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Summary 

One of the most recurring quality issues faced in the seat assembly operations at Adient 

Torslanda is partially connected electrical connectors. Finding these flaws prior to shipment 

is crucial because they supply seats to Volvo Cars on a tight just-in-time basis. The problem 

is that the male and female terminals can still establish sufficient contact for electricity to 

flow even if the locking clip is not fully engaged. This means that the issue typically gets past 

routine electrical validation checks. Later, the continuous vibration during road transport 

frequently causes the connector to fully disengage, leaving seats that do not function correctly 

when they reach the customer. 

To address this issue, I developed an AI vision-based detection system that can identify these 

partially connected connectors — before they leave the factory. Because it is fast and ideal 

for real-time application in an industrial setting, I chose the YOLO (You Only Look Once) 

object detection architecture. When the connector housing is not entirely pressed together, 

a small but noticeable physical gap forms between its two housing halves, which the system 

is trained to detect. 

To build and train the model, I collected a custom dataset of 933 annotated images in a 
controlled laboratory environment at the Department of Engineering Science, University 
West, using seat assemblies and connector samples provided by Adient Torslanda. The 
images depict the connector in both fully connected and partially connected states, captured 
under varied lighting conditions, camera angles, and distances. I then used this dataset to 
train a YOLOv11n model using transfer learning and an iterative active-learning procedure 
across three training runs, thoroughly validated it, and assessed its performance. 
 
The model I trained achieved an mAP@50 of 99.5%, a Precision score of 99.87%, a Recall 
score of 100%, and a 100% accuracy rate for each image in the 184-validation sample. The 
algorithm is designed to analyze five frames consecutively for each connector inspection 
process, taking less than 135 milliseconds to determine a Pass/Fail verdict – well within the 
30 seconds production cycle. Real-time detection tests in the laboratory setting have proven 
that the algorithm functions as intended during live inference operations. 
 
Ultimately, under controlled laboratory settings, our research yielded a technically promising 
prototype for identifying partially connected connectors; complete production-line 
validation is still the immediate next step. The results demonstrate that AI-based visual 
inspection can reliably detect a mechanical assembly defect that is completely invisible to 
standard electrical continuity testing. Full production-line integration and validation under 
real operating conditions are identified as the immediate next steps. 
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Symbols and glossary 

AI  Artificial Intelligence, the branch of computer science that makes it possi-
 ble for machines to carry out activities like picture recognition and classifica-
 tion that often require human intelligence. 

 
CNN Convolutional Neural Network, a class of deep learning model designed to 
 handle grid-like input such as photographs, utilizing convolutional layers to 
 extract spatial information hierarchically. 
 
CSP Cross-Stage Partial, a network connection approach utilized in the 
 YOLOv11 backbone that splits feature maps across stages to eliminate unnec-
 essary gradient computation while retaining representational capacity. 
 
FN False Negative, a detection scenario where a bad connector (partially con-
 nected) is falsely identified as non-defective (completely connected), or not 
 detected at all. 
 
FP False Positive, a detecting instance when a non-defective connector (com-
 pletely attached) is falsely identified as defective. 
 
TP True Positive, a detection scenario in which a partially connected bad 

connector is accurately recognized and categorized as defective. 
 
TN True Negative, a detection scenario in which when a completely attached 

connector is accurately determined to be non-defective. 
 
GFLOPs Giga Floating Point Operations, an indicator of the computational com-
 plexity of a neural network that shows how many floating point operations (in 
 billions) are needed for each forward pass through the model. 
 
IoU Intersection over Union, a metric used to establish accuracy thresholds in 
 object identification evaluation that quantifies the extent of overlap between a 
 predicted bounding box and the ground-truth bounding box. 
 
mAP Mean Average Precision, the main measure of object detection accuracy,    
 which is calculated as the average precision values for all classes at a certain 
 IoU threshold. 
 
mAP@50 Mean Average Precision at IoU threshold 0.50, a predicted bounding box 
 must overlap the ground truth by at least 50% in order to be considered a 
 correct detection, according to the main performance metric utilized in this 
 thesis. 
 



 

 ix 

mAP@50-95 Mean Average Precision averaged over IoU thresholds from 0.50 to 0.95 
in steps of 0.05, a more stringent localization metric than mAP@50 that 
penalizes inaccurate bounding box predictions. 

 
JIT Just-in-Time, a manufacturing approach that minimizes inventory by 

delivering and assembling parts only as needed. 
 
MES Manufacturing Execution System, a production management system that 

links production data to higher-level business systems in real time and is used 
on factory floors to track, monitor, and control manufacturing operations. 

 
PAN-FPN Path Aggregation Network — Feature Pyramid Network, YOLOv11's 

neck design, which blends top-down and bottom-up feature aggregation 
channels, allows the model to use both high-level semantic context and fine 
spatial information to recognize objects at many scales. 

 
YOLO You Only Look Once, a series of real-time single-stage object detection 

frameworks that are ideal for high-speed industrial inspection since they 
complete object localization and classification in a single forward run over the 
network. 

 
YOLOv11n YOLOv11 nano, the YOLOv11 architecture's smallest and lightest version 

was chosen for this thesis due to its quick inference speed and compact 
parameter count (2.58 million parameters, 6.3 GFLOPs), which reduce the 
danger of overfitting on small datasets while allowing real-time deployment. 
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1 Introduction 

In modern industrial manufacturing, it requires extremely high precision and almost 
zero-defect rates, especially in safety-critical electrical and electronic assemblies. 
Verifying that all parts, particularly electrical connectors, are correctly and completely 
assembled is one of the main difficulties in these systems. In addition to raising 
maintenance costs and posing major safety risks, a partially connected connector can 
result in system malfunctions. Consequently, dependable connector assembly 
inspection has emerged as a crucial prerequisite for contemporary production lines 

[4],[6]. 

Quality inspection is still largely dependent on manual techniques or traditional rule-
based machine vision systems in many industrial settings. While traditional vision 
systems frequently struggle with changes in lighting, part orientation, and complex 
backgrounds, manual inspection is not only time-consuming but also prone to human 
error. The reliability of defect detection is greatly diminished by these limitations, 
particularly when the visual distinctions between a correctly assembled connector and 

a partially connected one are extremely subtle [5],[11]. 

Because a partially connected connector – specifically the seat height adjustment 
connector studied in the thesis can resemble a fully seated one, it can be particularly 
difficult to identify. Traditional electrical testing is useless because the connector may 
still provide electrical continuity in many situations. However, there is typically a tiny 
physical gap or misalignment that can only be accurately detected using sophisticated 
image-based methods. Intelligent systems that can recognize intricate visual patterns are 

needed to detect such subtle flaws [7],[9]. 

The capabilities of automated inspection systems have been significantly improved by 
recent developments in Artificial Intelligence (AI), especially deep learning and 
computer vision. In complex industrial environments, object detection models such as 
YOLO (You Only Look Once) have demonstrated exceptional accuracy and real-time 
performance [1],[2]. YOLO models are ideal for high-speed production lines where 

accuracy and speed are crucial because they process images in a single forward pass. 

Modern implementations of the YOLO framework, like Ultralytics YOLO, offer 
enhanced accuracy, better scalability, and simpler deployment [3]. These models have 
been successfully used in a number of industrial tasks, such as assembly verification, 
quality inspection, and defect detection [4],[10]. They are a promising solution for 
identifying partially connected connectors due to their strong ability to detect small 
features under different conditions. 

However, there are still a number of difficulties. These include the requirement to 
guarantee reliable performance under actual production circumstances, the lack of 
labelled datasets for certain industrial components, and the challenge of precisely 
identifying minuscule gaps or misalignments. Thus, choosing the right model 
architecture and training approach is crucial to getting the best outcomes [12],[14]. 
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In order to address these problems, this thesis creates an AI-powered vision system that 
uses YOLO-based object identification models to identify electrical connectors that are 
partially connected. By offering an effective, precise, and scalable method of checking 
connection assembly, the study aims to close the gap between traditional manual 
inspection techniques and contemporary AI-driven solutions. 

1.1 Motivation 

This idea is driven by a serious quality problem that is frequently seen in contemporary 
industrial manufacturing. One significant kind of assembly error that can lead to 
functional failures, increased warranty costs, and decreased customer satisfaction is 
partially connected connectors. Therefore, effectively removing these flaws can 
significantly improve production quality and overall product reliability [4],[6]. The issue 
is mainly mechanical in nature. A precise axial force is needed to fully engage the locking 
mechanism that electrical connectors rely on. The connector stays partially engaged 
when insufficient force is used during assembly. There is a tiny physical space between 
the two halves, usually only a few millimetres, even though it may initially appear to be 
correctly built. In theory, sophisticated vision-based inspection systems can identify this 
gap, which is physically present [7],[9]. 

Electrical continuity testing is the primary method used in current quality control 
procedures. However, since electrical contact can still be maintained in both situations, 
this method is unable to differentiate between a fully locked connector and a partially 
connected one. As a result, faulty assemblies could pass inspection yet later malfunction 
when in use. The need for more intelligent and adaptable inspection methods is further 
highlighted by the fact that traditional inspection systems frequently lack the sensitivity 
required to identify such minute physical differences [5],[11]. Recent advancements in 
deep learning and artificial intelligence (AI) have made it feasible to create vision-based 
systems that are very accurate at identifying intricate patterns and minute flaws. YOLO-
based object detection models, in example, have demonstrated outstanding 
performance in real-time industrial inspection applications [1],[2]. Modern 
implementations, like Ultralytics YOLO, are ideal for incorporation into production 
lines because they significantly enhance detection accuracy and deployment simplicity 
[3]. 

It is possible to use a vision-based detection system as an inline inspection solution 
without significantly altering the current assembly procedure. This makes it a scalable 
and practical solution to the drawbacks of conventional inspection techniques. 
Furthermore, the application of AI-driven quality inspection contributes to the larger 
transition to Industry 4.0, where intelligent systems improve production automation, 
efficiency, and reliability [10],[16],[17]. 

