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Abstract

This thesis presents a comprehensive approach to the classification of magnetic tape irregular-
ities using deep learning techniques, focusing on various image preprocessing methods to en-
hance model performance. The primary objective was to evaluate the effectiveness of different
datasets, including thresholded images, difference images, opened images, andRegion of Inter-
est (ROI) images, in identifying specific types of irregularities. TheResNet50 architecture was
employed as the core model due to its proven efficacy in image classification tasks.
Through extensive experimentation, the ROI images dataset emerged as the most effective

approach, yielding the highest test accuracy of approximately 98.37%. This superior perfor-
mance can be attributed to the model’s ability to focus on the most pertinent regions of the
images, thereby enhancing the feature extraction process and minimizing the influence of ir-
relevant background noise. In contrast, other datasets such as thresholded and difference im-
ages showed a decline in performance, highlighting the importance of careful preprocessing in
achieving accurate classification.
Challenges such as data imbalance andmodel overfittingwere addressed through techniques

like data augmentation and careful model fine-tuning. However, some limitations persisted,
including the need for further optimization and the exploration of additional data representa-
tions. The study proposes future work directions, including the use of Generative Adversarial
Networks (GANs) for synthetic data generation, advanced augmentationmethods, and ensem-
ble learning to further improve classification accuracy and robustness.
In conclusion, this research demonstrates the critical role of targeted image preprocessing

in enhancing deep learning models for specific classification tasks. The insights gained from
this study provide a foundation for future advancements in the automated detection and clas-
sification of magnetic tape irregularities, with potential applications inmedia preservation and
quality control.

v



vi



Contents

Abstract v

List of figures xi

List of tables xiii

1 Introduction 3
1.1 Image Classification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.2 Challenges in Image Classification and Their Solutions . . . . . . . . . . . . 5
1.3 Audio Preservation and Digitization . . . . . . . . . . . . . . . . . . . . . 6
1.4 Centro di Sonologia Computazionale . . . . . . . . . . . . . . . . . . . . . 7
1.5 MPAI-CAE ARP . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.5.1 Moving Picture, Audio and Data Coding by Artificial Intelligence
(MPAI) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.5.2 Context-based Audio Enhancement (CAE) . . . . . . . . . . . . . 9
1.5.3 Audio Recording Preservation (ARP) Use Case . . . . . . . . . . . 10

1.6 Classification of Irregularities . . . . . . . . . . . . . . . . . . . . . . . . . 12
1.6.1 Irregularity Types . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2 Tape Irregularity Classification Dataset 15
2.1 Acquisition of Dataset (Video Analyser) . . . . . . . . . . . . . . . . . . . 15

2.1.1 ROI Detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
2.1.2 Detection of Irregularities . . . . . . . . . . . . . . . . . . . . . . 18
2.1.3 Mitigating False Positives . . . . . . . . . . . . . . . . . . . . . . . 20
2.1.4 Handling Interlacing . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.2 Dataset Content . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
2.2.1 Region of Interest Images(ROI) . . . . . . . . . . . . . . . . . . . 22
2.2.2 Difference Images . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
2.2.3 Thresholded Image . . . . . . . . . . . . . . . . . . . . . . . . . . 23
2.2.4 Opened Images . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

2.3 Data AugmentationMethods . . . . . . . . . . . . . . . . . . . . . . . . . 25
2.3.1 Augmentation Pipeline . . . . . . . . . . . . . . . . . . . . . . . . 25
2.3.2 Implementation of Data Augmentation . . . . . . . . . . . . . . . 26
2.3.3 Mathematical Formulation . . . . . . . . . . . . . . . . . . . . . . 28
2.3.4 Invalid File Handling . . . . . . . . . . . . . . . . . . . . . . . . . 28

vii



2.3.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

3 Models 31
3.1 Convolutional Neural Network (CNN) Classification Approach . . . . . . . 32

3.1.1 Dataset Selection and Class Imbalance . . . . . . . . . . . . . . . . 32
3.1.2 Separate Dataset Analysis . . . . . . . . . . . . . . . . . . . . . . . 33
3.1.3 Limitations of the Classification System . . . . . . . . . . . . . . . 33
3.1.4 Application in Real-World Scenarios . . . . . . . . . . . . . . . . . 34

3.2 Selecting the Best Model . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
3.3 yolo v7 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.3.1 Key Features and Architecture . . . . . . . . . . . . . . . . . . . . 35
3.3.2 Input Image Requirements . . . . . . . . . . . . . . . . . . . . . . 36
3.3.3 How YOLOv7Works . . . . . . . . . . . . . . . . . . . . . . . . 36
3.3.4 Computational Requirements and Deployment . . . . . . . . . . . 37
3.3.5 Application and Use Cases . . . . . . . . . . . . . . . . . . . . . . 37

3.4 Classification using YOLOv7 . . . . . . . . . . . . . . . . . . . . . . . . . 38
3.4.1 Preprocessing the Images . . . . . . . . . . . . . . . . . . . . . . . 38
3.4.2 Splitting the Dataset . . . . . . . . . . . . . . . . . . . . . . . . . 39
3.4.3 Generating Dummy Annotations . . . . . . . . . . . . . . . . . . 40
3.4.4 Training the YOLOv7Model . . . . . . . . . . . . . . . . . . . . . 40

3.5 Results of YOLOv7 Training and Performance Analysis . . . . . . . . . . . 41
3.5.1 Classification Loss on Training Set . . . . . . . . . . . . . . . . . . 41
3.5.2 Objectness Loss on Training Set . . . . . . . . . . . . . . . . . . . 42
3.5.3 Box Loss on Validation Set . . . . . . . . . . . . . . . . . . . . . . 42
3.5.4 Classification Loss on Validation Set . . . . . . . . . . . . . . . . . 43
3.5.5 Mean Average Precision (mAP) @ 0.5 . . . . . . . . . . . . . . . . 43
3.5.6 Mean Average Precision (mAP) @ 0.5:0.95 . . . . . . . . . . . . . . 44
3.5.7 Precision . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
3.5.8 Recall . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
3.5.9 Box Loss on Training Set . . . . . . . . . . . . . . . . . . . . . . . 45
3.5.10 Overall Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

3.6 VGG16Model for Image Classification . . . . . . . . . . . . . . . . . . . . 46
3.6.1 Preprocessing and Data Augmentation . . . . . . . . . . . . . . . . 46
3.6.2 Modifying the VGG16 Architecture . . . . . . . . . . . . . . . . . 47
3.6.3 Training Process . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
3.6.4 VGG16Model Results . . . . . . . . . . . . . . . . . . . . . . . . 50
3.6.5 ConfusionMatrix . . . . . . . . . . . . . . . . . . . . . . . . . . 50
3.6.6 Classification Report . . . . . . . . . . . . . . . . . . . . . . . . . 51
3.6.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

3.7 EfficientNet . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
3.7.1 EfficientNet Architecture . . . . . . . . . . . . . . . . . . . . . . . 52

viii



3.7.2 EfficientNet Variants . . . . . . . . . . . . . . . . . . . . . . . . . 53
3.7.3 EfficientNet for Image Classification . . . . . . . . . . . . . . . . . 53

3.8 Modified VGG16 for Image Classification . . . . . . . . . . . . . . . . . . 54
3.8.1 Data Preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . 54
3.8.2 Label Encoding . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
3.8.3 Data Splitting and Shuffling . . . . . . . . . . . . . . . . . . . . . 56
3.8.4 Modifying the VGG16 Architecture . . . . . . . . . . . . . . . . . 56
3.8.5 Training the Model . . . . . . . . . . . . . . . . . . . . . . . . . . 57

3.9 EfficientNet Results and Overfitting Analysis . . . . . . . . . . . . . . . . . 58
3.9.1 Test Loss and Accuracy . . . . . . . . . . . . . . . . . . . . . . . . 58
3.9.2 Training and Validation Curves . . . . . . . . . . . . . . . . . . . . 59
3.9.3 Precision and Recall . . . . . . . . . . . . . . . . . . . . . . . . . 59
3.9.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

3.10 ResNet50Model and Final Modifications . . . . . . . . . . . . . . . . . . . 61
3.10.1 ResNet50 Overview . . . . . . . . . . . . . . . . . . . . . . . . . 61
3.10.2 Modifications and Fine-Tuning for the Final Model . . . . . . . . . 61
3.10.3 Training Process . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

3.11 ResNet50Model Results . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
3.11.1 ConfusionMatrix . . . . . . . . . . . . . . . . . . . . . . . . . . 63
3.11.2 Precision, Recall, and F1-Score . . . . . . . . . . . . . . . . . . . . 64
3.11.3 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

4 Results 67
4.1 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

4.1.1 Dataset Variations . . . . . . . . . . . . . . . . . . . . . . . . . . 67
4.1.2 Model Training on Different Datasets . . . . . . . . . . . . . . . . 68

4.2 ResNet50 Performance on Thresholded Images . . . . . . . . . . . . . . . . 68
4.2.1 Accuracy and Loss . . . . . . . . . . . . . . . . . . . . . . . . . . 69
4.2.2 Training and Validation Loss . . . . . . . . . . . . . . . . . . . . . 70
4.2.3 ConfusionMatrix and Classification Report . . . . . . . . . . . . . 71
4.2.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
4.2.5 ResNet50 Performance on Difference Images . . . . . . . . . . . . 73
4.2.6 Accuracy and Loss . . . . . . . . . . . . . . . . . . . . . . . . . . 73
4.2.7 ConfusionMatrix and Classification Report . . . . . . . . . . . . . 74
4.2.8 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

4.3 ResNet50 Performance on Opened Images . . . . . . . . . . . . . . . . . . 76
4.3.1 Accuracy and Loss . . . . . . . . . . . . . . . . . . . . . . . . . . 76
4.3.2 Test Loss and Accuracy . . . . . . . . . . . . . . . . . . . . . . . . 77
4.3.3 ConfusionMatrix and Classification Report . . . . . . . . . . . . . 78
4.3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.4 ResNet50 Performance on ROI Images . . . . . . . . . . . . . . . . . . . . 80

ix



4.4.1 Accuracy and Loss . . . . . . . . . . . . . . . . . . . . . . . . . . 80
4.4.2 ConfusionMatrix and Classification Report . . . . . . . . . . . . . 82
4.4.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

4.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

5 Conclusion 87
5.1 Conclusion and Future Work . . . . . . . . . . . . . . . . . . . . . . . . . 87

5.1.1 Key Findings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87
5.1.2 Challenges and Limitations . . . . . . . . . . . . . . . . . . . . . . 88
5.1.3 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

References 91

x



Listing of figures

1.1 MPAI-AIF V2 Reference Model . . . . . . . . . . . . . . . . . . . . . . . 9
1.2 MPAI-CAE ARP Reference Model [1] . . . . . . . . . . . . . . . . . . . . 11

2.1 Studer A810 open-reel tape recorder. . . . . . . . . . . . . . . . . . . . . . 16
2.2 Fixed elements of interest in the frame. . . . . . . . . . . . . . . . . . . . . 17
2.3 Tape scrolling mechanism of the Studer A810. . . . . . . . . . . . . . . . . 18
2.4 ROIs under the capstan and the reading head. . . . . . . . . . . . . . . . . 19
2.5 Actual comparison image output of the tape area under the reading head. . . 19
2.6 . Interlaced picture: notice the misalignment between odd and even lines. . . 21
2.7 ROI images with various speeds. . . . . . . . . . . . . . . . . . . . . . . . 22
2.8 Difference images with various speeds. . . . . . . . . . . . . . . . . . . . . 23
2.9 The difference image is binarized with T = 13. . . . . . . . . . . . . . . . . 24
2.10 Opened Images. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

3.1 CNNArchitecture . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
3.2 Classification Loss on Training Set . . . . . . . . . . . . . . . . . . . . . . 41
3.3 Objectness Loss on Training Set . . . . . . . . . . . . . . . . . . . . . . . . 42
3.4 Box Loss on Validation Set . . . . . . . . . . . . . . . . . . . . . . . . . . 42
3.5 Classification Loss on Validation Set . . . . . . . . . . . . . . . . . . . . . 43
3.6 Mean Average Precision (mAP) @ 0.5 . . . . . . . . . . . . . . . . . . . . . 43
3.7 Mean Average Precision (mAP) @ 0.5:0.95 . . . . . . . . . . . . . . . . . . 44
3.8 Precision . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
3.9 Recall . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
3.10 Box Loss on Training Set . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
3.11 ConfusionMatrix of VGG16Model on the Test Dataset . . . . . . . . . . . 51
3.12 Classification Report for VGG16Model on the Test Dataset . . . . . . . . . 52
3.13 Test Loss and Test Accuracy for EfficientNet . . . . . . . . . . . . . . . . . 58
3.14 Training and Validation Accuracy/Loss Curves for EfficientNet . . . . . . . 59
3.15 ConfusionMatrix for ResNet50Model . . . . . . . . . . . . . . . . . . . . 64

4.1 Training and Validation Accuracy for ResNet50 on Thresholded Images . . . 69
4.2 Test Loss and Accuracy for ResNet50 on Thresholded Images . . . . . . . . 70
4.3 Training and Validation Loss for ResNet50 on Thresholded Images . . . . . 70
4.4 ConfusionMatrix for ResNet50 on Thresholded Images . . . . . . . . . . . 71
4.5 Training and Validation Accuracy for ResNet50 on Difference Images . . . . 73

xi



4.6 Training and Validation Loss for ResNet50 on Difference Images . . . . . . . 74
4.7 Test Loss and Accuracy for ResNet50 on Difference Images . . . . . . . . . 74
4.8 ConfusionMatrix for ResNet50 on Difference Images . . . . . . . . . . . . 75
4.9 Training and Validation Accuracy for ResNet50 on Opened Images . . . . . 77
4.10 Training and Validation Loss for ResNet50 on Opened Images . . . . . . . . 77
4.11 Test Loss and Accuracy for ResNet50 on Opened Images . . . . . . . . . . . 78
4.12 ConfusionMatrix for ResNet50 on Opened Images . . . . . . . . . . . . . 79
4.13 Training and Validation Accuracy for ResNet50 on ROI Images . . . . . . . 81
4.14 Training and Validation Loss for ResNet50 on ROI Images . . . . . . . . . 81
4.15 Test Loss and Accuracy for ResNet50 on ROI Images . . . . . . . . . . . . 82
4.16 ConfusionMatrix for ResNet50 on ROI Images . . . . . . . . . . . . . . . 83

xii



Listing of tables

3.1 Precision and Recall Values for EfficientNet . . . . . . . . . . . . . . . . . . 60
3.2 Precision, Recall, and F1-Score for ResNet50Model . . . . . . . . . . . . . 65

4.1 Precision, Recall, and F1-Score for ResNet50 on Thresholded Images . . . . 72
4.2 Precision, Recall, and F1-Score for ResNet50 on Difference Images . . . . . . 75
4.3 Precision, Recall, and F1-Score for ResNet50 on Opened Images . . . . . . . 79
4.4 Precision, Recall, and F1-Score for ResNet50 on ROI Images . . . . . . . . 83

xiii



xiv



1



2



1
Introduction

Magnetic tapes have historically served as a predominant medium for the recording and preser-
vation of audio, assuming a pivotal function in the archival of historical and cultural sound
recordings. Nevertheless, the tapes’ physical and chemical characteristics render them vulner-
able to a range of deterioration phenomena as time progresses, including magnetic dropouts,
signal attenuation, and mechanical deformation. These aforementioned challenges pose con-
siderable obstacles in maintaining the audio quality and integrity of the recordings, hence re-
quiring the use of sophisticated methods for detection and restoration.

The manual techniques employed for the identification and categorization of anomalies in
magnetic tapes are not only demanding in terms of labor but also susceptible to inconsistencies
and human fallibility, particularly in the context of extensive archiving endeavors. The emer-
gence of artificial intelligence (AI) and machine learning (ML) presents novel opportunities
for the automation of these procedures, hence augmenting the effectiveness and precision of
audio preservation endeavors.

