some combination of them [Lowe, 2004]. Using these features, we can find

the position of a particular point in the image and map these to the known 3D world

coordinates.

2.3. Perspective-n-Point Estimation

Now, we will examine how and to what extent can we recover the pose (Camera

or an object) with our gained information.

Let’s assume that, we have correspondences between an image and a 3D world

for a set of image points Xi, and world points Xw, then there exists a unique Camera

Matrix P,

xi = P xw ∀xi ∈ Xi, ∀xw ∈ Xw (2.6)

Assuming cameras are calibrated, (even if not, there are several ways to find

the intrinsic properties) and the correspondences are exact, solving the equation is a

trivial task. Since we have learned that there are six unknowns ( 3 for rotations and

3 for translations) . Three correspondences as in figure 2.3 will suffice to recover the

pose with simple algebra. Furthermore, efficient algorithms exist since the end of the

9



19th Century to solve the problem [Gao et al., 2003; Kneip et al., 2011; Haralick et al.,

1991]. However, in real-life scenarios, there are several challenges to overcome. Firstly,

exact correspondences are virtually non-existent due to imperfections, miscalculations,

noise, and distortions. These results heavily affect the robustness and stability of

the algorithms. Secondly, We usually gather more than three correspondence, (an

order of magnitude larger). Additional matchings diminish the noise problem since

larger point sets have redundancy that usually diminishes noise interference. However,

correspondence sets also pose another problem: Computational burden, since inference

should be performed on a much larger set. Keeping all this in perspective, we found out

that our initial solution equation 2.6 was a naive approach. We now have a set of the

equation that is highly over-determined and corrupted by some interference. In this case,

any standard approach minimizes some algebraic (equation balancing ) or geometric (

back-projection or re-projection errors ) error with some constraints[Lepetit and Fua,

2005; Lepetit et al., 2009; Terzakis and Lourakis, 2020]. Let J be the cumulative error

J = ∑
i

M(xi,R Xi + t) (2.7)

where xi and Xi are the corresponding image and world coordinate points. The

cost function M is usually often employed with non-linear least square to iteratively

refine an initial camera pose estimate.

2.4. Feature-Matching

Up until now, we have assumed that correspondences are already known. However,

in a real-world application, we do not have that luxury. What we have is a noisy, over-

determined, and unordered set of points that correspond to some regions of the image

(See figure 2.4). Let’s have a thought experiment and assume that n image points

correspond to a subset of m real-world candidates. Broadly speaking, probability of

finding the right matching for just one pair is 1
n and for the whole image point set it
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Figure 2.4: A crude point matching algorithm suffers from the immense amount of
possible correspondences. Green Lines show the estimated correspondences. It can be

observed that most of the proposed matchings are incorrect.

Figure 2.5: RANSAC culls most of the outliers based on the strongest hypotheses.

is (n−m)!
(n)!

1. Finding the best solution (still not exact; since we already introduced the

noise and the distortions), requires an algorithm with complexity O(mn−m). This is

a computationally very challenging problem, especially for applications that require

fast decision-making. Furthermore, the mismatched correspondences or outliers can

disturb the estimation process and result in poor inference. Consequently, we have

to determine which correspondences are real correspondences and which constitute

outliers. In computer vision, what is often employed is an robust culling algorithm

called RANdom SAmple Consensus (RANSAC) [Fischler and Bolles, 1981] algorithm.

The idea behind this algorithm is simple. Given a set of matching points with enough

1Assuming n > m.
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inliers, RANSAC randomly samples a sufficient amount of points to construct a model.

The model validity is measured using the rest of the samples, if the samples are within

some error threshold then they will be counted as inliers and the model will be rebuilt

by this Consensus Set. This process is repeated several times and the hypothesis with

the most support is deemed the best model. The intuition is that if one of the points is

an outlier then the model will not gain much support. Thus, the model will be selected

with the consensus of the inlier points. Figure 2.5 shows the effect of RANSAC on

the previously estimated( see Figure 2.4) feature-matches. Unlike most optimization

algorithms, RANSAC builds an initial model from a very small subset of samples.

Then iteratively expands the models with consistent data, if possible. Furthermore,

given enough iteration steps, RANSAC is guaranteed to find the best hypothesis albeit

this solution might not be the most efficient one. While we present a summary of the

algorithm here, Some questions like What is a good inlier threshold, and How many

times should we iterate? And if the outliers construct a valid consensus set. are beyond

this summary and they usually require a domain and application-specific expertise. The

original algorithm is quite complex and heavily refers to itself, we present a summary

from Multi-View Geometry [Hartley and Zisserman, 2003].
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3. DIRECT POSE ESTIMATION FROM RGB
IMAGES

In this chapter, A real-time monocular camera pose estimation algorithm is

presented. Proposed model is a small convolutional neural network that is trained to

directly estimated 6-DOF camera pose from an RGB image. Our model is designed

to run on real-time devices with low memory and computation power. Our model

can estimate the camera pose less than 1ms while keeping accuracy comparable to

the state-of-the art. This was made possible by employing geometrically sound loss

functions and algebraic constraints. Furthermore, we introduce a new synthetic dataset

for demonstrating the proposed methods capabilities.

3.1. Introduction

6D accurate pose estimation is an essential part of the computer vision research

since it has important applications in robotics, navigation an augmented reality. This

problem is not trivial; many problems like occlusion, illumination and dynamic back-

ground can interfere with the estimation. Like many other fields in computer vision,

pose estimation also received its fair share of deep learning-based attention. Recent

deep learning methods SSD6 [Tekin et al., 2018] and YOLO6 [Sock et al., 2018] is built

upon well known object detector SSD [Kehl et al., 2017] and YOLO[Redmon et al.,

2016]. These models focuses on estimating the 6D pose of an object, depending on

success of 2D counterparts on bounding box estimation of given objects. However, esti-

mating 6DOF pose is a much harder problem in RGB images. Variations in appearance,

ambiguities and the lack of geometric information and depth [Sock et al., 2018] may

complicate robust estimation.

This manuscript addresses recovering camera pose relative to a particular object

from a monocular RGB image. This approach is analogous to object pose estimation

since our research is focused on augmented reality (AR) perspective. In AR applications,

estimating egocentric motion and pose relative to the scene is important as objects in
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the scene usually stay stationary.

Camera pose estimation is an important part of Structure-from-Motion and image-

based localization. This problem is traditionally well-studied[Forsyth and Ponce, 2002;

Hartley and Zisserman, 2003] . Algebraically, given a set of correspondences between

an image and its 3D model, the camera pose can be calculated by solving a six-

degree polynomial. However, in practice, there are several problems with algebraic

approaches. The first problem is finding reliable matching. SIFT[Lowe, 2004] and

other gradient-based variants are good at finding such informative regions between

the images. However, the output of such methods are usually noisy and requires

robust methods like RANSAC. The second problem is these methods are local, try

to understand very low level-features like corners and edges without paying attention

to global structures in the image. To address such problems Deep Learning Based

camera pose estimators such as PoseNet[Kendall et al., 2015; Walch et al., 2017],

are usually applied onto large scale localisation. Following these works, new models

are used to learn relative ego-motion[Melekhov et al., 2017] and compute pair-wise

camera pose [Laskar et al., 2017], improve the context of features[Walch et al., 2017],

and Bayesian Neural Networks[Kendall and Gal, 2017]. Main advantage of such

probabilistic learning, they do not suffer from the curse of dimensionality, since they

can learn to represent many important and complicated features in the image context.

Furthermore, given enough diverse samples, they cope with changing environmental

factors well. However, deep learning based approaches posses some drawbacks. First

of all, they require immense amounts of labeled training data. Gathering and annotating

such data requires lots of human effort and is expensive. Furthermore, this process

is usually error prone and it results in contaminated training data that can impair the

performance of the model. Secondly, neural networks require lots of computation power

and memory. This is especially a drawback from AR perspective, since contemporary

AR devices are mobile phones, which have limited computational and energy resources.

Our work tries to address such problems with minor contributions
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• We present a new synthetic dataset with a class of objects(cars) and training

pipeline.

• We make a distinction between the camera pose with respect to an object versus

a class of objects using synthetic datasets.

• We demonstrate that our model can estimate the unseen poses of an object using

seen samples of another object belonging to the same class.

• We constructed a small CNN architecture, which is designed to run on with

computationally limited capabilities that run on real-time.

• We introduced an geometric constraint into loss function as a regularizer. Ex-

perimental study shows that our constraint reduces training time and slightly

increases performance of our proposal on our dataset.

Following the literature, we have also tested capabilities of our method on compet-

itive benchmark datasets and achieved comparable results while estimating the camera

pose around 20 milliseconds.

3.2. Direct Estimation of Camera or Object Pose

Direct of pose estimation is to train network for estimating 3D translation and

3D rotation. In this scenario, training samples are fed to the network and trained with

rotation and orientation vectors as ground truth. One way to perform the estimation

is regressing directly the labels. Another approach is to turn this problem into a

classification problem [Kehl et al., 2017] by discretizing the poses. Another strategy

for pose estimation is using key-point based methods [Oberweger et al., 2018; Rad

and Lepetit, 2017]. These methods use neural structures to propose key-points of the

objects, and then use Perspective-n-Point algorithm to estimate the final pose. However

such methods suffer from noisy outputs of due to occlusions in CNN’s[Rad and Lepetit,

2017]. Recent studies [Peng et al., 2019] employ hybrid estimators that merge neural

networks with RANSAC .

Given a monocular input image I, we aim to estimate the location T and orien-
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Figure 3.1: Direct estimation of camera pose using neural models using synthesized
images.

tation R of the camera with respect to the object (see Figure 3.1). This is the same

as estimating the object pose with respect to the camera. Algebraically, the imaging

process is captured by Equation 3.1 where K is a 3× 4 matrix capturing the camera

internal parameters, [x,y,z]T is a point in object coordinate system and [u,v]T it’s image

and ρ is the protective depth.

ρ


u

v

1

= K

R T

0T 1




x

y

z

1


(3.1)

Camera pose and orientation can be represented as a 7 dimensional vector θ = [t,r]

where t is a three-dimensional vector representing the pose or the translation of the

camera. And r is a four-dimensional vector representing camera rotation as quaternions.

As in [Kendall et al., 2015] we choose quaternions for representing rotations since they

lie on a unit hyphersphere, any arbitrary four-dimensional vector represents a rotation

provided they are normalized. Another advantage of this property is that, we can use

this term as a constraint to help to train the network. Unlike Euler angles it is easier to

apply a constraints on quaternions rather than euclidean angles that require complex

orthonormalization computations.

Direct estimation of camera pose from an image is done by a neural model (see

Figure 3.1). A custom neural model optimized for speed and small memory foot-

print is designed in order to run the model on devices that have limited computational

capabilities. Proposed architecture (see Figure 3.2), down-scales the given image by
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three consecutive 5x5 convolutions with strides of 2 and applies a normalization. Then,

we construct a convolution block that consists of 3 densely connected [Huang et al.,

2016] traditional 3x3 convolutions with a bottleneck 1x1 convolutions which is followed

by an average pooling and a normalization layers. This is applied three times. The

model is continued with two fully connected layers each 1024 neurons. Model output is

a 7-dimensional vector in which the first three represent the location and the remaining

four represents the rotation.

