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Classification In this study, we explore the efficiency of transfer learning in
Deep Learning training convolutional neural networks (CNNs) for image
\C/g(N516 classification tasks, focusing on a dataset with limited size.

Utilizing the VGG16 model, we investigate the impact of varying

Transfer Learning the number of trainable layers on classification accuracy. Our
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image samples. This research was conducted solely by the
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1 Introduction

Machine learning, a subset of artificial intelligence (Al), involves algorithms capable of
autonomously learning and evolving through the analysis of data, without explicit programming
instructions. This process enables machines to independently recognize patterns and make
decisions, continuously enhancing their performance over time. Among machine learning methods,
deep learning is notable, particularly employing deep neural networks such as Convolutional Neural
Networks (CNNs). These networks utilize multi-layered, complex structures especially effective in
analyzing and processing visual data, thus capable of learning intricate features and patterns. In a
broader sense, artificial intelligence encompasses computer systems with capabilities mimicking
human intelligence, such as learning, problem-solving, and decision-making. Machine learning, and
specifically deep learning techniques like CNNs, are pivotal tools in Al applications, allowing
machines to independently evolve and adapt.

The application of Transfer Learning in CNNs entails using a model previously trained on a
similar problem as a foundation for developing a new model, designated for a distinct but related
task. This method facilitates the transfer of previously acquired knowledge to the new model, thereby
reducing the data requirements and computational resources needed for training the new model.
This concept aligns with foundational works in the field, such as [1] study on how transferable are
features in deep neural networks and the seminal work [2] on backpropagation in neural networks,
which laid the groundwork for advancements in deep learning and CNNs.

In this research, we examine the implementation of the VGG16 model through transfer learning
for a binary classification task within an automotive repair workshop setting. Our objective is to
accurately identify whether cars in images are displayed with their hoods open or closed. This
determination provides insights into the various stages of repair or maintenance activities in the
workshop. By adapting the VGG-16 model, renowned for its efficient feature extraction capabilities,
we tailor our approach to meet the specific visual analysis needs of the automotive repair
environment.
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2 Literature review

In the realm of computer vision, Convolutional Neural Networks (CNNs) like VGG16 have
shown remarkable efficiency, particularly when applied to transfer learning tasks. This summary
highlights key models and their applications in transfer learning.

1. VGG16: Developed by Simonyan and Zisserman, VGG16 is renowned for its simplicity and
depth, with 16 convolutional layers. It's widely used in transfer learning due to its excellent feature
extraction capabilities, particularly in image classification tasks [3].

2. ResNet: The Residual Network (ResNet), introduced by He et al., is another significant
architecture in deep learning. With its unigue residual blocks, ResNet allows training of substantially
deeper networks. Its variants, especially ResNet-50 and ResNet-101, have been instrumental in
transfer learning applications [4].

3. Inception (GooglLeNet): Szegedy et al. introduced Inception, a network characterized by its
inception modules that allow it to learn multi-level feature representations. It has been effectively
used in transfer learning for tasks requiring recognition of complex patterns [5].

4. Xception: As a variant of Inception, Xception, proposed by Chollet, utilizes depthwise
separable convolutions and has been shown to outperform Inception in certain scenarios. It is
particularly effective in scenarios where data is limited and diverse [6].

5. MobileNet: Designed by Howard et al., MobileNet is optimized for mobile and edge devices,
balancing efficiency and accuracy. Its lightweight architecture makes it a popular choice for transfer
learning in real-time applications [7].

Each of these models has contributed to the advancement of transfer learning, providing
efficient and robust solutions for various tasks in computer vision and beyond.
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Figure 1. Idea of Transfer Learning

Transfer learning (Figure 1), a significant concept in the field of machine learning, pertains to
the method where a model developed for a specific task is reused as the starting point for a model
on a second task. This approach is especially pivotal in scenarios where labeled data for the target
task is scarce. At its core, transfer learning involves transferring knowledge from a previously trained
model to a new model. This is particularly useful in deep learning, where substantial computational
resources and large datasets are often required for training from scratch [8]. One of the primary
benefits of transfer learning is its efficiency. By utilizing pre-trained models, significant reductions in
computational time and resources can be achieved. This makes advanced machine learning models
more accessible and cost-effective, especially for small-scale applications or projects with limited
resources [9].

Transfer learning has found applications across various domains, from image and speech
recognition to natural language processing. The flexibility of transfer learning makes it a valuable
tool in applying sophisticated models to new, but related, problems [10]. While transfer learning offers
numerous advantages, it also presents challenges, primarily in adapting a model trained on one task
to a different, albeit related, task. Techniques such as fine-tuning and feature extraction are
commonly used to address these challenges, adapting the pre-trained model to the new task with
minimal data [11]. The field of transfer learning continues to evolve, with ongoing research exploring
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more efficient and effective methods to transfer knowledge across tasks and domains. This is
particularly relevant in the era of big data, where the ability to leverage existing datasets and models
can significantly accelerate the development of new and innovative applications [12].

