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Abstract

Accurate six-dimensional (6D) pose estimation is critical for improving the
precision and ef�ciency of robotic systems in industrial automation. How-
ever, existing methods struggle in complex environments with custom ob-
jects, variable lighting, and occlusions. This thesis explores the use of super-
resolution techniques to enhance image quality and improve pose estimation
accuracy.

The research integrates GDR-Net, a state-of-the-art 6D pose estimation net-
work, with DRLN, an advanced super-resolution model. It hypothesizes that
higher-resolution images can signi�cantly boost accuracy. A synthetic dataset
simulating real industrial conditions was developed to test this approach,
demonstrating improved accuracy for small and medium size objects.

The �ndings highlight the potential of super-resolution to enhance 6D pose
estimation robustness and pave the way for more resilient robotic vision sys-
tems in challenging industrial settings.



Chapter 1

Introduction

In the rapidly advancing �eld of industrial automation, robotic systems play a crucial
role in increasing the ef�ciency and precision of manufacturing processes. One criti-
cal aspect of these systems is the ability to accurately determine the six-dimensional (6D)
pose—position and orientation—of objects in complex, cluttered environments. However,
current methods often face challenges with custom-designed objects, intricate geometries,
and material properties such as re�ectivity, making them less effective in industrial set-
tings.

Recent advances in 6D pose estimation, powered by deep learning, have shown promise
but still suffer signi�cant limitations when applied in real-world conditions. Various light-
ing conditions, occlusions, and diverse object shapes often lead to inaccurate pose estima-
tions. Moreover, the quality of the image data captured in such environments is usually
suboptimal, further complicating the process of accurate pose estimation.

To address these challenges, this thesis focuses on testingGDR-Net, a state-of-the-art
network for 6D pose estimation, under a range of dif�cult industrial conditions, including
varying lighting, occlusions, and complex backgrounds. These tests are important for
understanding modern pose estimation models' practical limitations and capabilities in
real-world scenarios.

Furthermore, this research introduces a novel integration of super-resolution tech-
niques with 6D pose estimation models to enhance accuracy and robustness in indus-
trial environments. Speci�cally, we employ theDensely Residual Laplacian Network
(DRLN), an advanced super-resolution model, alongside GDR-Net. The hypothesis is
that integrating super-resolution will improve the pose estimation performance by en-
hancing the quality of the image data used for training and inference.

An essential contribution of this thesis is the generation of a highly realistic synthetic
dataset designed to emulate the complexities of real-world industrial environments. This
dataset includes variations in lighting, occlusions, and a wide range of material properties,
providing a robust platform for testing and improving 6D pose estimation methods.

The main objectives of this thesis are to:

1. Generate a comprehensive synthetic dataset that accurately re�ects the challenges
of industrial environments.

2. Evaluate the performance of GDR-Net under various industrial settings.

9



CHAPTER 1. INTRODUCTION

3. Demonstrate the improvements in 6D pose estimation accuracy achieved by apply-
ing super-resolution techniques.

This thesis is structured as follows:

• Chapter 2 overviews relevant technologies and methodologies, including object
detection, image super-resolution, and 6D pose estimation.

• Chapter 3 discusses the speci�c networks chosen for this study, including GDR-
Net for pose estimation and DRLN for super-resolution, and details the creation of
the synthetic dataset.

• Chapter 4 presents the experimental setup and results, focusing on how super-
resolution improves pose estimation accuracy.

• Chapter 5 concludes with a discussion of the �ndings and outlines potential direc-
tions for future research.

10



Chapter 2

Background

2.1 Robotic Picking

Figure 1: Robotic Picking

Source:1

Robotic picking, as shown in Figure 1, refers to automated systems that select and handle
items from a storage area or production line, signi�cantly enhancing operational ef�-
ciency, accuracy, and safety. These systems are a cornerstone in manufacturing, ware-
housing, and logistics, where speed and precision are critical. The combination of robotic
arms, advanced vision systems, and machine learning algorithms allows robots to identify,
grasp, and transport objects autonomously. As a result, robotic picking reduces labour
costs, minimizes errors, and enhances safety by operating in environments that may be
hazardous to human workers.