5x5 Conv. 3x3 Conv. 1x1 Conv. 

Batch Norm. Avg. Pool Dense Lay. 

224x224 
RGB 

Images 

Camera 
Pose  

Figure 3.2: Proposed architecture for direct estimation of camera pose.

The model is trained through an optimization on a specially designed loss function.

The proposed loss function is an amalgamation of different losses penalizing various

estimations. The first part of the loss penalizes the difference between estimated position

te and the ground truth tg:

Lt = ∥tg − te∥2 (3.2)

This loss treats all three component of the position equally including the distance to the

object. Our datasets have comparable values for lateral motion of the camera as well as

the distance to the object.

The second loss is the simple difference between estimated rotation and actual

rotations:

Lr = ∥rg − re∥2 (3.3)

Although not all the ranges of the rotation is covered in our training and test data due to

limited access to a real world object, our loss yields again comparable values for the
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four components of the rotation in quaternion representation.

The final loss is the projection error. Projection error is calculated by the euclidean

distance between the actual image coordinates [ug,vg]
T of a random set of points in the

world and their estimated image coordinates [ue,ve]
T (as given in Equation 3.4). During

training we choose n = 4 random points to calculate a mean of the projection as the

final projection loss:

Lp =
1
n

n

∑
i=1

∥

ug

vg

−

ue

ve

∥2. (3.4)

Once again, we do not distinguish between the locations of the points on image or

object. Randomly choosing these points gives us enough variety, as the their placement

on the object as well as their distribution in the image. Fixed set of points may create

biases in this loss as they may lie on a singular setup (e.g., along a line) or they may

map on the boundary of some images (effecting the range of values as well as being

subjected to different camera distortions).

We also introduced the unit hyper-sphere constraint of the quaternions as a regu-

larizer on the network. Kendall et al.[Kendall et al., 2015] mentioned about this fact and

they decided not to use as part of optimization, believing that such constraints can impair

model training. Furthermore, they observed that as the training advances, estimated

pose comes very close to the ground truth and renders such additions unnecessary.

However, our experiments show that such a constraint can be beneficiary to the overall

training process. This will be discussed in detail in Section 3.4. We note that [Kendall

et al., 2015] argues that as the training progresses, the estimated values of the camera

rotation come close to the unit sphere of a quaternion. Instead of leaving this free, we

add this constraint directly. However, this constraing:

Q =W 2 + i2 + j2 + k2 = 1 (3.5)
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regularizes our network when used in this form:

Q̂ = e(Q−1)2
(3.6)

which as a simple partial derivative w.r.t. the parameters to optimized. Furthermore, it

can be calculated using autograd of deep learning frameworks. As can be seen in Fig-

ure 3.3, the convergence properties of this loss behaves better than that of Equation 3.5.

Flat constraint
Quadratic surrogate
Exponential surrogate

Figure 3.3: Typical convergence properties of Q vs its surrogates

We finaly combine all four lossed given in equations (3.2),(3.3),(3.4) and (3.6)

into a single loss:

J = αLt +βLr + γLp +λ Q̂, (3.7)

where α,β ,γ and λ are hyper-parameters which are used to fine-tune and balance the

overall training process. This combined loss function is differentiable and can easily be

optimized by modern deep learning optimizers.

It should be noted that some portions of the loss may seem redundant. For

example, the re-projection loss can represent both the translation and the rotation
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losses together. However, stating these losses seperately may allow the optimization

process to remove biases due to imperfections in the projection models, noises and other

possible biases. And our experiments show that this improves the estimation accuracy

significantly.

3.3. Datasets Used in Experimental Evaluation

It is well known that deep learning performs well on large datasets. However,

producing such datasets are usually expensive or requires hand-annotated labels. We

solved this problem by using generated 3D models. Given a 3D model, we have

rendered an image with random object colours under different lighting conditions with

random backgrounds.

We constructed a set of 3D models from open source communities. For each

model, we have generated 600 images for training, 300 images for validation and

final 1000 images with transparent backgrounds for testing. Rendered images have

size the of 640x640 pixels. They are scaled down to 224x224 pixels during training.

Rendering camera is randomly placed between two hemispheres with radius of r1 and

r2 and oriented such that the target object is always visible within the image. For initial

experiments these values are assigned 5 and 15 respectively. Additionally, we placed

random 3D models between camera and the rendered object to simulate occlusion.

During dataset generation, camera hemisphere is divided into four quadrants

along the x-axis and y-axis. 540 of the rendered training images come from three

quadrants and 60 of them comes from the last one. We employed this strategy to test the

interpolating capabilities of the neural network. Validation and test images are equally

distributed among the quadrants.

We have also rendered pure silhouette of the object from the same camera per-

spective so that we can use IoU (Intersection over Union) score. This score choice is

further discussed in the experiments section.

We have also demonstrated the performance of our method on Cambridge Land-
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marks dataset [Kendall et al., 2015]. This dataset includes 5 large scale urban scenery

with challenging conditions like pedestrians, vehicles and confusing environmental

conditions like different lightning and weather conditions. For indoor comparison, we

used 7Scenes Dataset [Shotton et al., 2013]. This dataset contains 7 in-door scenes with

various numbers of RGB-D images for each category. Although this dataset is designed

for RGB-D re-localization, we use it to demonstrate the performance our proposed

method. With the use of depth data, some of the difficulties can be alleviated. Our

method will not make use of the depth data in our experiments. Also this dataset is

also challenging for methods using image level features like SIFT, as it contains many

ambiguous textureless areas.

3.4. Experimental Evaluations

3.4.1. Setup

We have pre-trained our model using PlacesNet[Zhou et al., 2018]. This dataset

contains 1,803,460 training images with 365 categories. Each category has varying

number of images from 3,068 to 5,000. PlacesNet dataset focuses on indoor and outdoor

scenes. Alternatively ImageNet is used for pre-training networks in many applications

[He et al., 2016]. However objects in ImageNet does not have the depth variations

that we would like to see. The scene categories in PlacesNet has better depth variation

which might be useful in our pose estimation problem.

Our model was implemented in TensorFlow[Abadi et al., 2016]. We used

Figure 3.4: Sample images from Cambrige scenes dataset.
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Figure 3.5: Sample indoor images from 7scenes dataset.

Figure 3.6: Sample from our synthetic dataset.

Adam[Kingma and Ba, 2015] optimizer with a learning rate 5x10−4 ,which is halved

for every 40 epochs. Overall training took 170 epochs and we employed early stopping

to counter overfitting. Because of the limited GPU resources, batch size is selected to

be 8. We also applied random geometric crops onto training images for both occlusion

imitation and data augmentation(See Figure 3.1).

3.4.2. Hyper-parameter Selection

In experiments with our synthetic datasets, we selected α , β , γ , and λ as 3, 10, 20

and 8 respectively. α , β , and γ values are found using a grid search in the range [0,20]

with 1 increments. Finding a healthy λ value is essential since selected loss approaches

its minimum very slowly and many different configurations of quaternion may result

in a similar regularization loss. In our experiments, we have hand tuned λ with less

than 10 different tries. It can be argued that introduction of many hyper-parameters

complicates training process, because balancing between angular loss and distance loss.

Since the difference between losses may show large variation. Solving this problem

requires domain knowledge and a search with many experiments. Furthermore, selected

hyper-parameters may have to be updated under different scenarios and datasets. This

problem is visited in a follow up article by Kendall et al. [Kendall and Cipolla, 2017]
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and they used a geometric loss similar to our re-projection error again based on the

fundamentals of multi-view computer vision geometry. They managed to improve

their original performance [Kendall et al., 2015] while simplifiying the training process.

However, in our experiments with synthetic dataset, we observed that, merging different

losses with coefficients have a slight improvement on validation results.

3.4.3. Training Pipeline

During training, for each image batch we have selected random images from

MS-COCO [Lin et al., 2014] dataset as background for images. Each synthetic image

is overlayed on top of the choosen image. Thus, neural model almost sees a unique

background for every rendered image. We have also employed a different occlusion

strategy in training batches. We have applied random shaped crops in 20 percent of

the images. While crop size depends on the shape that is assigned, for rectangular

shapes, we randomly choose width and height between 10 and 40 pixels. For spherical

crops, radius was again between 10 and 40 pixels. The cropped area is either filled with

random uniform colors or we have cropped the area with same coordinates from the

background and applied on top of the cropped region.

Table 3.1: A detailed dissection of Cambridge dataset.

Scene Train img. Test img.
King’s College 1220 343
Old Hospital 895 182
St Mary’s Church 1487 530
Shop Facade 231 103
Chess 4000 2000
Fire 2000 2000
Heads 1000 1000
Office 6000 4000
Pumpkin 4000 2000
Red Kitchen 7000 5000
Stairs 2000 1000
Synthetic Cars(ours) 6000 10000
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Table 3.2: Performance of the proposed model in comparison to the state-of-the art.

Scene Bayesian LSTM PoseNet* Our Model
King’s College 1.74m,4.06◦ 0.99m,3.65◦ 0.88m,1.04◦ 0.93m,2.64◦

Old Hospital 2.67m,5.14◦ 1.41m,4.20◦ 3.20m,3.29◦ 2.18m,3.67◦

St Mary’s Church 2.11m,8.38◦ 1.18m,7.44◦ 1.57m,3.32◦ 2.11m, 6.8◦

Shop Facade 1.25m,7.54◦ 1.52m,6.84◦ 0.88m,3.78◦ 1.16m,5.43◦

Chess 0.37m,7.24◦ 0.24m,5.77◦ 0.14m,4.48◦ 0.26m,4.24◦

Fire 0.43m,13.7◦ 0.34m,11.9◦ 0.27m,11.3◦ 0.43m,13.11◦

Heads 0.31m,12.0◦ 0.21m,13.7◦ 0.17m,13.0◦ 0.21m,13.24◦

Office 0.48m,8.04◦ 0.33m,8.08◦ 0.19m,5.55◦ 0.21m,5.98◦

Pumpkin 0.61m,7.08◦ 0.37m,7.00◦ 0.26m,4.75◦ 0.53m,5.11◦

Red Kitchen 0.58m,7.54◦ 0.58m,7.54◦ 0.24m,5.52◦ 0.24m,5.35◦

Stairs 0.48m,13.1◦ 0.48m,13.1◦ 0.37m,12.4◦ 0.38m,12.1◦

Synthetic Cars(ours) - - 0.18,1.19◦ 0.21,1.07◦

3.4.4. Experiments and Results

During inference we normalize the estimated rotation by its length so that quater-

nion constraint is applied using Q/∥Q∥. We conduct experiments and make comparisons

with the normalized estimations.

We show that proposed model is able to estimate camera pose effectively using

only a fraction of the number of parameters used by PoseNet. In fact, the number of

parameters are reduced from 22M to 2.4M as shown in Table 3.5.

Following [Kendall et al., 2015], we calculate median translation and rotation

errors for all datasets and categories in Table 3.2. Additionally, we used IoU score for

demonstrating the accuracy of tested models. There are multiple ways of measuring

estimators performance. Although using such a score is nontraditional, we thought that

using a simple intersection over a union of silhouette images can give both quantitative

and qualitative nature of the comparison. It can be argued that our method has an

inherent weakness, that different pose estimation can result in similar IoU scores.

