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ABSTRACT 

In this thesis, "Effective and Efficient Image Classification from Deep Features Statistics," it is presented 

an in-depth analysis of the balance between computational efficiency and the accuracy of image 

classification models. The study leverages pre-trained deep learning architectures—VGG16, 

DenseNet121, and ResNet50—on CIFAR-10 and SVHN datasets, aiming to reduce training time without 

compromising accuracy. The research introduces a novel tradeoff ratio metric, providing a pragmatic 

approach to evaluate the efficacy of Transfer Learning (T.L.) against traditional Machine Learning (M.L.) 

techniques. The findings illuminate pathways for time-efficient image classification, making significant 

contributions to both academic research and practical applications in the field. 
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1. INTRODUCTION 

In today's rapidly advancing digital age, the ability to process and classify vast amounts of image data 

swiftly is of paramount importance. With the explosion of digital imagery in various domains — from 

social media and e-commerce to autonomous driving and medical diagnostics — the significance of 

efficient image classification cannot be overstated. Deep learning models, particularly those using 

convolutional neural networks (CNNs), have demonstrated remarkable prowess in image classification 

tasks. However, the time and computational resources required to train these models often present 

significant challenges. Extended training durations can lead to increased computational costs, hinder 

rapid deployment, and delay iterative model refinement, posing substantial barriers in many real-

world applications. 

Against this backdrop, this thesis dives deep into the theme of "Effective and Efficient Image 

Classification from Deep Features Statistics." How does statistical analysis of deep features enhance 

image classification model efficiency? The primary objective of this research is to significantly reduce 

the training time of image classification models using statistics, utilizing the power of established deep 

learning architectures like VGG16, DenseNet121, and ResNet50. Renowned for their image 

classification capabilities, these architectures are initialized with ImageNet pre-trained weights to 

provide a solid foundation for further exploration and optimization. While maintaining accuracy 

remains an essential objective, the primary ambition of this research is not necessarily to enhance 

accuracy but to ensure that competitive levels of accuracy are achieved within drastically reduced 

training windows. 

The rationale behind this focus on efficiency over incremental accuracy improvements stems from the 

practical demands of contemporary image processing tasks. In scenarios such as real-time surveillance, 

rapid diagnostics in healthcare, and on-the-fly image classification in mobile applications, the luxury of 

prolonged training times is often unfeasible. Thus, a methodological shift toward reducing 

computational demand without significantly sacrificing performance is urgently needed. 

To achieve a robust and multifaceted analysis, this research employs a diverse array of image datasets, 

each chosen for its unique characteristics and ability to challenge different aspects of image 

classification models. The datasets include CIFAR-10 and SVHN (Street View House Numbers), a real-

world dataset derived from Google Street View. The variability and complexity of these datasets ensure 

a comprehensive evaluation landscape that addresses various facets of the image classification 

challenge. 

Beyond selecting and utilizing robust datasets, this research acknowledges and harnesses the 

significant strides made in deep learning architectures. A notable example is the Vision Transformer 

(ViT) model, as introduced by (Dosovitskiy et al., 2020), which applies Transformer architectures from 

natural language processing to image classification. This innovative approach treats image patches as 

analogs to words, achieving high levels of accuracy with less computational resources when pre-

trained on large datasets. Additionally, this thesis incorporates insights from the innovative deep 

learning architecture ResNeXt, as proposed by (Xie et al., 2017) in their work 'Aggregated Residual 

Transformations for Deep Neural Networks'. ResNeXt introduces cardinality as an architectural 

dimension, alongside depth and width, and utilizes a split-transform-merge strategy for improved 

efficiency and classification accuracy, particularly on complex datasets like ImageNet.  
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Further, the research draws from the concept of Wide Residual Networks (WRNs) by (Zagoruyko & 

Komodakis, n.d.). Their findings highlight the benefits of widening network layers, rather than 

deepening them, for enhanced performance and training efficiency, especially on benchmarks like 

CIFAR, SVHN, and ImageNet. By synergizing ImageNet's pre-trained weights with our set architectures, 

we aim to not only harness the inherent strengths of these models but also delve into their adaptability 

and transferability. This exploration is crucial in understanding how these pre-trained models can be 

fine-tuned and optimized to achieve our primary goal of reducing training time while maintaining the 

same or better accuracy. 