Thus, this research is motivated by the long-term goal of developing intelligent quality 
assurance systems in industrial settings as well as the pressing need to lower defect rates 
and warranty costs. 
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1.2 Aim 

Developing an AI-based vision system that can identify partially connected electrical 
connectors in industrial settings is the goal of this thesis. In order to enhance quality 
inspection procedures in manufacturing environments, such as automobile assembly 
production lines, the system concentrates on finding tiny physical gaps that point to 
incorrect connections. To achieve this, the following objectives have been set: 

1.2.1 Objectives of the Study 

The following goals are established in order to accomplish the ultimate goal: 
 

1. To examine if YOLO-based object detection models are appropriate 
for using their real-time detection capabilities to identify tiny visual gaps 
in partially connected connectors [1-3]. 

2. To gather and annotate a dataset of electrical connectors under 
controlled laboratory conditions, both completely and partially 
connected. 

3. To use common metrics like accuracy, precision, recall, and inference 
speed to train, validate, and assess the YOLO-based model's 
performance [4],[10]. 

4. To evaluate the viability of implementing the suggested technology in 
an industrial production setting and offer suggestions for widespread 
adoption. 

A working detection system for at least one kind of electrical connector is the 
anticipated result of this thesis. The findings should show how automated quality 
inspection procedures in industrial manufacturing settings can be improved by AI-
based vision systems [6],[16]. 

 

1.3 Research Question 

This thesis addresses the following research topics in light of the problem description 
and the previously established objectives:  
 

1. The ability to detect  
 
In real-world manufacturing settings, can a YOLO-based vision system 
reliably identify partially connected electrical connectors?  
 

2. Requirements for Image Acquisition  
 
In order to consistently capture the tiny visual space between the connector 
components, what are the ideal picture acquisition characteristics, such as 
camera position, resolution, and illumination?  
 

3. Optimisation of Model Performance  
 
Which YOLO model variation and training setup offers the optimum balance 
between quick real-time inference performance and high detection accuracy?  
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4. The viability of industry  
 
Is it theoretically and practically possible to implement the suggested AI-based 
detection system in a real industrial production setting? 

1.4 Contributions 

The main contributions of this thesis are as follows: 

1. Industrial Dataset:  
A annotated image dataset of electrical connectors under controlled laboratory 
conditions at University West, both completely and partially connected.  
 

2.  YOLO-based Detection Model:  
Precision, recall, mean average precision (mAP), inference latency, and other 
comprehensive performance metrics are provided, along with a trained and well 
tested YOLO model that can identify partially connected connectors in real 
time.  
 

3. Feasibility Assessment:  
A methodical assessment of the practical and technological requirements for 
implementing an AI-based vision system in an industrial production setting, 
including system integration and camera configuration.  
 

4. Implementation Recommendations:  
Practical suggestions for the full-scale implementation of the suggested 
detection system, derived from the study's analysis and testing findings. 

1.5 Scope and limitations 

This thesis focuses on a particular kind of electrical connector that was chosen because 
of its high importance and comparatively often occurrence of defects in industrial 
assembly environments. The creation and assessment of an AI-based vision system for 
identifying partially connected connectors is the main focus of the project. The 
following aspects are included within the scope of this work: 
 

1. A picture dataset is gathered, annotated, and enhanced for the chosen 
connection. 

2. YOLO-based object detection model training and performance assessment. 
3. Examining the best illumination and camera placement to guarantee accurate 

identification of the little physical gap. 
4. Evaluation of the suggested system's technical and practical viability for 

implementation in an actual production setting. 
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The following topics are recommended as potential candidates for further investigation 
but are outside the purview of this thesis: 
 

1. Expanding the strategy to include more intricate assemblies and more 
connector types. 

2. Complete system integration with current industrial platforms, automation 
systems & Manufacturing Execution Systems (MES). 

3. System testing and validation over an extended period of time in real-world 
production settings. 

1.6 Thesis Structure 

The rest of this thesis is structured as follows: 

The theoretical background will be presented in Chapter 2. This chapter will cover 

topics such as an introduction to the YOLO family of object detection algorithms, the 

characteristics of partially connected connector problems, the application of computer 

vision in quality control in manufacturing, and the basics of electrical connectors 

assembly. 

All of these components, the experimental setup, data collection and labelling process, 

training parameters of the models, and evaluation methods are discussed extensively in 

Chapter 3's description of the research methodology. 

The whole practical implementation, including the experimental setup, dataset creation, 

iterative training process, and evaluation technique, is shown in Chapter 4. 

Besides offering an objective evaluation of the detection system's performance, Chapter 

5 includes the results of the experiments conducted, and a detailed discussion of the 

findings. 

Chapter 6 concludes the thesis, presenting the key outcomes of the research work, and 

suggesting future directions for study. 

The list of references cited in the thesis is provided in Chapter 7. 
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2 Related Work (Background) 

The theoretical background and review of earlier research on the detection of partially 
connected electrical connectors are provided in this chapter. The chapter discusses the 
application of object detection algorithms such as YOLO in industry, the evolution of 
artificial intelligence-based vision systems, and conventional testing approaches. This 
chapter will set a strong base for the proposed work by reviewing relevant literature and 
highlighting deficiencies in current approaches. 

2.1 Electrical Connector Assembly and Defects 

To successfully convey the electric power and electrical signals from one sub-system to 
another, connectors play an indispensable role in present-day industries. Clamps and 
other engagement devices can be employed to connect connectors in vehicle 
engineering or manufacturing industry; however, wrong assembly of connectors could 
make the connectors only partly connected; that means there will be partial locking of 
the connectors. Such defects could cause intermittent failure and pose safety risks and 
would not be easily detected at once. Studies have revealed that performance and 
durability can be highly affected by small misalignment of the connecting elements 
[6],[9]. 

2.1.1 Partially Connected Connector Defect 

The most common flaw in the shipping defect pare-to at the Adient Torslanda factory 
is the partially connected connector [4]. Because electrical continuity between the male 
and female terminals is still maintained in a partially connected state, the fault is very 
challenging to identify. As a result, the damaged seat can be transported to Volvo Cars 
after passing standard electrical validation tests conducted prior to shipment.  
Vibration causes the partially connected connector to fully disengage during transporta-
tion from the Adient plant to the Volvo assembly line, completely eliminating the elec-
trical function. After that, the flaw appears on the Volvo production line or, in certain 
situations, ends up as a warranty failure for the final consumer [4]. 
The distinction between a fully connected connector—where the locking clip is fully 
engaged and there is no visible gap—and a partially connected connector—where the 
locking clip has not engaged and there is a tiny gap between the housing halves—as 
shown in Figure 2.1 and Figure 2.2. 
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Figure 2.1 –Fully Connected Connector                    Figure 2.2 – Partially Connected Connector 

2.2 Challenges in Detecting Partially Connected Connectors 

There are many technological difficulties in identifying partially connected connectors. 
The small apparent difference between perfectly constructed and faulty connectors is 
one of the main challenges. The space between connector halves is frequently quite 
small, making it challenging to find using conventional inspection methods. The 
identification procedure is further complicated by differences in backdrop complexity, 
camera angles, and lighting conditions. Another significant drawback is the inability of 
traditional electrical testing techniques to accurately detect partially connected states 
since electrical continuity may still be maintained [5],[11]. Furthermore, training strong 
machine learning models is challenging due to the absence of big, labelled datasets for 
such specialized industrial faults. These difficulties emphasize the necessity for 
sophisticated vision-based systems that can recognize fine-grained details and adjust to 
changing environmental circumstances. 

2.3 Connector And Electronic Component Defect Detection 

Numerous academics have examined the identification of flaws in electrical connectors 
and electronic components, and deep learning techniques have become more popular 
in recent years [12],[16]. The most pertinent earlier research is reviewed in this section, 
along with how each study connects to the current thesis. 

2.3.1 YOLO-Based Connector Inspection 

One of the first machine vision systems designed especially for electrical connector 
inspection was proposed by Wu et al. [4]. Their technology was created to identify mis-
alignment and assembly flaws in connections on a production line. It is based on an 
enhanced YOLOv3 architecture. Although the system was designed for a fixed camera 
configuration and a restricted range of connector types, which limits its generalisability 
to different industrial situations, the scientists found high detection accuracy on their 
dataset. The study demonstrated that YOLO-based detection is practical for connector 
inspection, but it also brought attention to the need for more reliable models that can 
manage different illumination and connector topologies. This restriction is directly 
addressed in the current thesis by using YOLOv11 with data augmentation. 
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PO-YOLOv5, a modified version of YOLOv5 intended for solenoid connector defect 
detection, was created by Liu et al. [5]. To shorten inference times without sacrificing 
accuracy, their model implemented a pruning optimisation technique. The study 
showed that YOLO variants with comparatively little datasets can be effectively tai-
lored for particular connector failure types. Nevertheless, the solution did not address 
the particular problem of partially engaged locking mechanisms—the same flaw exam-
ined in this work—and was only tested on one type of connector. Nevertheless, their 
results validate the use of a YOLO-based architecture and guide the data augmenta-
tion approach used in this thesis. 

2.3.2 Deep Learning for Connector Detection in Robotics 

In the context of automotive wire harness robotic assembly, Wang and Johansson [2] 
looked into deep learning methods for electrical connector detection. Their work is 
particularly relevant as it shares the same industrial domain — automotive wire har-
ness manufacturing — as the present study. Convolutional neural networks (CNNs) 
can accurately locate connector locations in intricate assembly situations, as the authors 
showed. Nevertheless, the study did not address partially connected states and instead 
concentrated on connector detection for robot steering rather than fault classification. 
By expanding detection capability to incorporate defect categorization of in-complete 
engagement, the current thesis immediately fills this gap. 