However, during our evaluation of predictions, we observed that even if the prediction is

very close to the truth value, IoU may vary noticeably, since our objects have complex

surfaces and cover a large area in the image. In order to calculate IoU score we rendered

silhouette images of from both prediction and original pose.
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Figure 3.7: Archetypal representations for each IOU threshold.

Table 3.5 also shows that how well model performed on the task and the number

of worst case scenarios across different models. A remarkable number is the estimated

angles are much closer to the ground truth labels. We believe this result is due to

the application of a quaternion constraint in Equ.(3.6). We have also observed that

application of such constraint on both models improves the average IoU by decreasing

the number of worst case predictions despite it has a negligible detrimental effect on

high accuracy predictions.

Following the tradition, we have also tested our models performance on Cam-

bridge Landmark dataset and 7 Scenes dataset. In Table 3.2, we demonstrate that our

model performs comparably to the state of the art camera relocalization using other

deep neural networks while having one tenth of trainable parameters.

We have also tested our model’s generalization capabilities when the training is

done with views obtained from a closeby camera and test the performance on images

obtained further away from the object. For this, we have generated 1000 test images

rather distant from the target object. Camera radii r1 and r2 are selected as 15 and 30

meters for this test dataset. Training images were obtained within 15 meters. Table 3.3
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Figure 3.8: Performance of proposed model on out of distribution synthetic data.

Table 3.3: The model performance tested on images with larger ranges of motion.

Motion Range IoU Score Location Error Angle Error
5-15m (Similar to Training Data) 0.845 0.21 1.07◦

15-20m 0.842 0.22 1.07◦

20-25m 0.46 0.54 4.64◦

25-30m Failed Failed Failed

shows that our model performs well up to 20 meter radius and breaks down after that.

This is expected as object detils become indiscernable after certain distances.

Another robustness test is conducted to calcutale orientation variations. In the

training data we let only portion of orientations present for each car type (see Figure

3.9). We fix the tilt angle w.r.t. the object while varying the pan angle freely. We make

sure that the entire range of orientation is covered by the two different cars. When the

first car covers the angle range 0o −45o, the second car covers the next range 30o −60o

and so on. The trained model is then tested on a car that was imaged for the remaining

range of pan angles (not used in the training data for that car). As the results show in

Table 3.4, the model successfuly learns the representation of the car for non-existing

poses. This suggests that pose transfer from one car to the other is accomplished by

the model. Of course, we can not conclude that the pose of a completely new can be

estimated by the model as good as the existing cars that is used in test. See Figure 3.8.

Figure 3.11 shows the effect of the choice of regularization term on the validation
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(1) (2)

Figure 3.9: 2D representation of camera pose distribution for obtaining training data.

Figure 3.10: Visualization of attention maps.
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Table 3.4: The model performance on images with diverse orientation ranges.

Motion Range IoU Score Location Error Angle Error
5-15m (Similar to Training Data) 0.845 0.21 1.07

Sparse data 0.812 0.45 1.64◦

performance during training. As discussed earlier, we expect Q̂ to behave better than

the direct loss or the quadratic regularization (Q − 1)2. Even though exponential

regularization starts slowly, it picks up and gives slightly better validation error. The

positive effect of this regularization on other models can also be seen in Table 3.5. When

we apply this regularization on PoseNet, although higher accuracy levels did not change,

for the lower accuracy levels, performance has seen a dramatic increase (columns under

< 0.2 and < 0.1). We also used this regularizer on another model. When applied in

training PoseNet, the number of iterations to get to the same performance are decreased

by about 50% (see Figure 3.11).
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Figure 3.11: Comparison of different regularization functions on training and
validation loss.

Our model shows good experimental perforance on synthetic as well as real data.

As a way to get an insight into the model we have looked into where on the object

the model is given attention. Figure 3.10 shows example saliency maps produced by

our model. Originally proposed in[Simonyan et al., 2013], saliency is taken as the

magnitude of the gradient of the loss function with respect to the pixel intensities. In

other words, it indicates how a region of the image contributes to the pose estimation of

the model. We constructed these figures by adding the gradient of the given image on
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Table 3.5: Comparision of Accuracy in selected models.

Model Param Med. IOU Accuracy
>0.9 >0.8 >0.7 <0.2 <0.1

PoseNe 22M 0.547 47 269 426 202 157
PoseNet2(Const.) 22M 0.675 53 297 586 57 44
PoseNet3(Const.,Geo.) 22M 0.857 363 792 908 35 28
Our Model(Const.) 2.4M 0.739 139 508 722 36 30
Our Model(Const., Pro.) 2.4M 0.845 345 790 912 15 12

top of the test images. It is noticeable that model is learning strong visual cues around

the edges and contours. Contrary to classical SIFT approach, our model also attended

over textureless patches in some cases.

3.4.5. Summary

This chapter, A real-time monocular camera pose estimation algorithm is pre-

sented. Proposed model is a small convolutional neural network that is trained to

directly estimated 6-DOF camera pose from an RGB image. Our model is designed to

run on real-time devices with low memory and computation power. Additionally, we

demonstrated that an an algebraic constraint on rotation matrices could enable faster

convergence and yields better results.
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4. OBJECT ASPECT CLASSIFICATION AND
6-DOF POSE ESTIMATION

Recent works focus on a multi-stage approach, which first detects key-points

followed by perspective -n-point pose estimation algorithm and a pose refinement

procedure. In this chapter, we show that adding a classifier block estimating the

predefined aspects of the objects improves the multi-stage process. This is due to the

fact that the additional classifier acts as a constraint simplifying the required neural

network and at the same time yielding better key-point selection. We reduce the search

space for the key-point selection and exclude false-positives by mapping the appearance

of an object to an aspect. The simplified neural network allows faster inference and a

smaller footprint. Our experiments show that our hypothesis performs similar to the

state-of-the-art on three different datasets. We also show that an off-the-shelf refinement

process can further improve our results to surpass state-of-the-art on several objects.

Another advantage is, the proposed pipeline can run efficiently on real-time due to the

smaller neural network backbone used.

4.1. Introduction

Object pose estimation recovers the orientation and translation of an object within

a given view with respect to a reference coordinate frame. It is an essential part of a

successful application in augmented reality, robotics and autonomous vehicles. For

instance, in an augmented reality setting, a user’s interactions with an object are heavily

depended on its pose. If the object pose is incorrect, any augmentation will look

unnatural. In robotics, a robot must estimate the pose of the targets so that it can

perform tasks such as grasping and relocating. Pose inference from a single RGB image

can be very challenging. Many of the challenges come from the scene itself, such as

background clutter, varying lighting and imaging conditions. Other challenges are due

to the object itself, like self-occlusion, lack of texture or texture changes due to wear

and tear.
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Traditionally, pose estimation problems are solved by corresponding low-level

features between the image and object. These features are usually hand-crafted based

on edges, corners or small contours [Lepetit and Fua, 2005]. They do not include

global information (such as object topology) or the semantics of the scene. Furthermore,

these techniques do not cope with textureless objects well. Since underlying feature

selection algorithms [Lowe, 2004; Rublee et al., 2011] usually require rich textures

on the object to build robust features. Finally, these solutions perform poorly under

challenging set-ups like occlusion or scene clutter. Recently deep-learning researchers

have proposed a broad range of algorithms [Gupta et al., 2019; Peng et al., 2019; Abadi

et al., 2016; Persson and Nordberg, 2018; Li et al., 2020] to tackle the pose estimation

problem. These methods seem to capture object representations even when there is a

lack of texture. They can learn object semantics (related to aspects or viewpoints of the

object) through a significant amount of training. Some of these studies, either directly

estimate the object pose using a classification or regression scheme. And the rest

use deep pre-trained convolutional networks (CNN) as high-quality semantic feature

selectors and apply a robust (e.g., random sample consensus algorithm - RANSAC)

pose estimation algorithm (e.g., 3D to 2D perspective n-point PnP).

When analysed in depth, these methods look like they are memorizing aspects

corresponding to a variety of poses of the object. Provided that one has many such

aspects in the training data, a large enough network can learn a global semantic rep-

resentation for features to be used in the PnP algorithm. Following this observation,

instead of learning these aspects implicitly, we propose a new estimation pipeline based

on the appearance and key-points related to the geometry of the object. The CNN part

of the network has two purposes: 1) capturing the semantic feature representation, and

2) classifying a set of aspects explicitly. The first follows the existing methods while

the second helps to reduce the requirement for memorization leading a lighter CNN

with fewer parameters and comparable if not better performance.

The proposed architecture runs at 54 fps on a relatively low power GTX 1070 GPU

along with an i5 processor. To accomplish fast and accurate estimations, we construct a
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fixed number of view-point maps which we reduce to aspect structures. Following aspect

construction, we select key-points based on the silhouette and the low-level invariant

features represented as dense vectors on the target object surface. Finally, we estimate

the pose with a traditional PnP. Our aspect pipeline allows us to select an appropriate

set of key-points in the aspect graph, thus reducing the computational power need and

increase the robustness of our feature hypothesis. We demonstrate the performance of

our pipeline and the effects of the aspect proposal on highly challenging LINEMOD,

Occlusion LINEMOD, and T-LESS datasets. Our results show that the proposed

architecture is comparable to the state-of-the-art, albeit with a simpler architecture and

training procedure. Moreover, we show that by utilizing an ad hoc pose refinement

stage, our method can beat the state-of-the-art methods by a significant margin.

We summarize our contributions as:

• We introduce a simple aspect class representation for compact 3D objects. This

representation is used to label the existing views of the objects as aspects which

in turn is modeled to estimate the aspect of an object in a given image. Aspect

predicting leads to high confidence key-point vectors hence more accurate pose

estimation results.

• The proposed pipeline is significantly faster and comparable in accuracy to the

state-of-the-art pose estimation algorithms. We demonstrate this is the result

of backbone architecture and reduction in the size of key-point space during

PnP+RANSAC.

• We also demonstrate a significant improvement in state-of-the-art pose estimation

results by just incorporating an off-the-shelf refinement stage.

The rest of the manuscript is organized as follows. Section 4.2 gives a summary

of the contemporary and traditional solutions to the 6DoF pose estimation problem. In

section 4.3, we present our method using aspect and key-point construction. In section

4.5, we present implementation details, training procedure, experimental setup and

estimation pipeline. Section 4.7 details the datasets, evaluation metrics, results and
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comparisons. Finally, we discuss the failure cases, future directions and portability of

the proposed solution in conclusion.

4.2. Related Work

Traditional methods can roughly be split into two categories. Methods int the

first category infer the object pose using local features extracted from the target image

and matches to the 3D model. Using these 2D-3D correspondences 6DoF pose can be

recovered [Zhu et al., 2014; Martinez et al., 2010]. These methods usually show high

robustness against partial occlusion. However, they require robust visual features to

operate and fail when the objects are textureless.

Contemporary pose estimation approaches heavily employ deep learning methods

either by directly estimating the pose or use it as part of a multi-stage pipeline [Akgul

et al., 2016]. In the seminal work of Xiang [Xiang et al., 2018], PoseCNN uses a

CNN architecture to estimate 6DoF pose by regressing to a quaternion representation.

