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Abstract

The automotive industry is looking for methods to promote a flexible robotic as-
sembly on objects which are di Ccult for conventional robotic systems based on pre-
programming. Specifically, it is di [cullt to automate wire harness assembly onto
vehicles due to the limitation of current robotic assembly on pre-programed tasks
and the deformability of wire harnesses. In order to achieve flexible wire harness
assembly a well developed vision system. It is necessary for robots to perceive the
spatial information of wire harnesses and adapt their actions to handle the objects.
Computer vision techniques such as object recognition and pose estimation have
been widely adopted in robotics to promote the perception capabilities of robots
and the significant advancement in deep learning has remarkably promoted the re-
search in computer vision. However, a vast amount of time and human e [onit are
needed to collect and annotate the datasets for training deep learning models. In
recent years, researchers apply synthetic dataset in computer vision tasks, which
requires less human elont and promises good annotation quality. In this thesis,
the synthetic datasets of connectors are created by using a physically based render-
ing method BlenderProc and procedures for data creation are provided for further
research and investigations. Then, the performance of synthetic datasets are evalu-
ated by object detection models(Yolov5 [22] and Yolov8 [23]) and a pose estimation
model (Wide Depth Range [20]). Also, the influences of applying domain random-
ization methods(e.g. adding distarctors into the synthetic dataset) is discussed and
evaluated. By evaluating the experiment results, the study finds that similar objects
will cause mis-classification problems in connectors detection tasks, the domain gap
will lead to a poor performance on real data and adding distractors into synthetic
dataset can improve the robustness of the detectors. The study concludes with rec-
ommendations for future research, such as using Generative Adversarial Networks
(GANS) to transfer the overall color and texture from the source images to the
target images, or apply a bilevel optimization approach. These kinds of methods
improve the domain gap between synthetic data and real data, thereby improving
the performance of models trained on synthetic datasets in the future.

Keywords: Synthesis dataset, object recognition, pose estimation, computer vi-
sion, machine learning, neural network, domain randomization, domain gap
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1

Introduction

This section mainly introduces the background of this master thesis, and also will
show the aim and research question of this master thesis, these are closely related
to the following section part.

1.1 Background

Nowadays, many industrial applications require more robotic automation to address
production problems regarding productivity, quality, safety, and ergonomics. But
robotic automation is di cult to meet the requirements of the industry. For ex-
ample, the automotive industry is facing problems related to wire harness assembly
onto vehicles, it is di cult to automate due to the limitation of conventional robotic
assembly systems on pre-programmed tasks and the deformability of wire harnesses
[37]. In order for robots to process industrial tasks such as wire harness assembly,
it is necessary to perform object recognition and pose estimation.

Recent research in object recognition and pose estimation involves the applica-
tion of machine learning [45]. An example is to use 3D point clouds to obtain 3D
information and point pair features to obtain pose estimation, in order to improve
the exibility of potential robot recognition [11].

However, applying machine learning techniques commonly involves large data
sets for training, which usually involves collecting training data of target objects
using mechanical equipment and annotating information manually. This kind of
method has gradually become di cult because collecting and annotating datasets
to train learning based models requires a large amount of time and human-work [30].
Therefore, using synthetic dataset has become an alternative choice, considering its
potential as a faster and cheaper alternative method to collecting and generating
large amounts of annotated data [28].

Although using synthetic data could solve the problem of the human-work and
time consumption in manual annotation, there still is one problem that needs to
be considered. Synthetic data always has a domain gap with real data [4, 31].
Therefore, it needs to use some method to improve the performance of training and
testing synthetic data on real datasets, like domain randomization [7]. One example
used as the method in this thesis is adding some distractors to compose a mixed
synthetic data, this could be an e ective domain randomization way to improve the

1



1. Introduction

performance [40].

1.2 Aim and purpose

This master's thesis adopts the method of creating synthetic datasets to reduce
manual work and time, and improve the quality of annotations.

The aim of this master's thesis is rst to generate the synthetic datasets of small
objects and some annotated data from 3D CAD models, and then apply the object
detection models and pose estimation models. In the end, evaluate and compare the
results of object detection models and pose estimation model on real clean datgset
distractor dataset, and real images of the objects.

