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Kurzfassung

Diese Arbeit untersucht datene [ziehte Deep Learning Methoden zur visuellen Montage-
verifikation in einer Produktionslinie flr hochgradig anpassbare elektronische Schlfsser.
Im Mittelpunkt stehen drei datenorientierte Ansatze: Der erste Ansatz nutzt die bekannte
statische Geometrie des Werkstucktragers, um die Objekterkennung auf eine Reihe Klas-
sifikationen auf vordefinierten Bildbereichen zu reduzieren (ROI-basierte Klassifikation).
Der zweite Ansatz erzeugt automatisch Pseudo-Annotationen fur die Objekterkennung,
indem Bildbeschrifungen mit den beschrankten Bauteilpositionen kombiniert werden. Der
dritte Ansatz erweitert den Datensatz durch synthetisch generierte Bilder, die durch die
Kombiniation segmentierter Bauteile mit Hintergrundbildern erzeugt werden.

Ziel der Arbeit ist es, das Potenzial dieser Ansdtze zur Reduktion des manuellen An-
notierungsaufwands zu bewerten. Hierzu werden alle Methoden unter realen Produk-
tionsbedingungen systematisch verglichen und hinsichtlich ihrer Starken, Schwéchen
und praktischen Einsatzmdglichkeiten analysiert. Die Ergebnisse zeigen, dass durch eine
gezielte Nutzung dieser doméanenspezifischen Strukturen eine robuste Modellleistung auch
mit deutlich reduziertem Annotierungsaufwand erreicht werden kann.
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Abstract

This thesis investigates data-e [cieht deep learning methods for visual assembly ver-
ification in a highly customizable electronic lock production line. We examine three
data-centric strategies. First, ROI-based methods leverage the fixed geometry of the
workpiece carriers by reformulating object detection as a set of classification or regression
tasks over predefined regions. Second, pseudo bounding boxes are created by combining
image-level labels with known part positions to automatically generate object detection
annotations without manual labelling. Third, synthetic training data is produced by
compositing cropped part images with background scenes, thereby increasing dataset
diversity and reducing the need for extensive manual data collection.

These methods are evaluated on a real-world dataset collected during regular production
to assess their e [edtiveness in reducing manual annotation e Lant. We provide a compre-
hensive comparison of data-centric approaches, highlighting their respective strengths
and limitations. The results demonstrate that leveraging the structured nature of the
assembly environment enables accurate model performance with substantially reduced
annotation requirements.
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CHAPTER

Introduction

1.1 Motivation

Visual inspection plays a critical role in manufacturing, ensuring consistent product
quality and adherence to speci cations. It is particularly important in manual assembly
lines, which are prone to human error due to the unsuitability of our cognitive system
for repetitive, monotonous tasks [Arn97]. Automated assembly processes face their own
set of challenges, including calibration issues, machine wear, and software glitches. As a
result, quality control has remained a staple since the early days of industrial production.
However, manual inspection encounters similar issues to manual assembly lines [DS83;
KV15].

As such, automated quality control systems based on traditional machine learning tech-
niques emerged. Given the narrow application domain and controlled environments, it
was possible to achieve satisfactory results based on handcrafted features [Wan+18].
However, these traditional methods were labour-intensive to develop, sensitive to environ-
mental changes, and often struggled to adapt to new or varying product designs [BCV13;
GBC16; NS21]. Consequently, attention has shifted towards deep learning, which has
achieved remarkable results in many areas since its resurgence in 2012 [KSH12; Kon+20;
Geh+17]. With strong generalization, the ability to operate e ectively in less controlled
environments, and reduced need for manual feature engineering [KCT20], deep learning
has become a cornerstone of modern visual inspection systems. However, its e ectiveness
typically depends on access to large and diverse datasets, which can be an issue in many
scenarios due to the specialized nature of the applications.