The MPAI (Moving Picture, Audio, and Data Coding by Artificial Intelligence) group has
emerged as a leading force in utilizing AI technology to tackle the complexities related to the
preservation ofmagnetic tape. MPAI-AIF (AI Framework) is a prominent initiative that offers
a comprehensive set of standards and guidelines for the implementation of artificial intelligence
(AI) across several areas, encompassing audio processing among others. TheMPAI-AIF frame-
work is highly pertinent to this thesis, as it delineates the utilization of artificial intelligence to
automate the categorization of anomalies inmagnetic audio files, hence enhancing the depend-
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ability of restoration and digitalization procedures.
This thesis extends the previously established principles of the MPAI-AIF framework in or-

der to construct and assessmachine learningmodels capable of autonomously categorizing and
detecting various forms of anomalies in magnetic audio tapes. The primary objective of this
project is to provide a resilient and expandable solution that improves the preservation quality
of preserved audio materials through the application of diverse machine learning algorithms.
This study not only makes a valuable contribution to the domain of digital archiving but also
corresponds with the overarching objectives of the MPAI community to promote the utiliza-
tion of artificial intelligence in enhancing the preservation and accessibility of multimedia dig-
ital content.
The conclusions of this study are anticipated to have substantial ramifications for archives,

libraries, and media institutions that depend onmagnetic tapes as a means of safeguarding his-
torical and cultural audiomaterial. The proposed system seeks to enhance process efficiency by
automating the identification and categorization of tape anomalies. This approach attempts
to minimize the time and effort needed for restoration while simultaneously upholding the
utmost audio quality.

1.1 Image Classification

Image classification is a fundamental task in computer vision that involves assigning a label or
category to an image based on its visual content. This process is typically achieved using ma-
chine learning algorithms, particularly deep learning models like Convolutional Neural Net-
works (CNNs), which are trained to recognize patterns and features within images. Image clas-
sification plays a critical role across various industries due to its ability to automate and enhance
processes.

In healthcare, for example, image classification is revolutionizing medical diagnostics. By
analyzing medical images such as X-rays and MRIs, AI models can detect diseases at an early
stage, improving the accuracy of diagnoses and enabling timely treatment interventions. This
reduces the dependency on manual interpretation and minimizes the risk of human error [2].

In the field of security and surveillance, image classification enhances safety measures by au-
tomating the identification of individuals andmonitoring activities through facial recognition
systems. These systems are now capable of analyzing vast amounts of video data in real-time,
identifying potential threats, and ensuring a swift response. This automation is particularly
beneficial in large public spaces, where manual monitoring would be impractical and less reli-
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able [3].
The retail and e-commerce sectors also benefit significantly from image classification, partic-

ularly inmanaging large inventories and improving customer experiences. Automated product
categorization and visual search engines allow retailers to efficiently organize products and pro-
vide accurate recommendations to customers. This technology not only improves operational
efficiency but also drives sales by enhancing the relevance and personalization of search results
[4].
In autonomous vehicles, image classification is indispensable for safe navigation. The tech-

nology is used to identify and classify objects on the road, such as pedestrians, vehicles, and
traffic signs. This capability is crucial for making real-time decisions, reducing the risk of acci-
dents, and ensuring the safe operation of self-driving cars [5].

In agriculture, image classification assists farmers by analyzing aerial images tomonitor crop
health. This allows for the early detectionof diseases or nutritional deficiencies, enabling timely
interventions that can protect crops and optimize yields. The scalability of image classification
makes it a powerful tool in precision agriculture, where large areas of farmland can be moni-
tored efficiently [6].
Overall, image classification enhances accuracy, efficiency, and decision-making across vari-

ous sectors, making it a transformative technology in the modern digital landscape [7].

1.2 Challenges in Image Classification and Their
Solutions

Image classification, despite its advancements, faces several challenges that impact the perfor-
mance and generalization of models. One major challenge is variability in image data, which
includes differences in lighting, angles, and backgrounds. This variability can confuse models,
leading to misclassification. To address this, data augmentation techniques such as rotation,
scaling, and flipping are used to artificially increase the diversity of the training set, helping
models generalize better [8].
Another significant challenge is the high dimensionality of image data. Images contain vast

amounts of pixels, each contributing to the model’s input, which can lead to overfitting where
the model performs well on training data but poorly on unseen data. To combat this, tech-
niques such as dimensionality reduction (e.g., Principal Component Analysis) and regulariza-
tion methods like dropout are employed. These methods reduce the complexity of the model
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and prevent it frommemorizing the training data [9].
Imbalanced datasets pose another challenge, where certain classes are overrepresented while

others are underrepresented. This imbalance can cause the model to be biased towards the
majority class. Solutions include resampling techniques, such as oversampling the minority
class or undersampling the majority class, and using class weighting during training to give
more importance to the minority class [10].

Computational resource constraints also challenge image classification, especially with deep
learningmodels that require significant processing power andmemory. To address this, model
optimization techniques such as quantization and pruning can be applied, which reduce the
model’s size and computation requirements while maintaining performance [11].

Finally, interpretability is a challenge in deep learning-based image classification. Thesemod-
els are often seen as ”black boxes,” making it difficult to understand why a particular classifica-
tionwasmade. ExplainableAI (XAI) techniques, such as saliencymaps, are being developed to
provide insights into themodel’s decision-making process, making it easier to trust and validate
the model’s predictions [11].

1.3 Audio Preservation andDigitization

Although it is possible to decelerate the deterioration of analog carriers like magnetic audio
tapes, it is not possible to completely suspend it. Establishing accurate preservation proce-
dures is crucial for maintaining the audio content. Successful preservation of the information
stored in these carriers is only achievable through the process of transferring the data to newly
established carriers [12]. In addition to the International Association, several organizations, in-
cluding the International Federation of Library Associations and Institutions (IFLA), and the
International Association of Sound and Audiovisual Archives (IASA) have developed preser-
vation requirements.

Technical details. According to IFLA, the recommended approach for maintaining the in-
tegrity of contents on analog carriers refers to the process of converting material into digital
format. However, digitalization encompasses numerous factors to consider. The IASATC-03
standard establishes guidelines for the preservation of audio documents. The specification in-
cludes several elements such as the process of digitization, evaluation of quality, documenting
of information, storage, and accessibility.

Metadata documentation is crucial in the arena of audio preservation. As per IASA TC-
04 [13], content metadata is structured information that characterizes and delivers digital au-
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dio object context. This information is valuable for their administration and extended-term
conservation. Specific instances of metadata encompass descriptive components such as title,
original author, and significant terms; technical specifications like file format, sampling rate,
and duration; administrative information including preservation activities and rights manage-
ment operations; and origin and historical background of the audio resource documented by
provenance data. Efficient dataset documentation guarantees precise identification, accessibil-
ity, and administration of metadata of digital audio records in preservation endeavors.

1.4 Centro di Sonologia Computazionale

The Centro di Sonologia Computazionale (CSC) is a renowned research center at the Uni-
versity of Padova that focuses on the intersection of music and computing. In recent decades,
CSChas directed its attention towards several facets ofmusic technology, including the conser-
vation and rehabilitation of historical audio records, particularly those stored on analog mag-
netic tapes [14].
The intrinsic vulnerability of magnetic cassettes to degradation renders their preservation

immediate and vital. The CSC’s methodology integrates many disciplines, including musicol-
ogy, philology, and information engineering, to guarantee precise and thorough conservation
of these culturally and historically significant audiomaterials. The approaches devised byCSC
are implemented in global projects and encompass not just the conversion of audio informa-
tion into digital format, but also the extraction and preservation of metadata to maintain its
integrity concerning both the auditory material and its accompanying information [15].

The preservation of magnetic tape documents at CSC requires a meticulous methodology.
The objective is to guarantee the conservation and authenticity of audio recordings. The pri-
mary difficulty in conserving analogmagnetic cassettes is in correctly collecting both the audio
signal and the context andmetadata associatedwith each cassette. This encompasses the state of
the physical and chemical properties of the tape, the recording environment, and anymodifica-
tions applied to the magnetic carrier. CSC has designed a method that converts these cassettes
into digital format while maintaining the inherent supplementary information, thereby estab-
lishing a thorough digital repository that accurately represents the original recordings as closely
as possible. Achieving this will ensure that the original purpose and subtleties of the recordings
are preserved intact. This procedure entails the use of sophisticated software tools to diagnose
and rectify any faults that arise during the process of digitization, such as fluctuations in speed
and inconsistencies in equalization [15].
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1.5 MPAI-CAE ARP

A substantial portion of CSC’s approach is reflected in the MPAI’s ARP (Audio Recording
Preservation) application, which was established to address the lack of a standard that incor-
porates software references in the preservation of audio documents. Its main objective is to
convert audio documents into digital format while also ensuring that the preservation master
file includes information and video footage of the tape. Furthermore, the inclusion of audio
is essential to preserve the philological authenticity of such manuscripts . Audio analysis and
correction are performed using artificial intelligence applications to address aberrations. This
holistic approach facilitates the incorporation of information, context, and historical aspects,
which are crucial for the preservation of these recordings.

1.5.1 Moving Picture, Audio and Data Coding by Artificial In-
telligence (MPAI)

Moving Picture, Audio and Data Coding by Artificial Intelligence (MPAI) is an international
non-profit organization that aims to develop standards for data coding using Artificial Intel-
ligence (AI) [16]. These standards facilitate the transformation of data into formats that are
compatible with a wide range of applications. The goal ofMPAI is to develop a workflow of in-
terchangeable and upgradeable AIModules (AIMs) without altering the fundamental logic of
the applications [17]. This approach provides flexibility and ensures the ongoing advancement
of AI technologies.

The MPAI-AIF (AI Framework) is a standard designed to enable the creation and automa-
tion of mixedMachine Learning (ML), AI, and legacy data processing modules [17]. The first
version of this standard has been adopted by IEEE as IEEE 3301-2022 [18].

One of the key features of MPAI-AIF is interchangeability. AIMs can be replaced or up-
graded without changing the overall logic of the application. This allows for continuous im-
provement of the application. Another goal of this framework is to provide compatibility and
reusability by offering standardized interfaces for data exchange between AIMs. The frame-
work is composed of several components, including the management of AIMs, execution en-
vironment, storage, and access to data. This structure supports the integration and operation
of diverse AIMs [17].
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Figure 1.1: MPAI‐AIF V2 Reference Model

1.5.2 Context-based Audio Enhancement (CAE)

Context-based Audio Enhancement (CAE) is a standard developed byMPAI, with its first ver-
sion officially recognized as IEEE 3302-2022 [19]. The MPAI-CAE standard is designed to
enhance user experiences across various audio-related applications, including entertainment,
communication, and restoration [19]. The standard encompasses four specific use cases that
aim to elevate audio quality in different scenarios. These use cases are outlined below:

• Emotion-Enhanced Speech (EES):This use case enables users to infuse neutral speech
with emotional content, thereby increasing its expressiveness. By selecting an emotional
tone, users can transform plain speech into a more dynamic and engaging version. This
functionality is particularly beneficial in contexts where conveying emotion is vital, such
as in entertainment and communication.

• Audio Recording Preservation (ARP): Focused on the preservation of audio record-
ings, particularly those stored on open-reel magnetic tapes, this use case involves creat-
ing digital versions that are optimized for long-term storage. Additionally, it ensures that
these recordings can be accurately played back and, when necessary, restored tomaintain
their quality and content.

• Speech Restoration System (SRS): This use case is dedicated to enhancing the clar-
ity of speech that has been compromised by noise or other distortions. It improves the
intelligibility and overall quality of degraded speech,making it especially useful for appli-
cations such as teleconferencing and archival restoration, where clear communication is
critical.
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• Enhanced Audioconference Experience (EAE):Designed to improve the audio qual-
ity in teleconferences, this use case reduces background noise, echo, and other disrup-
tions. By ensuring that conversations are clear and effective, it enhances the overall expe-
rience and productivity of remote meetings.

1.5.3 Audio Recording Preservation (ARP) Use Case

Audio Recording Preservation (ARP) is one of the key use cases within the MPAI-CAE stan-
dard. This use case is dedicated to preserving audio recordings stored on analog media, such as
open-reel magnetic tapes. These tapes often contain critical information, including splices, ir-
regularities resulting fromthephysical and chemical characteristics of the tape, and annotations
made by composers or technicians. Proper documentation and preservation of this informa-
tion are crucial for ensuring accurate playback and long-term preservation. Additionally, the
ARP use case involves creating a digital copy for archival purposes and an access copy that may
require restoration to ensure proper playback.

AIWorkflow (AIW) andModules in ARP

The AI workflow in ARP involves a series of structured operations carried out by different AI
Modules (AIMs). These AIMs work together to detect and classify audio and visual irregu-
larities, ultimately restoring the audio content. The process begins with digitizing the analog
signal and capturing video of the playback head. The Audio and Video Analyzers then detect
and classify any anomalies. The Tape Irregularity Classifier processes these classifications, and
the Tape Audio Restoration module restores any damaged audio. Finally, the Packager com-
piles all the relevant files into preservation and access copies. Figure 1.2 illustrates the AIW of
the ARP use case.

Audio Analyzer

The Audio Analyzer extracts pertinent audio fragments from the tape and identifies sections
with low signal levels. It detects irregularities based on recording speeds and equalization curves,
producing analyzed audio blocks and irregularity files for the Tape Irregularity Classifier. The
AudioAnalyzer works in conjunctionwith theVideoAnalyzer. It receives irregularity files gen-
erated by the Video Analyzer and extracts audio files corresponding to the detected anomalies
in these files. Finally, it combines the generated Irregularity File with the one obtained from
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Figure 1.2: MPAI‐CAE ARP Reference Model [1]

theVideoAnalyzer and sends it to theTape IrregularityClassifier alongwith the corresponding
Audio Files.

Video Analyzer

TheVideoAnalyzer uses computer vision algorithms to detect surface irregularities on the tape.
It sends the generated irregularity file to theAudioAnalyzer and receives irregularity files gener-
ated by theAudioAnalyzer. It extracts images of irregularities corresponding to those detected
in the files sent by the Audio Analyzer. Similar to the Audio Analyzer, it combines the gener-
ated Irregularity File with the one obtained from the Audio Analyzer and sends it to the Tape
Irregularity Classifier along with the appropriate irregularity images.

Tape Irregularity Classifier

The Tape Irregularity Classifier processes information provided by both the Audio and Video
Analyzers, classifying irregularities for further processing and restoration. It ensures that all
relevant irregularities are thoroughly documented and addressed. It then sends the Irregularity
File related to the selected anomalies to the Tape Audio Restoration module.
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Tape Audio Restoration

TheTapeAudioRestorationmodule focuses on repairing audio segments that were corrupted
or incomplete during digitization. It enhances the audio quality by detecting and correcting
issues related to speed, equalization, and reading errors in the Preservation Audio File. Finally,
it sends the Restored Audio Files and Editing List to the Packager.

Packager

The Packager is responsible for creating the Preservation Master Files and Access Copy Files.
When assembling the Preservation and Access Copies, the Packager ensures that all digital con-
tent, documentation, and metadata are correctly organized and stored. It creates comprehen-
sive PreservationMaster Files and Access Copy Files by combining elements such as the Preser-
vationAudio File, RestoredAudio Files, Editing List, Irregularity File, Irregularity Images, and
the Preservation Audio-Visual File [20].

1.6 Classification of Irregularities

Automated irregularity classification plays a pivotal role in audio preservation, as it involves
categorizing and addressing various types of anomalies found in audio carriers. These anoma-
lies may include splices, brands, chemical deterioration, and biological contamination, among
others. Such irregularities can occur due to multiple factors, such as physical damage to the
recordingmedium, natural degradation over time, or intentionalmarkingsmade by composers
in tape-based music. Proper classification of these irregularities is vital to ensure that the digi-
tization process accurately preserves the audio content, thereby safeguarding the integrity and
usability of valuable historical and cultural audio archives.
Given the sheer volume of audio data requiring processing, automation in irregularity clas-

sification is indispensable. Manual classification and correction not only consume significant
time but are also susceptible to human error. Automated systems, on the other hand, can effi-
ciently and accurately classify large amounts of audio data. This capability is especially impor-
tant for cultural heritage institutions, including libraries, archives, and research centers, that
manage vast audio collections.
TheVideoAnalyzer, a softwaremodule developed byCSC, exemplifies automated irregular-

ity classification in line with theMPAI-CAEARP use case guidelines. It is designed to classify
key frames from digital video footage, concentrating on the tape recorder’s reading head and
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the area under the pinch roller. The software for irregularity detection utilizes frame differenc-
ing techniques, identifying and classifying significant frames by comparing consecutive frames
and detecting notable changes in color [21].