However, their method heavily suffers when the object is occluded. Moreover, Obwerger

et al [Oberweger et al., 2018] show that occluders have a corrupting effect on CNN

activations far beyond the receptive field. In response to those failures, many researchers

adopt a multi-stage pipeline similar to the traditional methods. In the first stage, they

predict the 2D key-points and then compute the pose with PnP algorithm. These

methods train CNNs to detect semantic key-points. Lepetit et al [Rad and Lepetit,

2017] uses segmentation and sparse correspondences for detecting the 3D bounding box.

Tekin et al [Tekin et al., 2018] use YOLO [Choi et al., 2019] architecture to estimate

object key-points on a multi-resolution feature map. In a dense-approach, contrary to

generic sparse approach, every object pixel has a contribution to the pose estimation.

Doumanoglou [Doumanoglou et al., 2016] and Kehl [Kehl et al., 2016] use CNN to

sample RGB-D image patches and extract features for the voting. Similar to our work

Peng et al [Peng et al., 2019] uses the Farthest Point Sampling algorithm (FPS) to select

key-points on the target object. Then they use a heavy-weight pre-trained CNN [He
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Figure 4.1: Illustration of construction of pseudo aspect graph for a given object.

et al., 2016] to predict the key-points and a segmentation map. Furthermore, they notice

that the quality of predicted key-points may vary. Thus they introduced Uncertainty-

driven PnP that minimizes the Mahalanobis distance between each predicted spatial

key-point distribution and the 3D correspondence.

Learning-based methods achieve better performance than traditional methods,

largely due to the ability to learn powerful feature representations for pose estimation.

Many studies include a refinement stage to improve the overall accuracy of the predic-

tions. DeepIM [Li et al., 2020] iteratively refines the pose by matching the rendered

images against the observed images and minimizes a similarity measure. DPOD [Za-

kharov et al., 2019] combines initial pose estimation process with refinement stage to a

single end-to-end trainable network with ADD metric serving as a refinement loss.

4.3. Aspect-driven 6DoF Pose Estimation

In this work, we propose a novel pipeline for 6-DoF object pose estimation (See

Figure 4.2). Given an RGB image, our method estimates a transformation (R; t) where

R represents the rotation and t represents the translation of the object with respect to

a reference coordinate frame. Similar to [Peng et al., 2019; Gupta et al., 2019], our

pipeline estimates fine-grained object pose in multiple stages. At first, we predict the

aspect of the target object based on the appearance by using a CNN. On a parallel

stream, we predict semantic key-points using a fast pre-trained CNN [Choi et al., 2019].

In the final stage, we select K key-points related to the aspect and compute the object

pose using an off-the-shelf PnP solver.
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Figure 4.2: Proposed pose inference pipeline.

4.4. Object aspect prediction

In computer vision, aspect graphs have been heavily studied in the early 1990’s.

Researchers constructed algorithms for automatically computing the aspect graphs of

polyhedra, general curved objects and even objects with articulated connections between

parts. However, much of the work in this area has a somewhat theoretical flavor and did

not find a practical application in the mainstream research [Faugeras et al., 1992]. True

aspect-graph construction is very difficult and not very useful in pose estimation due to

complexity of the construction algorithms and resulting graphs being very large. We,

therefore, propose to construct a pseudo aspect graph for pose estimation purposes.

The pseudo-aspect construction algorithm (see Fig. 4.1) determines the final

aspect of the 3D object represented as a polyhedron F = {F1,F2,F3...Fn} where Fi

denotes a face of the regular polyhedron. We calculate the projected areas of the visible

faces on to the camera plane. The face with the maximum projected area is selected to

be the anchor face. We calculate the visibility of remaining faces by determining the

ratios of projected areas of each face to the anchor face. If the value is below a certain

threshold θ , we assume that that face is invisible. From the visible faces, we construct

a visibility set that includes all the visible faces from a given viewpoint(Object pose

in this context). Finally, we cluster the visibility sets according to their size and their
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Figure 4.3: Illustration of key-point selection

contents using an algorithm detailed in 4.5.1.

The rationale behind using the pseudo aspect construction algorithm is that a

traditional aspect-graph approach tracks visual cues like edges or corners. Thus graph

construction is based on the visibility of local features. However, this approach would

be infeasible in our method. Since given a set of features, the size of a vertex-graph is

usually quadratic with respect to the feature size resulting in unmanageable number

of aspects. Although it is possible to prune and cluster the visibility-set with graph

algorithms, we aim to obtain a fast, small scale data generation and estimation pipeline.

Our method allows us to control the size of the aspect-space by using the type of regular

polyhedron and the threshold parameter θ .

4.4.1. Key-point selection

Recent studies [Xiang et al., 2018; Tekin et al., 2018] use corners of the bounding

box of the 3D object as key-points. However, detailed analysis in [Peng et al., 2019]

demonstrates that off-surface key-points results in larger localization errors in many

cases. Curious readers may refer to the manuscript to examine the comparison and

ablation studies. Following the spirit of [Peng et al., 2019], we select a set of key-points

on the object. Instead of directly using farthest point sampling (FPS), we select the key-

points to be uniformly spread in the given aspect both in radial and angular coordinates.

Along with appearance-based selection, uniform placement of the key-points in the

respective aspect helps extract locally better features. Even though the object may lack
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texture, the image of the current aspect may still have distinctive textural appearance

due to shading and self-occlusions. SIFT-like 2D feature extractors [Hess, 2010] can

capture these within the given aspect enriching the representation (or the semantic) of

the 3D key-points.

Our key-point selection algorithm goes as follows. First, we select the center of

the bounding box of the object as the first key-point. We emit N1 lines from the object

center which are separated by a pre-defined angle α . Then, we take the intersection

points between the emanating lines and the borders of the object as these N1 key-points.

Another set of key-points with cardinality N2 is selected using a more traditional method

[Lowe, 2004]. In this step, we extract invariant features with an off-the-shelf feature

extractor such as SIFT. Extracted features on the object are used as key-point candidates.

Finally, using the key-points generated in the first step, we select a candidate that is

farthest to the current key-points until the set is complete. In contrast to prior work,

our multi-step, multi-faceted key-point selection strategy enforces the network to pay

attention to both local invariant features (aspect dependent) and the global structure and

the appearance of the object. An illustration of the method can be seen in Figure 4.3.b.

Our key-point localization technique is very similar to Peng et al [Peng et al.,

2019]. For each target image, our pipeline predicts a dense-vector vi(p) with (N1+N2 +

1) normalized 2D vectors for each pixel. These unit vectors represent the 2D direction

of the key-point relative to the pixel p. During inference, we calculate the location

of the key-point by using the following algorithm. First, we choose N random pixels

from the estimated dense-vectors and take intersections of their prediction vectors. If

calculated intersections are within a close range ν , our pipeline marks this hypothesis

as a valid key-point estimation. Else, we select all pixels and vote for the intersections

and most confident is selected as a valid key-point estimation. More specifically, we

calculate the confidence score of a key-point C(p) as

C(p) =
δ (p1)

δ (p1)+δ (p2)
(4.1)
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where p1 is the highest voted key-point and the p2 second highest voted key-point.

Finally, δ is the counting function that shows the number of votes each point received.

We omit key-points that have lower confidence scores than 0.95.

4.4.2. Pose estimation

We estimate the final pose by using E-PnP[Lepetit et al., 2009] on high confidence

key-points supported by voting mechanism. We use the estimated aspect for selecting

the associated key-points with the aspect. This choice directly reduces the search space

of PnP-RANSAC. Another advantage of the approach is on the key-point estimation

architecture. We reduce the number of key-points to be estimated for a given view. This

choice translates to a light-weight neural architecture and faster inference.

We have also tested our key-points by using the method proposed in [Peng et al.,

2019].

4.5. Implementation

We use TensorFlow2 [Abadi et al., 2016] with Python bindings for dense key-

point estimation. For the PnP solver, we use Lambda-Twist [Persson and Nordberg,

2018]. We detect SIFT features by using OpenSIFT [Hess, 2010]. We use Blender

for rendering additional images and computing projection matrices and labels. We

perform all our experiments on an RTX 2060 Super GPU with 32 GB of RAM and a

GTX 1070 with 16 GB of RAM. We use the backbone architecture used in MobileNet

[Sandler et al., 2018] with a few custom changes similar to PvNET. First, when the

feature map of the network is reduced to the size H/8×W/8, we do not downsample

the feature map anymore. Secondly, we replaced subsequent convolutions with dilated

convolutions [Yu and Koltun, 2016]. Then, we repeatedly perform skip-connection,

convolution and upsampling on the feature map, until its size reaches H ×W . Finally,

we added an H ×W ×2× (N1 +N2 +1) output tensor for dense key-point estimation.

In order to choose correct pixels for key-point vectors, we place an additional semantic
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segmentation predictor with a size of H ×W (See Figure 4.2). Aspect classification is

performed on a parallel stream with soft-max cross-entropy based output at the end of

the first convolution block of the decoder.

4.5.1. Aspect construction

Given a 3D model, we construct the smallest encompassing icosahedron. Follow-

ing the strategy in 4.4, we select visibility threshold θ as 0.2. In other words, if the ratio

of the visible area of a face to the anchor area is less than 0.2 we assume that the face is

invisible. In addition to its simplicity, employing an area-based ratio can allow the usage

of any regular polyhedra in different setups. We visualized these stages in Figure 4.1.a.

At first, we construct the aspect graph using [Plantinga et al., 1986] from the visibility

sets. However, this method was inefficient since it produced aspect-graphs larger than

the size of the average visibility set (O(n2) on average). Thus, we change aspect graphs

using a simple recursive algorithm based on the similarities of the visibility-sets:

In this algorithm, the similarity is measured between the intersection of two sets.

If the number of shared elements is at least %80 of the smaller set then two sets are

count as similar. Hyper-parameter ω defines the number of classes (i.e: distinct aspects).

We choose ω as 64 in all our experiments based on an exploratory analysis on a few

selected models.

We use soft-max with cross-entropy loss on aspect classification and regular L2

loss with sigmoid activation on aspect confidence scores. The total aspect loss is:

Lasp = Lcls +Lcon f (4.2)

where Lasp,Lcls,Lcon f define aspect loss, classification loss and confidence loss. Re-

spective losses are formulated as:

Lcls =
1
N

N

∑
i=1

−ŷi log(yi) (4.3)
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Lcon f =
1
N

N

∑
i=1

∥Ĉi −Ci∥2 (4.4)

where y and ŷ defines the predicted and ground truth aspect class labels and Ci and Ĉi

defines the confidence score for the rest of the aspects.

4.5.2. Key-point training

Given an RGB image, we train our network by predicting the dense direction

vectors vi(p) in 4.4.1. Let vi(p) and v̂i(p) be a predicted key-point vector for pixel p

and the ground truth vector respectively. We apply a smooth L1 loss following [Girshick,

2015].

Lp =
N

∑
n=1

∑
p

(vi(px)− v̂i(px))+(vi(py)− v̂i(py)). (4.5)

Finally, combining equations 4.2 - 4.5

Ltotal = ∑
p

(vi(px)− v̂i(px))+(vi(py)− v̂i(py))+

1
N

N

∑
i=1

−ŷi log(yi)+
1
N

N

∑
i=1

∥Ĉi −Ci∥2

(4.6)

gives us a single objective function.