Visual inspection tasks generally fall into two categories: defect detection and assembly
veri cation [Hut+24] 1. Defect detection aims to identify surface aws (e.g., scratches,
cracks) and structural defects (e.g., holes, cavities) [Czi+20; Yan+20; JB23]. It dominates

LA more extensive classi cation will be introduced in Section 2.1.
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current research due to its relevance in high-volume, standardized manufacturing [HUt+24;
JB23; Lee+23; Che+23a; Tao+22]. In contrast, assembly veri cation, the focus of this
thesis, con rms that all required components are present and correctly assembled [HUit+24;
RL18]. It is especially relevant in the context of con gurable or customizable products,
particularly as demand for personalization grows. Assembly veri cation remains under-
explored, largely due to the lack of publicly available datasets, and the dependence
on proprietary data. These factors limit accessibility for researchers as well as hinder
reproducibility, and comparison across studies [Hut+24; KCT20]. Additional challenges
include the high costs of data collection and annotation, as well as signi cant class
imbalance across di erent variants and con gurations.

Despite these challenges, the structured and controlled nature of assembly environments
o ers distinct advantages. The placement of individual components is typically con-
strained, such as by a workpiece carrier or by being mounted on a printed circuit board
(PCB). Components of the same type also tend to exhibit a highly uniform appearance.
These characteristics provide an opportunity to reduce data requirements and improve
model performance. As manufacturing continues to shift toward mass customizatiofy
the increase in product variety makes data e ciency even more critical for ensuring
reliable and scalable assembly veri cation systems.

1.2 Objective

This thesis explores data-e cient deep learning techniques for visual assembly veri cation,
with a focus on minimizing annotation e ort. The core idea is to fully utilize the specic
characteristics of the assembly environment through data-centric strategies.

We strive to answer the following research questions:
How can constrained object locations and low intra-class variance reduce
dataset requirements?

What is the trade-o between increased dataset size and class imbalance
in assembly veri cation tasks?

Can synthetic or weakly labelled data be used to reduce the need for
manual annotations without compromising model performance?

To answer these questions, three principal approaches are examined:

" ROIl-based methods (Chapter 4) leverage the spatial layout of the workpiece
carrier to reformulate the veri cation task as a set of independent classi cation or
regression problems.

2Mass customization is a strategy that involves customers in the manufacturing or assembly process,
delivering customized products at a price comparable to mass-produced items [KHO6].
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Pseudo-annotations (Section 5.1) replace manually annotated bounding boxes
with pseudo-annotations automatically derived from weak supervision.

~

Synthetic data generation (Section 5.2) uses a custom image compaosition
pipeline to increase e ective dataset size by increasing diversity and reducing
imbalance.

Together, these approaches are evaluated to understand how annotation e ort can be
reduced without sacri cing performance. Finally, we examine the trade-o between
constructing datasets from manually assembled examples and capturing them passively
during production.

1.3 Use Case

The research is based on a case study conducted at an electronic lock assembly line
of EVVA in Vienna. It produces a wide range of highly customizable locking systems,
with variations in length, locking mechanisms, and surface nishes, among other options,
resulting in signi cant product variability. An example of such a lock system can be seen

in Figure 1.1. Further details on the types of locks and possible con gurations can be
found in Section 3.3. The use case is uniquely suitable, as a prior feasibility study by
an external contractor failed to achieve satisfactory results using traditional machine
learning methods.

Figure 1.1: An example of a workpiece carrier on the assembly line holding a partially
assembled lock system.
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Related Work

Given the limited research directly addressing data-e cient deep learning for assembly
veri cation, this chapter instead discusses the key areas relevant to this thesis. We begin
by situating assembly veri cation within the broader context of visual quality control.
We then review general strategies for improving data e ciency in deep learning. Finally,
we provide a brief overview of methods for synthetic data generation.