1.6.1 Irregularity Types

Within the realm of audio preservation, an irregularity refers to any variation or abnormality
present on magnetic audio cassettes that has the potential to impact the quality and integrity
of the recorded sound. Discrepancies can manifest as either deliberate or inadvertent. [15]
Deliberate anomalies refer to the modifications made on the tape within the framework of

tape music. Tape music is a subgenre of electroacoustic music characterised by the manipula-
tion of pre-recorded elements on magnetic tape. That is, it encompasses alterations made by
composers to the recording. The alterations encompass annotations and splices, which are es-
sential components of the creative process. Pioneering composers such as Pierre Schaeffer and
Karlheinz Stockhausen employed splicing and loopingmethods to generate innovativemusical
structures and soundscapes. Annotations put directly on the tape offer precise instructions for
both playing and synchronizing the audio. Their function is to provide guidance to the per-
formers and technicians [22]. Due to the substantial information included in these modifica-
tions, it is culturally and historically essential to preserve them accurately. Incidental abnormal-
ities refer to gradual deteriorations that occurwithout purposeful intervention. The abnormal-
ities encompass physical imperfections, such as scratches, splices, and tape breaking; chemical
damage caused by fluctuations in temperature and humidity; and contamination, such as the
buildup of dust and grime on the tape surface resulting in playback problems [23].
The IASACataloguingRules [23] provide an extensive list of conditions that can appear on

an audio tape. Not every condition appears equally often inmagnetic audio tapes. Tomake the
detection and classification process easier and more feasible, a simplified approach is adopted.
The simplified classification scheme used in [22] includes four primary classes:

• Splice: Connections where two segments of tape have been joined together with adhe-
sive tape.

• Shadow: Ghosting or imprints left on the tape.

• Brand: Identification marks or logos printed on the tape by the manufacturer.

• Ends-of-Tape: The point where the tape is not under tension.
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In the scopeof this thesis, the “ends-of-tape” class is removed as the ends-of-tape instances are
detected by a different region of interest than the other irregularities). The classes considered
for this research are “splice”, “brand”, and “shadow”.
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2
Tape Irregularity Classification Dataset

2.1 Acquisition of Dataset (Video Analyser)

The modules directly engaged in the analysis of video input in the MPAI-CAE ARP use case
are the Video Analyser, which identifies the regions of the tape that exhibit particular points
of interest and stores them as Irregularity Images, and the Tape Irregularity Classifier, which
categorizes the Irregularity Images according to their content. The video analysis focuses specif-
ically on the section of the tape located below the reading head, which also includes other com-
mon elements of the open-reel recorder (see Figure 2.2). Video files consist of recordings of
open-reel tapes that are played on a Studer A810 (see Figure 2.1).[24]

Since CSC began video documenting the entire digitization process in 2013, most of the
archived videos have a PAL resolution (720 × 576) at 25 interlaced fps, due to limitations in
the available equipment. While this resolution does not affect the detection process, it must be
taken into consideration during the image classification stage.

The Video Analyser employs a frame-by-frame analysis approach to identify and capture
frames that exhibit significant differences compared to the preceding ones. In the next step, the
Tape Irregularity Classifier focuses on these distinctive frames to detect and highlight potential
anomalies, such as tape damage, scratches, splices, or other irregularities. This is accomplished
using a classifier module based on a convolutional neural network, which has been carefully
calibrated for this task.[24]
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Figure 2.1: Studer A810 open‐reel tape recorder.

The irregularity detection process underwent several iterations and refinements, ultimately
leading to the following algorithm:

1. Identify the Regions of Interest.

2. Traverse through the video, comparing consecutive pairs of frames.

3. If the number of dissimilar pixels between a pair of frames exceeds a predetermined
threshold, an irregularity is detected.

2.1.1 ROI Detection

Preliminary studies explored the possibilities of background subtraction algorithms [25]. This
methodutilizedpreviously gathered information to separate new elements from recurring ones.
However, this approach yielded numerous false positives, capturing insignificant variations in
brightness, reel movement, and other undesired artifacts. Furthermore, there were inevitable
performance issues due to the long operation time associated with the BackgroundSubtrac-
torKNN tool. Unfortunately, improving the execution timewas not feasible due to limitations
imposed by the OpenCV algorithm implementation [26].[24]
To address these challenges, a reevaluation of the Irregularities’ characterization was con-

ducted, with a focus on scene framing. It was observed that all anomalies shared a lack of verti-
cal movement and typically consisted of small clusters of points related to the frame size.[24]
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Given that Irregularities exhibited only horizontal movement, the approach was to concen-
trate on variations in a specific part of the frame. The most effective solution was to shift the
focus away from the moving elements of the scene (i.e., the Irregularities) and select areas of
interest based on stationary elements instead. In this case, the capstan and the reading head,
which are the components closest to the tape, remained stationary within the frame and served
as reference points for automatically identifying the pixel regions where Irregularities appear
(see Fig2.2).[24]

The capstan is a rotating shaft used to move the tape through the mechanisms and mag-
netic heads (for erasing, recording, and playback) of the tape recorder. During playback, the
tape passes through the capstan and a rubber wheel called the pinch roller. The pinch roller
presses the tape against the capstan, providing the necessary friction for the tape to continue
moving. Typically, the pinch roller is located after the magnetic heads in the direction of the
tape’s movement (on the right side of the video in this case).[24]

Figure 2.2: Fixed elements of interest in the frame.

To detect Irregularities, it is sufficient to examine the pixels below the reading head. Since
the tape onlymoves horizontally, the anomalies, flowing from left to right, inevitably enter this
area. The capstan can also be used for the same purpose, but in this case, it is useful for different
events of interest: the start and the end of the tape. When the playback ends, the pinch roller
releases the tape bymoving away from the capstan, and sometimes this causes the tape to come
out of the reading head’s slot. The movement of the pinch roller is clearly visible in all the
videos, and for this reason, it was chosen as the reference point to detect the moment when the
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tape reaches its end. A similar situation occurs at the beginning of the video when the tape is
not being played and the capstan is in its “rest” position (see Fig 2.3 for a visual representation
of the capstan and pinch roller positioning). By focusing only on the area below the capstan,
it is possible to detect when it moves to release the tension from the tape.[24]

To identify stationary elements within the scene, well-known algorithms capable of finding
patterns within an image were employed: the Generalized Hough Transform [27] and SURF
(Speeded Up Robust Features) [28]. Their coordinates within the image could be determined
by providing these algorithms with the image of the capstan and the reading head. The coor-
dinates of the underlying areas were defined through empirical methods. Figure 2.4 shows the
identified areas below the capstan and the reading head.[24]

The actual implementation of this step involves examining the middle frame of the video,
which should represent a normal situation regarding the framing or the presence of an Irregu-
larity. During this step, the position of ROIs is determined by searching for template images
in the frame using the aforementioned algorithms.[24]

Figure 2.3: Tape scrolling mechanism of the Studer A810.

2.1.2 Detection of Irregularities

Once the areas of interest within the scene have been established, an activation function is em-
ployed to determine the presence of Irregularities. The number of differing pixels in each pair
can be calculated By utilizing pairs of consecutive frames. Focusing on the identified ROIs, it
has been observed that approximately[24] 80% of the pixels consistently exhibit variations in
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Figure 2.4: ROIs under the capstan and the reading head.

terms of colors and shadows. Therefore, it has been established that when the quantity of dif-
fering pixels exceeds the set threshold, a significant difference between the two frames has been
detected. To quantify the differing pixels between two images, a new image is generated with
white pixels representing the matching ones, and black ones for indicating their differences.
The generation of the comparison image can be described as follows:

D(i, j) =


255 if

Cred(i, j)− Pred(i, j) = 0 ∧
Cgreen(i, j)− Pgreen(i, j) = 0∧
Cblue(i, j)− Pblue(i, j) = 0

0 otherwise

where i = 1, . . . , n and n is the number of rows in the matrix, j = 1, . . . ,m andm is the num-
ber of columns in thematrix; matrixD is the difference frame,Cred,Cgreen, andCblue are the cur-
rent framematrices for the red, green, and blue color channels respectively, andPred,Pgreen, and
Pblue are the previous framematrices for the red, green, andblue color channels respectively.[24]

Figure 2.5: Actual comparison image output of the tape area under the reading head.
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As shown in Fig. 2.5, the generated comparison image provides a visual representation of
the differences between consecutive frames in the tape area under the reading head. The white
regions indicate areas where the frames match, while the black regions represent variations be-
tween the frames. This image serves as a valuable tool for identifying Irregularities and assessing
the extent of their presence.[24]

2.1.3 Mitigating False Positives

To ensure that all irregularities within an input tape are accurately identified, testing the ac-
curacy of the software is crucial. The testing of the developed software showed good results,
though occasional detection of false positives was also observed. If an irregularity extends over
several centimeters along the tape, it may be detectedmultiple times, resulting in the output of
several irregularity images.[24]

To address this issue, considering that the region of interest (ROI) at the tape’s reading head
is 3 cm wide, and the tapes run at speeds of 7.5 or 15 inches per second (ips) while videos are
recorded at 25 frames per second (fps), it was calculated that discarding two or three consecu-
tive frames upon detecting an irregularity is sufficient to avoid duplicating the same irregularity
(though false positives may still occur for exceptionally long irregularities). This approach sig-
nificantly reduces the number of images saved as irregularities by the software.[24]

2.1.4 Handling Interlacing

Another issue related to the tape format concerns the storage of irregularity images. Since the
majority of videofiles archived atCSCwere recorded longbefore the softwarewas designed and
developed, the videoswere recorded in PAL format at 25 fps, interlaced. Interlacing is a notable
drawback of the input files, as each frame is divided into even and odd lines, resulting in mis-
alignment between the two fields, particularly noticeable in areas withmotion (see 2.4).[24] In
the Irregularity detection phase, dealing with interlaced images does not introduce particular
problems. Since the comparisonoccurs on apixel-by-pixel basis, the analyzed frames in pairs are
interlaced in the samemanner, resulting in consistentmisalignment of even and odd pixel rows
in subsequent frames. However, interlacing can adversely affect the classification phase, which
employs a convolutional neural network. In fact, this type of neural network reduces the num-
ber of pixels as it progresses deeper into the network, approximating the colors of neighboring
pixels to identify characteristic patterns within an image. Unfortunately, interlacing alters the
colors of neighboring pixels and significantly impairs the classifier’s performance.[24]

20



Figure 2.6: . Interlaced picture: notice the misalignment between odd and even lines.

Various techniques to reduce the effects of interlacing have been explored and tested. One
widelyused technique indedicatedplayback software involves separating the semi-quadswithin
the analyzed frame. This process generates two images: one containing the even lines and the
other containing the odd lines. By utilizing only one of these semi-quads, half of the original
frame’s information is lost, but the other half image gives more reliable results for this specific
use case. Thus, it has been chosen to save only the semi-quad containing the odd lines, result-
ing in images with a resolution of 720 × 228 pixels. This approachmitigated themisalignment
caused by interlacing and provided a more accurate representation of the tape’s content.[24]

2.2 Dataset Content

Applying the frame differencing technique, the pictures are classified into four sets, each cor-
responding to a distinct phase of the irregularity detection process. The rationale behind the
organization of these divisions arises from the observation that each stage exhibits different
levels of complexity. The goal is to determine the group that provides the most valuable and
comprehensive depiction of the anomaly. The sets are list below:

1. Region of Interest Images: Images of ROI directly taken from the video without any
processing step.

2. Difference Images: The image that represents the absolutedifferencebetween two frames
at the given time.

3. Motion Images: Binarized images obtained by applying a threshold on difference im-
ages.

4. Final Images: The images after the opening operation on motion images.
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Each set consists of three subgroups created following the criteria provided by CSC. The
irregularity photos are classified into three distinct groups: splices, shadows, and brands. It is
crucial to emphasize that each picture in one of these four sets is equivalent to its matching
image in another group, as they are outcomes of the same process. Hence, four groups possess
an equal quantity of photos that depict identical anomalies. The rationale is to achieve more
dependable and consistently valid empirical findings. Analogous to the procedure of detecting
irregularities, the dataset is created by utilizing films with speed settings of 3.75 ips, 7.5 ips,
15 ips, and 30 ips. The inclusion of 30 ips is essential since an increase in tape speed poses
additional difficulties for irregularity categorization because of the heightened motion blur.In
further versions, the dataset should be augmented by acquiring photos with pixel values of
1.875 ips and 0.9375 ips inherent in the ARP standard.[1]

2.2.1 Region of Interest Images(ROI)

First set of images consists of direct images taken from the tape area of the video. These images
represent the second image of the consecutive pairs of frames from the detection process.(see
2.7)

(Splices)

(Brands)

(Shadows)

Figure 2.7: ROI images with various speeds.
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2.2.2 Difference Images

These images depict the divergence between two successive frames at themoment the anomaly
was identified. These images are acquired by calculating the absolute difference between the
pixel brightness of two successive photos, as explained before in Section. Given the relatively
low pixel intensities of these difference images, they primarily seem black to the human eye.
Nevertheless, these pictures may include significant elements that may be recognized by ma-
chine vision. Figure 2.8 displays many photos belonging to this group. Images are acquired by
deriving the absolute difference for the anomalies shown in Figure 2.7. Evidently, brand pic-
tures predominantly appear in black, which may be ascribed to their generally low intensities.

(Splices)

(Brands)

(Shadows)

Figure 2.8: Difference images with various speeds.

2.2.3 Thresholded Image

Thresholding is the procedure of producing a binary image by applying a prescribed threshold
value T. Utilizing the threshold value acquired in the preceding stage, a binary image known
as a motion image is generated. Every pixel with a value equal to or exceeding T is allocated
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an intensity value of 255, indicating a white pixel. Every individual pixel located beneath the
threshold T is allocated an intensity value of 0, indicating a black pixel. The threshold opera-
tion, calculated based on the threshold value T, may be defined as:

M(x, y) =

255 if Δ(x, y) ≥ T

0 otherwise

The thresholding was done with the value obtained with Otsu’s method. In Fig 2.9, the result-

(a) Difference Image (b)Motion Image

Figure 2.9: The difference image is binarized with T = 13.

ing motion image is shown. The thresholding was done with the value obtained with Otsu’s
method.

2.2.4 Opened Images

After obtaining the motion image, some white pixels may appear that are not part of the main
irregularity. These unrelated motion artifacts are often caused by system vibration or external
lighting changes. To give the irregularity a clearer shape and reduce the influence of these white
pixels during evaluation, the **opening** operation is applied.

This operation consists of two steps:

1. **Erosion**: Eliminates the unrelated artifacts.

2. **Dilation**: Recovers the size and shape of the main irregularity.

LetM represent the binary motion image, O the binary final image, and S the structuring
element used in the opening operation. The opening of M by S is denoted as M ◦ S and is
defined as:

O(x, y) = (M ◦ S)(x, y) = (M⊖ S)⊕ S
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where⊖ represents erosion and⊕ represents dilation.
For video footage with resolutions of 1920x1080 and 720x576, as used byCSC, a 3x3 kernel

is applied as the structuring element during the opening operation.(see fig 2.10)

(Splices)

(Brands)

(Shadows)

Figure 2.10: Opened Images.

2.3 Data AugmentationMethods

Data augmentation is a crucial technique to enhance the performance of deep learning mod-
els by artificially expanding the dataset. By applying transformations such as flipping, adding
noise, andmodifying brightness, we can generate new training samples, thus helping to prevent
overfitting and making the model more generalizable. In this section, we describe the augmen-
tation pipeline applied to the dataset used in our training process.