Without claiming to be exhaustive, we list below a few studies on the use of VGG16 transfer
learning. The study [13] addresses the challenge of image classification with the limitation of limited
training samples for each category. It utilizes a dataset comprising images of dogs and cats, aiming
to develop a heuristic and resilient model capable of accurately sorting images into distinct
categories for dogs and cats. The paper [14] explores the use of the VGG16 architecture, enhanced
by transfer learning, to automate the classification of tobacco leaves damaged by pests.
Demonstrating high accuracy, this method efficiently differentiates between healthy and affected
leaves, significantly improving the quality control process in tobacco leaf sorting. The research in
[15] improves fruit ripeness classification by employing a modified VGG16 model with transfer
learning, replacing its top layer with a Multilayer Perceptron (MLP) that includes regularization
methods to prevent overfitting. The approach significantly outperformed traditional methods,
particularly using Dropout in the MLP block, which led to an 18.42% increase in accuracy. This
highlights the effectiveness of deep learning with transfer learning over conventional feature
extraction techniques in detecting fruit ripeness.

3 Problem description

Our job in an auto repair shop is to determine each work process, including whether the hoods
of the cars being repaired are open or closed. Below (Figure 2) are pictures taken in the workshop.
Video recordings and pictures are taken of the cars from the front view, from a height of 3 meters,
which are then used to analyze the processes.

Currently, the domain lacks a pre-trained model specifically designed to differentiate between
vehicles with open and closed hoods. However, for general vehicle detection tasks, the YOLO (You
Only Look Once) model represents a viable option. The YOLOv8 framework includes a variety of
models specialized in detection, segmentation, and pose estimation, all of which have been pre-
trained on the COCO dataset. Additionally, the framework offers classification models that have been
pre-trained on the ImageNet dataset. Furthermore, a tracking mode is integrated into all detection,
segmentation, and pose estimation models.

4 Methods

This section delineates the dataset employed for transfer learning, encompassing the images
utilized for the purposes of training, validation, and testing. Additionally, it elaborates on the adoption
of the VGG16 model, specifically addressing the application of transfer learning to each of its
constituent layers.
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Table 1. Source and quantity of images in the Dataset used for training, validation and testing

Source of images | Quantity of images
Training Internet 500, 500
Validation Internet 150, 150
Testing Workshop 150, 150

4.1 Dataset

Table 1 summarizes the dataset properties. For training (500 samples per class) and validation
(150 samples per class), we utilized images of cars with both closed and open hoods sourced from
the internet. These images were subsequently curated to assemble the highest quality dataset, with
sample representations shown in Figure 3. For testing, exclusively workshop images (Figure 2) were
employed (150 samples per class). In the training of deep neural networks, a critical factor is the
model's generalization ability. Equally important is the prevention of overfitting, which refers to a
scenario where the network excessively learns from the specific training images at the expense of
its ability to generalize to new data. To ensure a broad applicability of our findings, we used images
from the repair shop as our testing dataset. The positioning of vehicles was standardized to maintain
a consistent region of interest for the object detection process. Images were used in their original
form without any preprocessing.
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Figure 3. Example images of train and validation data

4.2 VGG-16 model

The VGG16 model (Figure 4), a convolutional neural network architecture, was introduced by
K. Simonyan and A. Zisserman of the University of Oxford in their seminal work [3]. This model is
distinguished by its performance, achieving a top-5 test accuracy of 92.7% on the ImageNet dataset,
which comprises over 14 million images across 1000 different classes. Notably, VGG16 was a
prominent entry in the ILSVRC-2014 competition. Its design advances beyond the AlexNet
architecture by substituting large kernel-sized filters (specifically, 11 and 5 in the initial two
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convolutional layers) with successive layers of 3x3 kernel-sized filters. The training of VGG16
spanned several weeks, utilizing NVIDIA Titan Black GPUs for computational power.
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Figure 4. VGG-16 model architecture

ImageNet itself is a substantial dataset containing over 15 million labeled high-resolution
images, categorized into approximately 22,000 groups. These images were sourced from the
internet and annotated by individuals through Amazon’s Mechanical Turk [16], a platform for crowd-
sourced labeling tasks. Within the architecture of the model, frozen layers, including convolutional
and max pooling layers, serve the purpose of feature extraction. The concluding segment of the
model comprises a densely connected neural network, culminating in a softmax layer responsible
for performing the classification task.

4.3 Selected layers and parameter sets

In the accompanying Table 2, a comparative analysis of two distinct architectures derived from
the VGG16 model is presented. For the initial architecture, the retention of the original model's fully
connected final layers was complemented by the integration of dropout layers. Conversely, the
second architecture employed a more compact model, examining the feasibility of a network with
significantly reduced parameters in learning the specified task.