Various types of robotic picking systems are used in different industries, including
[7]:

1Source:https://www.therobotreport.com/grasp-sight-picking-evolve-robots/

11



CHAPTER 2. BACKGROUND

• Cartesian Robots: These robots move along linear paths in the X, Y, and Z direc-
tions, offering high positional accuracy and coverage over large workspaces. Their
straightforward motion control makes them suitable for precise, repetitive tasks.

• Delta Robots: Known for their high speed and precision, delta robots are ideal for
applications requiring rapid movements, such as assembly lines. However, they are
typically limited to handling lighter loads.

• Robotic Arms: Versatile and capable of complex movements, robotic arms often
have 5 or 6 axes of freedom, allowing for highly �exible operations. They are
widely used across industries due to their adaptability to various tasks, from weld-
ing to packaging.

• Collaborative Robots (Cobots): Designed to work alongside human operators,
cobots are equipped with safety features that allow them to interact safely with
people, making them ideal for environments where human-robot collaboration is
necessary.

One of the key drivers behind the success of robotic picking systems is the integration
of computer vision. Robots with vision systems can interpret their surroundings using
cameras and sensors to identify, localize, and interact with objects in a dynamic environ-
ment. Computer vision improves the adaptability of robotic systems, allowing them to
respond to changes in object appearance, positioning, or lighting conditions. The main
bene�ts of integrating computer vision into robotic picking systems include:

• Increased Accuracy: Vision-guided robots can recognise and verify objects with
high precision, reducing picking and handling errors.

• Flexibility : Robots can handle a variety of objects without requiring pre-programmed
coordinates, making them more versatile in dynamic environments.

• Ef�ciency : Robots can quickly adapt to new products or changes in the layout of
items, minimizing downtime and maximizing throughput.

• Safety: By accurately identifying and handling items, vision-equipped robots re-
duce the risk of damaging products or the robot itself.

Robotic picking is foundational in industrial automation, where precision, speed, and
adaptability are crucial. Since this research focuses on enhancing object pose estimation
for robotic systems, it is essential to understand the importance of robotic picking in
modern applications. Practical 6D pose estimation directly impacts the success of robotic
picking, especially in environments with clutter and occlusion, making it a critical factor
in developing ef�cient and reliable automation systems.

2.2 Object Detection

Object detection is a fundamental task in computer vision, involving identifying objects
within an image and localizing them through bounding boxes. Figure 2 illustrates the

12



CHAPTER 2. BACKGROUND

process of object detection, where the system detects objects in an image and marks them
with bounding boxes for localization. Object detection is critical in applications such
as autonomous driving, surveillance, and robotics, allowing systems to recognize and
interact with the objects around them.

Figure 2: Object detection

Source:2

Core Concepts of Object Detection

• Bounding Boxes: These de�ne the spatial location and size of objects within an
image.

• Class Labels: The detected objects are classi�ed into speci�c categories, such as
'person', 'car', or 'dog'.

• Con�dence Scores: The con�dence score represents the likelihood that the de-
tected object belongs to a particular class.

Object Detection Methods

Object detection algorithms can be broadly divided into two categories:

• Two-Stage Detectors: These models, like R-CNN and its variants (Fast R-CNN,
Faster R-CNN), generate region proposals for objects and then classify each region.
While accurate, these methods can be computationally expensive.

• Single-Stage Detectors: Models like YOLO (You Only Look Once) [6] and SSD
(Single Shot Multibox Detector) [5] predict bounding boxes and class probabilities
in one pass, making them faster and suitable for real-time applications. YOLO, for
example, frames object detection as a regression problem, allowing it to process
images quickly while maintaining accuracy.

2Source:https://www.augmentedstartups.com/blog/how-to-implement-object-detection-using-deep-learning-a-step-by-step-guide
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• Transformer-Based Detectors: Recently, transformer-based models, such as DETR
(Detection Transformer), have emerged, simplifying the object detection pipeline
by eliminating complex hand-crafted processes like non-maximum suppression.

Metrics for Evaluating Object Detection

Performance in object detection is measured using several key metrics:

• Precision and Recall: Precision measures how many of the detected objects are
true positives, while recall measures the ability of the model to detect all relevant
objects.

• mAP (mean Average Precision): The mean of the Average Precision across all
classes, evaluated at different Intersection over Union (IoU) thresholds. IoU mea-
sures the overlap between predicted and ground truth bounding boxes.