2.3.1 Augmentation Pipeline

The augmentation techniques used in our pipeline are designed to generate diverse samples of
the input images. Below is a description of each augmentation step applied:
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• Horizontal Flip (Fliplr): Randomly flips the image horizontally with a probability of
0.5. This can be expressed as:

I′(x, y) = I(w− x, y)

where I(x, y) represents the original image and w is the image width.

• Vertical Flip (Flipud): Randomly flips the image vertically with a probability of 0.2,
which can be expressed as:

I′(x, y) = I(x, h− y)

where h is the height of the image.

• AdditiveGaussianNoise: AddsGaussiannoise to the image,where thenoise is sampled
from a normal distribution:

I′(x, y) = I(x, y) +N (0, σ2)

withN (0, σ2) being a Gaussian noise value with zeromean and variance σ2. In the code,
the noise is scaled by σ = 0.05 × 255, which allows slight perturbations to the pixel
values.

• Brightness Adjustment (Multiply): Modifies the brightness of the image by multiply-
ing pixel values by a random factor between 0.8 and 1.2. Mathematically, this can be
written as:

I′(x, y) = I(x, y)× α

where α ∈ [0.8, 1.2] is a randomly selected factor.

These transformations are combined in a pipeline using the ‘imgaug‘ library’s ‘Sequential‘
function, which applies each operation sequentially to the images. The pipeline is structured
to ensure a diverse set of augmentations.

2.3.2 Implementation of Data Augmentation

The following Python code snippet, implemented in our study, demonstrates the process of
augmenting the dataset. The augmentation pipeline is applied to different image subfolders
(ROI, thresholded, difference, and opened images) and various categories (splice, shadow, and
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brand). The goal was to generate a sufficient number of augmented images per class, reaching
a target of 1500 images for each.

Listing 2.1: Python code for Data Augmentation

import o s
import numpy a s np
import random
import imgaug . a u gmen t e r s a s i a a
from PIL import Image , U n i d e n t i f i e d Im a g e E r r o r

\% De f i n e a u gmen t a t i o n p i p e l i n e
a u gm e n t a t i o n _ p i p e l i n e = i a a . S e q u e n t i a l ( [

i a a . F l i p l r ( 0 . 5 ) , # H o r i z o n t a l f l i p
i a a . F l i p u d ( 0 . 2 ) , # V e r t i c a l f l i p
i a a . A d d i t i v eG a u s s i a nNo i s e ( s c a l e = ( 0 , 0 . 0 5 * 2 5 5 ) ) , \%

Gau s s i a n n o i s e
i a a . Mu l t i p l y ( ( 0 . 8 , 1 . 2 ) ) # B r i g h t n e s s a d j u s tm e n t

] )

# Load imag e s and a p p l y au gmen t a t i o n
f o r ma i n _ f o l d e r in ma i n _ f o l d e r s :

f o r s u b _ f o l d e r in s u b _ f o l d e r s :
# Load ing and augmen t ing imag e s l o g i c . . .

In this code, images frommultiple folders are augmented using the pipeline. The following
steps are performed:

1. **Load the Images**: Images are loaded from subfolders within the main categories.

2. **Apply Augmentation**: The augmentation pipeline is applied to the loaded images.

3. **Generate TargetNumber of Images**: The pipeline continues augmenting the images
until the target of 1500 images per class is reached.

4. **Save Augmented Images**: Augmented images are saved in new subdirectories, pre-
serving the original filenames with an added prefix.
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2.3.3 Mathematical Formulation

The data augmentation process can bemathematically represented as applying a set of transfor-
mations T to the original image I. The transformation function T is applied as:

I′(x, y) = T(I(x, y))

where T is a composition of the operations described above, including horizontal flip, verti-
cal flip, noise addition, and brightness adjustment. Each transformation introduces controlled
variability into the dataset while preserving the underlying content of the image, enhancing the
model’s ability to generalize.

2.3.4 Invalid File Handling

During the data augmentationprocess, therewere some invalid files that couldnot be processed
due to format or loading issues. These files were skipped, and the number of invalid files per
folder was tracked and printed at the end of the augmentation process.

Listing 2.2: Python code for handling invalid files

# I n v a l i d f i l e h and l i n g
i n v a l i d _ f i l e s _ c o u n t [ s ub_pa th ] = 0 # I n i t i a l i z e i n v a l i d

f i l e c o u n t
f o r f i l e in o s . l i s t d i r ( s ub_pa th ) :

t r y :
w i t h Image . open ( ima g e_p a t h ) a s image :

im a g e s . append ( np . a r r a y ( image ) ) # Load
image

e x c ep t ( U n i d e n t i f i e d Im a g e E r r o r , OSError ) :
p r i n t ( f ” I n v a l i d f i l e : { ima g e_p a t h } . S k i p p i n g . ” )
i n v a l i d _ f i l e s _ c o u n t [ s ub_pa th ] += 1 # Tra ck

i n v a l i d f i l e s

2.3.5 Conclusion

Data augmentation is a powerful technique to artificially expand a dataset, especially when
dealing with limited data or class imbalance. In our project, the augmentation process helped
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generate a sufficient number of diverse training samples, leading to better model performance
and generalization. The augmentation methods employed, such as flipping, noise addition,
and brightness adjustment, ensured that the model could effectively handle various real-world
image variations during training.

29



30



3
Models

ExistingMethod

Following the image acquisition process, a Convolutional Neural Network (CNN) based on
the GoogLeNet network [29] is employed to classify the acquired images. The CNN has un-
dergone training on specific classes, namely splices, brands, shadows, and end of tape. While
additional types of irregularities do exist, their inclusion in the classifier’s training set was not
feasible due to their significantly lower frequency of recurrence, especially compared to the
aforementioned classes. Such inclusion would have led to an imbalanced dataset, undermin-
ing the effectiveness of the classification model. Therefore, the number of classes was reduced,
ensuring a more balanced input for the classifier [30].

Separate analyses were conducted on two different datasets: the first one with tapes played
at 7.5 inches per second (ips) and the other for tapes played at 15 ips. Both classifiers exhibited
an accuracy of 95% during the validation phase, a noteworthy achievement. This high accuracy
was further confirmed during the subsequent testing phase, which involved evaluating the per-
formance of the classifiers on frames extracted from the dataset prior to the network’s training.
This comprehensive evaluation solidifies the robustness and reliability of the developed system.
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3.1 ConvolutionalNeuralNetwork (CNN)Classifi-
cation Approach

Following the image acquisition process, the classification of the acquired images is performed
using a Convolutional Neural Network (CNN) based on the GoogLeNet architecture [31].
GoogLeNet, renowned for its Inception modules, allows the model to process images at mul-
tiple scales, effectively capturing a wide range of features in each layer. This network has been
adapted and trained to recognize four primary types of irregularities: splices, brands, shadows,
and end-of-tape anomalies. These categories were chosen due to their higher frequency of oc-
currence in the dataset, allowing for sufficient data to train an effective classifier.3.1

Figure 3.1: CNN Architecture

3.1.1 Dataset Selection and Class Imbalance

While the system is capable of detecting other types of irregularities, such as physical damage
or signal degradation, these were excluded from the training process due to their infrequent
appearance in the dataset. Including these rare irregularities would have led to a highly imbal-
anced dataset, which poses a significant challenge in deep learning models. In a highly imbal-
anced dataset, the model tends to overfit on the dominant classes while underperforming on
the minority classes. This is due to the fact that the classifier is more likely to predict frequent
classes, as it is trained on a disproportionate number of examples from those classes [32].

To mitigate this issue, the number of classes was reduced, focusing on the more frequent
types of irregularities that occur during tape playback. This adjustment ensures a more bal-
anced input for the classifier, improving the model’s generalization capability during training.
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Consequently, the CNN is not only more accurate in recognizing common issues, but it also
avoids overfitting to any one class, which would compromise the model’s overall effectiveness.

3.1.2 Separate Dataset Analysis

Two distinct datasets were used to evaluate the performance of the classification system: one
consisting of tapes played at a speed of 7.5 inches per second (ips), and the other at 15 ips.
The different playback speeds introduce variations in the image acquisition process, potentially
affecting the performance of the classifier. Therefore, separate analyseswere necessary to ensure
that the CNN could generalize well across both datasets.

During the validation phase, both classifiers achieved an accuracy of 95%, which is a remark-
able result, considering the complexity and variability of the acquired images. The validation
process involved a portion of the dataset that was withheld from the training phase to evaluate
the classifier’s performance on unseen data. This validation accuracy provided confidence in
the model’s capability to generalize well beyond the training data.

Theperformanceof the classifierswas further assessedduring the testingphase,where frames
extracted from the dataset prior to the network’s training were used. This additional evalua-
tion aimed to test the model’s robustness when exposed to entirely unseen frames, simulating
real-world conditions. The high performance achieved in both validation and testing phases
confirms the system’s reliability and practical applicability in classifying various types of tape
irregularities.

3.1.3 Limitations of the Classification System

Despite the high accuracy achieved, the classification system has some limitations. One key
limitation is the exclusion of rare irregularities due to their low frequency in the dataset. These
irregularities, although less frequent, can still be significant in the evaluation and restoration of
magnetic tape recordings. The inability to effectively classify these rare anomalies might result
in a less comprehensive analysis, particularly in niche or specialized applications where these
irregularities occur more frequently.

Another limitation is the dependence on a balanced dataset for training. While reducing the
numberof classes helpedmitigate class imbalance, this approachmaynotbe feasible for datasets
wheremultiple irregularities of interest exist. In such cases, alternative techniques, such as data
augmentation or cost-sensitive learning, could be explored to handle the imbalanced nature of
the dataset more effectively [33].
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Furthermore, the system’s performance is currently dependent on specific playback speeds
(7.5 ips and 15 ips). For this system to be generalized to other tape playback speeds, additional
training with datasets from different playback speeds would be necessary. Without such train-
ing, the classifier may not perform optimally when exposed to variations in image acquisition
settings.

3.1.4 Application in Real-World Scenarios

The classification system, trained using the GoogLeNet-based CNN, has been designed to au-
tomate the detection of tape irregularities in large archives of magnetic recordings. Given its
high accuracy in both validation and testing, the system can be confidently deployed in real-
world applications. It can automatically classify frames extracted during tape playback, flagging
segments with splices, shadows, or other common issues that require further attention.

In practice, the CNN processes each frame individually, running inference on the images
captured during the playback of tapes. This real-time classification capability is particularly
valuable for large-scale digitization projects, where manual inspection of each frame is imprac-
tical. By identifying key issues in the playback process, the system facilitates the restoration and
preservation of archivalmaterials, ensuring that valuable recordings are correctly identified and
maintained.

3.2 Selecting the BestModel

In the process of identifying the best model for the classification task, four different deep learn-
ing architectures were explored: YOLOv7, VGG16, ResNet50, and EfficientNet. Each of
these models was selected for evaluation due to their proven performance in both detection
and classification tasks, but with varying strengths and design philosophies that cater to differ-
ent requirements.

YOLOv7 [34] is primarily designed for real-time object detection and is known for its abil-
ity to balance speed and accuracy. Although its focus is more on detection tasks, YOLOv7
can also perform well on classification problems in situations where rapid inference is critical.
However, in tasks that focus solely on classification, more specialized models such as VGG16
[35], ResNet50 [10], and EfficientNet [36] tend to outperform due to their architectural op-
timizations for image recognition.

VGG16 is a well-known convolutional neural network (CNN) that employs a simple and
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deep structure with uniform convolutional layers followed by max-pooling layers. Its depth al-
lows it to learn detailed features from images, but the high number of parametersmakes it com-
putationally intensive and slower compared tomodern architectures. Despite this, VGG16 has
been a strong baseline formany classification tasks, especiallywhen computational power is not
a major constraint.
ResNet50, on the other hand, introduced the concept of residual connections, which allow

gradients to flow more easily through the network during backpropagation. This innovation
helps prevent the vanishing gradient problem that typically hinders the performance of very
deep networks. By enabling deeper networks without a drop in performance, ResNet50 has
become one of the most widely used architectures in classification tasks.
EfficientNet brings a more modern approach by scaling networks in a balanced manner—

considering depth, width, and resolution—rather than arbitrarily increasing the number of
layers or parameters. It achieves better accuracy while using fewer computational resources
compared to older architectures. This makes EfficientNet particularly suitable when both per-
formance and efficiency are essential, such as in resource-constrained environments or large-
scale classification tasks.
These models were carefully compared to determine which was the most suitable for the

classification task at hand. The evaluation focused on balancing accuracy, computational ef-
ficiency, and the ability to generalize well to unseen data. In the end, the choice of the best
model was driven by a combination of these factors, taking into account the specific needs of
the classification problem and the computational resources available.

3.3 yolo v7

YOLOv7 (You Only Look Once version 7) is the latest iteration in the YOLO family of object
detectionmodels, which are designed to perform real-time object detectionwith high accuracy
and efficiency. Developed byWang et al. [34], YOLOv7 introduces several advancements that
make it stand out from its predecessors, offering an exceptional balance between speed, accu-
racy, and computational efficiency.

3.3.1 Key Features and Architecture

YOLOv7 improves upon the earlier YOLO versions by incorporating a range of architectural
and training innovations, including theuse of **trainable bag-of-freebies**, which refers to tech-
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niques applied during training that enhance themodel’s performance without increasing infer-
ence costs. This includes augmentations and optimizations that enhance the network’s ability
to generalize across diverse datasets. Additionally, YOLOv7 introduces an **extended efficient
layer aggregation network (ELAN)**, which optimizes how features are aggregated within the
network, leading to better feature extraction and representation.
The architecture of YOLOv7 consists of threemain components: 1. **Backbone**: Respon-

sible for extracting features from the input image. 2. **Neck**: Combines and processes these
features at different scales to detect objects of varying sizes. 3. **Head**: Outputs the bounding
boxes and class probabilities for each detected object.
YOLOv7’s backbone is designed to be lightweight, allowing for high-speed inference, while

still retaining the accuracy needed for detecting small and large objects in various contexts. The
introduction of **dynamic label assignment** and **model scaling** enables YOLOv7 to adjust
the size, depth, and width of the network, balancing computational needs based on available
resources.

3.3.2 Input Image Requirements

YOLOv7 operates on images in the form of a 2D grid of pixels, typically RGB images, though
grayscale can also be processed by the network. The images are resized to a square resolution,
commonly 640× 640 or 1280× 1280 pixels, depending on the model configuration. During
pre-processing, the pixel values are normalized to a range of [0, 1] by dividing the original pixel
intensity values (ranging from 0 to 255) by 255.

One of the strengths of YOLOv7 is its ability to detect multiple objects within an image at
different scales. The model uses anchor boxes—predefined bounding boxes of different aspect
ratios and sizes—to predict the locations of objects. By comparing predicted bounding boxes
with these anchor boxes, YOLOv7 efficiently detects objects of various shapes and sizes in a
single pass through the network.

3.3.3 How YOLOv7Works

Theworkingmechanismof YOLOv7 is based on the **single-shot detection** approach, where
themodel simultaneously predicts both the class of an object and its bounding box coordinates
in a single forward pass through the network. This is in contrast to traditional two-stage detec-
tors, such as FasterR-CNN,whichfirst generate proposals for object locations and then classify
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them in a separate step. YOLOv7 streamlines this process, reducing computational overhead
and enabling real-time performance.
The process begins by feeding an image into the network’s backbone, which extracts low-

level and high-level features from the image. These features are then processed by the neck and
passed to the head of the network, where the final predictions are made. YOLOv7 generates
three outputs at different scales, each corresponding to different levels of feature granularity,
allowing the model to detect both small and large objects effectively.
The **loss function** used in YOLOv7 incorporates three components: 1. **Bounding box

regression loss**: Measures how well the predicted bounding box matches the ground truth
box. 2. **Objectness loss**: Determines whether a given box contains an object or background.
3. **Classification loss**: Evaluates the accuracy of the predicted class labels for the detected
objects.

3.3.4 Computational Requirements andDeployment

YOLOv7 is designed to work efficiently across a range of devices, from powerful GPUs to
resource-constrained environments like embedded systems. Themodel can be trained on high-
end GPUs, such as those from the NVIDIA Tesla or A100 series, which provide the computa-
tional power needed for large-scale training tasks. For deployment, YOLOv7 is optimized for
fast inference on both GPUs and CPUs, making it suitable for real-time applications such as
autonomous driving, video surveillance, and robotics.