Table 2. Architectures
Architecture 1 ‘ Architecture 2

Frozen Layers

Dense (512)

dropout (0.25)
Dense (4096) Dense (256)
dropout (0.5) dropout (0.25)
Dense (4096) Dense (256)
dropout (0.5) dropout (0.25)
softmax (2) softmax (2)
output output

Architecture 1 was characterized by a comprehensive parameter profile, encompassing a total
of 134,268,738 parameters, equating to a memory footprint of approximately 512.19 megabytes.
Within this architecture, the subset of trainable parameters amounted to 119,554,050 corresponding
to 456.06 megabytes of memory usage. The remaining 14,714,688 parameters, occupying 56.13
megabytes, were designated as non-trainable. Architecture 2 exhibited a total parameter count of
27,757,890, which translated to a memory allocation of 105.89 megabytes. Within this framework,
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the trainable parameters were quantified at 13,043,202, accounting for 49.76 megabytes of memory.
The non-trainable component of the architecture comprised 14,714,688 parameters, occupying an
additional 56.13 megabytes of memory.

5 Results

Training of the models was conducted utilizing the EarlyStopping method, configured to
monitor 'val_loss' with a patience setting of 3. EarlyStopping serves as a regularization technique in
the training of deep learning models, aiming to avoid overfitting. This method is available within the
TensorFlow/Keras framework, functioning as a callback that oversees a chosen metric, such as
validation loss or accuracy, throughout the training phase. Should there be no improvement in this
metric for a set number of epochs, EarlyStopping terminates the training prematurely. This
intervention ensures the model remains generalizable, preventing it from excessively adapting to the
training dataset and thus maintaining its performance on novel, unseen data. Additionally, the Adam
optimizer was employed, featuring a learning rate of 0.0001, utilizing 'categorical_crossentropy' as
the loss function, and ‘accuracy' as the performance metric. The training duration for the initial model
(Architecture 1) was approximately 147 seconds, whereas the subsequent model (Architecture 2)
required around 132 seconds. This process was executed within a Colab environment, utilizing a
Tesla T4 GPU for computational support.

5.1 Architecture 1: original trainable layers with dropouts

Figure 5 displays the training and validation outcomes for the initial configuration. The left
section of the figure presents the model accuracy values across 6 epochs.
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Figure 5. Model accuracy and loss for Architecture 1

For the testing phase, as outlined earlier, we utilized images obtained from the repair
workshop. These images were entirely separate and independent from those used in the training
and validation stages, ensuring a distinct dataset for testing purposes.
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Figure 6. Confusion matrix for Architecture 1

The Confusion Matrix, a highly effective instrument in machine learning, is employed for
assessing the efficiency of classification models. Consequently, it has been utilized in this study to
present the results of our testing phase (Figure 6). In our examination of architecture 1, we attained
an accuracy rate of 98%. This metric of accuracy is derived by dividing the total count of correct
predictions by the aggregate number of predictions made. The identification of vehicles with a closed
hood yielded more favorable results, with only 1 instances of misclassification, compared to the
recognition of an open hood, which presented 5 cases of incorrect detection.

5.2 Architecture 2: smaller trainable layers with dropouts

In its updated iteration, Architecture 2 has been significantly downsized, constituting only one-
fifth the size of its earlier version. Correspondingly, the count of trainable and learnable parameters
has been drastically reduced, amounting to nearly one-tenth of what was previously available (see
section 4.3). The outcomes of these modifications are presented in Figures 7 and 8. The left portion
of Figure 6 demonstrates that the model achieves greater accuracy in epochs 1,2,3 in the validation
phase compared to the training stage, a result attributable to the incorporation of dropout layers.
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Figure 7. Model accuracy and loss for Architecture 2

Dropout is a regularization technique that randomly deactivates certain neurons in a neural
network during training [17]. This process prevents the model from excessively adapting to the
training data (overfitting), which could result in a decrease in training accuracy. However, it can
enhance the model's generalization capability, potentially leading to improved validation accuracy.
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Figure 8. Confusion matrix for Architecture 2

In this research, the second architecture, which is 25% smaller than its predecessor,
demonstrated a comparable level of accuracy, achieving 97.67%. This was accomplished with a
lower dropout rate of 0.25, in contrast to the 0.5 dropout rate used in the first architecture. The task
of correctly identifying vehicles with a closed hood showed more promising results, with a notably
low misclassification rate—only a single instance of error (Figure 8). In contrast, the task of detecting
vehicles with an open hood was more challenging, resulting in six instances of incorrect identification.
We experimented with various parameter sizes for the trainable layers, yet failed to achieve
enhanced accuracy.

6 Summary

This paper investigates the use of transfer learning with convolutional neural networks (CNNs),
particularly the VGG16 model, for image classification in scenarios with limited data. Focusing on
differentiating between cars with open and closed hoods, the study demonstrates that high accuracy
(above 97%) can be achieved with a dataset of just 1000 images. The research compares two
distinct architectural designs, noting the efficiency of a smaller model with lower dropout rates. This
work underscores the potential of transfer learning in efficiently solving classification problems with
small image datasets. For future research in CNN transfer learning with small datasets, consider
these directions: testing various CNN models like Inception or ResNet; examining transfer learning
across different fields; exploring incremental learning with new class additions; assessing advanced
data augmentation impacts; researching transfer learning in unsupervised or semi-supervised
contexts; applying models to practical scenarios like autonomous driving or medical imaging; and
focusing on making CNN models more interpretable, especially in critical applications.
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