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Accurate and rapid object localisation and pose estimation are playing key roles during
some of the real-time robotic operations such as object grasping and object manipulating. To do
so, high-level robotic vision solutions need to be adopted. Computer vision approaches require a
large amount of data to be able to create a perception pipeline robustly. Preparing such dataset
to train the deep neural network could be challenging as the collection and manual annotation
of huge amounts of data can take long hours and the development of the dataset needs to cover
di�erent conditions in weather and lighting. To ease this process, generating a synthetic dataset
could be used. Due to the limitations of the synthetic dataset which will be described further
down, instead of using a sole synthetic dataset, a hybrid dataset can be developed with the real
dataset to overcome the limitations of both datasets. Even though the main objective of this
study is to ful�l an autonomous nozzle insertion process for the ground refuelling operation of
civil aircraft, the proposed approach is generic and can be adapted to any 3D visual robotic
manipulation operation. This study is also o�ered to be the �rst visual trajectory planning
control mechanism depending on the hybrid dataset to this date.

I. Introduction
Object location and pose are required for object grasping and object manipulating operations in robotics. As the

objects di�er in size, shape, location and orientation there is a need for a general solution for any problem. The optical
sensor appears to be the most suitable choice to obtain and analyse the data as they have the ability to generate depth
map and RGB images. There are many studies that take optical sensors into consideration to solve object-grasping
problems. As investigated during Amazon’s Robotics Challenge[1, 2], instance segmentation has been used to solve
object manipulation and object detection problems.

Object localisation and pose estimation in 3D space has drawn attention in recent years and there are several studies that
have adopted deep neural networks as an approach to such a problem. By Wong et al.[3] and Marion et al.[4] �tting a
known 3D model into the point cloud data to �nd the 6D pose of the desired object has been adopted. To make this
approach cover every object, Pavlakos et al.[5] have �t a generic 3D model using its key points onto the objects. As the
�tting process depends on exact 3D models and estimation needs to be done for each object, the accuracy has been
inadequate and the whole process has been time-consuming.

In this study, pre-de�ned key points have been used to locate the object in 3D point cloud data and to estimate the
object’s pose after successful detection in the RGB stream. As this study does not require masking the point cloud data
with appropriate masking information, it is not necessary to process the whole point cloud data to locate the object. To
�nd the key points of the object, computer vision and deep learning algorithms have been employed. As the synthetic
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data generation approach has been adopted, correctly and pixel-perfectly annotated unlimited data can be generated to
train the custom-designed deep neural network. To overcome the reality gap problem with synthetic data which forms
the limitation of the synthetic data and will be discussed further down, high-quality meshes have been applied to the 3D
refuelling adaptor model, and di�erent weather and lighting conditions have been simulated to make the deep neural
network model robust to real-world conditions.

II. Related Work
The demand for synthetic data and its popularity is rising as developing a dataset for custom objects takes long hours

and e�ort. One of the biggest, richly-annotated, large-scale synthetic datasets of 3D shapes is ShapeNet, developed by
Chang et al.[6], and consists of more than three million models. Tremblay et al.[7] have also used a synthetic dataset to
train the neural network for their robotic manipulation study. By combining photo-realistic data with domain-randomised
RGB images, they have reduced the reality gap regarding the 6D pose estimation of the objects. Their study has resulted
in satisfactory accuracy for pose estimation of household objects in real-world robotics grasping. To add a single class
to the neural network, it has been needing at least 120,000 images. So this was the main drawback of the study and
resulted in a great problem.

Another study that uses a synthetic dataset has been presented by Hinterstoisser et al.[8]. They stated that training the
neural network solely on synthetic datasets could have resulted in below-average if not the di�erence between real
images and rendered images is reduced. Therefore, they have decided to freeze the lower layers of the pre-trained neural
network and only train the top layers of the neural network with the synthetic dataset. By applying this method to the
neural network, while the basic features of the real image domain remain suitable for training, the classi�cation layer
could be tuned for other classes.

In some cases, depth calculation or 3D pose estimation could be hard and laborious. To �nd the corresponding regions
for the extraction of the depth information from the scene, Nikolenko et al.[9] have done the alignment of the 2D
stream and 3D model of the object. In Gupta et al.’s study[10], a neural network has been trained using 3D model
alignment of synthetic data and render of the synthetic object for detection and instant segmentation. Using a large-scale
synthetic object dataset, Xiang et al.[11] proposed a method called PoseCNN to estimate 6D pose for only 21 known
objects. Adopting a single-shot detection method, Kehl et al.[12] introduced a novel approach for detection and 6D pose
estimation of 3D objects using RGB stream.

Hu et al.[13] developed a segmentation base method where every visible face of the object has been used as a dedicated
form of 2D key points to estimate each face’s local pose. To obtain the generic pose of the object, these local pose
estimation has been combined to form the corresponding 3D pose. Even though their approach works decent in clutter
scenes, the PnP algorithm they used for generic pose estimation, the solution became limited to be used for speci�c
areas as this algorithm depends on the rigidity and 3D model of the model.