In terms ofmemory requirements, the standard YOLOv7model can be run on devices with
relatively modest memory, as its architecture is optimized to minimize resource consumption
without sacrificing accuracy. This makes YOLOv7 ideal for edge devices, such as drones ormo-
bile phones, where real-time object detection is needed under strict computational and power
constraints.

3.3.5 Application and Use Cases

While YOLOv7 is primarily designed for object detection tasks, it has also been applied success-
fully to various fields such asmedical imaging, autonomous systems, and retail analytics. In this
thesis, YOLOv7 was employed to detect multiple object categories in the dataset, leveraging its
ability to perform well in real-time applications. Its high speed and accuracy allowed for effi-
cient detection and classification, particularly in scenarios where rapid inference is critical.
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Though YOLOv7 is not primarily designed for image classification, it can be adapted for
such tasks by modifying the final layers of the network. However, in cases where the primary
goal is classification, models such as ResNet and EfficientNet are often better suited due to
their architecture and training optimizations for such tasks.

3.4 Classification using YOLOv7

In this section, I describe the process I followed to adapt YOLOv7 [34] for image classification
tasks. Although YOLOv7 is primarily designed for object detection, I modified its structure
and prepared the dataset to handle classification. This involved pre-processing the images, split-
ting the dataset, generating dummy annotations, and training the model.

3.4.1 Preprocessing the Images

The first step in preparing the dataset was resizing all images to a uniform resolution of 416×
416 pixels, which is the standard input size for YOLOv7. This was necessary to ensure consis-
tency in input dimensions across all images in the dataset. I wrote a Python script using the
cv2 library to process and resize all images from a directory structure recursively.

Listing 3.1: Image Preprocessing Code

de f p r o c e s s _ i m a g e s _ i n _ d i r e c t o r y ( d i r e c t o r y , t a r g e t _ s i z e ,
p r o c e s s e d _ im a g e s _ d i r , i m a g e _ e x t e n s i o n s ) :
f o r r oo t , d i r s , f i l e s in o s . wa lk ( d i r e c t o r y ) :

f o r f i l e in tqdm ( f i l e s ) :
i f not any ( f i l e . l ow e r ( ) . e n d sw i t h ( e x t ) f o r

e x t in i m a g e _ e x t e n s i o n s ) :
con t inue # S k i p non−image f i l e s

r aw_ imag e_pa th = o s . p a th . j o i n ( r oo t , f i l e )
image = cv2 . im r e ad ( r aw_ imag e_pa th )

i f imag e i s None :
p r i n t ( f ” Warning : Could not r e a d image {

f i l e } . S k i p p i n g . . . ” )
con t inue
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r e s i z e d _ i m a g e = cv2 . r e s i z e ( image ,
t a r g e t _ s i z e )

p r o c e s s e d _ im a g e _ p a t h = o s . p a th . j o i n (
p r o c e s s e d _ im a g e s _ d i r , o s . p a th . r e l p a t h (
r aw_ image_pa th , d i r e c t o r y ) )

o s . m a k e d i r s ( o s . p a th . d i rn ame (
p r o c e s s e d _ im a g e _ p a t h ) , e x i s t _ o k =True )

cv2 . imw r i t e ( p r o c e s s e d _ im a g e _ p a t h ,
r e s i z e d _ i m a g e )

The processed imageswere saved to a separate directory to preserve the original files, allowing
them to be used in future experiments. This preprocessing step ensures that all images fed into
the YOLOv7 model are consistent in size.

3.4.2 Splitting the Dataset

After preprocessing the images, I split the dataset into training, validation, and test sets. To
preserve the subdirectory structure and balance across different classes, I wrote a function to
recursively collect all image filenames and used train_test_split from sklearn to create
the splits. The dataset was split as follows: 60% for training, 20% for validation, and 20% for
testing.

Listing 3.2: Splitting the Dataset

# S p l i t t h e d a t a s e t ( i n i t i a l s p l i t : 80% f o r t r a i n +va l ,
20% f o r t e s t )

t r a i n _ v a l _ f i l e n a m e s , t e s t _ f i l e n a m e s = t r a i n _ t e s t _ s p l i t (
im a g e _ f i l e n am e s , t e s t _ s i z e = 0 . 2 , r a n d om_ s t a t e =42)

# F u r t h e r s p l i t t r a i n + v a l i n t o 75% t r a i n , 25% v a l
t r a i n _ f i l e n a m e s , v a l _ f i l e n a m e s = t r a i n _ t e s t _ s p l i t (

t r a i n _ v a l _ f i l e n a m e s , t e s t _ s i z e = 0 . 2 5 , r a n d om_ s t a t e
=42)

The images were then copied to their respective directories for training, validation, and test-
ing, while preserving the subdirectory structure for each class.
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3.4.3 Generating Dummy Annotations

YOLOv7 requires annotations in a specific format (bounding box coordinates and class labels),
even for classification tasks. Since I am focusing on classification rather than object detection,
I generated dummy annotations where the entire image is treated as a bounding box, with the
class label corresponding to the subdirectory in which the image is stored.

Listing 3.3: Generating Dummy Annotations

de f g e n e r a t e _ dummy_ anno t a t i o n s ( im a g e _d i r , c l a s s _ i d s ) :
f o r c l a s s _ n ame , c l a s s _ i d in c l a s s _ i d s . i t em s ( ) :

c l a s s _ d i r = o s . p a th . j o i n ( im a g e _d i r , c l a s s _ n am e )
f o r image_name in o s . l i s t d i r ( c l a s s _ d i r ) :

i f image_name . l ow e r ( ) . e n d sw i t h ( ( ’ . png ’ , ’ .
j p g ’ , ’ . j p e g ’ ) ) :
a n n o t a t i o n = f ” { c l a s s _ i d } 0 . 5 0 . 5 1 1\n

”
a n n o t a t i o n _ p a t h = o s . p a th . j o i n (

c l a s s _ d i r , image_name . r s p l i t ( ’ . ’ , 1 )
[ 0 ] + ’ . t x t ’ )

w i th open ( a n no t a t i o n _p a t h , ’w ’ ) a s f :
f . w r i t e ( a n n o t a t i o n )

This function automatically generates annotation files for each image, assigning the corre-
sponding class label and a dummy bounding box covering the entire image. The dummy an-
notations allow YOLOv7 to treat each image as a classified entity without the need for object
detection.

3.4.4 Training the YOLOv7Model

Finally, I used the pre-processed images and generated annotations to train YOLOv7. The
training process was carried out using the official YOLOv7 PyTorch implementation, with the
following command:

1 ! py thon t r a i n . py −−img 416 −−ba t c h 16 −−epo ch s 120 −−
d a t a / c o n t e n t / d r i v e /MyDrive / d a t a s e t y o l o / d a t a . yaml −−
c f g c f g / t r a i n i n g / y o l o v 7 . yaml −−w e i g h t s ’ y o l o v 7 . pt ’
−− d e v i c e 0
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Here, the images were resized to 416× 416, a batch size of 16 was used, and the training was
run for 120 epochs. The YOLOv7 model was initialized with pre-trained weights to benefit
from transfer learning. During training, I monitored the loss and accuracy metrics to ensure
that the model was learning effectively and converging as expected.

3.5 ResultsofYOLOv7TrainingandPerformanceAnal-
ysis

The following figures demonstrate the various losses and metrics recorded during the training
and validation phases of the YOLOv7 model. These metrics, including classification loss, ob-
jectness loss, and mean Average Precision (mAP), provide insights into how well the model
learned and generalized over the dataset. Based on these results, we will analyze the effective-
ness of the training process and the quality of the final model.

3.5.1 Classification Loss on Training Set

Figure 3.2 shows the classification loss (cls_loss) over the course of training. The classification
loss consistently decreases throughout the training, starting around 0.014 and ending close to
0.009. This steady decrease indicates that the model successfully learned to classify the images
more accurately as training progressed. Themodel did not experience sudden spikes or overfit-
ting, suggesting a stable training process.

Figure 3.2: Classification Loss on Training Set
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3.5.2 Objectness Loss on Training Set

Figure 3.3 tracks the objectness loss (obj_loss), which measures how well the model detects
the presence of objects within each image. Similar to the classification loss, the objectness loss
decreases steadily, from approximately 0.008 to 0.0044 by the end of training. The decreasing
trend indicates that the model is improving its ability to identify object-containing regions,
which is crucial for both detection and classification tasks. The consistent downward trend
without abrupt changes implies that the model was learning effectively.

Figure 3.3: Objectness Loss on Training Set

3.5.3 Box Loss on Validation Set

Figure 3.4 presents the box loss (val_box_loss) on the validation set. Box lossmeasures the accu-
racy of the bounding box predictions. After an initial period of fluctuation, the loss converges
around 0.002 by the 30th epoch and remains stable throughout the remaining epochs. The sta-
bilization of box loss suggests that the model can accurately localize objects within the images
after the early stages of training, which is a positive indicator for object detection tasks.

Figure 3.4: Box Loss on Validation Set
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3.5.4 Classification Loss on Validation Set

As seen in Figure 3.5, the classification loss (val_cls_loss) on the validation set follows a similar
downward trend as the training classification loss. Starting at around 0.007, it converges at
approximately 0.002 by the end of training. The steady decrease in validation loss without
major fluctuations suggests that the model generalizes well to unseen data, with minimal signs
of overfitting. The low final validation loss indicates good classification accuracy.

Figure 3.5: Classification Loss on Validation Set

3.5.5 Mean Average Precision (mAP) @ 0.5

Figure 3.6 shows themeanAveragePrecision (mAP) at an IntersectionoverUnion (IoU) thresh-
old of 0.5. ThemAP starts at around 0.4, then rapidly increases during the first 30 epochs, after
which it plateaus around 0.96. This high mAP score is a strong indicator of the model’s ability
to correctly classify and detect objects at an IoU threshold of 0.5. This suggests that the model
is performing very well in identifying and localizing objects with high confidence.

Figure 3.6: Mean Average Precision (mAP) @ 0.5
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3.5.6 Mean Average Precision (mAP) @ 0.5:0.95

In Figure 3.7, the mAP at IoU thresholds ranging from 0.5 to 0.95 is shown. The mAP stabi-
lizes at approximately 0.947, indicating that themodelmaintains a high level of precision across
a wide range of IoU thresholds. This metric is more stringent than mAP@0.5 and shows the
model’s robustness across different overlap thresholds. Achieving a value close to 0.95 is an
excellent result, confirming the model’s overall strong performance.

Figure 3.7: Mean Average Precision (mAP) @ 0.5:0.95

3.5.7 Precision

Precision measures the proportion of correctly identified positive detections, reflecting how
well the model avoids false positives. As seen in Figure 3.8, the precision starts around 0.4 and
improves significantly over the training period, plateauing at around 0.95. This indicates that
the model is very effective at reducing false positives, suggesting high classification reliability.

Figure 3.8: Precision
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3.5.8 Recall

Recall measures the proportion of actual positives that were correctly identified by the model,
or in other words, how well the model detects all relevant objects. Figure 3.9 shows that recall
increases and stabilizes at around 0.92, demonstrating that the model has a high capability of
detecting true positives while minimizing missed detections.

Figure 3.9: Recall

3.5.9 Box Loss on Training Set

Figure 3.10 shows the box loss on the training set, which follows a downward trend, converging
to a value of around 0.0084. This indicates that the model was able to accurately predict the
location of objects in the training images, improving as training progressed.

Figure 3.10: Box Loss on Training Set

3.5.10 Overall Analysis

Based on the figures and metrics observed, the YOLOv7 model demonstrated strong perfor-
mance across various aspects of the task. The decreasing losses (classification, objectness, and
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box losses) indicate effective learning and minimal overfitting. The mAP values, particularly
mAP@0.5:0.95, show that the model achieves high precision and recall across a variety of IoU
thresholds, demonstrating robustness in both detection and classification.
The precision and recall values suggest that the model is well-balanced, with high scores in

both areas, meaning it avoids false positives while also accurately detecting most relevant ob-
jects. Overall, the training process has led to an accurate, robust model capable of effective
object classification and detection.

3.6 VGG16Model for Image Classification

VGG16 [35] is a well-known convolutional neural network (CNN) architecture developed by
Karen Simonyan and Andrew Zisserman from the Visual Geometry Group at the University
of Oxford. The model was introduced as part of the ImageNet Large Scale Visual Recogni-
tion Challenge (ILSVRC) and has been widely adopted for image classification tasks due to its
simplicity and effectiveness.

The VGG16 architecture consists of 16 layers—13 convolutional layers followed by 3 fully
connected layers. One of the defining characteristics of VGG16 is its use of small 3×3 convolu-
tional filters, which allow thenetwork to capture finedetails from the imageswhilemaintaining
a deep architecture. The network is designed with a fixed input size of 224 × 224 pixels, and
it uses max-pooling layers to progressively reduce the spatial dimensions of the feature maps.

Despite being a deepnetwork,VGG16 is computationally expensive due to the large number
of parameters. However, its simplicity in terms of having a uniform layer structuremakes it easy
to implement and modify for transfer learning tasks. In this project, I utilized a pre-trained
VGG16 model and fine-tuned it for the custom dataset.

3.6.1 Preprocessing andData Augmentation

The first step in preparing the dataset was to apply appropriate transformations to ensure that
the input images are resized, normalized, and augmented where necessary. The transforma-
tions were different for the training, validation, and test datasets. For the training dataset, I
included data augmentation techniques such as random resized cropping and horizontal flip-
ping to help themodel generalize better. Validation and test sets, however, only applied resizing
and normalization to maintain the consistency of the input data.

Listing 3.4: Data Transformations for Training and Validation
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d a t a _ t r a n s f o rm s = {
’ t r a i n ’ : t r a n s f o rm s . Compose ( [

t r a n s f o rm s . RandomResizedCrop ( 2 2 4 ) ,
t r a n s f o rm s . RandomHor i z on t a l F l i p ( ) ,
t r a n s f o rm s . ToTensor ( ) ,
t r a n s f o rm s . No rma l i z e ( [ 0 . 4 8 5 , 0 . 4 5 6 , 0 . 4 0 6 ] ,

[ 0 . 2 2 9 , 0 . 2 2 4 , 0 . 2 2 5 ] )
] ) ,
’ v a l ’ : t r a n s f o rm s . Compose ( [

t r a n s f o rm s . R e s i z e ( 2 5 6 ) ,
t r a n s f o rm s . Cente rCrop ( 2 2 4 ) ,
t r a n s f o rm s . ToTensor ( ) ,
t r a n s f o rm s . No rma l i z e ( [ 0 . 4 8 5 , 0 . 4 5 6 , 0 . 4 0 6 ] ,

[ 0 . 2 2 9 , 0 . 2 2 4 , 0 . 2 2 5 ] )
] )

}

Thedatasetwas loadedusing theImageFoldermodule fromthetorchvision.datasets
library, and the dataloaders were created for the training, validation, and test sets.

3.6.2 Modifying the VGG16 Architecture

Since the VGG16 model is pre-trained on a large-scale dataset, its feature extractor was kept
frozen by setting requires_grad = False for all layers in the features block. The fully
connected layers, however, were modified to adapt to the number of classes in the dataset.
Specifically, I replaced the final layer of the classifier with a new fully connected layer, where
the output corresponds to the number of classes in the custom dataset.

Listing 3.5: Modifying the Classifier in VGG16

# Load p r e − t r a i n e d VGG16 mode l
model = mode l s . v gg16 ( p r e t r a i n e d =True )

# F r e e z e f e a t u r e e x t r a c t i o n l a y e r s
f o r param in model . f e a t u r e s . p a r am e t e r s ( ) :

param . r e q u i r e s _ g r a d = F a l s e
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# Modify t h e c l a s s i f i e r
num_ f e a t u r e s = model . c l a s s i f i e r [ 6 ] . i n _ f e a t u r e s
f e a t u r e s = l i s t ( model . c l a s s i f i e r . c h i l d r e n ( ) ) [ : − 1 ] #

Remove l a s t l a y e r
f e a t u r e s . e x t e n d ( [ nn . L i n e a r ( num_ f e a t u r e s , l e n (

c l a s s _ n am e s ) ) ] ) # New o u t p u t l a y e r
model . c l a s s i f i e r = nn . S e q u e n t i a l ( * f e a t u r e s )
model = model . t o ( d e v i c e )

3.6.3 Training Process

For training, I used the Stochastic Gradient Descent (SGD) optimizer withmomentum, along
with theCross-Entropy loss function. The learning ratewas initially set to 0.001, and a learning
rate scheduler was applied to reduce the learning rate if the validation loss did not improve for
a specified number of epochs. Additionally, early stopping was implemented to terminate the
training if the validation accuracy did not improve over 20 consecutive epochs.