We use a pre-trained MobileNet [Sandler et al., 2018] implementation in Ten-

sorFlow2 [Abadi et al., 2016]. Our model is optimized using Adam [Kingma and

Ba, 2015] for 100 epochs. The initial batch size is 8. We double the batch size in

40th and 80th epochs for stability. We augment the training data slightly by randomly

perturbing hue, saturation and exposure. Furthermore, for occlusion, we place a random

geometric-shape (circles, rectangles and triangles) with random color on top of the

synthetic images. We do not use any further data augmentation. The hyper-parameter

angle α value is selected to be 60◦ resulting in 7 points with the object center for N1

and the number of SIFT features, N2, is set to 6. Thus the total number of key-points is

set to 13 in all our experiments.
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Object
Method 1 2 3 4 5 6 7 8 9 10 11 12 13 14 19
Vidal-18 43 46 68 65 69 71 76 76 92 69 68 84 55 47 57
Drost 53 44 61 67 71 73 75 89 92 72 64 81 53 46 59
Hodan 66 67 72 72 61 60 52 61 86 72 56 55 54 21 55
Ours 51 53 64 71 61 70 60 59 59 68 81 84 70 53 71
Ours+DeepIm 56 56 64 72 67 74 61 62 61 77 81 84 71 53 72

Table 4.1: Accuracy is calculated using VSD metric as defined in [Hodan et al., 2018].
DeepIM is integrated as a post-refinement stage. Results demonstrate that refinement

stage favors some objects(1,5,10) than the others.
.

Table 4.2: Comparison of 2D projection accuracy on LINEMOD dataset. Refinement
column denotes an additional post refinement stage for the pipeline.

Method w/o ref. Method w/ref.
Object BB8 Tekin PvNET CullNet Ours BB8 DeepIM
ape 95.3 92.10 99.23 97.7 99.0 96.6 98.4
bench 80.0 95.06 99.81 99.0 99.0 90.1 97.0
cam 80.9 93.24 99.21 97.9 96.2 86.0 98.9
can 84.1 97.44 99.90 98.9 99.1 91.2 99.7
cat 97.0 97.41 99.30 98.7 99.2 98.8 98.7
driller 74.1 79.41 96.92 96.4 95.5 80.9 96.1
duck 81.2 94.65 98.02 97.0 95.4 92.2 98.5
eggbox 87.9 90.33 99.34 98.7 98.4 91.0 96.2
glue 89.0 96.53 98.45 98.2 98.2 92.3 98.9
hole 90.5 92.86 100.0 99.0 99.3 95.3 96.3
iron 78.9 82.94 99.18 97.2 96.9 84.8 97.2
lamp 74.4 76.87 98.27 95.4 94.9 75.8 94.2
phone 77.6 86.07 99.42 95.6 98.0 85.3 97.7
average 83.9 90.37 99.00 89.3 97.5 97.7 97.3

4.5.3. Pose inference

For inference, we take the estimated aspect and select the key-points from the

aspect as canonical representation. Then we estimate the object pose by using the

canonical and estimated key-points using LambdaTwist PnP algorithm. Furthermore,

we show that, with some tweaks, the accuracy of the proposed pipeline can further

improve by applying post-refinement stages [Gupta et al., 2019; Li et al., 2020; Zakharov

et al., 2019].

In this section, we present the results of our experiments and show comparison

with the state-of-the-art based pose estimators using RGB images.
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4.5.4. Datasets

We train our network on well-known LINEMOD [Hinterstoisser et al., 2013] and

T-LESS [Hodaň et al., 2017] datasets. We have also tested our hypothesis on Occlusion

LINEMOD [E. Hinterstoisser et al., 2014] dataset. In addition to the training samples

given in the dataset, for each of the 13 objects, we also generate 10000 images whose

object poses are sampled uniformly based on the distribution of the corresponding

dataset. These images are synthesised on the random images from PASCAL-VOC

dataset [Everingham et al., 2010] using the approach described in [Dwibedi et al., 2017].

LINEMOD is one of the standard benchmark datasets for 6DoF pose estimation. The

dataset contains 13 object classes with around 1200 images per class. This dataset is

highly challenging due to background clutter, variations in illumination and texture-less

objects. Following the literature, we take 200 images from the original dataset for

training and the remaining are used in testing. Occulison LINEMOD is a variation of

the original LINEMOD dataset. 8 objects in the LINEMOD dataset are additionally

annotated. In total 1215 frames with heavy occlusion are selected from the original

dataset. We do not perform any training using occlusion LINEMOD dataset. We use

this dataset for testing. T-LESS is a recently built dataset which contains around 30

objects with 1296 images per class. In our experiments, we do not use the whole

T-LESS dataset. We take 15 objects and follow a data generation procedure similar to

the LINEMOD.

4.6. Evaluation metrics

We follow the literature to evaluate the performance of 6DoF algorithms.

• 2D Projection: The 2D Projection metric measures how close the 2D projected

vertices are to the ground-truth, in pixel domain. Following the common practice

in the recent papers, we consider the pose as correct if the mean 2D projection

error is below 5 pixels.

• ADD Metric: Average Distance (ADD) computes the mean of the pairwise
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distances between the ground truth pose and the estimated pose:

ADD =
1
N ∑

x∈M
∥(R̂x+ t̂)− (Rx+ t)∥2 (4.7)

where R̂,t̂ are predicted rotation and translation R,t are ground truth labels. M

describes the set of model points, N defines the size of the set. The 6-DOF

pose is considered correct if the ADD score is smaller than a threshold. This

threshold is not a constant value and depends on the size of the target object.

Following the previous works, we set this threshold to be 10 percent of the target

objects diameter. For symmetric objects, the matching between points can be

ambiguous for some views. In those cases, we calculate the accuracy by ADD(S)

[Hinterstoisser et al., 2013].

• Visible Surface Discrepancy (VSD) : We additionally use the metric provided by

[Hodan et al., 2018] available online (see the paper for the link) as an alternative

method of measuring pose accuracy for occluded objects. This metric evaluates

the pose accuracy taking into account the amount of occlusion the object has in

the test image. After rendering the synthetic image with the given pose, VSD

rewards the foreground pixels with small errors in predicted distances (or errors

in dense 2D projections).

4.7. Experiments

We conduct experiments to compare the proposed method to the state-of-the-

art, evaluating the contribution of aspect classification and utility of the pipeline as a

backbone of a refinement process.

4.7.1. Results

We present our results on T-LESS dataset in Table 4.1. We compare our results

to the ones presented in [Hodan et al., 2018]. However, this dataset includes many

symmetric objects. In those cases, we construct aspect graph on half of the view-space.
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Table 4.3: Comparison of ADD(S) accuracies on LINEMOD dataset. Right-most four
columns shows the inclusion of a post-refinement stage.

Methods w/o refinement. Methods w/ refinement.
Object BB8 SSD Tekin PvNET CullNet Ours BB8 DPOD DeepIM Ours*
ape 27.9 2.6 21.6 43.62 55.1 82.2 40.4 87.7 77.0 86.9
bench 97.5 15.1 81.8 99.90 89.0 94.0 98.45 91.8 97.5 94.7
cam 40.1 6.1 36.6 86.86 66.2 95.4 96.07 55.7 93.5 96.1
can 48.1 27.3 68.8 95.47 89.2 96.4 99.71 64.1 96.5 97.0
cat 45.2 9.3 41.8 79.34 62.6 94.7 96.1 75.3 82.1 96.3
driller 58.6 12.0 63.5 96.43 88.6 89.7 98.80 74.4 95.0 94.2
duck 32.8 1.3 27.2 52.58 44.3 86.3 75.8 41.8 77.7 86.3
eggbox 40.0 2.8 69.6 99.15 97.1 98.3 57.8 99.9 97.1 97.8
glue 27.0 3.4 80.0 95.66 94.6 98.1 41.2 96.8 99.4 95.1
hole 42.4 3.1 42.6 81.92 68.9 84.9 67.2 86.9 52.8 84.9
iron 67.0 14.6 74.9 98.88 90.9 98.9 84.7 100 83.0 98.9
lamp 39.9 11.4 71.1 99.3 76.5 96.8 94.2 94.0 76.9 97.2
phone 35.2 9.7 47.73 92.41 54.0 94.7 67.6 93.0 86.1 95.0
average 43.6 9.1 55.9 86.27 78.3 92.1 62.7 95.15 90.37 93.9

Table 4.4: Comparison of ADD(S) metric accuracies on different threshold values
Occlusion LINEMOD

Method Ours w/o aspect Ours Ours+DeepIM
threshold 0.05 0.10 0.15 0.05 0.10 0.15 0.05 0.10 0.15
ape 0.2 16.6 47.1 14.3 28.3 63.0 22.1 34.7 64.2
can 6.3 64.2 65.9 48.5 70.4 73.1 55.1 71.6 75.7
cat 0.2 17.1 20.2 4.2 28.1 47.7 8.1 35.4 49.1
driller 4.0 24.3 26.6 32.6 58.3 71.6 44.8 58.9 71.6
duck 1.1 64.1 69.2 44.7 69.0 77.4 51.3 70.4 79.7
eggbox 7.0 41.0 48.5 46.1 57.0 72.8 49.2 65.1 73.2
glue 10.0 50.9 53.7 35.4 54.2 68.1 39.2 59.1 68.3
hole 16.6 39.6 41.3 33.1 50.7 66.4 41.7 56.8 67.5
average 5.6 39.9 46.5 28.6 51.9 67.5 38.9 56.9 68.6

We present the accuracy measure as VSD. We show the accuracy on 2D projection metric

on LINEMOD dataset in Table 4.2. Our method performs similar to PvNET since both

methods share a common spirit despite having different neural network backbones and

key-point selection algorithms. As the state-of-art methods report similar performances,

a closer analysis is needed. We present a detailed comparison of our strategy on different

error thresholds in Fig. 4.4. In addition, Table 4.3 demonstrates our results based on

ADD(S) metric. Proposed pipeline surpasses the state-of-the-art without any refinement

stage. As a result, we present Tables 4.3 and 4.2 as a confirmation that the method

performs comparable to the state-of-the-art.
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Figure 4.4: Accuracy of proposed method on different object classes in Occlusion
LINEMOD dataset.

Figure 4.5: Qualitative results on refinement stage on Occlusion LINEMOD dataset.
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Table 4.5: Comparison of ADD(S) metric accuracies on Occlusion dataset.