2.3.3 Micro-Detector and Fine-grained Defect Detection 

A dual-branch feature extraction network that targets fine-grained visual distinctions 
between normal and faulty connector states was proposed by Zhao et al. [11] for the 
purpose of identifying faults in micro-electrical connectors. Their approach achieved 
great accuracy on minor connector flaws by using parallel branches to collect both local 
and global information. Although their findings are encouraging, the model was 
computationally demanding and was not tested for real-time production line deploy-
ment. In order to overcome this limitation, the current thesis chooses YOLOv11, which 
has comparable detection capacity with substantially less parameters [17], making it 
more appropriate for real-time industrial deployment. 

2.4 Visual Inspection in Manufacturing & Automotive Industry 

A larger corpus of research has looked at AI-based visual inspection in manufacturing 
and automotive production settings, going beyond connector-specific investigations. 
For the current work, these parallel domain investigations offer crucial theoretical 
support and practical insight. 

2.4.1 Electronic Board and Component Inspection 

For automated visual inspection of electronic printed circuit boards (PCBs), Pico et al. 
[8] created a deep learning model that targets component misplacement and solder joint 
flaws. Similar to the tiny gap that characterises a partially connected connector, their 
technology showed that CNN-based detectors can recognise minute visual variations 
in electronic components. The transfer learning approach used in this thesis was 
influenced by the study's discovery that transfer learning from huge image datasets 
greatly decreased the requirement for domain-specific training data. Nevertheless, the 
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system was not tested under the time limitations of a moving manufacturing line 
because it was intended for static PCB inspection.  

2.4.2 Automotive Quality Control 

In an automotive production facility, Sun et al. [9] used machine vision and CNN-based 
classification for car seat backrest quality control. Their study is relevant because it 
shows how AI vision systems can be used in an automotive assembly setting that is 
comparable to the Adient Torslanda factory that is the subject of this thesis[9],[10]. In 
identifying assembly flaws, the authors found that machine vision systems performed 
noticeably better than manual inspection, bolstering the argument for an AI-based 
strategy. But instead of focusing on the fine-grained locking mechanism gaps this the-
sis examines, their system addressed coarse-level faults. 
A hybrid quality inspection system for automotive production lines that combines semi-
supervised item identification with human-in-the-loop validation was proposed by 
Llorca et al. [13]. Given the specialist nature of partially connected connection flaws, 
their study especially addressed the problem of insufficient labelled training data, which 
is a constraint also present in the current work. In relation to the dataset construction 
methods outlined in Chapter 3, the semi-supervised approach showed that satisfactory 
detection performance may be attained with less annotated samples. However, a major 
drawback of their methodology is a reliance on human validation during runtime, which 
the current system circumvents by aiming for entirely automated detection. 

2.4.3 Assembly State Verification of Small Components 

Tao et al. [15] used contrastive learning and transfer learning to solve the issue of con-
firming the assembly state of tiny components. Their method classified assembly cor-
rectness by comparing target component images to reference images; this task is con-
ceptually analogous to differentiating between fully connected and partially connected 
connections. The contrastive method worked well for subtle state differences, but it is 
not feasible in a high-throughput production setting since it required paired reference 
images at inference time. By structuring the problem as a direct object detection job 
using YOLOv11, which works on individual photos without reference comparison, the 
current thesis circumvents this constraint. 

2.5 Traditional Inspection Methods and Their Limitations 

Electrical continuity testing and human inspection were the main methods used for 
industrial connector inspection before AI-based vision technologies were used. After 
assembly, manual inspection entails human workers visually inspecting every connect-
or. This strategy is susceptible to operator fatigue, inconsistency, and human mistake, 
especially for high-volume manufacturing lines, despite being adaptable and inexpen-
sive to deploy [6]. Although rule-based machine vision systems that use preset picture 
thresholds are more repeatable, they are not flexible enough to deal with changes in 
backdrop complexity, connector orientation, and lighting [12]. 
The approach currently used at the Adient Torslanda facility, electrical continuity test-
ing, is the most significant constraint pertinent to this thesis. Electrical continuity can 
be preserved even when a connection is only partially engaged because the male and 
female terminals stay in touch even while the locking mechanism is not fully engaged, 
as Wu et al. [4] observed and this study's industrial setting confirms. As a result, a par-
tially connected connector can pass all electrical validation tests and only fully disengage 
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owing to vibration during transit, which would violate the customer's guarantee. The 
necessity for a vision-based detection method stems from this basic restriction of elec-
trical testing. 

A systematic comparison of the primary inspection techniques assessed for the Adient 

connector fault detection challenge is shown in Table 2.1. 

Method 
How It 

Works 
Advantages Limitations Gap Detection 

Manual Inspection 

Human 
operator 

visually 

checks each 

connector 

Flexible, low 

setup cost 
Fatigue, human 

error, slow 
No — unreliable 

Electrical 

Continuity Test 

Tests if 

electrical 

current 

passes 

through 

Simple, widely 

used 

Cannot detect 

partial 

engagement [4] 

No — not 

possible 

Rule-based Vision 

Predefined 

image 

thresholds 

and 
filters 

Fast, 

repeatable 

Fails with 

lighting/ 

orientation 

changes [6] 

No — not robust 

Force/Torque 

Sensing 

Measures 

assembly 

insertion 

force 

Detects wrong 

insertion force 
Hardware 

changes needed 
Partial only 

AI Vision — CNN 

Neural 

network 

classifies 

images 

Learns from 

data, adaptable 

[12] 

Needs large 

labelled 

dataset 
Yes 

AI Vision — 

YOLO 

Real-time 

one-stage 

object 

detection 

Fast, 

accurate, real-

time [1],[7] 

Needs 

annotated data 
Yes — best 

option 

                           Table 2.1 — Comparison of connector inspection methods 

2.6 Object Detection Methods 

Object detection is a computer vision problem that produces bounding boxes with 
corresponding class names and confidence ratings while concurrently locating and 
classifying items inside an image. The ability to locate the connector region and 
categorise it as fully or partially connected is essential for the connector defect detection 
task [1]. 
One-stage and two-stage detectors are the two main types of object detection designs. 
R-CNN, Fast R-CNN, and Faster R-CNN are examples of two-stage detectors that 
achieve high accuracy at the expense of inference time by first generating region pro-
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posals and then classifying each proposal. One-stage detectors, such as SSD and the 
YOLO family, are much faster and more appropriate for real-time production-line 
deployment since they complete detection in a single forward pass [7]. The primary 
detection techniques taken into consideration for this thesis are summarised in Table 
2.2. 
 

Method Type Speed Accuracy Real-Time Suitable? 

R-CNN Two-stage Slow High No 

Fast R-CNN Two-stage Moderate High Partial — limited 

Faster R-CNN Two-stage Moderate Very High Partial — limited 

SSD One-stage Fast Moderate Yes 

YOLOv8 One-stage  Fast High Yes [3] 

YOLOv11 One-stage Fast High Yes — fewer params [17] 

                                Table 2.2 — Comparison of object detection methods 

One-stage detectors provide the best speed and accuracy for real-time inspection, as 
Table 2.2 demonstrates. As demonstrated by Wu et al. [4], Liu et al. [5], and Hussain 
[7], the YOLO family has been most extensively used in industrial defect detection 
applications, making it an obvious choice for this thesis. 

2.7 YOLO Architecture and YOLOv11 

An object detection system called You Only Look Once (YOLO) that employs a 
convolutional neural network to perform analysis on the full image at once is an 
example of a real-time object detection method. As part of the YOLO system, the input 
image is partitioned into a grid of cells, where predictions are made on the bounding 
box coordinates, confidence score, and class probability for each individual cell, as 
opposed to two-stage object detection models, which initially generate region proposals 
followed by classification of those regions. YOLO is especially ideal for real-time use 
in industry due to its unified approach to detection [7]. 
The YOLO family has evolved continuously since Redmon et al. introduced it in 2016. 
With its simplified PyTorch-based implementation, YOLOv5 gained widespread use in 
industrial settings. By using extended efficient layer aggregation networks, YOLOv7 
increased accuracy. Transfer learning approaches have further improved YOLO 
efficiency by enabling strong detection performance even with small custom datasets 
[14]. YOLOv8, created by Ultralytics, achieved excellent results in a variety of detection 
tasks by introducing an anchor-free detection head and an enhanced backbone 
architecture [3]. 
The latest version, YOLOv11, which Ultralytics released in 2024, has a number of ar-
chitectural enhancements over earlier iterations. It has an updated SPPF spatial pool-
ing module for multi-scale feature extraction, an improved C2PSA attention module 
that aids the model in focusing on spatially relevant regions, and an improved C3k2 
backbone block that lowers the number of parameters without sacrificing representa-
tional capacity [17]. YOLOv11 is especially suitable for deployment in resource-
constrained production situations since it achieves real-time inference with fewer 
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parameters than YOLOv8, as Table 2.2 demonstrates. YOLOv11 is used as the 
detection model in this thesis for these reasons. 

2.8 AI-Based Visual Inspection Pipeline 

In industrial settings, contemporary AI-based inspection systems usually use a struc-
tured pipeline to convert unprocessed camera images into useful defect categories. To 
contextualise the strategy used in this thesis and set it apart from the conventional 
techniques covered in Section 2.5, it is crucial to comprehend this pipeline. 
The pipeline starts with image acquisition, as shown in Figure 2.3, where a camera takes 
a picture of the connector that is being examined. After that, the image goes through a 
preprocessing step where it is normalised to standardise pixel values, enlarged to the 
model's needed input resolution, and optionally supplemented to increase the resilience 
of the model. The deep learning model, in this case YOLOv11, receives the 
preprocessed image and uses its convolutional backbone to extract features and 
generate detection outputs in a single forward pass. A categorisation result reflecting 
the connector state—fully attached, partially connected, or disconnected—is the final 
output. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2.3 AI-Based Inspection showing the stages from image input through preprocessing and 

YOLO v11 model to final connector state classification 

The bounding box, a rectangular area that locates the identified object within the im-

age together with a class name and a confidence score reflecting the model's certainty, 

is a crucial output of the YOLO detection model. The use of bounding box detection 

to electrical connector inspection is shown in Figure 2.4. A bounding box with a col-

our code—purple for fully connected, green for partially connected, encloses each de-

tected connector. The essential capacity needed for the Adient Torslanda inspection 

task is made possible by this visual representation, which enables the system to accu-

rately detect the connector region and simultaneously classify its engagement state. 