Zakharov et al. presented the Dense Pose Object Detector[14] i.e. associates object’s masks with their corresponding
3D models. To train the Dense Pose Object Detector model, they have used both real and synthetic data. To eliminate
the domain adaptation problem as mentioned above, they freeze the �rst layers after training the model with real data
then they trained the last layers of the model with synthetic data. Calculating dense correspondences using the Dense
Pose Object Detector lets the pose estimation be more accurate and robust, unlike the other studies that use regression of
object’s projections bounding boxes[15, 16] or describe the problem as a discrete classi�cation[12].

By utilising a hybrid representation that uses geometric information to express the input image, edge vectors, key points
and symmetry correspondence, HybridPose has been presented by Song et al.[17] to o�er a di�erent approach to 6D
pose estimation problems. HybridPose di�ers from recent 6D pose estimation studies[16, 18] as they use leverage
key points for intermediate representation. To output the edge vectors which can be found between neighbouring key
points, the HybridPose method employs a prediction network. HybridPose employs dense pixel-wise correspondence i.e.
re�ects symmetric correspondences as most of the objects have re�ection symmetry. As this study adopted a class-based
approach to estimate the 6D pose of the object, it needs the intrinsic matrix of the camera to function properly.

DeepIM, pose matching deep neural network is proposed by Li et al.[19]. DeepIM estimates the next stage of the pose
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by iterating the re�ned pose to match the rendered image with the observed image, as it has been given the initially
estimated pose. The neural network has been trained using the 3D orientation and 3D location information to estimate
the transformation in the relative pose. Due to being relied on the re�nement of the previous pose information and
lacking the key points between images and objects, this method tends to fail in pose approximation.

III. Methodology

A. Dataset Development
As shown in Figure 1 pressurised fuel adaptor also referred to as a bottom loading adaptor[20] is a connection

adaptor that is used to deliver the pressurised fuel to the aircraft. The construction and design of the pressurised
refuelling adaptor must conform to both MS24484-5 and MIL-A-25896 standards. "MIL-STD" short for Military
Standard is a United States defence standard and helps to satisfy the standardisation objectives of the United States
Department of Defence. Standardisation is bene�cial in achieving commonality, interoperability, reliability, the total
cost of ownership, compatibility with logistics systems and defence-related objectives, and ensuring products meet
certain requirements[21]. To ensure maximum strength and durability, the pressurised refuelling adaptor is constructed
of high-strength stainless steel and aluminium.

The dataset quality matters therefore the bad data in the dataset needs to be eliminated as they do not have any use.
"quality" is a vague term. Considering that picking an empirical option and adopting an approach that provides the
best result, explains the quality in a broader meaning. It can be said that the quality dataset enables us to overcome
the problem by achieving the best solution. During the dataset development stage, it is helpful to have a concrete
description of quality data. By corresponding to better performance in terms of feature representation, minimising skew
and reliability, the quality dataset has particular aspects[22].

In the early stages, articulation of the problem forms the most critical part of the dataset development before generating
or collecting quality data. Knowing how and what data to collect, and what to predict are the key questions to articulate
the problem. The category of the problem such as clustering, regression or classi�cation needs to be determined before
formulating the solution and conducting any data exploration[23].

As the manual data collection process overwhelms and burdens people, establishing the data collection mechanisms to
eliminate this repetitive and boring task is an important step during dataset preparation. Due to the limitations of both
approaches, the dataset collection step has been divided into two stages. Establishing a camera rig system to collect real
data from Boeing 737-400 forms the initial stage. Later on, by drawing a 3D design of the object and adding di�erent
materials to it and by simulating di�erent weather and lighting conditions, the synthetic dataset has been generated[23].
In Figure 3, the elements that have been used in developing real and synthetic datasets can be seen.
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Fig. 1 Pressurised Refuelling Adaptor[24] Fig. 2 3D Design of Refuelling Adaptor

Fig. 3 Real Data vs Synthetic Data

The hybrid dataset contains 770 training, 74 validation and 37 test images[25]. The image collection of the refuelling
adaptor from Airbus 737-400 forms the real part of the dataset. The following augmentation methods have been
applied to the dataset; clockwise and counter-clockwise rotations, horizontal �ip, vertical �ip and random Gaussian blur.
Annotations have been stored in COCO format. The COCO format has been selected due to its widespread usage and
simplicity. The COCO format stores the annotations as a bounding box, object classes etc. and image metadata[26].

In Figure 4, sample images from the collection of the refuelling adaptor can be seen. To improve the quality of the
dataset, the 3D CAD model has been used to generate synthetic images. In these images, di�erent textures, HDRIs,
weather and lighting conditions have been applied to diversify and extend the coverage of the dataset. In Figure 5 some
of the generated images are shown.

Fig. 4 Real Dataset
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