The training loop involved iterating over the training and validation phases, calculating the
loss and accuracy for each epoch, and saving the model with the best validation accuracy.

Listing 3.6: Training Loop with Early Stopping

f o r epoch in range ( num_epochs ) :
p r i n t ( f ’ Epoch { epoch } / { num_epochs −1} ’ )

# T ra i n i n g p h a s e
model . t r a i n ( )
r u n n i n g _ l o s s = 0 . 0
r u n n i n g _ c o r r e c t s = 0
f o r i n pu t s , l a b e l s in d a t a l o a d e r s [ ’ t r a i n ’ ] :

i n pu t s , l a b e l s = i n p u t s . t o ( d e v i c e ) , l a b e l s . t o (
d e v i c e )

o p t i m i z e r . z e r o _ g r a d ( )

# Forward p a s s
ou t pu t s = model ( i n p u t s )
_ , p r e d s = t o r c h .max ( ou tpu t s , 1 )
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l o s s = c r i t e r i o n ( ou tpu t s , l a b e l s )

# Backward p a s s
l o s s . b a ckward ( )
o p t i m i z e r . s t e p ( )

# Updat e s t a t i s t i c s
r u n n i n g _ l o s s += l o s s . i t em ( ) * i n p u t s . s i z e ( 0 )
r u n n i n g _ c o r r e c t s += t o r c h . sum ( p r e d s == l a b e l s .

d a t a )

# V a l i d a t i o n p h a s e
model . e v a l ( )
v a l _ r u n n i n g _ l o s s = 0 . 0
v a l _ r u n n i n g _ c o r r e c t s = 0
f o r i n pu t s , l a b e l s in d a t a l o a d e r s [ ’ v a l ’ ] :

i n pu t s , l a b e l s = i n p u t s . t o ( d e v i c e ) , l a b e l s . t o (
d e v i c e )

w i th t o r c h . no_g r ad ( ) :
o u t p u t s = model ( i n p u t s )
_ , p r e d s = t o r c h .max ( ou tpu t s , 1 )
v a l _ l o s s = c r i t e r i o n ( ou tpu t s , l a b e l s )

# Updat e s t a t i s t i c s
v a l _ r u n n i n g _ l o s s += v a l _ l o s s . i t em ( ) * i n p u t s .

s i z e ( 0 )
v a l _ r u n n i n g _ c o r r e c t s += t o r c h . sum ( p r e d s ==

l a b e l s . d a t a )

# Ch e c k f o r e a r l y s t o p p i n g
i f v a l _ r u n n i n g _ c o r r e c t s . doub l e ( ) / d a t a s e t _ s i z e s [ ’

v a l ’ ] > b e s t _ a c c :
b e s t _ a c c = v a l _ r u n n i n g _ c o r r e c t s . doub l e ( ) /

d a t a s e t _ s i z e s [ ’ v a l ’ ]
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b e s t _mod e l _w t s = copy . d e epcopy ( model . s t a t e _ d i c t
( ) )

Themodel was trained for 60 epochs, and early stopping was triggered after 20 epochs with-
out improvement in the validation accuracy. At the end of training, themodel achieved its best
validation accuracy of over 90%, showing the effectiveness of transfer learning in this context.

3.6.4 VGG16Model Results

After training theVGG16model for image classification, the performancewas evaluated on the
test dataset. Twokeymetricswere used to assess themodel’s effectiveness: the confusionmatrix
and the classification report, which includes precision, recall, F1-score, and overall accuracy.
These metrics provide insights into howwell the model performs across the different classes in
the dataset.

3.6.5 ConfusionMatrix

The confusionmatrix in Figure 3.11 provides a visual representation of themodel’s predictions
versus the true labels for each class. The rows represent the actual classes (true labels), while the
columns represent the predicted classes. The diagonal elements indicate the number of correct
predictions for each class.

Fromthe confusionmatrix, it canbe seen that themodel correctly predicted the vastmajority
of the samples in each class:

• For the brands class, 160 out of 161 samples were correctly classified, with only 1 mis-
classification.

• For the shadows class, 142 out of 146 samples were correctly classified, with 2 samples
misclassified as brands and 2 misclassified as splices.

• For the splices class, 178 out of 187 samples were correctly classified, with a fewmisclas-
sifications as either brands or shadows.

The confusionmatrix demonstrates that the model has high accuracy across all three classes,
with minimal misclassifications.
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Figure 3.11: Confusion Matrix of VGG16 Model on the Test Dataset

3.6.6 Classification Report

The classification report shown in Figure 3.12 provides a detailed breakdown of key evaluation
metrics for each class, including precision, recall, F1-score, and support.

The overall accuracy of the model on the test dataset is 97.17%, which is an excellent result.
The model performed consistently across all classes:

• Brands: The precision was 96%, recall was 99%, and F1-score was 98%, indicating that
themodel can accurately detect this class with very few false positives and false negatives.

• Shadows: Precision and recall for the shadows class were both 97%, resulting in an F1-
score of 97%. This indicates that the model is both precise and consistent in detecting
shadows, with only a small number of misclassifications.

• Splices: The model achieved 98% precision and 95% recall for the splices class, with an
F1-score of 97%. The slightly lower recall in this class suggests that a few splice samples
were missed by the model, but overall performance remains strong.
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Figure 3.12: Classification Report for VGG16 Model on the Test Dataset

Additionally, the macro average and weighted average metrics were both 97%, further indi-
cating that themodel performedwell across all classes without anymajor class imbalance issues
affecting its performance.

3.6.7 Conclusion

The VGG16 model demonstrates strong classification performance, with an overall test accu-
racy of 97.17% and high precision, recall, and F1-scores across all classes. The confusionmatrix
highlights the minimal misclassifications between classes, while the classification report pro-
vides a clear picture of the model’s robustness. These results validate the effectiveness of the
fine-tuning process applied to the pre-trained VGG16 model for this specific image classifica-
tion task.

3.7 EfficientNet

EfficientNet [36] is a state-of-the-art convolutional neural network architecture designed for
image classification tasks. It was developed with the goal of optimizing the trade-off between
model accuracy and computational efficiency. The primary innovation in EfficientNet is its
compound scaling method, which uniformly scales the depth, width, and resolution of the
network using a fixed scaling coefficient.

3.7.1 EfficientNet Architecture

Traditional CNN architectures often scale by either increasing depth (adding more layers),
width (adding more channels per layer), or image resolution (increasing the size of input im-
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ages). However, scaling only one dimension can lead to suboptimal performance, as deeper
networks tend to suffer from vanishing gradients, while wider networks become computation-
ally expensive.
EfficientNet introduces a compound scalingmethod that simultaneously adjusts these three

factors—depth, width, and resolution—using a compound coefficient. This allows the model
to balance accuracy and efficiency by scaling all dimensions in a coordinated way. The base ver-
sion of EfficientNet, called EfficientNet-B0, is built upon a mobile inverted bottleneck convo-
lution (MBConv) and squeeze-and-excitation (SE) optimization techniques, making it highly
efficient even at smaller scales.

3.7.2 EfficientNet Variants

EfficientNet is available in different versions, denoted as B0 to B7, with each version scaling the
model’s size to improve accuracy while maintaining efficiency. As the model progresses from
B0 to B7:

• B0: The base model, optimized for efficiency.

• B7: The largest and most powerful version, offering higher accuracy at the cost of in-
creased computational resources.

The key advantage of EfficientNet is that it significantly reduces the number of parameters
and FLOPs (floating-point operations per second) compared to other state-of-the-art models
like ResNet or Inception, while still achieving comparable or superior accuracy on popular
benchmarks like ImageNet.

3.7.3 EfficientNet for Image Classification

EfficientNet has been successfully applied to various image classification tasks due to its bal-
anced approach to scaling. The model’s ability to process high-resolution images while main-
taining efficiency makes it ideal for scenarios where computational resources are limited, such
as mobile devices or embedded systems.

The compound scaling method ensures that the network can handle complex classification
tasks, while the use of techniques like MBConv and SE further optimizes its performance. In
practice, EfficientNet models achieve high classification accuracy with fewer parameters, mak-
ing them suitable for large-scale image classification tasks.
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In this thesis, EfficientNet was chosen as one of the candidate models for comparison in
the image classification task due to its superior performance in terms of both accuracy and
computational efficiency. The model’s ability to adapt to different scales allowed it to perform
well in classifying the dataset, while maintaining reasonable training and inference times.

3.8 Modified VGG16 for Image Classification

In this section, I describe the process of modifying the VGG16 model for my image classifi-
cation task. The primary goal was to leverage the pre-trained VGG16 model and adapt it for
classifying the dataset into three distinct classes: brands, shadows, and splices. The steps
involved data preprocessing, label encoding, model modification, and training using Tensor-
Flow.

3.8.1 Data Preprocessing

The first step in preparing the dataset was to load the images and resize them to 224 × 224
pixels, which is the input size required for VGG16. The images were loaded using OpenCV,
and their pixel values were normalized to a range of [0, 1] to make training more stable and
efficient. This normalization is essential because neural networks perform better with input
data that is standardized or normalized.

Listing 3.7: Loading and Preprocessing Images

import cv2
import o s
import numpy a s np

pa th = ’ d a t a p a th ’
d a t a s e t _ p a t h = o s . l i s t d i r ( p a th )
i m _ s i z e = 224

im a g e s = [ ]
l a b e l s = [ ]
f o r i in d a t a s e t _ p a t h :

d a t a _ p a t h = o s . p a th . j o i n ( path , i )
f i l e n a m e s = [ f f o r f in o s . l i s t d i r ( d a t a _ p a t h ) ]
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f o r f in f i l e n a m e s :
img = cv2 . im r e ad ( o s . p a th . j o i n ( d a t a _p a t h , f ) )
img = cv2 . r e s i z e ( img , ( im_ s i z e , i m _ s i z e ) )
im a g e s . append ( img )
l a b e l s . append ( i )

im a g e s = np . a r r a y ( im a g e s ) . a s t y p e ( ’ f l o a t 3 2 ’ ) / 2 5 5 . 0

This code ensures that all images are resized and their pixel values are normalized, preparing
them for input into the neural network.

3.8.2 Label Encoding

Since the labels in the dataset are categorical (text-based), they need to be converted into nu-
merical values for the model to process them. I used LabelEncoder to transform the labels
into integers and then applied one-hot encoding to create a binary vector representation of the
class labels. This ensures that the model outputs three separate probability values for the three
classes.

Listing 3.8: Label Encoding and One‐Hot Encoding

from s k l e a r n . p r e p r o c e s s i n g import Labe lEncod e r ,
OneHotEncoder

from s k l e a r n . compose import ColumnTrans former

y _ l a b e l e n c o d e r = L ab e l En c od e r ( )
y = y _ l a b e l e n c o d e r . f i t _ t r a n s f o r m ( l a b e l s )
y = y . r e s h a p e ( −1 , 1 )

c t = ColumnTrans former ( [ ( ’ my_ohe ’ , OneHotEncoder ( ) ,
[ 0 ] ) ] , r em a i n d e r = ’ p a s s t h r o u g h ’ )

Y = c t . f i t _ t r a n s f o r m ( y )

This step transforms the categorical labels into a numerical format that the model can work
with, ensuring that each class is represented appropriately in the final softmax layer of the
model.
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3.8.3 Data Splitting and Shuffling

The dataset was then shuffled to randomize the order of the images and split into training,
validation, and testing sets. I used a 70-20-10 split, where 70% of the data was used for training,
20% for testing, and 10% for validation. This ensures that themodel has sufficient data to learn
from, while also leaving enough data for testing and validation to assess its performance.

Listing 3.9: Data Splitting for Training Validation and Testing

from s k l e a r n . u t i l s import s h u f f l e
from s k l e a r n . m o d e l _ s e l e c t i o n import t r a i n _ t e s t _ s p l i t

imag e s , Y = s h u f f l e ( imag e s , Y , r a n d om_ s t a t e =1)

t r a i n _ x , temp_x , t r a i n _ y , temp_y = t r a i n _ t e s t _ s p l i t (
imag e s , Y , t e s t _ s i z e = 0 . 3 , r a n d om_ s t a t e =415)

t e s t _ x , v a l _ x , t e s t _ y , v a l _ y = t r a i n _ t e s t _ s p l i t ( temp_x ,
temp_y , t e s t _ s i z e =0 . 6 667 , r a n d om_ s t a t e =415)

p r i n t ( t r a i n _ x . s h a p e )
p r i n t ( t e s t _ x . s h a p e )
p r i n t ( v a l _ x . s h a p e )

This ensures that the training, validation, and test sets contain a balanced representation of
the different classes.

3.8.4 Modifying the VGG16 Architecture

For this classification task, I used a pre-trainedEfficientNetB0 [36]model as the base. However,
the VGG16 architecture was initially modified by removing its top layers and adding a new
output layer with three nodes (one for each class), with a softmax activation function formulti-
class classification. The Global Average Pooling layer was added before the output layer to
reduce the dimensions of the feature maps, and a dropout layer was introduced to prevent
overfitting.

Listing 3.10: Modified EfficientNetB0 Model for Classification

from t e n s o r f l o w . k e r a s import l a y e r s
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from t e n s o r f l o w . k e r a s . a p p l i c a t i o n s import
E f f i c i e n tN e t B 0

from t e n s o r f l o w . k e r a s . mode l s import Model

NUM_CLASSES = 3
IMG_SIZE = 224

i n p u t s = l a y e r s . I npu t ( s h a p e =( IMG_SIZE , IMG_SIZE , 3 ) )
b a s e _mode l = E f f i c i e n tN e t B 0 ( i n c l u d e _ t o p = F a l s e , w e i g h t s =

’ im a g e n e t ’ , i n p u t _ t e n s o r = i n p u t s )

x = l a y e r s . G l o b a lA v e r a g ePoo l i n g 2D ( ) ( b a s e _mode l . ou tpu t )
x = l a y e r s . Dropout ( 0 . 2 ) ( x )
o u t p u t s = l a y e r s . Dense (NUM_CLASSES , a c t i v a t i o n = ’ s o f tma x

’ ) ( x )

model = t f . k e r a s . Model ( i n pu t s , o u t pu t s )

The main advantage of this approach is that the EfficientNetB0 architecture already has
powerful feature extraction capabilities from being pre-trained on ImageNet. By fine-tuning
only the top layers, the model can adapt to the new dataset without the need for training from
scratch, which saves time and computational resources.

3.8.5 Training theModel

The model was compiled with the Adam optimizer and categorical crossentropy loss, which is
appropriate for multi-class classification. I also added callbacks for reducing the learning rate
when the validation loss plateaued and for stopping the training early if the validation loss did
not improve after a certain number of epochs.

Listing 3.11: Training the Model with Callbacks

from t e n s o r f l o w . k e r a s . c a l l b a c k s import
ReduceLROnPlateau , E a r l y S t o p p i n g

r e d u c e _ l r = ReduceLROnPlateau ( mon i t o r = ’ v a l _ l o s s ’ ,
f a c t o r = 0 . 2 , p a t i e n c e =5 , m in_ l r =1e −6 , v e r b o s e =1)
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e a r l y _ s t o p p i n g = E a r l y S t o p p i n g ( mon i t o r = ’ v a l _ l o s s ’ ,
p a t i e n c e =50 , v e r b o s e =1 , r e s t o r e _ b e s t _ w e i g h t s =True )

h i s t = model . f i t ( t r a i n _ x , t r a i n _ y ,
e po ch s =150 ,
b a t c h _ s i z e =16 ,
v a l i d a t i o n _ d a t a =( v a l _ x , v a l _ y ) ,
c a l l b a c k s =[ r e d u c e _ l r , e a r l y _ s t o p p i n g ] )

The callbacks ensure that themodel’s learning process is dynamic, adapting the learning rate
whennecessary and stopping early if further trainingwouldnot yield significant improvements.
This makes the training process more efficient and helps avoid overfitting.