Input Image  
(Camera Capture) 

Image Preprocessing 

(Camera Capture) 
Resize-Normalize-Augment  

YOLO v11 Model 
(Deep Learning) 

Feature Extraction & 
Bounding Box Prediction  

Classification Output 

  Fully Connected  

  Partially Connected 

  Disconnected 
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Figure 2.4: The YOLOv11 detection model was trained using annotated connector images that 

provide bounding box labels for fully connected (left) and partially connected (right) states. 

This pipeline has a number of advantages over the conventional techniques discussed 

in Section 2.5. It functions in real time, doesn't require physical contact with the con-

nector, and—most importantly—is able to recognize the slight visual gap that indicates 

a partially connected condition, which electrical continuity testing is unable to detect 

[4]. 

2.9 Summary and Research Gap 

The relevant literature in a number of areas that support the suggested system has been 
reviewed in this chapter, including electrical connector assembly and defect character-
istics, difficulties in detecting partial connections, deep learning-based object detection 
techniques, AI visual inspection in automotive and industrial settings, and the draw-
backs of conventional inspection techniques. 
A recurring pattern in previous research is revealed by the review. The specific issue of 
identifying partially connected locking mechanisms in automotive wire harness con-
nectors under actual production conditions has not been directly addressed by any 
previous work, despite the fact that deep learning models, especially YOLO-based 
architectures, have shown strong performance in general connector detection and 
broader industrial inspection tasks [4],[5],[8],[9]. While operating in the same industrial 
environment, studies like Wang and Johansson [2] concentrated on connection 
localization for robotic navigation instead of defect classification. Although fine-
grained defect identification was accomplished by works like Zhao et al. [11], they were 
not tested on locking-clip connector types and were computationally too demanding 
for real-time deployment. 
Furthermore, since electrical contact between terminals is maintained even when the 
locking mechanism has not fully engaged, the most significant limitation found in this 
review is the inability of electrical continuity testing, the current method used at the 
Adient Torslanda facility, to detect partially connected connectors [4]. As a result, there 
is a direct industrial demand that cannot be supplied by current techniques. 

In order to close this gap, the current thesis creates a vision inspection system based on 

YOLOv11 that is trained on a unique dataset of automotive wire harness connectors 

gathered in the University laboratory setup using seat assemblies from Adient. The 

limitations mentioned in this chapter are immediately addressed by the system's real-
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time detection of the fine-grained visual difference between fully and partially linked 

states. Chapter 3 outlines the process for accomplishing this. 
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3 Methodology 

The research approach utilized to create and assess the AI-based connector defect 
detection system is covered in this chapter. Section 3.1 discusses the overall research 
design; Section 3.2 discusses the end-to-end system workflow; Section 3.3 discusses the 
data collection strategy; Section 3.4 discusses the image annotation procedure; Section 
3.5 discusses dataset preparation and splitting; Section 3.6 discusses the model 
architecture selection; Section 3.7 discusses the training configuration; and Section 3.8 
discusses the evaluation plan. 
 

3.1 Research Design 

The study adopts a quantitative experimental research methodology. The aim is to 
create and test a deep learning vision system that can detect partially connected electrical 
connectors based on their visual differentiation between being fully connected and 
partially connected. The process includes six steps that must be completed sequentially: 
(1) conducting the experiment and collecting image data; (2) annotating the image data; 
(3) preparing and splitting the data set; (4) training the model based on transfer learning; 
(5) improving the model iteratively; and (6) evaluating the model quantitatively. All six 
steps have been successfully achieved through the use of the final image data set 
comprising 933 images. 

3.2 System Workflow 

Figure 3.1 depicts the system's whole process, from picture capture to trained model 
export. There are five steps in the workflow that are carried out one after the other. 

 Stage 1 — Image Capture 

Photos taken from multiple angles and distances in the lab 
 

▼ 

Stage 2 — Annotation (makesense) 

Bounding boxes drawn → YOLO-format .txt label files saved 
 

▼ 

Stage 3 — Dataset Preparation 

80/20 train-val split applied → data.yaml config created 
 

▼ 

   Stage 4 — Model Training (Colab) 

YOLOv11n fine-tuned on connector dataset for 100 epochs 
 

▼ 
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Stage 5 — Evaluation & Export 
Confusion matrix and predictions reviewed → best.pt saved 

Figure 3.1 – End-to-end system workflow for connector defect detection 

3.3 Data Collection 

Since there isn't a public benchmark dataset for this particular defect category, a new 
dataset was created. For the length of the practical work, the real seat assembly was put 
in a specialized laboratory at University West's Department of Engineering Science, 
where all photos were taken. In a way that would not have been conceivable on a live 
production line, this controlled environment allowed for the systematic variation of the 
imaging parameters, including lighting, camera angle, and distance [4],[6]. 
Both fully connected and partially connected connector states were represented in the 
933 photos that were gathered. Three different lighting settings were used to take the 
pictures: low or no lighting to imitate shaded production locations; slanted directing 
side lighting to highlight the physical gap; and overhead ambient laboratory lighting. 
Frontal, left lateral tilt, right lateral tilt, and overhead descending views were the several 
camera angles that were used. Close-up, mid-range, and a longer stand-off distance were 
the three camera-to-connector distances that were employed. In order to increase the 
diversity of the dataset, both still photos and brief video recordings were taken. 
Individual frames from the recordings were then combined with the still photos. All 
933 of the photos that were gathered were kept and added to the dataset. 

3.4 Image Annotation 

The Makesense online annotation tool (makesense.ai) was used to manually annotate 
each image. In each image, a single bounding box was drawn around the connector 
body, encasing the locking mechanism and, if present, the visible space between the 
housing halves. Annotations with the following content were stored in YOLO format 
as plain-text.txt files, one file per image: 
 

 Class index: 0 for partially_connected (locking clip not fully engaged); 

1 for fully_connected (locking clip fully seated). 

 Normalised bounding box center coordinates x and y (relative to image 
dimensions). 

 Normalised bounding box width and height. 
 
To reduce label noise, the same annotator consistently tagged all 933 photos [5],[13]. 
933 matching image-label pairings with no missing annotation files were confirmed to 
be present in the collection. 

3.5 Data Preparation and Split 

Path problems that may occur while training were prevented by doing a programmatic 
name change to the file name by replacing spaces with underscores and removing any 
uncommon characters in the file names before splitting. To create consistency, the 
dataset was split into training and validation datasets with an 80/20 proportion and 
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with the same random seed value of 42, which yielded a split of 187 images for 
validation and 746 images for the training datasets initially. 
Then three wrongly labeled images were successively moved from the validation folder 
to the training folder using the iteration training process explained in Section 3.7. A 
split of 749 images for training and 184 images for validation was finally obtained. The 
dataset directory directories, number of classes (nc: 2), and class names 
('partially_connected', 'fully_connected') were given in the configuration file data.yaml 
of the Ultralytics training framework. For each training process, the dataset files were 
stored in Google Drive and accessible through Google Colab [14]. 

3.6 Model Architecture Selection 

For this thesis, the YOLOv11 nano version (yolo11n) was chosen as the detection 
model. YOLOv11, a single-stage object detector created by Ultralytics, is naturally 
quick and ideal for real-time industrial deployment since it completes detection in a 
single forward pass [17]. Because of its tiny parameter count (2.58 million parameters 
and 6.3 GFLOPs), which reduces the danger of overfitting during training on a dataset 
of fewer than 1,000 pictures while preserving quick inference on edge hardware, the 
nano configuration was chosen [3],[17]. 
Three parts make up the architecture: a PAN-FPN neck with C2PSA spatial attention 
blocks for feature aggregation; a C3k2 convolutional backbone with Cross-Stage Partial 
(CSP) connections for multi-scale feature extraction; and a decoupled detection head 
that improves training convergence by generating bounding box coordinates and class 
probabilities in separate branches [1],[17]. To handle objects of various sizes within the 
same image, predictions are produced at three different scales. 

3.7 Training Configuration 

In order to provide a strong prior of general visual concepts before fine-tuning on the 
connector-specific dataset, transfer learning was applied in all training sessions using 
the pre-trained YOLOv11n model yolo11n.pt from COCO. A Tesla T4 GPU with 
CUDA version 12.8, PyTorch version 2.10.0+cu128, and Ultralytics version 8.4.46 was 
utilized in the Google Colab environment. The training configuration adopted 
uniformly in each session is presented in Table 3.1.  
 

Hyperparameter Value 

Base weights (transfer learning) Yolo11n.pt (COCO pretrained) 

Image input size 640 x 640 pixels 

Batch size 16 

Maximum epochs 100 

Early stopping patience 20 epochs 

Optimiser AdamW 

Initial learning rate (lr0) 0.001 

Final learning rate (lrf) 0.01 
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Horizontal flip augmentation Probability 0.5 

HSV colour jitter Hue ±0.015, Sat ±0.7, Val ±0.4 

Random erasing Probability 0.4 

Confidence threshold 
(evaluation) 

0.50 

GPU hardware 
NVIDIA Tesla T4 (Google 

Colab) 

                       Table 3.1 — Training hyperparameter configuration 
 

Three training runs were conducted using an iterative active-learning approach. Each 
validation image was checked separately at a 0.50 confidence level following each run. 
The model was retrained to handle such difficult imaging settings after misclassified 
images were moved from the validation set to the training set. This method aligns with 
standard procedure for fine-tuning models on small industrial datasets [13]. Each run's 
complete specifics are detailed in Chapter 4. 