Methods w/o refinement Methods w refinement
Object Tekin PoseCNN PvNET CullNet Brynte DeepIM Ours Ours*
ape 2.48 9.6 15.81 21.97 40.85 59.18 28.3 34.7
can 17.48 45.2 63.30 24.52 82.44 63.52 70.4 71.6
cat 0.67 0.93 16.68 9.77 35.64 26.24 28.1 35.4
driller 7.66 41.4 25.24 23.62 71.33 55.58 58.3 58.9
duck 1.14 19.6 65.65 26.11 49.08 52.41 69.0 70.4
eggbox - 22 50.17 20.43 57.28 62.95 57.0 65.1
glue 10.08 38.5 49.62 28.02 62.90 71.66 54.2 59.1
hole 5.45 22.1 39.67 41.4 43.14 52.48 50.7 56.8
average 6.42 24.9 40.77 24.48 55.33 55.50 51.9 56.9

Table 4.6: We deduce that high number of view-points clearly benefits proposed
pipeline objects with normalized shapes(ape)

ape bench cam can cat drill duck egg glue hole iron lamp phone
Ours(Orig) 82.2 94.0 95.4 96.4 96.1 89.7 75.8 98.3 98.1 84.9 98.9 94.0 93.0
Ours(n=16) 71.4 92.0 93.2 96.3 94.1 83.1 66.4 98.1 97.3 76.5 94.2 94.0 90.9
Ours(n=32) 80.8 94.1 95.4 96.0 96.0 87.2 75.8 98.1 97.9 84.0 97.4 94.0 93.1
Ours(n=96) 80.4 94.7 96.2 96.8 95.4 89.7 75.8 98.3 98.1 85.1 98.8 94.0 92.0

4.8. Ablation studies on Occlusion dataset

In Table 4.5 we compare our results to the state-of-the-art on Occlusion LINEMOD

dataset. Even without the refinement stage, our method performs comparably to the

state-of-the-art. Furthermore, with the inclusion of DeepIM to our pipeline, we observe

a significant (5 point) rise in performance. However, our pipeline still carries the weak-

ness against ape and cat objects. When we examined the particular failure in those

objects, we observe that they have larger occluded area than the rest of the objects. Even

with the naked eye, we have a hard time recognizing these objects in a crowded scene.

Table 4.4 shows the performance of our method with and without the aspect graph

and refinement stages on Occlusion LINEMOD dataset. Note that without these stages,

our algorithm is very similar to [Peng et al., 2019] except that our network is much

lighter. We show the performance of these three methods using the ADD(S) measure.

Moreover, following the DeepIM [Li et al., 2020], we changed the success criteria for

ADD(S) to 0.05, 0.10(original) and 0.15 of the target objects radius. The smaller values

for the success criteria will penalize the performance of a given method as it will count
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Figure 4.6: Qualitative results on estimated poses on Occlusion LINEMOD dataset.

smaller errors as failures.

We observe that the aspect prediction adds a significant improvement when

smaller success criteria is applied. This is in part expected since aspect classification

constraints the key-point selection process making it more precise. In other words,

without the aspect predictor, the network is not constrained enough to stay within the

bounds of the aspect. With aspect predictor, initial estimate of the pose falls within

a certain range, and key-points selection is partially constrained to be selected in this

range. Additionally, 3D pose estimation is done with respect to a coordinate frame and

choosing a coordinate frame for each aspect lets the PnP solver to search for and find

small displacements (or object motions). PnP algorithms tend to do better when the

target motion is smaller.

Pose refinement stage always improves the results as observed by [Li et al., 2020].

This is partially due to the fact that the object silhouette is used. Silhouette is a strong

cue when the object has very little texture. Aspect classifier makes use of the silhouette
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as well as the apparent texture of the object. However, the aspect classifier does not

return a full pose but a close one. Silhouette matching would improve this discrete pose

as seen in these results. We further observe that the relative improvement that aspect

classifier brings is much larger for some difficult objects such as ape and cat when the

success criteria is reduced.

In Fig. 4.4, we present a detailed analysis of the contribution of aspect proposal

and post-refinement stages using the 2D projection metric. Our analysis suggests that

aspect proposal and refinement stages have a positive impact on estimation on every

object class. Another observation is that the impact of these additional stages are more

prominent when the bare-bone method fails. As the threshold increases perceived

accuracy on different models converges as expected.

4.8.1. Examination of number of view-points and choice of polyhedron

We expand our experiments by applying a different number of viewpoints. We

use the LINEMOD dataset and previous setup as a baseline. The number of view points

is selected from a set of (16, 32, 64, 96). In table Table 4.6 we show the contribution

of different number of view points. We observe that low number of viewpoints have

significant negative effect on object that have similar dimensions. On the other hand,

number of viewpoints have diminished returns on this polyhedron.

The second part of the experiment focuses on different polyhedra on multiple

objects. We used Blender’s Convex Hull algorithm for generating encompassing a

particular set of objects from the LINEMOD dataset. (ape, bench, driller, and duck).

Similar to the original setup we build 64 viewpoints. However, in this case, we had to

change the visibility algorithm in order to compensate for the irregular convex hull. We

assume a face is visible if a casted ray from the camera center hits at least two vertices

of a particular face. Then we follow the same algorithm to construct the psuedo-aspect

graph of the target objects and use the same training strategy. Our reason behind this

selection is that ape and duck object clearly benefits from our pipeline.Furthermore, our

method clearly performs worse on bench and driller objects consistently compared to
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Table 4.7: Comparison of regular polyhedron and convex hull as delegate
representations for constructing aspect graph.

Objects ape bench driller duck
Ours(Icosahedron) 82.2 94.0 95.4 94.0
Ours(Convex Hull) 76.4 92.1 93.7 89.9

other studies. We show the results of the second study in Table 4.7. Results suggest that,

there are some issues with convex hull. We believe that our crude visibility algorithm is

not a appropriate choice for convex hull based aspect-graph generation.

4.8.2. Run-time analysis

Given an image of size 640×480, our method estimate the segmentation map and

dense keypoint vectors in 8.1ms. Key-point location takes 29 ms on average. And PnP

takes around 2.5ms. Total inference time for a single pose is around 39 ms for a single

object on a single thread i5 machine with RTX 2060 Super GPU using python. A C++

based multi-threaded(4 threads) variant of the same pipeline cuts key-point inference to

29ms(average) and PnP to 2ms. resulting 29ms average per scene.

4.9. Summary

In this chapter, we show that adding a classifier block estimating the predefined

aspects of the objects improves the multi-stage process. This is due to the fact that the

additional classifier acts as a constraint simplifying the required neural network and

at the same time yielding better key-point selection. We reduce the search space for

the key-point selection and exclude false-positives by mapping the appearance of an

object to an aspect. The simplified neural network allows faster inference and a smaller

footprint.
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5. IMPROVING 6-DoF POSE ESTIMATON
PERFORMANCE USING CURRICULUM
LEARNING

This chapter explores the idea of improving training process itself. We start

training a pre-trained lightweight neural network with relatively easy poses with small or

no occlusion. As the training progress, we introduce noise and smart occlusions driven

by priori key-point information and backpropagated attention. Our observations suggest

that the proposed hierarchical learning strategy helps the neural network to generalize

better compared to a traditional training strategy. Additionally, the performance of

the generated model is on par with the state-of-the-art models albeit having a smaller

computational and memory footprint.

5.1. Introduction

Object pose estimation recovers the orientation and translation of an object within

a given view with respect to a reference coordinate frame. It is an essential part of a

successful application in augmented reality, robotics and autonomous vehicles. For

instance, in an augmented reality setting, a user’s interactions with an object are heavily

depended on its pose. If the object pose is incorrect, any augmentation will look

unnatural. In robotics, a robot must estimate the pose of the targets so that it can

perform tasks such as grasping and relocating. Pose inference from a single RGB image

can be very challenging. Many of the challenges come from the scene itself, such as

background clutter, varying lighting and imaging conditions. Other challenges are due

to the object itself, like self-occlusion, lack of texture or texture changes due to wear

and tear.

Traditionally, pose estimation problems are solved by corresponding low-level

features between the image and object. These features are usually hand-crafted based

on edges, corners or small contours [Lepetit and Fua, 2005]. They do not include global

information (such as object topology) or the semantics of the scene. Furthermore, these

50



techniques do not cope with textureless objects well. Since underlying feature selection

algorithms [Pong and Cham, 2006] usually require rich textures on the object to build

robust features. Finally, these solutions perform poorly under challenging set-ups like

occlusion or scene clutter. Recently deep-learning researchers have proposed a broad

range of algorithms [Gupta et al., 2019; Peng et al., 2019; Li et al., 2018] to tackle the

pose estimation problem. These methods seem to capture object representations even

when there is a lack of texture. They can learn object semantics (related to aspects

or viewpoints of the object) through a significant amount of training. Some of these

studies, either directly estimate the object pose using a classification or regression

scheme. While, the rest use deep pre-trained convolutional networks (CNN) as high-

quality semantic feature selectors and apply a robust (e.g., random sample consensus

algorithm - RANSAC) pose estimation algorithm (e.g., 3D to 2D perspective n-point

PnP).

With the help of deep learning, especially its ability to handle a tremendous

amount of training data, researchers overcome most of the obstacles seen in traditional

pose estimation techniques. However, scene clutter and occlusion remain some of

the degrading factors of the pose estimator’s performance. Recent research suggests

alternative approaches like using dense representations, object masks to constraint and

guide the network to focus on both global and local features to overcome the previously

mentioned problem. Yet this solution comes with multi-stage estimations with large

network sizes and additional computational burden.

In this manuscript, we propose an adaptive training regime that requires no

computational overhead during inference time. We employ curriculum learning by

progressively applying random masks driven by keypoint locations and attention on the

object surface during training. We start by using simple poses(simple scenes with no

occlusion ) as the training progresses, we selectively introduce masks with random color

and shapes with growing numbers and areas. In the final stages of training, we estimate

the auxiliary information sources by backpropagating the gradient on the object. Using

this information, we occlude some of the attended features. While this strategy adds
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an lengthy overhaul to the training process, we benefit from a fast and accurate pose

estimation during inference.

Key-Point
Computation

PNP
RANSAC

PNP
RANSAC

1.) Dense Keypoint estimation

2.) Direct Keypoint Regression

Figure 5.1: Curriculum Learning pipelines.

We summarize our contributions as:

• We introduce a sound curriculum strategy for pose estimation. Our curriculum

incorporates advantage of different sample sources. Additionally we demonstrate

that, constructing a curriculum strategy yields better results than plain usage of

data samples.

• The proposed pipeline is significantly faster and comparable in accuracy to the

state-of-the-art pose estimation algorithms. We demonstrate this is the result

of backbone architecture and reduction in the size of key-point space during

estimation.

• We utilize pose-perturbations which we call pose groups and include artificially

generated smart occlusions similar to an adversarial training methodology.
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5.2. Related Work

5.2.1. Pose Estimation

Contemporary pose estimation approaches heavily rely on deep learning(DL)

like other fields of computer vision. Modern neural network’s ability to utilize lots

of training data made researchers leave traditional local feature construction-based

detection schemes. In one of the first implementations [Xiang et al., 2018] employ a

CNN architecture to estimate 6-DoF pose by regressing to a quaternion representation.

However, their method heavily suffers when the object is occluded. Moreover, [Ober-

weger et al., 2018] show that occluders havea corrupting effect on CNN activations

far beyond thereceptive field. In response to those failures, many researchers adopt a

multi-stage pipeline similar to the traditional methods with one key difference. Instead

of using hand-crafted features, they employ neural networks spesifically, CNN’s to do

the heavy-lifting of key-point estimation, followed by a 2D-3D key-point matching.