2.1 Visual Quality Control

Visual quality control in production lines encompasses a broad range of use cases, each
with unique requirements and quality criteria [KCT20]. To contextualize our use case, we
consider applications along a spectrum based on how speci ¢ the failure cases are de ned,
as illustrated in Figure 2.1. At one end lies assembly veri cation, the focus of this thesis,
where the errors are clearly de ned, such as missing, misplaced, or incorrect components
(e.g., a wrong screw or missing battery). At the other end is anomaly detection, which
aims to identify unexpected patterns or events (e.g., foreign objects or damage). This
categorization helps clarify how di erent tasks place di erent demands on annotation,
supervision, and generalization capability.

2.1.1 Anomaly Detection

Anomaly detection aims to identify outliers during production, which often indicate
defects, missing components, foreign objects, or other unwanted occurrences [KD19;
Maz+20]. Because the goal is to detect any type of failure, it is infeasible to collect
a comprehensive dataset of all possible failure cases. As a result, anomaly detection
typically relies on large sets of unlabelled data, such as through semi-supervised and
self-supervised methods. These techniques learn what constitutes correct products and
operating conditions from the training distribution, even if the majority of images are

5
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Speci ¢ Failures Unknown Failures
| | | |
| | | |
Assembly Missing Defect Anomaly
Veri cation Component Detection Detection
Detection

Figure 2.1: Spectrum of visual quality control tasks categorized by the speci city of
failure cases. Tasks range from well-de ned issues such as those in assembly veri cation
to open-ended problems encountered in anomaly detection.

unlabelled [JB23; Tao+22; Maz+20]. Prominent approaches also include autoencoders
(AEs) [MTM22; UYY21; KB20], generative adversarial networks (GANs) [BEM21;
RMM20], and normalizing ows (NFs) [MTM22].

2.1.2 Defect Detection

Defect detection involves identifying speci ¢ surface or structural aws, such as scratches,
dents, cracks, holes, or soldering issues[Czi+20; Yan+20; JB23; Mig20]. In contrast
to anomaly detection, the types of defects are often prede ned, enabling the use of
supervised methods like object detection or segmentation [Hut+24; JB23; HWZ19;
Al+22; Maz+20]. Detection strategies range from multi-class classi cation of distinct
defect types to simpler binary classi cation distinguishing defective from non-defective
instances [HUt+24; Ben+21; Yan+19; SZ23]. Although the location of defects is generally
unconstrained, certain applications allow for the use of ROI-based classi cation due to
the xed positions of components. An example of this is the identi cation of soldering
defects on PCBs [Met+19; Mig20]. A key challenge in defect detection is the high cost
and e ort involved in producing detailed annotations. To address this, weakly-supervised
and semi-supervised methods are increasingly used, as they can learn from image-level
labels and large pools of unlabelled data respectively. Readily available public datasets
further help reduce dataset requirements. Additionally, data augmentation and synthetic
data generation are commonly applied to expand training diversity and improve model
generalization [JB23; Tao+22; Maz+20].

2.1.3 Assembly Veri cation

Assembly veri cation, the subject of this thesis, ensures that products meet both quality
standards and order speci cations. This typically includes verifying that all required
parts are present and conform to the customer's order in terms of visual properties such
as dimensions and surface nish [Hit+24; Sta+23]. A common example is the inspection
of PCBs to con rm correct placement of capacitors, resistors, and integrated circuits
(ICs) before soldering [Ara+24; Kur+20].

The majority of recent work relies on object detection, either directly, treating each
component variant as a separate class, or in two-stage methods, where a detector rst
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identi es broadly categorized parts and a second model performs ner classi cation.
Many industrial settings necessitate an object detection-based approach, such as in
domains like aerospace and automotive assembly for verifying fasteners (e.g., screws,
rivets, joints) [DLZ24; AAJ24; Zha+21b]. However, a prominent portion of use cases
involve constrained component layouts, where parts occupy xed or predictable locations.
In these settings, ROI-based classi cation o ers a more e cient alternative by applying
classi ers to prede ned regions rather than performing full detection. To our knowledge,
only Lim et al. [LKP19] apply this method, limited to highly structured PCBs and without
comparison to object detection methods. This thesis considers ROI-based classi cation in
a broader context, and compares it against standard object detection-based approaches.