3.9 EfficientNet Results andOverfitting Analysis

In this section, I evaluate the performance of the EfficientNet model based on the training
results and metrics. The training process yielded a test accuracy of 99.51% (as seen in Figure
3.13), and themodel exhibitedhigh accuracyonboth the training andvalidation sets. However,
the presence of overfitting became evident from the large discrepancy between the training and
validation curves during the early epochs.

3.9.1 Test Loss and Accuracy

The final test accuracy and loss for the model are shown in Figure 3.13. Despite the high test
accuracy of 99.51%, this result was deemed less significant due to the clear overfitting that oc-
curred during training. Overfitting is characterized by themodel’s ability to perform exception-
ally well on the training data while failing to generalize to unseen validation data. As a result,
the model’s performance on the test set, while high, cannot be fully trusted as an indicator of
real-world performance.

Figure 3.13: Test Loss and Test Accuracy for EfficientNet
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3.9.2 Training and Validation Curves

Figure 3.14 presents the accuracy and loss curves for both the training and validation sets. The
training accuracy quickly increased to near 100%,while the validation accuracy initially showed
erratic behavior, indicating that the model struggled to generalize well to unseen data. The
validation loss spiked early in the training process and eventually plateaued, further indicating
overfitting.

Figure 3.14: Training and Validation Accuracy/Loss Curves for EfficientNet

The clear separation between the training and validation curves suggests that the model was
too complex for the dataset, learning noise and irrelevant patterns from the training data that
did not generalize well to the validation data. This can be attributed to the model’s large num-
ber of parameters, which are more suited for larger and more diverse datasets like ImageNet.
While the early stopping and learning rate reduction callbacks were implemented to mitigate
overfitting, they were insufficient to fully address the issue.

3.9.3 Precision and Recall

Although the model achieved a high test accuracy, the presence of overfitting raises concerns
about its ability to perform consistently in real-world scenarios. Table 3.1 provides the preci-
sion and recall values for each class. The precision values are high, indicating that the model
makes relatively few false positive predictions. However, the recall for the minority classes is
lower, suggesting that the model struggled to detect some instances of the less represented
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classes. This imbalance is another indication that overfitting may have biased the model to-
wards better performance on the majority class.

Class Precision Recall
Brands 0.98 0.99
Shadows 0.95 0.87
Splices 0.92 0.85
Average 0.95 0.90

Table 3.1: Precision and Recall Values for EfficientNet

The high precision values across all classes are indicative of the model’s ability to correctly
classify positive instances, but the recall values show that it failed to identify all positive in-
stances, particularly in the shadow and splice classes. This could be attributed to the model
memorizing the majority class (brands) at the expense of the other two classes. As a result, the
model underperformed in terms of recall for the less frequent classes, highlighting the negative
impact of overfitting.

3.9.4 Conclusion

While EfficientNet initially appeared to perform well based on its high test accuracy, the analy-
sis of the training and validation curves, as well as the precision and recall values, revealed signif-
icant overfitting. This overfitting resulted in poor generalization to unseen data, particularly
for the minority classes. Therefore, despite the high reported accuracy, the model was not con-
sidered reliable for deployment. Future work could involve further regularization techniques,
additional data augmentation, or a simpler model architecture to mitigate overfitting.

The overfitting observed in themodel’s training process suggests that it memorized patterns
from the training data but failed to generalizewell to new, unseen data. This is evident from the
sharp increase in validation loss and fluctuating validation accuracy during early epochs, which
stabilized only after a significant amount of training. The high precision on the majority class
combinedwith lower recall on theminority classes demonstrates that themodel struggledwith
class imbalances, further emphasizing the need for improved regularization and balanced class
representation during training.
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3.10 ResNet50Model and FinalModifications

3.10.1 ResNet50 Overview

ResNet50 [10] is a powerful convolutional neural network architecture that introduced the
concept of residual learning. The primary innovation in ResNet is the use of residual blocks,
which allow the model to learn residual functions with reference to the input layers. These
residual connections help mitigate the vanishing gradient problem in deep networks, making
it possible to train very deep networks, sometimes with hundreds or even thousands of layers.

The basic building block of ResNet is the residual block, represented as:

y = F(x, {Wi}) + x

where x is the input to the block, y is the output, and F(x, {Wi}) represents the residual func-
tion, typically comprising convolutional layers, batch normalization, and ReLU activation.
The term x is added to the output of the convolutional layers, introducing an identity map-
ping that helps preserve the gradient flow during backpropagation.

ResNet50 specifically consists of 50 layers, including 49 convolutional layers and 1 fully
connected layer at the end. This architecture has shown remarkable performance on various
benchmarks, such as ImageNet, due to its ability to learn complex features while maintaining
efficient gradient propagation through its residual connections.

3.10.2 Modifications and Fine-Tuning for the FinalModel

In my implementation, I used a pre-trained ResNet50 model, which was already trained on
the ImageNet dataset. The choice of a pre-trained model helps in leveraging the feature extrac-
tion capabilities learned from a large and diverse dataset, accelerating the training process and
potentially improving performance on my specific task.

The pre-trained ResNet50model was modified in the following ways to adapt it for my clas-
sification task:

• Adjusting the Final Layer: The original ResNet50 model has a final fully connected
layer with 1000 output neurons, corresponding to the 1000 classes in ImageNet. Since
my task involves only three classes, I replaced the final fully connected layer with a new
one, containing the appropriate number of neurons:

model.fc = nn.Linear(num_features, 3)
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wherenum_features is thenumberof input features to the fully connected layer,which
in ResNet50 is 2048. This modification allows the network to output three probabili-
ties, each corresponding to one of the classes in my dataset.

• Data Augmentation: To enhance themodel’s generalization capabilities, I applied data
augmentation techniques during training. These techniques include random resizing,
cropping, and horizontal flipping of images, helping the model become more robust to
variations in the input data.

• Normalization: The input images were normalized using the same mean and standard
deviation values as those used during the pre-training of ResNet50 on ImageNet:

Normalize([0.485, 0.456, 0.406], [0.229, 0.224, 0.225])

This ensures that the input data distribution matches the original training distribution,
aiding in better transfer learning.

• Training Strategy: Themodelwas trainedusing the StochasticGradientDescent (SGD)
optimizer with a learning rate of 0.001 and a momentum of 0.9. The learning rate was
reduced by a factor of 0.1 whenever the validation loss plateaued, which is managed us-
ing a learning rate scheduler. Early stopping was also employed to prevent overfitting,
where training was halted if no improvement was observed in the validation loss for 10
consecutive epochs.

3.10.3 Training Process

The training process involved feeding the data through the modified ResNet50 model using
the following pipeline:

• Data Loading: The dataset was loaded using PyTorch’s DataLoader, with data aug-
mentation applied during the training phase to increase variability and prevent overfit-
ting.

• Loss Function and Optimization: The model was trained using the Cross-Entropy
Loss function, which is well-suited for multi-class classification tasks. The optimizer
used was SGD, which effectively handles large datasets and converges faster with mo-
mentum.

• LearningRate Scheduler and Early Stopping: AReduceLROnPlateau scheduler was
implemented to reduce the learning rate when the validation loss stopped improving,
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helping the model to fine-tune its learning in the later stages. Early stopping was used
to halt the training when further improvements were unlikely, based on the validation
loss.

The decision to use ResNet50 as the final model was driven by its ability to handle com-
plex feature hierarchies, making it well-suited for the classification task at hand. The residual
connections in ResNet50 allow the model to learn deeper features more effectively, and the
pre-trained weights provided a strong starting point for fine-tuning on the specific dataset.

3.11 ResNet50Model Results

The final ResNet50model was evaluated on the test dataset, yielding exceptional performance
across all metrics. The confusion matrix and classification report provide a detailed overview
of the model’s ability to accurately classify the three classes: brands, shadows, and splices.

3.11.1 ConfusionMatrix

The confusion matrix for the test set is displayed in Figure 3.15. It illustrates the number of
correct and incorrect predictions made by the model for each class.
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Figure 3.15: Confusion Matrix for ResNet50 Model

From the confusion matrix, it is evident that the model performed exceptionally well:

• For the brands class (label 0), all 161 instances were correctly classified with no misclas-
sifications.

• For the shadows class (label 1), the model correctly classified 142 out of 146 instances,
with only 4 instances being misclassified.

• For the splices class (label 2), 184 out of 187 instances were correctly classified, with just
3 misclassifications.

These results indicate a high level of accuracy in themodel’s predictions, with very few errors
across all classes.

3.11.2 Precision, Recall, and F1-Score

The precision, recall, and F1-score metrics further highlight the model’s strong performance:
The model achieved a macro average precision, recall, and F1-score of 0.99, indicating a bal-

anced performance across all classes:
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Class Precision Recall F1-Score Support
Brands (0) 0.99 1.00 0.99 161
Shadows (1) 0.99 0.97 0.98 146
Splices (2) 0.98 0.98 0.98 187
Accuracy 0.99 494
Macro Avg 0.99 0.99 0.99 494
Weighted Avg 0.99 0.99 0.99 494

Table 3.2: Precision, Recall, and F1‐Score for ResNet50 Model

• **Precision**: The model’s precision is extremely high, meaning it makes very few false
positive predictions. For instance, for the brands class, the precision is 0.99, indicating
that almost all predicted brands instances were correct.

• **Recall**: The recall is also very high across all classes, showing the model’s ability to
correctly identify true positives. The recall for the shadows class is 0.97, meaning the
model successfully identified 97% of all actual shadows.

• **F1-Score**: The high F1-scores across all classes demonstrate a good balance between
precision and recall, indicating the model’s robustness in handling the dataset.

3.11.3 Conclusion

The ResNet50 model showed exceptional performance in classifying the dataset, achieving an
overall accuracy of 99%. The confusionmatrix and classification report indicate that themodel
was able to distinguish between the different classes with high precision and recall, particu-
larly excelling in identifying the brands class without any misclassifications. Although a few
misclassifications were observed in the shadows and splices classes, the overall performance was
outstanding, making ResNet50 a suitable choice as the final model for this classification task.
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4
Results

4.1 Results

To comprehensively evaluate the performance of the ResNet50 model, four distinct types of
datasets were used: Thresholded Images, Opened Images,Difference Images, and ROI (Region
of Interest) Images. Each dataset was designed to highlight different aspects of the irregularities
present in the tapes, providing varied perspectives on how these features might influence the
model’s ability to classify them accurately.

4.1.1 Dataset Variations

• **Thresholded Images**: These images were generated by applying a threshold to the
original images to create a binary representation. Thresholding emphasizes the contrast
between different regions of the image, which can be particularly useful for highlight-
ing edges and discontinuities that might be indicative of irregularities [37]. By feeding
thresholded images into the model, the goal was to determine if this simplified represen-
tation would enhance the model’s ability to distinguish between different classes.

• **Opened Images**: Opening is a morphological operation that involves erosion fol-
lowed by dilation, aimed at removing noise while preserving the shape and size of ob-
jects in the image. Opened images were used to see if removing noise and small artifacts
would help the model focus on more relevant features, potentially improving classifica-
tion performance [38].
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• **Difference Images**: These images represent the absolute difference between two con-
secutive frames. The idea behind using difference images was to capture motion or
changes over time, which might be crucial in identifying certain irregularities. By high-
lighting changes between frames, difference images can emphasize transient anomalies
that may not be as apparent in static images.

• **ROI (Region of Interest) Images**: ROI images focus on specific areas of interest
within the tapes where irregularities are most likely to occur. By isolating these regions,
themodel can be trained to concentrate on themost pertinent parts of the image, poten-
tially leading to better classification performance by reducing the noise from irrelevant
areas.

Each of these datasets was used to train the ResNet50 model independently. The rationale
behind this approach was to explore whether different preprocessing techniques and image
representations could enhance the model’s ability to detect and classify irregularities more ac-
curately. By testing themodel on these varied datasets, it was possible to gain insights into how
different aspects of the image data contribute to the overall performance of the model.

4.1.2 Model Training onDifferent Datasets

The ResNet50 model was trained on each dataset variation to determine which preprocessing
method would yield the best performance. The hypothesis was that certain transformations,
such as thresholding or focusing on specific regions of interest, might highlight features that
are particularly useful for distinguishing between the classes, potentially improving themodel’s
accuracy and robustness.

Through this experimentation, the goal was to identify the dataset that provides the most
informative representation of the irregularities, thereby enhancing the model’s classification
capabilities. The detailed results of the experiments are discussed in the subsequent sections,
comparing the performance of the ResNet50 model on each of the dataset variations.

4.2 ResNet50 Performance on Thresholded Images

To assess the impact of thresholded images on the classification task, the ResNet50 model was
trained and evaluated on this dataset. Thresholding is a process that converts images into binary
format based on a defined threshold value, enhancing the contrast between different regions
and potentially simplifying the features for the model [37]. The results obtained from this
experiment are summarized below.
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4.2.1 Accuracy and Loss

Figure 4.1 shows the training and validation accuracy over 35 epochs. The model reached a
validation accuracy of approximately 95% but exhibited a slight decrease compared to the per-
formance on the original ROI images.

Figure 4.1: Training and Validation Accuracy for ResNet50 on Thresholded Images

Figure 4.2 displays the final test loss and accuracy, with a test accuracy of 95.56%. While
this is a strong performance, it indicates a reduction compared to the ROI dataset’s results,
suggesting that the thresholded representation might not retain all the necessary information
for optimal classification.
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Figure 4.2: Test Loss and Accuracy for ResNet50 on Thresholded Images

4.2.2 Training and Validation Loss

Figure 4.3 depicts the training and validation loss over the 35 epochs. The loss curves indi-
cate a steady decrease in both training and validation loss, demonstrating that the model was
learning effectively without showing significant signs of overfitting. The validation loss stabi-
lizes around 0.2, which aligns with the observed high accuracy but also suggests that themodel
might have plateaued, indicating that further training might not lead to substantial improve-
ments.

Figure 4.3: Training and Validation Loss for ResNet50 on Thresholded Images

The relatively low and stable validation loss suggests that the model was able to generalize

70



well to the unseen validationdata. However, the consistent gap between the training and valida-
tion loss curves indicates that there might still be room for improvement, potentially through
techniques like fine-tuning themodel’s hyperparameters or using different preprocessingmeth-
ods to enhance the features captured in the thresholded images.

4.2.3 ConfusionMatrix and Classification Report

The confusionmatrix in Figure 4.4 reveals a fewmisclassifications, especially for the brand and
splice classes. Specifically, out of 225 instances for each class: Themodel correctly classified 208
instances of the brand class, with 17 instances misclassified as either shadow or splice. For the
shadow class, 219 out of 225 instances were correctly identified, with only 6 misclassifications.
In the case of the splice class, the model correctly predicted 218 instances, with 7 instances mis-
classified.

Figure 4.4: Confusion Matrix for ResNet50 on Thresholded Images

Table 4.1 provides the precision, recall, and F1-score for each class. The overall accuracy
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was 96%, with an average precision and recall of 0.96. This slight performance drop could be
attributed to the loss of fine-grained details during thresholding, whichmight have been crucial
for distinguishing certain irregularities.