[Rad and Lepetit, 2017] uses segmentation and sparse correspondences for detecting

the 3D bounding box. [Tekin et al., 2018] use YOLO [Redmon et al., 2016] architecture

to estimate object key-points on a multi-resolution feature map. In a dense key-point

representation approach, an alternative to sparse key-point matching, a few selected

key-points are estimated in a dense-approach in which every object pixel has a contribu-

tion to the pose estimation. Similar to a Hough voting scheme, all pixels cast a vote to a

set of hypotheses. The hypothesis with the most votes are selected to be the key-point

proposals. [Kehl et al., 2017] use CNN to sample RGB-D image patches and extract

features for the voting. In another dense approach, [Peng et al., 2019] uses the Farthest

Point Sampling algorithm (FPS) to select key-points on the target object. then encodes a

direction vector from the object pixels to the selected key-points. The network is trained

by minimizing the distance between target vectors and the predicted vectors. Finally,

they apply an uncertainty driven PnP algorithm to determine the final object pose.
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5.2.2. Curriculum Learning

Introduced by [Elman, 1993], named and expanded by [Bengio et al., 2009],

Curriculum Learning imitates nature of human learning process. In this strategy, a

given task samples are re-organized into a meaningful order that gradually increase

the complexity of the task. Researches have demonstrated the effectiveness of this

ordering yields better results than the ubiquitous stochastic mini-batch in neural machine

translation [Xu et al., 2020], natural language understanding [Graves et al., 2017],

image recognition [Hacohen and Weinshall, 2019]. The main challenge of curriculum

learning is to differentiating and organizing easy and hard samples. There is a plethora

of published research regarding this sample mining which are very well covered in

[Soviany et al., 2021]. Curious readers may refer to the survey to gain depth on the

subject.

5.2.3. Interpretability and saliency in deep learning

Despite the tremendous success of DL, It partially remains as a black-box decision

maker. Research in saliency and interpretability aims to explain decisions of a neural

network by analyzing using but not limited to signal pathways [Shrikumar et al., 2017],

response(activation) strength [Zhou et al., 2016] and gradient analysis [Selvaraju et al.,

2017]. In our scenario we employ a basic saliency and activation mapping technique

to introduce guided perturbations and occlusions into our samples to generate hard

samples. In the next section, we will cover the details of used techniques for constructing

organized curricula for pose estimation.

5.3. Empirical Studies

5.3.1. Problem definition

We are looking for accurate, light-weight pose estimation machinery which can

run near real-time on mobile devices. Recent approaches incorporate multi-stage pose

estimation and inference refinement, techniques to the pipeline. Additionally, they
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introduce architectural changes and explicit structures to benefit from the additional

information like object geometry. These changes undeniably improve the overall

performance of the algorithms. However, these improvements cost a considerable

amount of computational power and degradation in estimation duration. Considering

our constraints, we develop a two-stage pose estimation pipeline. The first stage is a

pre-trained neural network MobileNet, designed to run on mobile devices. We tailor the

network to regress key-point locations on a target image. Followed by a single-stage

PnP algorithm [Lepetit et al., 2009] to estimate the final object pose. We employ a

curriculum learning strategy to alleviate the diminishing accuracy. In the next section,

we cover the details of the curriculum construction.

5.3.2. Curriculum Construction

In this section, we present our tools and strategies for establishing a sound

curriculum. In most computer vision tasks, constructing a meaningful curriculum

is a challenge. It usually requires a pre-training, or a parallel mining operation to

differentiate easy samples from hard samples. Moreover, there are also challenges

when composing batch scheduling with consistent in-batch statistics.These operations

are usually computationally expensive and require analysis of the effects of individual

samples. On the other hand, domain knowledge may help to understand or even

manufacture samples with controllable levels of complexity, such as in our case. In

pose estimation problems, occlusion, scene clutter, and object illumination are some of

the challenges that degrade the performance of algorithms. Using this information, we

build our curriculum using two different approaches. In the first approach, we directly

synthesize images using 3D rendering software. We place the target objects into scenes

with no background and render them on the backgrounds from the MS-COCO dataset,

and finally in the scenes with heavy clutter with a natural-looking environment with

clutter and heavy occlusion.

Furthermore, we randomly perturb the object pose by a few degrees (< 3◦,< 3cm)

two more times to construct a pose group. We will refer back to this pose group while
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Figure 5.2: An example of viusal pose group.

talking about hard sample mining. We place the generated images into sets depending on

their perceived hardness (depending on the object visibility and background complexity).

These images are sampled throughout the training and validation process depending on

the epoch number. In the second strategy, we use an online method to develop complex

samples. At first, we introduce crops with random shapes, colors around the key points.

The size of the crops depends on the projected size of the target on the object. In

addition, we enlarge the cropped area as the training progresses. Another source of

dynamic samples comes from the saliency and attention of the neural network. In the

latter stages of training, we calculate per-sample attended areas of the target image and

apply a similar occlusion around the target. Final dynamic samples come from the pose

group discussed before. We consider a posed group a correct (consistent) estimation,

if the pose predictions of all samples lie within a certain threshold. During the initial

stages of the training, we randomly select one of the samples in the group for batch

construction. As the training advances, we estimate the pose of all samples in a group.

If the results are inconsistent, one sample is selected from the group and included in the

batch.

5.3.3. Experimental setup

We train our network to estimate normalized image coordinates of the key-points.

For each target object, we randomly select 18 key-points from the vertices of the 3D

model and 1 key-point representing the center of the object. A total number of 19 point

is used in training. We use a combined L1 and L2 loss as objective function.
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We use a pre-trained MobileNet [Sandler et al., 2018] implementation in Tensor-

Flow2 [Matthews et al., 2017] as neural backbone. Our model is optimized using Adam

[Kingma and Ba, 2015] for 200 epochs. We use a dynamic batch size approach in our

approach which we will cover the details in the next section. We augment the training

data slightly by randomly perturbing hue, saturation and exposure.

5.4. Datasets and Performance Evaluation

We train our network on well-known LINEMOD [Hinterstoisser et al., 2013].This

dataset is highly challenging due to background clutter, variations in illumination and

texture-less objects. This dataset includes 1200 images of 13 objects with annotated

poses with clear train-test split. In our experiments we do not use any of the training

samples. For each of the 13 objects, we generate 6000 image pose-groups(total of

18000) whose object poses are sampled uniformly based on the distribution of the

corresponding dataset. A third of the images are rendered on a random uniform

background, Another one third is synthesised on the random images from PASCAL-

VOC dataset [Everingham et al., 2015] using the approach described in [Dwibedi et al.,

2017]. The final third is rendered on a pre-modeled 3D-scene. We use the scene as a

natural looking clutter and occlusion environment. We have also tested our hypothesis

on Occulison LINEMOD [Brachmann et al., 2014] dataset.Occulison LINEMOD is a

variation of the original LINEMOD dataset. 8 objects in the LINEMOD dataset are

additionally annotated. In total 1215 frames with heavy occlusion are selected from the

original dataset.

We follow the literature to evaluate the performance of 6-DoF algorithms. 2D

Projection. The 2D Projection metric measures how close the 2D projected vertices

are to the ground-truth, in pixel domain. Following the common practice in the recent

papers, we consider the pose as correct if the mean 2D projection error is below 5 pixels.

ADD Metric Average Distance (ADD) computes the mean of the pairwise distances

57



between the ground truth pose and the estimated pose:

ADD =
1
N ∑

x∈M
∥(R̂x+ t̂)− (Rx+ t)∥2 (5.1)

Chapters

Learning 
Rate Policy

Batch
Construction

• Pre-Rendered images
• Random Occlusions

• High Fidelity geometry
aware occlusions

• Random occlusions • Pose groups
• Saliency driven occlusions

I II III

Figure 5.3: Visualization of studied curriculum strategy.

where R̂,t̂ are predicted rotation and translation R,t are ground truth labels. M

describes the set of model points, N defines the size of the set. The 6-DoF pose is

considered correct if the ADD score is smaller than a threshold. This threshold is not

a constant value and depends on the size of the target object. Following the previous

works, we set this threshold to be 10% of the target objects diameter.

5.4.1. Training and Batch Construction

We divide the overall training into three phases, which we will refer to these as

”Chapters” from now on. The first and last chapter takes 60 epochs the second chapter

is 80 epochs long. Each chapter has different levels of ”hardness” depending on the

information source, occlusion range, and type. Additionally, each chapter has different

learning rates. We decay the learning rate exponentially by a rate of 0.98 in the middle

of each chapter to minimize the risk of forgetting. Finally, we increase the batch size at

the beginning of each chapter to include the previous chapter’s examples to increase
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Table 5.1: Comparison of 2D projection accuracy on LINEMOD dataset.

Object BB8 Tekin PvNET CullNet Ours
ape 95.3 92.10 99.23 96.6 98.2
bench 80.0 95.06 99.81 90.1 93.7
cam 80.9 93.24 99.21 86.0 95.7
can 84.1 97.44 99.90 91.2 98.1
cat 97.0 97.41 99.30 98.8 94.2
driller 74.1 79.41 96.92 80.9 96.3
duck 81.2 94.65 98.02 92.2 95.7
eggbox 87.9 90.33 99.34 91.0 98.0
glue 89.0 96.53 98.45 92.3 97.4
hpuncher 90.5 92.86 100.0 95.3 99.0
iron 78.9 82.94 99.18 84.8 96.9
lamp 74.4 76.87 98.27 75.8 94.2
phone 77.6 86.07 99.42 85.3 98.0
average 83.9 90.37 99.00 89.3 89.0

resilience.

In the first chapter, we sample the batch elements from the images with the

uniform background and the images placed on top of the PASCAL-VOC dataset. We

select the learning rate of 0.001 and batch size 16. We procedurally occlude key-points

described in section 3.2 until the chapter ends. In the second chapter, we adjust the

learning rate to 0.006 and increase the batch size to 32. We compose half of the batch

from the first chapter. We select the rest of the batch from the high-fidelity renderings

of natural scenes created using the Junk Shop scene created by Alex Treviño and Anaı̈s

Maamar in Blender. In this chapter, we apply occlusions and clutter by using the 3D

models given in the dataset and we use a procedural placement of 3D objects between

the objects and the camera. In the final chapter of training, we set the learning rate to

0.001. We keep the batch size the same and use the same image sources. The main

difference, however, is the construction of each batch. Besides the online masking,

we actively search and mine for hard samples using attention and pose groups. One

third of the batch elements come from random masking of the key-points. Another one

third selected similar to an adversarial training strategy, however in this training scheme

we do not pursue the adversarial examples by gradient projection, rather calculate

the saliency maps and apply random occlusions around the informative regions. For
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Table 5.2: Comparison of ADD(S) accuracies on LINEMOD dataset.