Recent works in assembly veri cation are summarized in Table 2.1. Most approaches
employ transfer learning, typically starting with weights pretrained on ImageNet [Den+09],
and favour lightweight single-stage detectors like YOLO [TC23] and SSD [Liu+16] for
deployment e ciency. Backbone architectures such as MobileNet [How+17], E cientNet
[TL19], AlexNet [KSH12], and shallow custom CNNs are common due to hardware
constraints in deployments.

Ref. Detection Metric  Result

[Sha+24] YOLOv8s Accuracy 0.98

[OK19] ACF (AlexNet) Accuracy 0.9722
[Kur+20] Faster R-CNN (AlexNet) Accuracy 0.883 - 0.9994
[Maz+20] SSD (MobileNet) Accuracy 0.7763
[Liu+19] Mask R-CNN (ResNet-101) Accuracy 0.937
[Ara+24] Custom YOLO-like (MobileNet) AP 0.9997

Ref. Classi cation Metric  Result

[LKP19] Custom FCN + Custom Classi cation Accuracy 0.98

Ref. Detection Classi cation Metric  Result
[Zha+24b] Hough Transform ResNet-34 Accuracy 0.997
[Sta+23] YOLOv5s E cientNet AP 5 0.993 (wheels)

Accuracy 0.9872 (rims)

Table 2.1: Models used in recent literature for assembly veri cation

The datasets used in recent assembly veri cation research (Table 2.2) vary signi cantly

in size and scope, but most are custom-built and contain hundreds to thousands of
images. Only two works operate with notably small datasets: Liu et al. [Liu+19] use
just 64 training images, but compensate with densely populated scenes and pixel-level
segmentation masks. Aras et al. [Ara+24], in contrast, rely on only 27 original images,
but focus exclusively on a single class. As such, neither represents a general approach to
learning from limited, real-world data across multiple classes. Notably, all other datasets
with more than 10 classes include over one thousand training images, which highlights a
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lack of methods explicitly designed for low-data regimes. Additionally, the absence of
standardized benchmarks and inconsistencies in data formatting hinder reproducibility
and cross-study comparison. This thesis addresses these gaps by evaluating performance
under constrained data conditions and providing a direct comparison between object
detection and ROI-based classi cation approaches.

Ref. Classes Content Training Size Full Size Notes
[Sha+24] 3 Unnamed (base, spring, 268 338 balanced
piston, cap) dataset
[OK19] 2 Wall clock 320 356 balanced
dataset
[Kur+20] 3 ICson PCB 1,000 unknown
[Ara+24] 1 ICsonPCB 12,000 15,000 27 original
images
[LKP19] 14 SMCs 7,659 12,481
[Zha+24b] 22 Saw Chains 3,094 4,420
[Sta+23] 31 Car wheels 1,000 1,500
Wheel rim 2,100 3,300
Wheel bolts 400 600
[Maz+20] 6 Brake disc and calliper unknown 321
[Liu+19] 14 Computer chassis ports 64 80

Table 2.2: Datasets used in recent literature for assembly veri cation

2.2 Data-E cient Learning

In addition to task-speci ¢ strategies for structured inspection, various general-purpose
approaches have been developed to reduce the annotation demands of deep learning.
However, most of these are poorly suited to this use case, as described in this section
and veri ed in Section A.2.

2.2.1 Transfer Learning

A common approach is to ne-tune models pretrained on larger datasets. Even if the
source and target domains di er, this nevertheless often improves performance or at least
convergence speed [PG22]. TURTLE [GJB24] goes further by requiring no labels through
clustering of feature representations from a pretrained model using only the number of
target classes as input.

2.2.2 Meta-Learning

Meta-learning, or learning to learn, enables models to quickly adapt to new tasks
with minimal data by leveraging knowledge acquired from a variety of previous tasks
[Gha+24]. Context-Aware Meta-Learning (CAML) [Fif+24], for instance, reframes visual
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meta-learning as a sequence modelling task, allowing a xed pretrained feature extractor
to adapt to new visual tasks without ne-tuning.