An idea is to train networks using clean dataset or distractor dataset and test
them using clean dataset, distractor dataset and real images of objects (or mixed
dataset that include these three parts) [40]. In object recognition, the network will
identify the target object's 2D bounding boxes. In pose estimation, an important
part is to nd the corresponding relationship between the 3D model pointsand the
2D image point$ [29], which we describe in detail in section 2, also discusses the
Perspective-n-Point (PNP) algorithm [13] which will need to use these correspon-
dences.

The purpose of this master's thesis is to show the adaptability of synthetic data
to complex real-world environments by comparing the performance and applicability
of small object detection and pose estimation in clean dataset, distractor dataset,
and real images of the objects.

1.3 Research Questions

1. How could synthetic dataset for small objects be generated?

Most of the synthetic dataset is used for the life scene like bop [17], YCB [44],
these datasets normal use Blender to output, and we want to know if Blender
also could output synthetic datasets of industrial connectors. And basically
on the tasks and aim, this research question is necessary for considering.

From [27, 28, 24], we could use theory of computer vision and deep learning
to generate synthetic dataset by using blender, which is an open-source and
support the entire 3D production process software.

1This means only include connectors

2This means include some connectors with some other objects

33D model points means the coordinates on the object model in 3D space.

42D image points means the points of an object in 2D image and the corresponding points in
3D object model.

2



1. Introduction

2. What is performance of training on synthetic dataset and testing on real data?

Based on the background, aim and purpose part, we would like to know the
model performance on synthetic dataset for small objects when applied to real
data. And we also want to know if adding distractor to the synthetic dataset
could improve these model performances, to improve the issue of domain gap.

We have read some literature [28, 19, 12] and conducted the experiments of
object recognition and pose estimation.

We have nd two object recognition models: Yolov5 [22] and Yolov8 [23] and
we basically use four di erent evaluation metrics Precision, Recall, mAP, IOU
[38, 35].

We also nd one pose estimation model: Wide Depth Range (WDR) [20] and
we will use Add10 as evaluation metrics [27].

3. How does using domain randomization methods (such as adding some distrac-
tors) a ect performance?

Basically from background and [40], adding some distractors into the clean
synthetic dataset could be an e ective domain randomization way. Therefore,
datasets containing distractors usually could increase the model's ability to
deal with complex environments, and this could improve its generalization
ability in di erent environments. We could compare the evaluation metrics
value and discuss which dataset has better e ect.

1.4 Delimitation

This master's thesis will rst focus on the steps of creating synthetic datasets, and
then evaluate the performance of di erent types of datasets on object recognition
models and pose estimation models. These datasets include clean dataset, distractor
dataset, and real images of the objects. This thesis will provide detailed steps to
how to construct these datasets, including methods for processing synthetic data,
as well as how to use this synthetic data on training and testing models of object
recognition and pose estimation.

In addition, this thesis will also discuss the adaptability and accuracy of object
recognition models and pose estimation models in di erent environments, such as
its performance in adding distractors and multi object scenes. By comparing the
performance of the model on these di erent datasets, we can better understand the
strengths of the models and di erent datasets, thereby providing guidance for future
research and applications.



1. Introduction

This master's thesis will not involve other topics of mechanical design, control
systems, or creating some new deep learning algorithm, this thesis will only focus
on creating synthetic datasets and evaluate the performance on object recognition
models and pose estimation models based using the these di erent datasets.

It will not involve other topics of the robot system, such as mechanical design,
control systems, or other sensory systems (such as tactile or sound perception).

1.5 Thesis Outline

The following section introduces the theory of synthetic dataset, object recognition
and pose estimation. Section 3 talks about the detailed method steps on creating
synthetic dataset, training and testing the model of object recognition and pose esti-
mation. Section 4 shows the results of synthetic dataset, model of object recognition
and pose estimation and discussion. Section 5 focuses on drawing conclusions and
future work.
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Synthetic dataset, object
recognition and pose estimation

2.1 Synthetic dataset

In industrial environments, virtual models (3D CAD models) of many parts already
exist from the design stage of the product, so this virtual model and rendering engine
could be used to create synthetic dataset.