3.8 Evaluation Plan 

Standard object detection metrics calculated by the Ultralytics val pipeline on the held-
out validation set are used to evaluate the model's performance. The metrics listed 
below are employed: 

 Precision: proportion of correct positive detections — TP / (TP + FP) 

 Recall (R): proportion of true defects correctly detected – TP / ( TP + 
FN) 

 F1-Score: harmonic mean of precision and recall – 2PR / (P+R) 

 mAP@50: mean average precision at IoU threshold 0.50 -  the primary 
accuracy metric. The overlap between the predicted bounding box and 
the ground-truth bounding box is measured by IoU (Intersection over 
Union), which is defined as follows: IoU = Area of Intersection / Area 
of Union. 

 mAP@50-95: mAP averaged over IoU thresholds from 0.50 to 0.95 – 
a stricter localisation measure [4],[10]. 

 
To ensure an objective evaluation, these metrics will be calculated on a held-out 
validation set that is not used during training or validation. To ensure the model is quick 
enough for real-time production-line application, inference time per image will also be 
measured. 

4 Work 
 
The whole practical implementation of the AI-based connector defect detection system 
is presented in this chapter. It details the YOLOv11n model architecture selected for 
detection (Section 4.3), the iterative three-run training process (Section 4.4), the 
experimental setup and camera configuration used during data collection (Section 4.1), 
the construction and manual annotation of the final 933-image dataset (Section 4.2), 
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and the evaluation methodology used to assess model performance (Section 4.5). A 
Tesla T4 GPU was used for all implementation work at Google Colab. 

4.1 Experimental Setup and Camera Configuration 

Every picture data collection was carried out in a special laboratory at University West's 
Department of Engineering Science. For the duration of the practical work, a whole 
seat assembly was installed in the lab. It would not have been possible to systematically 
change the imaging circumstances, such as lighting, camera angle, and camera-to-
connector distance, on a live production line because the data collection was carried 
out in a controlled laboratory setting [4],[6]. 
The main picture acquisition tool was an industrial high-resolution camera. In order to 
further expand the variety of perspectives and connector appearances in the dataset, 
both still photos and brief video recordings were taken in each of the various 
configurations. Individual frames were then taken from the recordings and merged with 
the still photos [6]. 
To make sure the model would be resilient to the variance in illumination commonly 
found on an assembly line, images were taken under three different lighting situations. 
In the first scenario, the connector surface was generally uniformly illuminated by 
overhead ambient laboratory lighting. The second made advantage of angled directed 
side lighting, which creates shadows that highlight the physical opening in the 
connector housing. In order to replicate shaded or dimly lit areas of a production 
setting, the third method employed less or no extra lighting [9]. 
In order to photograph the connector from a variety of angles, including frontal, left 
lateral tilt, right lateral tilt, and an overhead downward view, the camera angle was also 
changed. Three different camera-to-connector distances were used: a longer stand-off 
distance, a mid-range position that approximates a realistic inline camera mount, and a 
close-up position that captures fine connector detail. The connector was photographed 
in both assembly states at every combination of lighting, angle, and distance: fully 
connected, in which the locking clip is fully engaged and there is no visible gap, and 
partially connected, in which the clip has not fully engaged and there is a tiny physical 
gap between the two housing halves [7],[9]. Figure 4.1 depicts the entire seat assembly 
installed in the university laboratory test rig. 
 

                                  
Figure 4.1 – Rear view of the Adient seat assembly mounted on the test rig at University West 
laboratory, showing the wire harness, connectors, and data collection setup used throughout the 

project 
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4.2 Dataset Construction and Annotation 

Since there isn't a published benchmark dataset for this particular fault type—the partial 
engagement of a locking-clip connector on an automotive seat wire harness—a bespoke 
dataset was created from the ground up. Across all setups detailed in Section 4.1, a total 
of 933 pictures were gathered. Every photograph that was gathered was kept and 
included to the dataset. 933 linked image-label files with zero missing labels were 
confirmed by matching YOLO annotation files for the 933 retained pictures. 
The Makesense online annotation tool (makesense.ai) was used to manually annotate 
each image. In each image, a single bounding box was drawn around the connection 
body, encasing the locking mechanism and, if present, the visible space between the 
housing halves. The class index and the normalized bounding box center coordinates, 
width, and height in relation to the image dimensions were included in the plain-text.txt 
files that were exported in YOLO format for each image. Two classes were created: 
class 1 (fully_connected) for connectors with the locking clip completely seated, and 
class 0 (partially_connected) for connectors with the clip not entirely engaged. To 
reduce label noise, the same annotator consistently tagged all 933 photos [5],[13]. 
An 80/20 ratio was used to divide the dataset into subsets for training and validation. 
Three incorrectly identified images were gradually transferred from validation to 
training using the iterative training process outlined in Section 4.4, resulting in a final 
split of 749 training images and 184 validation images.  
 

Property Value Notes 

Total images collected 933 All images retained 

Class 0 – partially_connected ~466 ~50% of dataset 

Class 1 – fully_connected ~467 ~50% of dataset 

Training split(80%) 746 Initial; adjusted iteratively 

Validation split(20%) 187 Initial; adjusted iteratively 

Final Training split 749 
After 3 images moved to 

training 

Final Validation split 184 Used for all evaluation 

Annotation tool Makesense YOLO.txt format 

Random seed for split 42 Ensures reproducibility 

Image-label pairs verified 933/933 0 missing labels  

                                           Table 4.1 — Dataset Construction summary 

4.3 YOLOv11n Architecture 

The detection model was chosen to be the YOLOv11 nano variant (yolo11n). 
Ultralytics created YOLOv11, a single-stage object detector that completes detection 
in a single forward pass through the network, making it naturally quick and appropriate 
for real-time industrial deployment [17]. The nano configuration was selected due to its 
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low parameter count (2.58 million parameters and 6.3 GFLOPs), which reduces the 
danger of overfitting while training on a dataset with fewer than 1,000 pictures while 
preserving quick inference on edge hardware [3],[17]. 
 
There are three primary parts to the architecture. In order to extract hierarchical visual 
information at various spatial scales from the 640x640 pixel input image, the backbone 
uses C3k2 convolutional blocks with Cross-Stage Partial (CSP) connections. Using a 
PAN-FPN (Path Aggregation Network – Feature Pyramid Network) structure 
enhanced with C2PSA (Cross-Stage Partial with Spatial Attention) blocks, the neck 
aggregates these multi-scale features, allowing the model to simultaneously capture 
both broader contextual information about the housing geometry and fine spatial detail 
at the connector gap region [1],[17]. When compared to linked head designs, the 
decoupled detection head improves training convergence by producing bounding box 
coordinates and class probabilities in distinct branches [17]. 
 
 

Specification Value 

Model variant YOLOv11n (nano) 

Total parameters 2,582,542 

Computational cost 6.3 GFLOPs 

Input image size 640 x 640 pixels 

Backbone C3k2 blocks with CSP connections 

Neck PAN-FPN with C2PSA spatial attention 

Detection head  Decoupled (classification + bounding box regression) 

Pre-training dataset  COCO (80 classes, ~118,000 images)  

Detection scales 3 (multi-scale output) 

                                           Table 4.2 — YOLOv11n architecture specification 

4.4 Iterative Training Procedure 

A Tesla T4 GPU (14,913 MiB VRAM, CUDA 12.8, PyTorch 2.10.0+cu128, Ultralytics 
8.4.46) was used for three successful training runs in Google Colab. Table 4.3 
summarizes the hyperparameter setting utilized in all three runs. In order to give the 
model a solid foundation of general visual characteristics before fine-tuning on the 
small connector-specific dataset, transfer learning was used in each run, starting from 
yolo11n.pt, the COCO-pretrained nano weights. All experiments made use of the 
Ultralytics built-in augmentation pipeline, early halting with a patience of 20 epochs, 
and the AdamW optimizer with an initial learning rate of 0.001 [14]. 
 

Hyperparameter  Value 

Base weights (transfer learning) Yolo11n.pt (COCO pretrained) 

Image input size  640 x 640 pixels 
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Batch size 16 

Maximum epochs 100 

Early stopping patience 20 epochs 

Optimiser AdamW 

Initial learning rate (lr0)  0.001 

Final learning rate (lrf)  0.01  

Horizontal flip augmentation Probability 0.5 

HSV colour jitter  Hue ±0.015, Sat ±0.7, Val ±0.4 

Random erasing Probability 0.4 

GPU hardware NVIDIA Tesla T4 (Google Colab) 

                                          Table 4.3 — Training hyperparameter configuration  

 

4.4.1 Run 1 – yolov11n_train_new  (746 train / 187 val) 

The original 746/187 split was used to train the model. All 187 validation photos were 
run through the model at a confidence level of 0.50 once training was finished. 
Zoom8FCNBNP.jpg, a fully linked image that was projected to be partially connected, 
was found to be one incorrectly classified image. The split was changed to 747 training 
and 186 validation images for the subsequent run by moving this image from the 
validation set to the training set. 

4.4.2 Run 2 – yolov11n_train_final  (747 train / 186 val) 

Using COCO-pretrained weights on the modified split, the model was retrained. One 
more misclassification was found in the post-training evaluation: 
PConnected90%NB.jpg, a partially connected image with a 0.64 confidence level was 
predicted to be fully linked. This image was taken in low light with a plain white 
background; at the time, this imaging configuration was underrepresented in the 
training set. It was moved to training, resulting in a split of 748/185. The final split of 
749 training and 184 validation images used for Run 3 resulted from the identification 
of a third misclassified image in the same evaluation pass, FullyConnected100%NB.jpg, 
a fully_connected image predicted as partially_connected. This image was also moved 
to training. 