2.2.3 Few-Shot Learning

Few-shot learning aims to train models that can generalize from just a few labelled
examples. Despite its theoretical appeal, few-shot learning is often outperformed by
simple supervised approaches, such as those examined in this thesis [NH19; Che+19].

2.2.4 Self-Supervised Learning

Self-supervised learning uses auxiliary tasks that require no human labels, such as
predicting masked regions [He+22] or distinguishing between augmented views of the
same image [Che+20]. While promising in reducing annotation e ort, these methods
typically require large and diverse datasets to learn meaningful representations. This
makes them ill-suited for our objective of distinguishing ne-grained, visually similar part
variants with limited data.

2.2.5 Weakly-Supervised Object Detection

Weakly-Supervised Object Detection (WSOD) involves training detectors using only
image-level labels, without the need for manual bounding boxes [Zha+21a]. Common
approaches include:

Multiple Instance Learning (MIL) [Car+18]: Treats each image as a bag of can-
didate regions (instances), and learns to identify which region is responsible for
the image-level label. This allows the model to localize objects without explicit
bounding boxes.

Class Activation Maps (CAM) [Sel+20]: Use the feature maps of trained classi ers
to highlight image regions most relevant to a given class. These heatmaps can be
re ned into pseudo-bounding boxes for object localization.

While e ective in some domains, WSOD appears ill-suited for structured assembly tasks
with tightly packed, small, or visually similar components, especially in comparison to
the high-quality pseudo bounding boxes that can be directly generated from known part
positions, as described in Section 5.1. WSOD could, however, be used to re ne these
pseudo annotations.

2.2.6 Semi-Supervised Detection

Semi-supervised detection uses a small set of labelled images in conjunction with a larger
pool of unlabelled ones. Pseudo-labels are generated on the unlabelled data to guide
further training. A common method is Mean Teacher [TV17], where a teacher model
produces predictions that a student model learns to match.
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In the context of lock assembly, this approach faces challenges. Small, tightly packed,
and visually similar components make reliable pseudo-labelling di cult, similar to the
challenges seen with WSOD. In patrticular, the high dataset imbalance means that
semi-supervised methods appear to o er limited bene t in this use case.

2.2.7 ROI-Based Classi cation

ROI-based classi cation reduces detection to a set of classi cation tasks over prede ned
image regions, making it well-suited for structured setups where part locations are xed
or predictable. This enables simpler models, faster training, and easier annotation, often
requiring only image-level labels. However, limited context and background variation
can lead to over tting and reduced generalization. It also lacks the spatial precision of
bounding box or segmentation-based methods. Despite its advantages in constrained
settings, ROI-based classi cation is rarely used in recent literature, with only two
examples: Lim et al. [LKP19] apply it to PCB component classi cation and Miguel
[Mig20] uses it for solder defect detection in electric toothbrushes. Critically, both of
these applications involve fully xed positions. This thesis, in contrast, applies ROI-based
classi cation to a more challenging scenario and additionally incorporates regression
tasks.

2.3 Synthetic Data Generation

Deep learning's success relies heavily on large, diverse datasets. In specialized tasks like
assembly veri cation, public datasets are rare, and collecting a custom dataset can be
time-consuming and expensive. Basic augmentation techniques (e.qg., rotation, mirroring,
color jitter) help increase diversity, but they fall short of replicating all real-world variation
[Nik21]. Synthetic dataset generation o ers a scalable alternative, enabling the creation

of balanced datasets with automatically generated, error-free labels [Son+24b; Wan+23].

Three main synthetic data generation approaches have emerged [Nik21]:

CGl-based generation uses 3D models and game engines to render synthetic images.
This o ers complete control over the composition and enables perfect automatic
labelling [Tan+21], but requires extensive setup and access to accurate object
models. Bridging the domain gap to real-world data also remains a key challenge
[Nik21]. This method is employed by Tang et al. [Tan+21], who use Unity3D to
generate images of a complex aero-engine and its components.