Now synthetic dataset is used to simulate real objects in many senses, the reason
is for real objects, data collection and annotation manually will require too much
e ort and time [24, 27].

In our master's thesis, we created the synthetic dataset to collect a large amount
of training data required for object recognition and pose estimation in later experi-
ments.

2.1.1 Blender

Blender is an open-source 3D graphics and animation production software that pro-
vides full process 3D production functions from model creation, texture mapping,
dynamic simulation, lighting mapping to nal rendering output.

Blender has built-in rendering engines such as Cycles and Eevee, which utilize
physics based rendering techniques to simulate how light interacts in the real world.
For example, Cycles uses ray tracing algorithms to generate realistic images by
simulating the interaction between light rays and the surface of an object [2].

2.1.2 BlenderProc

BlenderProc is a library of functions created based on Blender, used to automate the
creation and rendering of 3D scenes, particularly for generating synthetic datasets
for machine learning training.

BlenderProc could randomize various parameters of the scene, such as camera
position, light color, light position, background texture, and object placement, and
then generate a large amount of marker data. By using its built-in physical in-
teractions, the position of objects in the dataset could be made more realistic [9,
10].



2. Synthetic dataset, object recognition and pose estimation

2.1.3 Domain gap

The domain gap refers to performance decrease when machine learning models
trained in a source domain (training environment) apply their learned knowledge in
a di erent domain (real environment). This performance decrease is mainly because
of di erences in data feature distribution between the source and target domains,
especially in cross-domain learning or transfer learning [4].

Usually, models are trained in a well-annotated source domain and then tested
and applied in a target domain where annotations are less or do not have annota-
tions. The main di erences between the source and target domains may include, but
are not only these factors, in lighting color, lighting power or position, background
texture, object scale, and viewing angles. These factors could lead to signi cant
statistical di erences between the data in the source and target domains, and then
impact the model's predictive performance. Therefore, improving the gap between
these two domains is the key point to increasing model performance [31].

The existence of a domain gap is still the problem. Figuring out the domain
gap issue often requires introducing additional regularization or adversarial training
methods during the model training, or by adjusting and optimizing the feature rep-
resentations learned from the source domain, in order to make them more suitable
for the feature distribution of the target domain. This helps to increase the adapt-
ability and robustness of the model when faced with new domains [4, 31]. Figure
2.1 shows the example of source domain to target domain, which uses domain adap-
tation and semantic segmentation models learning from synthetic images (source
domain) and then test on real images (target domain).

Figure 2.1: Example of source domain to target domain [8]

2.1.3.1 Domain Randomization

The theory basis of domain randomization: By increasing the diversity of the train-
ing environment, the model's adaptability to unknown environments could be im-
proved. This method uses random environmental attributes during the training,
allowing the training data to cover a wider range of senses. Therefore, the model
which uses domain randomization could respond better to various changes in the
environment, thereby improving the issue of domain gap [7].

6



2. Synthetic dataset, object recognition and pose estimation

Technique of the blenderProc randomization parameter is a type of domain ran-
domization. Domain randomization introduces randomness into training data to
simulate a di erent environment, then the trained model will be better adapted to
real-world environments. It could also be used to increase the generalization ability
of machine learning models.

2.1.4 Related work

In recent years, synthetic datasets have been proven as a useful tool in object de-
tection and pose estimation. Synthetic dataset could easily get any number of
annotated data, so it could solve the problem of the large amount of time and
human-power in real data collection and annotation. In [41], the authors used syn-
thetic human dataset to train pose estimation models and show the e ectiveness
of the model on real datasets. Although this is not the synthetic dataset for small
objects, it still could prove the e ectiveness of training by synthetic dataset and test
on real datasets.

Although synthetic dataset has brought bene ts, the authenticity of synthetic
dataset is still the question that needs to be considered. In [21], the authors proposed
a method to increase the realism of the synthetic dataset by adding noise to improve
the model's performance in the real world.

2.2 Object recognition

2.2.1 Classi cation

In supervised learning, classi cation uses a convolutional neural network (CNN) to
predict the probability of objects belonging to each category in each region.