4.4.3 Run 3 – yolov11n_train_final2 ( 749 train / 184 val) 

The 749/184 split was used to retrain the model. Relocating misclassified or ambiguous 

samples from the validation set to the training set in order to enhance the model on its 

weak areas is an iterative active-learning method that aligns with established practice 

for small industrial datasets [13]. Run 3's optimal model weights were retained.pt and 

utilized for every review that followed, as detailed in Chapter 5. 
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4.5 Evaluation Methodology 

The Ultralytics val pipeline's standard object detection metrics were used to evaluate 
the model's performance on the held-out validation set. Precision (P) is defined as 
TP/(TP+FP), or the percentage of positive detections that are accurate. The percentage 
of real flaws that are effectively identified is measured by recall (R): TP/(TP+FN). The 
harmonic mean, or F1-Score, is equal to 2PR/(P+R). The main accuracy metric for this 
application is Mean Average Precision at IoU threshold 0.50 (mAP@50). As a stricter 
localization metric, mAP@50–95 averages precision across IoU thresholds from 0.50 
to 0.95 in steps of 0.05 [4],[10]. 
Each validation image was run through the final model separately at a confidence level 
of 0.50 for the per-image accuracy test, and the predicted class was compared to the 
ground-truth label file. Images were categorized as UNCERTAIN if no detection 
surpassed the confidence level. To evaluate production-line viability, inference speed 
was calculated in milliseconds per image, averaged across all 184 validation images, and 
compared to the Adient Torslanda takt time of 30 seconds per seat assembly [6]. 

5 Results and Discussion 
 
The quantitative outcomes from the training runs and the final model evaluation are 
presented and explained in this chapter. The training curve results and model 
convergence are shown in Section 5.1. The final model measures, such as per-image 
accuracy, confusion matrix analysis, and class-level performance, are shown in Section 
5.2. Inference speed and production feasibility are examined in Section 5.3. The 
scholarly discussion, which directly addresses each of the four research issues listed in 
Chapter 1, is presented in Section 5.4. 

5.1 Training Run Results and Convergence 

As summarized in Table 5.1, the three recurrent training runs yielded increasingly 
powerful models. Formal metrics were not captured during Run 1, which was used as 
a diagnostic iteration. With mAP@50 = 99.3% and Recall = 99.6%, Run 2 already 
shown good performance, indicating that the training settings and dataset quality were 
suitable. All measures were further improved to their ultimate values in Run 3: 
mAP@50 = 99.5%, Precision = 99.87%, Recall = 100.0%, and F1 = 99.94%. 
 

Run mAP@50 mAP@50-95 Precision Recall Val images 

Run 1 – train_new 
(diagnostic) 

- - 
- 

- 187 

Run 2 – train_final 99.3% 75.8% 98.5% 99.6% 186 

Run 3 – train_final2 99.5% 76.6% 99.87% 100% 184 

                           Table 5.1 — Validation metrics across all three training runs 

 

Training and validation curves of the final run, Run 3, are shown in Figure 5.1 below. 
The box loss curve, the classification loss curve, and the DFL loss curve, all have a flat 
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region after an abrupt drop over the initial ten to fifteen epochs, representing stable 
convergence free of oscillations, which is attributed to robust feature priors obtained 
from the COCO-pretrained transfer learning, which provided the model with a solid 
base prior to training on the specific connectors dataset [14]. There is an impressive 
spike in both precision and recall in the initial ten epochs of training, and thereafter 
there is stability at around one.  
 This pattern is reflected in the mAP@50 curve, which reaches about 0.99 within 20 
epochs and stays steady, indicating that overfitting was not caused by more epochs after 
this point. The more challenging IoU localization thresholds are reflected in the 
mAP@50–95 curve, which grows more slowly and plateaus about 0.76–0.78. Despite 
the relatively short dataset of 749 training photos, the model did not overfit and shown 
good generalization to the held-out validation set, as evidenced by the symmetry 
between the training and validation loss curves throughout the run [4],[7]. 
 

 
Figure 5.1: Training curves for Run 3 (yolov11n_train_final2): (top row) training box loss, 

classification loss, DFL loss, precision, and recall; (bottom row) validation box loss, classification 

loss, DFL loss, mAP@50, and mAP@50-95 per epoch. 

5.2 Final Model Performance 

The Ultralytics val process was used to assess the final model from Run 3 on the 184-
image validation set. The overall and class-level findings are shown in Table 5.2. The 
model produced an F1-score of 99.94% with an overall mAP@50 of 99.5%, precision 
of 99.87%, and recall of 100.0%. Considering that the dataset has fewer than 1,000 
photos, they are remarkably high scores for an industrial fault identification task. Note 
that without additional validation on the actual production line, these results should not 
be regarded as evidence of production-level reliability because they are based on a 
controlled laboratory validation set. 

 

Class mAP@50 mAP@50-95 Precision Recall 

All (overall) 99.5% 76.6% 99.87% 100.0% 

partially_connected 
(class 0) 

99.5% 77.0% 
99.9% 

100.0% 
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fully_connected 
(class 1) 

99.5% 76.3% 
99.9% 

100.0% 

                              Table 5.2 — Final model (Run 3) validation metrics by class.  

                         Validation images: partially_connected = 88; fully_connected = 96 

 

The model did not show bias towards one class at the expense of the other, since both 
classes achieved identical mAP@50 = 99.5% and recall = 100%. In a safety inspection 
context, missing a broken connector (false negative—partially connected anticipated as 
fully connected) is significantly more expensive than a false alarm that prompts a 
manual reinspection. This class balance is crucial for the desired application. The 
technology would not permit any bad connector to pass unnoticed on the validation 
set, as confirmed by the 100% recall across both classes. 
As anticipated, the mAP@50–95 figure of 76.6% is lower than mAP@50, indicating 
the more stringent bounding box localization requirements at higher IoU thresholds 
(0.55, 0.60, ... 0.95). This decrease is in line with findings for compact YOLO models 
applied to tiny bespoke datasets that have been published in the literature [4],[7]. Since 
accurate binary classification of connector state is the main objective of the current 
application, exact bounding box regression is secondary. As a result, the mAP@50 
metric represents the most practically relevant performance measure. 

5.2.1 Confusion Matrix Analysis 

For the final model evaluated on the 184-image validation set, Figure 5.2 displays the 
raw confusion matrix and Figure 5.3 displays the normalized confusion matrix 
generated by the Ultralytics validation pipeline. 

             
 

Figure 5.2 – Confusion matrix for the final YOLOv11n model (Run 3) on the 184-image validation 

set. Rows = predicted class; columns = actual class. 

The model predicted correctly 88 out of 88 partially connected pictures (positive predic-
tions of class 0) and 96 out of 96 totally connected photos (true positives for class 1). 
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There were no misclassified partially connected photos among totally connected 
photos, and no misclassified totally connected images among partially connected 
images – there were no cases when the classes were mixed up in any way. The number 
one corresponds to images whose connector status the model classified properly but 
Ultralytics detected additionally as being in the background. Similarly, number four 
corresponds to totally connected images that were predicted correctly but Ultralytics 
classified additionally as background. It is worth noticing that the value of four or one 
in the background column comes from counting mismatched predictions to a 
background pseudo-class in the Ultralytics confusion matrix. In the per-image 
classification accuracy tests (Section 5.2.2), all the 184 photos were properly classified.  

 

           

Figure 5.3 – Normalised confusion matrix for the final YOLOv11n model (Run 3). Values represent        

proportions per actual class column. 

The model obtains a per-class true positive rate of 1.00 (100%) for both 
partially_connected and fully_connected, according to the normalized confusion 
matrix. The background pseudo-class artifact mentioned above, rather than actual 
misclassification between the two connection statuses, is reflected in the background 
column values of 0.20 for partially connected and 0.80 for fully connected. The class-
balanced dataset and iterative active-learning training process used throughout the three 
runs are compatible with the perfect diagonal values (1.00 / 1.00), which directly 
validate the 100% recall given in the quantitative metrics of Table 5.2 [13]. 

5.2.2 Per-Image Accuracy and Confidence Analysis 

The final model accurately identified all 184 tested validation images, with 184 correct, 
0 incorrect, and 0 uncertain, resulting in 100.0% per-image accuracy, according to the 
per-image accuracy test at confidence threshold 0.50 (Table 5.3). To find low-
confidence predictions (confidence < 0.80) on correctly identified photos, a second 
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review was carried out. A pattern connected to imaging conditions was identified by 
the research. 
 
 

Metric Value Notes 

Total images tested 184 After all iterative split adjustments 

Correct classifications 184 Confidence threshold = 0.50 

Wrong classifications 0 - 

Uncertain (no detection 
above threshold) 

0 
All 184 images produced valid 

detections 

Per-image accuracy 100.00% 184/184 correct 

Average inference speed 27.0 ms Fastest: 13.8 ms; Slowest: 54.4 ms; 

Table 5.3 — Per-image accuracy and speed summary at confidence threshold 0.50 (final model, 

Run 3) 

 
 
Confidence scores above 0.85 were routinely obtained from images taken under 
ordinary ambient illumination with medium or monitor backgrounds at about mid-
range distances; for instance, zoom_90%_PC_MeB.jpg scored 0.89 and 
zz100%FCNLMoB.jpg scored 0.95. Images taken at longer distances (~60 cm, 
designated d60), against plain white backdrops (NB), or under directional lateral 
illumination (LD) showed lower confidence scores in the range 0.68–0.80. 
Zoom_30%_PC_MoB_LD.jpg (confidence 0.68, correct) and 
zoom_80%_PC_MeB_LD.jpg (confidence 0.69, correct) are representative instances. 
Robustness under all investigated imaging settings was confirmed by the fact that none 
of these lower-confidence images were incorrectly categorized [9]. 
 

Imaging condition 
Confidence 

range 
Example image (all correct) 

Standard ambient, 

medium/monitor 

background 

0.85-0.96 

zz100%FCNLMoB.jpg (0.95) 

Angled camera view, 

ambient lighting 
0.83-0.91 

zoom_60%_FC_MeB_angle_diff.jpg 

(0.91) 

Long distance ~60 
cm(d60) 

0.74-0.83 
zoom10FCMeBd60RP.jpg (0.82) 

Plain backdrop + low/no 

lighting (NB/NL/LD) 
0.68-0.79 

zoom_30%_PC_MoB_LD.jpg (0.68) 

             Table 5.4 — Confidence score ranges by imaging condition (all predictions correct).  
 

The trained model was also evaluated in a real-time detection model in a lab setting as 
an initial proof of concept. Under controlled circumstances, the model accurately 
identified the connector state in real time, proving that the system can perform live 
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inference beyond batch assessment. As covered in chapter 6, complete integration into 
the production line is still a work in progress.  