Object BB8 SSD-6D Tekin PvNET CullNet Ours
ape 27.9 2.6 21.6 43.62 55.1 52.4
bench 97.5 15.1 81.8 99.90 89.0 91.0
cam 40.1 6.1 36.6 86.86 66.2 88.4
can 48.1 27.3 68.8 95.47 89.2 92.8
cat 45.2 9.3 41.8 79.34 62.6 76.5
driller 58.6 12.0 63.5 96.43 88.6 88.6
duck 32.8 1.3 27.2 52.58 44.3 85.4
eggbox 40.0 2.8 69.6 99.15 97.1 96.4
glue 27.0 3.4 80.0 95.66 94.6 94.8
hole 42.4 3.1 42.6 81.92 68.9 71.3
iron 67.0 14.6 74.9 98.88 90.9 96.6
lamp 39.9 11.4 71.1 99.3 76.5 86.1
phone 35.2 9.7 47.73 92.41 54.0 94.0
average 43.6 9.1 55.9 86.27 78.3 85.7

each image, we compute the saliency maps for a random subset of key-points by back-

propagating the gradient on to target image. This is followed by applying a mask in

the center of the heat map. The size of the mask is calculated using the 2D bounding

box of the target object. The final source of this chapter is again the pose-groups. we

predict the pose for each object in the group. If the average error is greater than 4 cm in

translation or 4◦ in rotation. We include a random element from this set in the batch.

We train the a model per target object. A training session lasts around 24-26 hours. We

use Blender for rendering the training images and computing projection matrices and

labels. We performed our experiments on an RTX 2060 Super GPU with 32 GB of

RAM and a RTX 2080 with 16GB of RAM. At the beginning of of each chapter we

apply a warm-up period for 1 epoch and gradually increase the learning rate from zero

to the determined value. Then we apply a learning rate decay until it is halved at the

end of each chapter.

5.5. Results

We show the accuracy on 2D projection metric on LINEMOD dataset in Table

5.1. Our method performs similar to the state of the art despite having a much smaller

60



Table 5.3: Comparison of ADD(S) metric accuracies on Occlusion datasets

.

Object Tekin PoseCNN PvNET CullNet Brynte DeepIM Ours
ape 2.48 9.6 15.81 21.97 40.85 59.18 32.1
can 17.48 45.2 63.30 24.52 82.44 63.52 64.2
cat 0.67 0.93 16.68 9.77 35.64 26.24 28.6
driller 7.66 41.4 25.24 23.62 71.33 55.58 54.3
duck 1.14 19.6 65.65 26.11 49.08 52.41 65.0
eggbox - 22 50.17 20.43 57.28 62.95 53.0
glue 10.08 38.5 49.62 28.02 62.90 71.66 48.6
hole 5.45 22.1 39.67 41.4 43.14 52.48 44.3
average 6.42 24.9 40.77 24.48 55.33 55.50 48.8

foot-print and less supervision(sparse key-points vs dense key-point representations

in the PV-NET and lack of natural scenes). In addition, Table 5.2 demonstrates our

results based on ADD(S) metric. Proposed pipeline is again comparable to the state-

of-the-art using synthetic data supervision. Due to diminished scene clutter and less

Occlusion competitive models perform quite well on the LINEMOD dataset. The

extended Occlusion LINEMOD dataset is much challenging as the name suggests.

We present our our findings in the Table 5.3. Additional experiments on this dataset

validates effectiveness of our method. As we will show in the ablation studies, inclusion

of a curriculum strategy benefits the algorithm similar to a post refinement process.

5.5.1. Ablation studies

In this section we present a detailed ablation study. We compared the contribution

of each design choice to the overall results. Furthermore, we study the general behaviour

of our training strategy on different algorithms in the contemporary research.

5.5.2. Dense key-point estimation vs Direct regression

In figure 5.1, we outline two different strategy for key-point location estimation.

the first pipeline, key points are determined by estimating direction vectors for each

object pixel. These direction vectors point towards the pre-selected key-points. Then

these direction vectors are transformed to key points by a voting heavy-weight voting

mechanism. In the second strategy we directly regress the key-point locations. Both
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Table 5.4: Comparision of each training chapter to the overall accuracy ( ADD(S) ) of
each chapter on OCCLUSION LINEMOD dataset.

Object Chp. 1 Chp 2. Chp. 3 Mixed
ape 12.1 16.1 15.2 27.6
can 23.4 28.4 24.9 43.6
cat 21.8 29.4 26.3 32.3
driller 21.4 26.4 22.2 36.4
duck 16.4 33.8 33.7 47.3
eggbox 17.1 25.3 21.3 34.7
glue 16.0 28.5 28.8 35.4
hpuncher 14.4 31.2 28.4 38.2
average 17.8 27.3 25.1 36.9

strategies use a robust method to estimate the final object pose. Table 5.5 shows the the

accuracy comparison on Occlusion LINEMOD dataset. Dense key-point estimation is

an extra-ordinary benefactor due to the explicit representation of key-point and object

geometry as a whole. However, the main drawback is that in order to calculate the

key points a post calculation process is required and additional computational power is

consumed while estimating the general key-point directions. Our approach closes the

performance gap between dense and direct estimation methods while execution time is

almost one-third.

5.5.3. Contribution of learning chapters

In this section, we perform two ablation studies. The first one is straightforward.

We record the best accuracy metric for each chapter. In the second study, We construct

four different experimental setups( 3 for each chapter and one for directly mixing the

data). In these setups, each chapter has the same amount of training images. These

images cover the same pose spaces from the original setup. Each chapter is expanded in

a way such that number of images and the covered posed space is similar to the original

setup. Furthermore, scene clutter (occlusions and perturbations) is introduced using

the same algorithms. Table 5.4 shows the result the results for our ablation studies. In

column 2 we clearly see the advantage of incorporating high-fidelity images, while

accuracy gain is considerable, it is not near the state of the art. The Mixed training
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Table 5.5: Comparison of ADD(S) metric accuracy of Direct Key-point regression vs,
Dense key-point vectors accuracy on Occlusion LINEMOD dataset.

Object Ours (Dense) Ours (Regression)
ape 32.1 26.3
can 64.2 59.4
cat 28.6 28.0
driller 54.3 52.1
duck 65.0 58.1
eggbox 53.0 41.4
glue 48.6 42.4
hpuncher 44.3 45.7
average 53.4 51.9
run time 37ms 14 ms

performs significantly better than rest of the strategies. Yet, performance of the proposed

method is far worse than systematic inclusion of training samples as shown in Table

5.3. We believe that there are several reasons for this observations. First of all, each

training chapter provide a consistent sampling serve a good initialization point for the

following one. Thus allowing the network to search for a better minima in a constraint

space. Secondly, it is known that, statistically inconsistent training samples can impede

the learning process causing longer training times and over-fitting even in relatively

simple models. Since underlying statistics of each chapter is fundamentally different

from each other, this can cause numerical instabilities across batches during training.

By grouping(in a perceived) similar samples, we provide a intrinsic regulative behavior

to the training process.

5.5.4. Curriculum strategy on other studies

We use the same training strategy with same dataset on PvNET[Peng et al., 2019]

We choose this study due to several reasons. First and foremost, it that without any

refinement process it produces state of the art results using this dataset. Secondly,

implementation of the algorithm is straight-forward and easy to understand. Finally,

the amount of synthetic data used in the training is similar to our training data. Table

5.6 demonstrates the final results from the study. Our experiments show the significant
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Table 5.6: Performance of proposed training strategy on PvNET model.

Object PvNET PvNET with Curr.
ape 15.81 30.3
can 63.30 77.3
cat 16.68 46.7
driller 25.24 58.3
duck 65.65 71.4
eggbox 60.17 57.0
glue 49.62 56.7
hpuncher 39.67 48.2
average 40.77 55.7

improvement on every object class.

5.5.5. Contribution of pose groups

In initial experiments, we observe that most of the time, neural models predict

the key-point locations relatively well, even under occluded scenes. Furthermore,

additional training data does have a significant diminishing returns. When we analyze

the predictions, we observe that, when network fails to predict correct key-points, the

error becomes very large. In other words, our method degrade catastrophically when

it make prediction errors. While combating this we notice a large deviations in the

predictions when a small amount perturbation is applied on to the original poses. In the

final chapters of training, we incorporate pose groups in to the training regime. Pose

groups help to recover almost half of the catastrophic predictions. However, we observe

an average drop ( 1.3 point in ADD(s) metric) in LINEMOD dataset in previously

consistent predictions. We believe that pose groups relax the constraints of object

appearance similar to using a noisy data or labels. It expands the underlying prediction

space. This removes point-to-point relation between object appearance and pose and

enables and area-to-area mapping, from a geometrical point of view. On the other hand,

this results in a larger intra-pose-space deviation since the point constraint is removed.
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5.6. Summary

In this chapter, we introduced a curriculum based training strategy for 6-DoF

pose estimation. During training distribution of training data is shifted from trivial

examples to increasingly challenging ones. In order to construct a sound strategy, we

have employed data augmentation, attention, adversarial examples and a relaxation

factor called pose groups. Pose-groups treats a number of close poses as a single pose

and assigns the same label to each of the sample.
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6. CONCLUSION

This study presents novel 6-DoF pose estimation methods to remove some of

the obstacles intrinsically connected to the deep learning such as, heavy computational

requirements, dependency on expensive data annotation procedures and, guiding and

enforcing priori knowledge into the training procedure.

In the second chapter, We have presented a method for direct estimation of the

camera pose from a given image of known objects. Starting with a CAD model of the

object for which the pose to be estimated, we first render synthetic images of the object

under varying pose, occlusion and illumination conditions. Augmenting these synthetic

images with natural background yields a training data. This data is then used to train a

carefully designed neural network. This model estimates the camera pose in our data

better than any other direct method that we know. The same model performs comparable

to the other methods on benchmark datasets such as Cambridge and 7Scenes. The

proposed model is fine-tuned for this, purpose with a specific architecture which is much

smaller than many reported in the literature. We also introduced the random projective

loss function that helps the performance especially in the orientation estimation by 1o.

The exponential regularizer we have used also helps in the performance of both our

model as PoseNet Kendall et al. [2015]. Combined, these three improvements in our

model leads to a fast and accurate direct pose estimation method.

In the third chapter, we proposed a novel pipeline for real-time 6DoF pose

estimation. Our pipeline uses aspects based on object appearance and dense key-point

predictions for pose calculation. We use a recent off-the-shelf PnP solver for final pose

estimation. We show that including an appearance classifier into the pose estimation

process outperforms most of the approaches in the literature. We also show that our

pose estimations can further be improved by a post-refinement stage.

In the final chapter, we proposed a novel training strategy with detailed training

steps called chapters for real-time 6-DoF pose estimation. Our method directly predicts

pre-selected key-points and estimates the object pose using a robust method. In our
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studies, we demonstrate that using a carefully constructed curriculum helps the pose

estimation process significantly. We also detail the rational of the curriculum strategy

by dissecting each chapter. The performance of the method is also demonstrated using

other studies. Our studies suggest that using a curriculum strategy enable light-weight

neural networks perform comparable to the state-of-the art methods enabling accurate

and fast inference in computationally limited devices like cellphones.

6.1. Future Work

Firstly, we are currently investigating a patch based pose estimation solution. In

this scenario, a few local patches of the object will be queried to a implicit representation

of the target object. This representation and pose estimation pipeline will be jointly

trained in a cycle-consistent manner. we will also focus on refining the aspect-generation

process, with graph and machine learning-based algorithms. As our early studies has

shown, the granularity of the aspect seems to make a difference in performance. We

plan to investigate alternative aspect generation techniques and their impact on the

propose object pose estimation methods.
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