There are usually two situations [32]: single label classi cation (each region only
contains one main object category) and multi label classi cation (a region contain
multiple objects); For single label classi cation, use the softmax function [32, 6]:

. gl
p(cj xX) = Pyg—:
iz €
For multi label classi cation, use the sigmoid function [32, 6],
P = e
2.2.2 Localization

Localization determines the speci c position of the target object in the image, in
order to complete the object detection task. Localization is achieved by predicting
the center point coordinates l; by), width by, and heighth, of the bounding box,

Central coordinates:b, = (ty)+ ¢; by = (ty)+ ¢
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Width: by = pwe™

Height: by, = pre'™

where (ty; ty; tw; ty) are values predicted by the model, is sigmoid function,
(cx; ¢y) is coordinates of the upper left corner of the bounding boXpy; pn) is the
original width and height of the bounding box [34].

2.2.3 Yolov5 and Yolov8

The YOLO series of methods use CNNs and the Darknet architecture, more details
are following. Overall, these two methods we use could perform e cient convolu-
tion operations and make multi-scale predictions, generating predictions at di erent
levels (scales), allowing for simultaneous detection of both large and small objects.
Generating bounding box: YOLO will deal with the image as the input through

convolutional layers. Then directly predicts the coordinates, categories, and con -
dence of the bounding box in the output layer. Each bounding box contains the
coordinates of the center point, the width and height of the box, and a con dence
score that represents the model's level of con dence in containing speci ¢ categories
of objects within the box.

2.2.3.1 Yolovs

1. Data Augmentation

Data augmentation is a technique that increases the variability of the input
images which aims to improve the robustness of the detection model when
it deals with images obtained from di erent environments. Commonly used
data augmentation methods are divided into two types: photometric distortion
and geometric distortions. As for photometric distortion, researchers adjust
the contrast, brightness, hue, saturation of the images. For geometric distor-
tion, researchers apply random scaling, cropping, ipping and rotation on the
images.

One of the unique data augmentation methods frequently used in YOLO later
versions is called Mosaic[3] which mixes multiple training images into one new
image. To be specic, it rst selects four random images from the training set.
Then, each image is randomly cropped and combined into one image with each
image occupying one quadrant of the image. The coordinates of each object's
bounding box will also be adjusted according to the new image layout.

One advantage of applying mosaic augmentation is that combining four images
into one larger image could increase the variety of training samples and help
the model learn and handle objects under various contexts and scales which
can improve the robustness of the model. In addition, mosaic augmentation
can increase the portion of small objects in the new images which let the model
pay more attention to the small objects and improve the detection of small
objects.
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Figure 2.2: Example of a training batch after applying data augmentation.

2. Network :

The model of YOLOV5S is structured into three components, the backbone,
neck and head. The overview of the architecture is shown in Figure2.3 below.

Backbone :

The backbone of YOLOVS is CSPDarknet53 which focuses on feature
extraction. CSPDarknet is a modi ed version of Darknet[33] which in-
corporates the ideas of Cross Stage Partial Network(CSPNet)[42] and
Spatial Pyramid Pooling(SPPNet)[16].

In CSPNet, the feature map of the base layer is divided into two parts
and then merged through a cross stage hierarchy. The main purpose is to
ensure the gradient ow propagates through two di erent paths of net-
works, thus the di erent parts of the network can learn complementary
representations and reduce the impact of redundant gradient information.
By applying the cross-stage partial connection, the number of computa-
tions is also reduced which improves the inference speed. In YOLOvV5,
the CSPNet is composed of three ConvModule and numbers of Dark-
netBottleneck, the details of the network is shown in the Figure2.3. The
feature map is divided into two parts, one part path through a Con-
vModule, another part path through a ConModule andn numbers of
DarknetBottleneck, the computed features of each path are concatenated
and followed with a ConvModule.

In YOLOV5, a SPPBottleNeck module is applied at the end of the stage
layer. The design of the SPPBottleNeck follows the idea of SPPNet which
aims to generate a xed-sized feature map regardless of input image size.
Speci cally, the input image is divided into sub-regions of di erent sizes,
then the max pooling operations are applied on each sub-region. During

9
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Figure 2.3: The architecture of the YOLOV5

10



2. Synthetic dataset, object recognition and pose estimation

the operations, the number of sub-region will be xed, thus no matter how
the size of input images changes the pooling result within each sub-region
is xed and the size of the nal output will also be xed.