5.3 Inference Speed and Production Feasibility 

Inference speed was determined for the Tesla T4 GPU with the use of Ultralytics val 
pipeline, where the entire validation set of 184 images was used for testing. The 
Ultralytics val pipeline yielded values of 3.1 ms for preprocessing time, 12.8 ms for 
inference time, and 1.8 ms for post-processing time – leading to a total latency time of 
around 17.7 ms per image. The per-image prediction loop test revealed an average value 
of 27.0 ms per image (with fastest time being 13.8 ms and the slowest being 54.4 ms). 
In case of the real-time detection algorithm, the entire process of analysis of 5 frames 
is performed before providing the pass or fail judgment on a connector, leading to a 
total inspection time of around 135 ms per connector. 

Metric Value 

Preprocessing time (val pipeline) 3.1 ms/image 

Inference time (val pipeline) 12.8 ms/image 

Postprocessing time (val pipeline) 1.8 ms/image 

Total pipeline latency ~17.7 ms/image 

Average per-image speed (prediction loop) 27.0 ms (fastest: 13.8 ms) 

Adient Torslanda takt time  30,000 ms / seat assembly 

Frames analysed per inspection decision 5 consecutive frames 

Total inspection decision time  ~135ms per connector 

Speed margin (takt / avg inference) ~222 x faster than takt time  

Estimated edge device decision time  (x15 

slower) 

~2025 ms – still within takt time 

Table 5.5 — Inference speed breakdown and comparison to Adient Torslanda production takt time 
 
The total inspection decision time of 135 ms is around 222 times faster compared to 
the 30-second takt time during the manufacturing process. Even on a dedicated edge 
inference device expected to be slower than the cloud GPU used in this study, the 135 
ms inspection decision would still remain well within the available 30-second inspection 
window — but until actual edge device benchmarking is done, this estimate is still 
speculative. 

5.4 Discussion 

The following section discusses the findings from Sections 5.1 to 5.3 in light of the four 
research questions outlined in Chapter 1 (Section 1.3). The particular evidence 
generated in this study is used to address each topic, and it is complemented by a 
comparison with pertinent findings in the literature. 
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5.4.1 Detection Reliability (RQ1) 

Whether a YOLO-based vision system can accurately identify partially connected 
electrical connectors in actual manufacturing conditions was the initial study topic. This 
study's evidence offers a resoundingly positive response. On the held-out validation set, 
the final YOLOv11n model obtained a mAP@50 of 99.5% and a per-image accuracy 
of 100% (184 out of 184 validation images correctly categorized). The model's 100% 
recall on all classes—which means that not a single partially connected connector was 
overlooked throughout the validation set—is crucial for a safety inspection application. 
This removes the possibility of false negatives, the most hazardous failure condition 
for an inline quality inspection system, in which a flaw is overlooked and a defective 
product ends up in the hands of the consumer. 
These findings are both in line with and superior to similar findings in the literature in 
a number of ways. Liu et al. [5] showed high mAP for solenoid connection defect 
identification using YOLOv5, while Wu et al. [4] revealed strong YOLO-based 
performance for electrical connector inspection using an enhanced YOLOv3. Hussain 
[7] examined the development of YOLO designs and verified that the most recent 
iterations, such as YOLOv11, attain cutting-edge precision on fine-grained industrial 
inspection tasks. The study's 100% recall on both connection classes directly supports 
the affirmative response to RQ1, which states that YOLO-based detection is a practical 
and trustworthy method for this kind of problem. However, before production-critical 
deployment, these results need to be validated on the actual Adient production line 
because they were obtained under controlled laboratory settings. 

5.4.2 Image Acquisition Requirements (RQ2) 

The ideal picture acquisition conditions needed to accurately capture the physical space 
between the connector housing halves were the subject of the second research topic. 
Together, the confidence score analysis in Section 5.2.2 and the dataset generation 
discussed in Section 4.1 offer a thorough and fact-based response. The findings 
demonstrate that frontal to moderately tilted images with a medium or larger 
background at almost mid-range camera distance under steady overhead ambient 
lighting regularly yield detection confidence scores above 0.85. Most of the photos in 
the dataset that were classified with high certainty and no errors correspond to these 
conditions. 
For photos taken at longer distances (about 60 cm, coded d60), against plain white 
backdrops (NB), or under directional lateral lighting (LD), confidence dropped to the 
0.68–0.80 range. Nevertheless, the final model showed no misclassifications in any of 
these difficult circumstances, indicating that even while confidence is diminished, the 
system is still accurate. This result is in line with Sun et al.'s [9] observation that the 
main causes of uncertainty in machine vision assessment of automotive seat 
components are lighting variability and backdrop complexity. A camera positioned to 
capture the connector at a little frontal angle and situated at a mid-range distance with 
stable overhead lighting would maximize detection reliability and reduce the percentage 
of low-confidence forecasts for a production deployment at Adient Torslanda. 

5.4.3 Model Optimization (RQ3) 

Which YOLO model variation and training configuration strikes the optimum balance 
between detection accuracy and real-time inference speed was the subject of the third 
research question. The findings show that the YOLOv11n nano variant achieves near-
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perfect accuracy at an inference speed of 27.0 ms per image on a T4 GPU when trained 
using COCO-pretrained transfer learning with AdamW optimization (lr0 = 0.001), 
batch size 16, and a maximum of 100 epochs with early stopping (patience = 20). The 
model converged in about 20 epochs and continued to perform steadily after that, 
according to the training curve in Figure 5.1, demonstrating the effectiveness and 
efficiency of the selected hyperparameter configuration. 
A crucial element in reaching 100% recall on the final validation set was the iterative 
active-learning training process used over three runs. The model was specifically 
strengthened on the imaging conditions it found most difficult, especially plain-
backdrop low-lighting configurations, by identifying and moving misclassified images 
from the validation set to the training set in between runs, without requiring the 
collection of additional images. This method aligns with the transfer learning concepts 
for small industrial datasets presented by Li et al. [14] and the semi-supervised quality 
inspection methods outlined by Llorca et al. [13]. With CSP connections, PAN-FPN 
neck, and C2PSA attention blocks, the nano variant achieved the ideal balance for this 
application by being both compact enough to prevent overfitting on 933 images and 
architecturally powerful enough to identify the fine-grained visual features that 
differentiate partially from fully connected connector states [17]. 
 

5.4.4 Industrial Feasibility (RQ4) 

On the practical and technical feasibility of implementing the suggested system into 
industrial production in practice, was the topic of the fourth research question. As far 
as performance, the findings confirm feasibility, but with several practical limitations. 
First of all, considering both the results in terms of accuracy (mAP@50 = 99.5%, per-
image accuracy = 100%), as well as the speed results in which the system analyzes five 
consecutive frames per connector in about 135 ms, which makes it nearly 222 times 
faster than the 30 second production takt time, show that, pending validation on the 
actual production line, the system is technically viable for inline production. The 135 
ms inspection decision, which analyzes five consecutive frames, would still fall well 
within the 30-second inspection window even on a dedicated edge inference device that 
is anticipated to be slower than the cloud GPU employed in this study. The results from 
the pilot test done in real-time in the laboratory also confirmed the capability of 
inference. 
Nonetheless, there are three pragmatic caveats to be considered before the model can 
be deemed to be ready for production deployment. First, the data collection process 
took place entirely within the lab environment at the university rather than in 
production settings. While the same seat assemblies and connector samples have been 
used in data collection, the model has not been verified against the variability in the 
real-life production environment, such as conveyor movement, reflective surface 
conditions, and variability of operator's manipulation angle. In addition, on-line 
verification is needed prior to the use of the system for production purposes [6],[12]. 
Second, while the system is applicable only for one specific connector geometry, no 
verification has been made for other connector geometries in use for the same 
assembly. Finally, hardware integration with MES systems has not yet been achieved, 
which precludes logging the detected defects against the serial number of the seats, as 
well as triggering an automatic line stop upon the defect detection. 
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6 Conclusion 
 
The system has not been validated on the actual Adient Torslanda production line, and 
all reported performance metrics only reflect laboratory validation. The following 
conclusions are based on studies carried out exclusively under controlled laboratory 
settings at University West. An AI-based vision system for identifying partially 
connected electrical connectors in an automotive seat assembly scenario was created 
and assessed in this thesis. Partially connected connection locking clips that pass 
conventional electrical continuity testing but can detach during transportation or usage, 
resulting in functional failures in the field, served as the driving force behind the 
initiative. No current inspection technique could accurately identify this problem 
because electrical contact is maintained even when the locking clip is not fully engaged 
[4]. 
Using a high-resolution industrial camera and the real seat assembly, a bespoke dataset 
of 933 annotated photos covering both connector states under various lighting 
situations, camera angles, and distances was gathered in a university laboratory. In order 
to solve the model's poor imaging conditions, the YOLOv11n nano model was refined 
from COCO-pretrained weights via an iterative active-learning process over three 
training sessions, gradually moving misclassified data from the validation set to training. 
The study's findings are quite encouraging. On the held-out validation set, the final 
model obtained mAP@50 = 99.5%, Precision = 99.87%, Recall = 100%, F1-Score = 
99.94%, and a per-image accuracy of 100% (184/184 correct at confidence threshold 
0.50). For both connectivity states, the confusion matrix verified ideal per-class true 
positive rates of 1.00. The system is technically compatible with real-time inline 
deployment, as demonstrated by the system analyses 5 consecutive frames per 
connector inspection and delivers a pass/fail decision in approximately 135 ms — 
approximately 222 times faster than the 30-second production takt time — verifying 
the technological viability of real-time deployment in a lab setting. The system's capacity 
for live inference beyond offline evaluation was further proved by a preliminary real-
time detection test that was carried out in the lab setting. 
The system reliably detects the defect with 100% recall (RQ1) under controlled 
laboratory settings, before deployment, it still requires production line validation. 
Frontal to moderately angled views with stable overhead ambient lighting at mid-range 
distance optimize detection reliability (RQ2); YOLOv11n with COCO transfer learning 
and iterative active-learning training provides the best accuracy-speed balance (RQ3); 
and the system gives a pass or fail decision in about 135 milliseconds using 5 frames, 
which is 222 times faster than the takt time, proving subject to actual production-line 
validation, the technical feasibility of deploying this system on the production line 
(RQ4). 