Challenges in Object Detection

• Variability in Object Appearance : Objects can vary signi�cantly in appearance
due to size, shape, orientation, or occlusion.

• Environmental Conditions: Lighting, shadows, and background clutter can affect
the model's ability to detect objects accurately.

• Overlapping Objects: Detecting objects that are partially or fully overlapped with
others remains a challenging task in dense environments.

Object detection is a prerequisite for 6D pose estimation, as identifying and localizing
objects in an image is the �rst step in determining their pose. Without accurate object
detection, the subsequent stages of pose estimation would be compromised. This section
underscores the importance of reliable object detection methods, such as YOLO, which
will be integrated into the proposed pipeline to improve the system's accuracy.

2.3 6D Pose Estimation

Six-dimensional (6D) pose estimation determines an object's position and orientation in
a three-dimensional space relative to a reference coordinate system. This involves calcu-
lating the object's six degrees of freedom (DoF): three for translation (movement along
the x, y, and z axes) and three for rotation (roll, pitch, and yaw around those axes). Fig-
ure 3 provides a visual representation of 6D pose estimation, which is essential in tasks
requiring robots to interact with objects, such as picking, placing, or assembling parts.

14
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Figure 3: 6D Pose estimation

Source:3

Core Components of 6D Pose Estimation

• Translation: The object's position in 3D space, de�ned by the coordinates (x, y, z)
relative to a reference point, such as a camera or the scene's origin.

• Rotation: Describes the object's orientation, often represented by Euler angles
(roll, pitch, and yaw), rotation matrices, or quaternions, each offering different ad-
vantages for computation and interpretation.

Methods for 6D Pose Estimation

Several techniques have been developed to tackle 6D pose estimation, each with its ad-
vantages and limitations:

• Template Matching: This method compares current object views with pre-de�ned
templates. It can be computationally ef�cient but struggles with occlusions and
variations in viewpoint.

• Feature-Based Methods: These approaches detect and match key points from the
object to a known model using feature descriptors like SIFT or SURF. Feature-
based methods are sensitive to noise and object occlusion.

• Deep Learning: Convolutional neural networks (CNNs) have advanced 6D pose
estimation by directly predicting pose from image data. These networks can be
trained on large datasets to handle complex environments and diverse object shapes.

• Data Fusion: By combining RGB data with depth information (e.g., from LIDAR
or stereo cameras), data fusion techniques improve robustness in challenging envi-
ronments where relying solely on visual data may not suf�ce.

3Source:https://arxiv.org/pdf/2102.12145
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Metrics for Evaluating 6D Pose Estimation

To evaluate the performance of 6D pose estimation methods, the following metrics are
commonly used:

• Translation Error : The Euclidean distance between the estimated and true position
of the object.

• Rotation Error : The angular difference between the predicted and actual orienta-
tion of the object.

• ADD (Average Distance of Model Points): Measures average distance between
corresponding points on the object's 3D model when it is transformed by both the
estimated pose and the ground truth pose. A lower ADD value indicates a more
accurate pose estimation.

• ADD-S (Symmetric Objects): This variant is used for symmetric objects, where
multiple pose con�gurations can be equally valid due to symmetry. For symmet-
ric objects, instead of �nding the closest points between corresponding locations,
the ADD-S computes the smallest distance between each point in the transformed
model and any of the points on the ground truth transformed model. This allows
the metric to account for the ambiguity of symmetric shapes and avoids penalizing
pose predictions that are correct but differ due to symmetry.

Challenges in 6D Pose Estimation

While 6D pose estimation has seen signi�cant advancements, challenges remain:

• Occlusion and Clutter: In real-world scenes, objects may be partially obscured or
surrounded by other objects, complicating the estimation process.

• Lighting and Environmental Variations : Changes in lighting and environmen-
tal conditions can affect the appearance of objects, making pose estimation more
dif�cult.

• Real-Time Constraints: Many applications, such as robotic manipulation or aug-
mented reality, require real-time pose estimation, which demands highly ef�cient
and optimized algorithms.

6D pose estimation is critical for robotic manipulation tasks that require understanding
the position and orientation of objects in three-dimensional space. The accuracy of pose
estimation largely determines the performance of robotic systems in functions such as
picking and placing. This section provides the foundation for the thesis, which seeks to
improve pose estimation by integrating super-resolution techniques.
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