~ Neck

The neck is responsible for integrating features from di erent scales. Path
Aggregation Network(PANet)[26] is used in YOLOV5. In object detection
networks, the features from low layers usually keep a higher resolution and
more accurate localization signals than features from high layers. While,
the features from high layers contain richer semantic information. PANet
applies a bottom-up path augmentation to integrate the low level features
to the high level features which enhance the entire feature hierarchy with
accurate localization signals.

In YOLOV5, the backbone and the neck altogether follow the structure
in PANet. It integrates the semantic information from high level with
features from low level in three di erent scales. Speci cally, the feature
map from the Stage Layer2 is integrated to the TopDown layerl, the
feature map from the Stage Layer3 is integrated to the TopDown layer2
and the feature map from the Stage Layer4 is integrated to the Reduce
layer2. The feature maps produced by the neck are the same as the
backbone, each with size 80 80 256),(40 40 512) (20 20 1024)

" Head
Three heads are used in YOLOV5, each predicts a di erent feature scale
from the neck, whose shapes a(80 80 256), (40 40 512),(20 20 1024)

In YOLOV5, each output layer has the dierent number of grid cells,
with 80 80, 40 40, and 20 20 separately, each grid cell predicts
bounding boxes. Each head produces bounding boxes, class probabilities
and con dence scores, thus the output shapes of the head module are
(3 4+1+ C);80,80), (3 (4+1+ C);40,40)and (3 (4+1+ C);20;20),
where C denotes the number of classes.

3. Loss function The loss function contains three parts, classi cation loss, ob-
jectness loss and localization loss.

Loss= ilas+ 2Lob + 3lioc (2.1)

2

» ,
Las= 1" ” [Bi(9log(p () +(1  @A(d)logl pi(c)]  (2.2)

i=0 c2classes
Lobj = * X I [Clog(C) + (1 C)log(l  Ci)] (2.3)
i=0 j=0
+  noobj X Ii?OObj[éil()g(Ci)"'(l C)log(l C))] (2.4)
i=0 j=0
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2(h- Wt
where,
_ 4 wet W,
V= —Z(arctanw arctanﬁ) (2.6)
v
= 2.7
A loU)+ v 2.7)

The classi cation loss (2.2) measures the error between the predicted class
probabilities p and the ground truth p, it is computed by the binary cross
entropy loss.

The objectness loss (2.3) measures the di erence of the predicted con dence
scoreC and the ground truth C of the objects presented in the bounding box,
it is computed by the binary cross entropy loss.

YOLOV5 uses the Complete Intersection over Union(CloU) for the location
loss(2.5). In equation (2.5), 2(b;1§") represents the Euclidean distance be-
tween the center pointsb and ' of the bounding boxes,c is the diagonal
length of the enclosing box covers both bounding boxes andepresents the
di erence of the aspect ratio between bounding boxes. Compared to the lo-
cation purely applied to the Intersection over Union(loU), CloU incorporates
the distance between the center points and the aspect ratio of the bounding
boxes which is more comprehensive.

2.2.3.2 Yolov8

YOLOVS is the latest version of the YOLO object detection model. The architec-
ture is similar to the previous versions like YOLOVS5, but it introduces many small
improvements compared to the previous versions. In this part, we only show the
improvement in the network aspect.

1. Network The overview of the architecture is shown in Figure2.4 below.

Backbone One of the biggest di erences of the backbone compared to
YOLOV5 is the CSPLayer module. The CSPLayer in YOLOV5 splits
the feature map into two parts. In YOLOvVS, the feature map is split
into several parts with more skip connections. Speci cally, the feature
map passes through a ConvModule with kernel size bfand then applies
the split operations with n number of Bottleneck modules following, the
newly produced feature map will be concatenated with the residual and
pass through a ConvModule. By concatenating features from di erent
layers, the model will capture more diverse and richer feature represen-
tations. Meanwhile, the computation can be further decreased.

" Head Another big change in YOLOv8 compared to YOLOV5 is the head
part. In YOLOVS, a decoupled head is used which handles the classi ca-
tion and localization tasks separately. YOLOv8 also uses an anchor free
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