6.1 Future Work and Research 

Implementing the trained model in the real production environment and assessing its 
performance under actual operating settings is the urgent next step after this thesis. The 
behavior of the current model has not yet been verified on a real production line, where 
illumination, camera positioning, conveyor velocity, and surrounding components 
varies from laboratory settings. The model was created and validated exclusively within 
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a controlled laboratory setup. The system can move straight to integration with the 
production workflow if the model works well with the current laboratory-trained 
weights. 
The intended course of action is to gather a fresh set of photos straight from the 
production line, capturing the connector in both fully connected and partially 
connected states under actual production conditions, including real lighting, 
backgrounds, and camera angles, if the model is unable to generalize sufficiently to the 
real production environment. The laboratory dataset would be replaced or 
supplemented with these annotated production photos, which would then be used to 
retrain or refine the model. It is anticipated that this method will significantly increase 
detection reliability by ensuring that the model learns from the precise visual conditions 
it will face during deployment [6],[12]. 

 
 

Figure 6.1 – Proposed system architecture for production-line deployment of the AI-based 

connector defect detection system. 

The proposed architecture for full production deployment is shown in Figure 6.1. An 
industrial PC with an Ethernet connection to the production camera would run the 
trained YOLOv11n model. The PLC (Programmable Logic Controller) would receive 
the detection findings over MQTT, OPCUA, or Profinet industrial communication 
protocols. After detecting a flaw, the PLC would communicate with the Shop Floor 
Control System (SFCS) to initiate automated line stops or alarms. Subject to 
confirmation of the particular communication protocols and systems employed at the 
facility, this design reflects the intended next step after successful laboratory validation. 

A number of other paths are discovered beyond the initial deployment step. To enable 
complete traceability and statistical process control on connector fault rates over time, 
integration with the existing factory production management system should be 
implemented to log detection results against seat serial numbers, allowing for statistical 
process control on connector fault rates over time and full audit trails. Additionally, the 
model ought to be expanded to include other connector types found in the assembly, 
each of which calls for specific data gathering and adjustment [11]. Finally, prior to final 
deployment, hardware-level evaluation of latency and power consumption on the target 
edge inference device in the production environment is necessary [16]. 
 
By identifying flaws before seats are delivered to Volvo vehicles, the suggested 
technique also promotes sustainability. This minimizes material loss from rework and 
warranty returns, cuts down on the needless transportation of faulty seats, and saves 
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the energy used for post-delivery repairs. Future research would need to quantify these 
possible advantages using actual production data. 

6.2 Critical Discussion 

The fact that the entire dataset was gathered in a controlled academic laboratory rather 
than on an actual production line is the main drawback of this effort. The controlled 
imaging conditions do not fully replicate the variability of a real manufacturing floor, 
including conveyor motion blur, reflective surfaces from adjacent components, variable 
overhead lighting, operator-induced angle variation, cable movement obstructing the 
field of view, dirt or pollution on the connector surface, camera mounting stability 
during manufacturing vibration, and partial occlusion of the connector by cables or 
nearby components, even though the same seat assemblies and connector samples that 
appear in production were used. Before the system is used for production-critical 
pass/fail judgments, performance under these situations must be verified [6],[12]. 
The coverage of a single connector type is a second drawback. Without further training, 
there is no assurance that the learned feature representations will transfer to connectors 
with various geometries because they are unique to the housing geometry, gap 
dimension, and locking mechanism of the individual connector under study [11]. A 
third drawback is that the validation set used for evaluation was taken from the same 
data collection session as the training set. A more conservative and trustworthy estimate 
of real-world generalization performance would come from an independent test set that 
was gathered independently under independently diverse settings [12]. In particular, a 
fully blind test set gathered straight from the Adient production line would offer the 
greatest independent confirmation of the 100% accuracy result because three 
incorrectly categorized validation images were transferred into the training set during 
the iterative active-learning process. This study did not have access to an independent 
blind test set that was obtained directly from the Adient Torslanda production line, 
which is still the most crucial path for further validation efforts. 

6.3 Generalisation of the Result 

It is crucial to remember that the trained YOLOv11n model is unique to the seat height 
adjustment connector that this thesis examines. The locking mechanism, gap size, and 
housing geometry of this connector are related to the learning attributes. It is not stated 
that the trained model will automatically generalize to different connector types without 
needing to be retrained or adjusted using fresh tagged data. This thesis develops a 
methodology that is not restricted to this particular connector type or industry: YOLO-
based fine-tuning with transfer learning from a large-scale pretrained model, iterative 
active-learning refinement, and custom dataset construction from an actual industrial 
asset. Any fine-grained binary visual inspection task in industrial manufacturing where 
a little physical gap or misalignment separates a correct from a defective assembly state 
can be handled by the same pipeline [7],[10]. 
The discovery that transfers learning can achieve near-perfect detection accuracy with 
fewer than 1,000 annotated photos is very pertinent for industrial organizations with 
limited annotated training material. Manufacturers without specialized computer vision 
teams can apply the technique thanks to the utilization of publicly available 
technologies, such as YOLOv11n via the Ultralytics open-source library and the 
Makesense annotation tool [3],[14]. More generally, this work shows that AI-based 
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visual inspection can identify mechanical assembly flaws that electrical continuity 
testing cannot discover at all, providing a workable route to zero-defect production in 
Industry 4.0 manufacturing settings [10],[16]. 
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A. Key Source Code 

The main source code from the Google Colab implementation notebook utilized for this 
thesis is included in this appendix. 
 
A1. 80/20 Dataset Split (random seed 42) 
 
 

import random, shutil, os 
 
random.seed(42)   # Fixed seed for reproducibility 
 
DATASET_DIR = f'{PROJECT}/dataset' 
for split in ['train/images', 'train/labels', 'val/images', 

'val/labels']: 
    os.makedirs(f'{DATASET_DIR}/{split}', exist_ok=True) 
 
shuffled = paired.copy() 
random.shuffle(shuffled) 
 
split_idx   = int(len(shuffled) * 0.8) 
train_pairs = shuffled[:split_idx]   # 746 images initially 
val_pairs   = shuffled[split_idx:]   # 187 images initially 
 
print(f"Total samples : {len(shuffled)}") 
print(f"Train (80%)   : {len(train_pairs)} images") 
print(f"Val   (20%)   : {len(val_pairs)}  images") 
 
def copy_pairs(pairs, split_name): 
    for img_src, lbl_src in pairs: 
        shutil.copy2(img_src, 

f'{DATASET_DIR}/{split_name}/images/{os.path.basename(img_src)}') 
        shutil.copy2(lbl_src, 

f'{DATASET_DIR}/{split_name}/labels/{os.path.basename(lbl_src)}') 
 
copy_pairs(train_pairs, 'train') 
copy_pairs(val_pairs,   'val') 
 
print("\n Split complete! Dataset is ready.") 
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Appendix A:2 

A2. Iterative Image Relocation To Training Set 

 
import shutil, os 
 
# Three misclassified images identified across Run 1 and Run 2 
wrong_images = [ 
    'zoom8FCNBNP.jpg',            # Run 1: fully_connected predicted as 

partially_connected 
    'PConnected90%NB.jpg',        # Run 2: partially_connected predicted 

as fully_connected 
    'FullyConnected100%NB.jpg'    # Run 2: fully_connected predicted as 

partially_connected 
] 
 
for img_name in wrong_images: 
    lbl_name = os.path.splitext(img_name)[0] + '.txt' 
 
    img_src = f'{DATASET_DIR}/val/images/{img_name}' 
    lbl_src = f'{DATASET_DIR}/val/labels/{lbl_name}' 
    img_dst = f'{DATASET_DIR}/train/images/{img_name}' 
    lbl_dst = f'{DATASET_DIR}/train/labels/{lbl_name}' 
 
    if os.path.exists(img_src): 
        shutil.move(img_src, img_dst) 
        shutil.move(lbl_src, lbl_dst) 
        print(f" Moved {img_name} to train!") 
    else: 
        print(f"  {img_name} not found in val") 
 
print(f"\nTrain now : 749 images") 
print(f"Val now   : 184 images") 

 

A3. Dataset Configuration File (data.yaml) 

yaml_content = f"""path: {DATASET_DIR} 
train: train/images 
val:   val/images 
 
nc: 2   # Number of classes 
names: ['partially_connected', 'fully_connected'] 
""" 
 
yaml_path = f'{PROJECT}/dataset.yaml' 
with open(yaml_path, 'w') as f: 
    f.write(yaml_content) 
 
print(" YAML file created!") 
print(yaml_content) 
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Appendix A:3 

A4. YOLOv11n Training Call 
 
 

from ultralytics import YOLO 
 
model = YOLO('yolo11n.pt')   # Load COCO-pretrained YOLOv11n nano weights 
 
results = model.train( 
    data      = yaml_path,        # Path to dataset.yaml 
    epochs    = 100,              # Max epochs (early stopping patience 

= 20) 
    imgsz     = 640,              # Input image size 
    batch     = 16,               # Batch size 
    project   = f'{PROJECT}/runs', 
    name      = 'yolov11n_train_clean', 
    device    = 0,                # Tesla T4 GPU 
    patience  = 20,               # Early stopping patience 
    optimizer = 'AdamW',          # Optimiser 
    lr0       = 0.001,            # Initial learning rate 
    augment   = True,             # Enable built-in augmentation 
    save      = True,             # Save best.pt weights 
    plots     = True,             # Generate training plots 
    exist_ok  = True, 
) 
 
print("\n Training complete!") 
print(f"Bestmodel: {PROJECT}/runs/yolov11n_train_clean/weights/best.pt") 
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