Class Precision Recall F1-Score Support
Brand (0) 0.98 0.92 0.95 225
Shadow (1) 0.94 0.97 0.95 225
Splice (2) 0.96 0.97 0.96 225
Accuracy 0.96 675
Macro Avg 0.96 0.96 0.96 675
Weighted Avg 0.96 0.96 0.96 675

Table 4.1: Precision, Recall, and F1‐Score for ResNet50 on Thresholded Images

4.2.4 Discussion

The reduced performance when using thresholded images may be due to the nature of the
thresholding process itself. While thresholding can emphasize the contrast between regions,
it also removes subtle variations in intensity that might carry important information for dis-
tinguishing between the different classes. For example, the fine-grained textures and shading
differences present in the original images could be essential for identifying subtle irregularities.
Despite the slight performance decrease, the ResNet50model managed tomaintain good over-
all performance on the thresholded images dataset. The reduction in performance could be
partially attributed to the thresholding process removing some of the more nuanced details of
the images, which may be crucial for distinguishing subtle differences between classes. Never-
theless, the model’s ability to achieve an accuracy of over 95% with thresholded images under-
scores its robustness and adaptability to different types of input data. Furthermore, the binary
nature of thresholded images reduces the complexity of the data, whichmight lead themodel to
focus on fewer features during the training process. This simplification could cause the model
to overlook important characteristics that are otherwise captured in themore detailed ROI im-
ages. Despite this, the model still achieved a high accuracy, indicating that thresholding did
retain some of the critical information needed for classification.
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4.2.5 ResNet50 Performance onDifference Images

The difference images dataset, which represents the absolute difference between two frames at
a given time, was used to evaluate the ResNet50 model’s ability to classify temporal variations.
This approach aims to capturemotion informationwhile ignoring static background elements,
potentially highlighting unique features that can aid in classification.

4.2.6 Accuracy and Loss

Figure 4.5 illustrates the training and validation accuracy over 60 epochs. The model achieved
a validation accuracy of approximately 92%, which is a noticeable decrease compared to the
performance on theROI and thresholded images. This reduction in performance suggests that
the difference images may not contain enough discriminative information for the classification
task.

Figure 4.5: Training and Validation Accuracy for ResNet50 on Difference Images

Figure 4.6 shows the training and validation loss curves. The model exhibits a steady de-
crease in loss, with the validation loss stabilizing around 0.2. However, the final test accuracy,
as shown in Figure 4.7, is 92.15%, indicating that while the model was able to learn from the
data, the difference images may have led to an overall lower performance.
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Figure 4.6: Training and Validation Loss for ResNet50 on Difference Images

Figure 4.7: Test Loss and Accuracy for ResNet50 on Difference Images

4.2.7 ConfusionMatrix and Classification Report

Theconfusionmatrix inFigure 4.8 revealsmoremisclassifications compared topreviousdatasets:

• The brand class had 201 correct predictions, with 24 instances misclassified.

• The shadow class had 214 correctly classified instances, with 11 misclassifications.

• The splice class achieved 207 correct predictions, with 18 instances misclassified.
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Figure 4.8: Confusion Matrix for ResNet50 on Difference Images

Table 4.2 presents the precision, recall, and F1-score for each class. The overall accuracy
was 92%, with a macro average F1-score of 0.92. This performance drop might be due to the
loss of spatial context in the difference images, which could have providedmore discriminative
features for the model.

Class Precision Recall F1-Score Support
Brand (0) 0.94 0.89 0.92 225
Shadow (1) 0.91 0.95 0.93 225
Splice (2) 0.91 0.92 0.91 225
Accuracy 0.92 675
Macro Avg 0.92 0.92 0.92 675
Weighted Avg 0.92 0.92 0.92 675

Table 4.2: Precision, Recall, and F1‐Score for ResNet50 on Difference Images
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4.2.8 Discussion

The decline in performance on the difference images dataset can be attributed to several factors.
While the difference images effectively capture motion, they lose some of the spatial and con-
textual details present in the original images. This loss of information may hinder the model’s
ability to differentiate between classes that rely on finer details.

Additionally, the difference images primarily highlight changes in pixel intensity, whichmay
not always correlate with the distinguishing features of the classes. For example, subtle varia-
tions in texture or shape that are important for classifying certain irregularities might be less
pronounced in difference images. Despite this, the model still achieved a reasonable accuracy,
indicating that it was able to extract some useful information from this representation of the
data.

This experiment highlights the importance of image preprocessing and representation in
machine learning tasks. Selecting the appropriate image representation is crucial for enhanc-
ing the model’s performance, and in this case, the difference images provided an alternative
perspective but did not outperform the original ROI or thresholded images.

4.3 ResNet50 Performance onOpened Images

In this section, we explore theResNet50model’s performance on the ”Opened” images dataset.
The ”opened” images are derived by applying morphological operations to highlight specific
features within the frames. This technique can potentially enhance or diminish certain charac-
teristics, influencing the model’s classification accuracy.

4.3.1 Accuracy and Loss

Figure 4.9 depicts the training and validation accuracy over the course of 60 epochs. Themodel
achieved a validation accuracy of approximately 92%. This is a moderate decrease compared to
the ROI and thresholded images datasets, indicating that the morphological operation might
not have preserved enough of the crucial features necessary for classification.
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Figure 4.9: Training and Validation Accuracy for ResNet50 on Opened Images

Figure 4.10 shows the training and validation loss curves. The model’s training loss steadily
decreases, with the validation loss stabilizing around 0.2. However, the difference between
training and validation accuracy suggests a slight overfitting trend, which may indicate that
the model is learning noise or irrelevant features in the ”opened” images.

Figure 4.10: Training and Validation Loss for ResNet50 on Opened Images

4.3.2 Test Loss and Accuracy

The final test accuracy and loss are shown in Figure 4.11. The model reached a test accuracy
of 92.59% with a test loss of 0.1984. This moderate test performance further emphasizes that
the ”opened” imagesmight have suppressed some discriminative features necessary for accurate
classification.
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Figure 4.11: Test Loss and Accuracy for ResNet50 on Opened Images

4.3.3 ConfusionMatrix and Classification Report

The confusionmatrix in Figure 4.12 reveals a higher number of misclassifications compared to
the previous datasets:

• The brand class had 191 correct predictions with 34 instances misclassified.

• The shadow class had 216 correct classifications, with 9 instances misclassified.

• The splice class achieved 218 correct predictions, with 7 instances misclassified.
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Figure 4.12: Confusion Matrix for ResNet50 on Opened Images

Table 4.3 shows the precision, recall, and F1-score for each class. The overall accuracy was
92%, with a macro average F1-score of 0.92. This decrease in performance might be due to
the loss of specific features during the ”opened” morphological operation, which could have
provided more detailed information for the model.

Class Precision Recall F1-Score Support
Brand (0) 0.96 0.85 0.90 225
Shadow (1) 0.91 0.96 0.94 225
Splice (2) 0.91 0.97 0.94 225
Accuracy 0.93 675
Macro Avg 0.93 0.93 0.93 675
Weighted Avg 0.93 0.93 0.93 675

Table 4.3: Precision, Recall, and F1‐Score for ResNet50 on Opened Images
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4.3.4 Discussion

The performance decline on the ”Opened” images dataset can be attributed to several factors.
The morphological operations applied to these images may have removed or altered some cru-
cial features, making it more challenging for the model to distinguish between classes. For in-
stance, subtle texture or shape differences that are vital for classification might be lost or less
pronounced after the ”opening” operation.

Additionally, the ’Brand’ class seems to have suffered the most in terms of precision and
recall, suggesting that the unique characteristics of this class were not effectively captured in
the opened images. The model performed better on the ’Shadow’ and ’Splice’ classes, possibly
because these features remained more distinguishable even after morphological processing.

4.4 ResNet50 Performance on ROI Images

The ROI (Region of Interest) images dataset was specifically designed to focus on the areas of
the images where the irregularities are most likely to occur. By narrowing down the analysis to
these regions, the model can potentially capture more relevant features, leading to improved
classification performance.

4.4.1 Accuracy and Loss

Figure 4.13 shows the training and validation accuracy of the model over 60 epochs. The
ResNet50 model achieved an impressive validation accuracy of approximately 98.4%, which
is the highest among all the datasets tested. This high accuracy suggests that the ROI images
contained themost relevant information for the classification task, allowing themodel to effec-
tively distinguish between different classes.
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Figure 4.13: Training and Validation Accuracy for ResNet50 on ROI Images

Figure 4.14 presents the training and validation loss curves. The model shows a consistent
decrease in loss, with both training and validation losses converging towards a low value. This
indicates that the model was able to learn and generalize well from the ROI images, leading to
an overall robust performance.

Figure 4.14: Training and Validation Loss for ResNet50 on ROI Images

Thefinal test accuracy, depicted inFigure 4.15, is 98.37%,which further confirms themodel’s
ability to generalize from the training data to new, unseen samples. The low test loss indicates
that the model effectively minimized the error during the prediction phase.
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Figure 4.15: Test Loss and Accuracy for ResNet50 on ROI Images

4.4.2 ConfusionMatrix and Classification Report

The confusion matrix in Figure 4.16 shows a high level of classification accuracy across all
classes:

• The brand class achieved a perfect classification with 225 correct predictions and no
misclassifications.

• The shadow class had 220 correctly classified instances with only 5 misclassifications.

• The splice class achieved 219 correct predictions with 6 misclassified instances.
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Figure 4.16: Confusion Matrix for ResNet50 on ROI Images

Table 4.4 provides the precision, recall, and F1-score for each class. The overall accuracy
was 98%, with a macro average F1-score of 0.98. This indicates that the model performed ex-
ceptionally well on the ROI dataset, correctly identifying the irregularities with high precision
and recall.

Class Precision Recall F1-Score Support
Brand (0) 0.99 1.00 1.00 225
Shadow (1) 0.98 0.98 0.98 225
Splice (2) 0.98 0.97 0.98 225
Accuracy 0.98 675
Macro Avg 0.98 0.98 0.98 675
Weighted Avg 0.98 0.98 0.98 675

Table 4.4: Precision, Recall, and F1‐Score for ResNet50 on ROI Images
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4.4.3 Discussion

The superior performance on theROI images indicates that focusing on specific regions where
irregularities aremost likely to occur can significantly enhance themodel’s ability to classify dif-
ferent classes. By isolating these areas, themodel can concentrate on themost relevant features,
leading to higher precision and recall.

The near-perfect performance on the brand class with a precision and recall of 1.00 suggests
that the model could effectively learn the distinctive characteristics of this class when provided
with focused and relevant data. The slight misclassifications in the shadow and splice classes
indicate that while the ROI images greatly improved the model’s performance, there may still
be subtle differences that challenge the model’s classification ability.

Overall, the results demonstrate that utilizingROI images can be a highly effective approach
in machine learning tasks, particularly when the goal is to identify specific irregularities in a
given dataset.

4.5 Conclusion

Based on the results from the four different datasets—thresholded images, difference images,
opened images, and ROI images—it is evident that the **ROI images dataset** provided the
best performance. The key findings are summarized as follows:

• Highest Accuracy and Consistency: The ROI images dataset achieved the highest
test accuracy of approximately 98.37%, outperforming the other datasets. The train-
ing and validation accuracy and loss curves showed a smooth convergence, indicating a
well-trained model with minimal overfitting.

• Confusion Matrix and Classification Metrics: The confusion matrix for the ROI
images showed minimal misclassifications:

– The ’brand’ class was perfectly classified with no errors.

– Very few misclassifications were observed in the ’shadow’ and ’splice’ classes.

The precision, recall, and F1-score were exceptionally high across all classes, with the
’brand’ class achieving a perfect score of 1.00 for both precision and recall. The macro
and weighted averages for precision, recall, and F1-score were all 0.98, indicating consis-
tent performance across all classes.

• Comparison with Other Datasets:
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– The thresholded imagesdataset showedgoodperformancebut indicated slight over-
fitting and lower recall for the ’brand’ class.

– The difference images dataset exhibited a noticeable drop in accuracy. Although
it captured motion information, it lost some crucial spatial context needed for ac-
curate classification.

– The opened images dataset similarly showed a drop in performance, especially for
the ’brand’ class, indicating that the opening operation might have removed criti-
cal features.

• Importance of Focused Data: The ROI images were specifically targeted to regions
where irregularitieswere likely to occur. This focused approach appears tohaveprovided
the model with the most relevant and discriminative features, explaining the superior
performance.

In conclusion, the ROI images dataset emerged as the most effective for this classification
task, offering the most reliable and accurate results with the ResNet50 model. The dataset’s
focus on key regions allowed for better feature extraction and, consequently, enhanced classifi-
cation performance, making it the preferred dataset for this study.
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5
Conclusion

5.1 Conclusion and FutureWork

This thesis presented a comprehensive analysis and classification ofmagnetic tape irregularities
using a deep learning approach, focusing on various preprocessingmethods and leveraging the
ResNet50 architecture. Through extensive experimentation, it was determined that utilizing
**ROI images** yielded themost effective results for this specific task. TheROI images dataset,
which focused on themost pertinent regions where irregularities were likely to occur, achieved
the highest accuracy, making it the optimal choice for this classification problem.

5.1.1 Key Findings

The key findings of this study are as follows:

• The ResNet50 model, when trained on the ROI images dataset, achieved a remark-
able test accuracy of approximately 98.37%. This performance was consistent across
all classes, as indicated by high precision, recall, and F1-scores.

• The ROI images approach was particularly effective because it allowed the model to fo-
cus on regions of interest, thereby enhancing the feature extraction process and improv-
ing classification accuracy. This focus on specific regions appears to have minimized
noise and irrelevant information, which often hindered performance in other datasets.
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• Otherpreprocessingmethods, such as thresholded images, difference images, andopened
images, provided valuable insights but did not outperform the ROI approach. The
difference images, while capturing motion information, lost important spatial context.
Similarly, opened images potentially removed critical details necessary for distinguishing
between classes.

5.1.2 Challenges and Limitations

Despite the success with ROI images, some challenges and limitations were encountered dur-
ing this study:

• Data Imbalance: The classes in the dataset were not perfectly balanced, which could
potentially introduce bias in the model. Although techniques like data augmentation
were used to mitigate this, the issue still presents a limitation in the generalizability of
the model.

• Model Overfitting: In some cases, especially with the EfficientNet model, overfitting
was observed. This indicated the need for further regularization or simplification of the
model architecture to enhance generalization.

• Feature Extraction Limitation: Preprocessingmethods like thresholding or difference
images, although useful in some contexts, removed spatial or contextual details crucial
for classifying specific irregularities. This resulted in decreased performance compared
to the ROI method.

5.1.3 FutureWork

Building upon the findings of this research, several avenues for future work can be explored:

• Augmenting the Dataset: The current dataset could be augmented to includemore in-
stances of underrepresented classes. This could involve leveraging Generative Adversar-
ialNetworks (GANs) to generate synthetic examples of irregularities, thereby addressing
the class imbalance issue and enhancing the model’s robustness

• Hyperparameter Tuning: Further optimization of hyperparameters, such as learning
rate, momentum, and batch size, could be conducted to improve the model’s accuracy.
Techniques like grid search or random search could be used to find the optimal set of
hyperparameters.
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• AdvancedDataAugmentation: Implementing advanceddata augmentation techniques
such as Color Jitter, Random Erasing, Mixup, or CutMix could help in expanding the
existingdataset and improving themodel’s generalization capabilities bypreventingover-
fitting.

• Transfer Learning with Different Architectures: While ResNet50 and EfficientNet
have been utilized, other pre-trained architectures like DenseNet, Inception, or Mo-
bileNet can be explored for transfer learning to potentially enhance the model’s perfor-
mance on this specific task.

• Multi-Model Ensemble: Employing ensemble methods, such as model averaging or a
voting classifier, to combine the outputs of multiple models could increase the model’s
generalization ability and achieve better overall performance.

• Model Interpretability: Applyingmodel interpretability techniques such asGrad-CAM,
LIME, or SHAP can provide insights into the decision-making process of the model,
helping to understand which features are contributing to its predictions and potentially
guiding further model improvements.

• Deployment and Real-Time Testing: Evaluating the model’s feasibility for deploy-
ment on low-latency devices such as mobile or edge devices and performing real-time
testing would be essential steps towardsmaking themodel applicable in practical scenar-
ios.

• Fine-Tuning with Custom Loss Functions: Exploring custom loss functions tailored
to the specific problem could help address class imbalance more effectively, thereby im-
proving the model’s performance on underrepresented classes.

• Alternative Data Representations: Investigating other data representations or feature
extraction methods, such as frequency-based analyses, could provide a richer learning
experience for the model and enhance its ability to capture diverse patterns within the
data.
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