Generative methods, such as Variational Autoencoders (VAES), Generative Adversarial
Networks (GANSs), and di usion models learn to synthesize realistic images from
the dataset distribution. While these methods are e ective for common objects,
thanks to large-scale public datasets, they often struggle to generalize to niche
domains without su cient data. Li et al. [LXJ23] apply GANs to simulate PCB
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defects, while He et al. [He+23] as well as Yu and He [YH22] generate defect images
from scratch.

Compositing combines segmented parts with varied backgrounds to cheaply generate
new samples [Zha+24a]. This approach can be enhanced by hybridizing with CGI or
generative techniques [Son+24a]. Compositing is particularly e ective with limited
data, allowing for the creation of diverse con gurations and balanced datasets
with minimal initial e ort. Aras et al. [Ara+24] paste IC cutouts or blank green
rectangles onto PCB images.

Among the three approaches, compositing is the most practical for assembly veri cation.
It requires minimal setup and is well-suited to structured environments with consistent
part placement. CGl-based methods o er precise control and perfect labels, but require
time-consuming setup and are better suited for occlusion-heavy tasks or for generating
hard-to-obtain ground truths. Generative models demand substantial datasets in the
target domain and can struggle with the complex con guration and imbalanced datasets
found in assembly veri cation. While generating cropped components with limited data is
feasible, it is only useful if intra-class variance is high. Aras et al. [Ara+24] demonstrate
the potential of compositing with IC overlays on PCBs, though their approach remains
limited in both scope and sophistication. This thesis extends that idea with a more
targeted and robust compositing pipeline for lock assembly.

2.4 Summary

Current research in assembly veri cation largely focuses on object detection, with limited
exploration of data-e cient alternatives. ROI-based classi cation has shown potential
but remains under-explored, with only a handful of examples in the literature and
no comparison benchmark. Existing synthetic data methods also often rely on trivial
compositing strategies, such as those used by Aras et al. [Ara+24], which limit realism
and generalization.

This thesis addresses these gaps by:

Applying ROI-based classi cation to a more challenging, less constrained use case.

Introducing a pseudo-annotation approach based on the constrained component
positioning.

Improving upon the simplistic compositing strategies for synthetic data generation
to enhance applicability.

Providing a uni ed benchmark to systematically compare these approaches under
consistent conditions.

11
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Dataset

This chapter introduces the dataset used in this thesis. It was collected directly from
an electronic lock manufacturing line and re ects real-world conditions, including class
imbalance and product variability. We begin with the data acquisition setup, followed
by the preprocessing steps, and nally we detail the dataset composition, covering the
components and con gurations relevant to this study.

3.1 Data Acquisition

The images for this dataset were gathered from the electronic lock manufacturing line at
EVVA Sicherheitstechnologie GmbH in Vienna. This production line assembles electronic
locking systems, such as Airkey and Xesar, across 8 sequential stations. A camera
positioned above the conveyor belt automatically captures images of carriers holding the
lock body, thumbturns, and other components just before packaging. The majority of
the dataset was collected continuously during regular production, accurately re ecting
the real-world product composition. However, parts or variants that appeared very
infrequently were excluded if they had fewer than 15 instances or were supplemented
with additional hand-picked or manually captured production images. Additionally, a
large number of extra images were collected for thumbturns with missing screws, as this
important failure mode was not otherwise captured in the production data. While we
expect the ndings of this thesis to generalize to the excluded classes, their low real-world
sample count makes a reliable evaluation infeasible.

The images for the dataset were gathered using a webcam positioned at the second-to-last
station above the conveyor belt, thus seeing the almost fully assembled lock system just
before packaging. Whenever a carrier enters the station, a signal is sent to trigger the
webcam, which then captures an image. The full setup at the station is depicted in
Figure 3.1 with one of the raw collected images shown in Figure 3.2.
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