The methodological core of this study revolves around the strategic modification and application of 

deep learning techniques. Traditional approaches often involve training deep neural networks from 

scratch. This process can be prohibitively time-consuming and resource-intensive. Instead, by 

leveraging pre-trained models, this research aims to bypass the initial, most demanding training 

phases. Theoretically, this approach allows quicker adaptation to specific tasks by refining and tuning 

models that have already learned robust, generalizable features from large and diverse datasets like 

ImageNet. 

The experimental phase is performed through Google Colab, relying on an A100 GPU. This choice is 

not merely a convenience but a strategic decision. The A100, with its advanced architecture and high 

throughput, is well-suited for handling the intensive computation required by deep learning models. 

Through this, the thesis aims to investigate the theoretical and methodological aspects of efficient 

image classification and their practical implementations, considering the constraints and opportunities 

presented by current state-of-the-art hardware. 

This thesis aims to provide pathways for time-efficient image classification in practical scenarios. It 

leverages the foundational knowledge encapsulated in ImageNet's pre-trained weights. It combines it 

with cutting-edge computational resources and nuanced training strategies. The insights and 

methodologies developed herein hold the potential to guide best practices in model selection, dataset 

usage, and training strategy formulation. These contributions are aimed not just at the academic 

community but also at practitioners in fields where rapid, efficient image classification can be a game-

changer. 

In the following chapters, readers will be introduced to a detailed exploration of the architectures, 

datasets, methodologies, and nuanced strategies pivotal to this research. The narrative will unfold, 

beginning with a comprehensive review of the relevant literature, outlining the advancements in deep 

learning for image classification, and discussing the challenges and opportunities in the field. Following 

this, the thesis will present an in-depth analysis of the chosen deep learning architectures, elaborating 

on their design and functionality. Lastly, an in-depth process in which readers will understand how 

statistics can impact the training window of pre-trained models. 



3 
 

2. LITERATURE REVIEW 

2.1.  EFFICIENCY AND PERFORMANCE OPTIMIZATION IN CNNS 

Convolutional Neural Networks (CNNs) stand at the forefront in the dynamic domain of deep learning, 

driving advancements in various applications from image recognition to autonomous systems. Yet, the 

pursuit of more profound and more accurate networks often clashes with the practical limitations of 

training time and computational expense. This thesis confronts this dichotomy head-on, proposing 

that the strategic application of statistical methods can markedly condense the training duration of 

traditional CNNs without compromising their formidable capabilities. 

This thesis, which explores the efficiency and adaptability of CNN architectures like DenseNet121, 

ResNet50, and VGG16, a significant application in agriculture (Shah et al., 2023) demonstrates the 

practical utility of these models in a specialized domain by employing Inception V3, VGG16, VGG19, 

and ResNet50 for early detection of rice leaf blast disease. Their success with ResNet 50, leveraging its 

modified connection-skipping architecture for high accuracy in disease detection, exemplifies the real-

world effectiveness of CNNs.  

On the other hand, we can see the remarkable capabilities of Convolutional Neural Networks (CNNs), 

as exemplified by (Jiang et al., 2019), extend well beyond traditional applications. Originally developed 

for tasks like image and video recognition, CNNs are now finding groundbreaking applications in 

various industry-specific areas. The study's success in power transformer equipment recognition is just 

one instance of this expanding utility. 

This complements the thesis's focus on using statistical methods to optimize CNN training across 

diverse applications. The case study underlines the importance of transfer learning in boosting CNN 

performance and broadens the scope of their application, reinforcing the thesis's narrative of 

combining architectural innovation with statistical insight in deep learning. 

DenseNet: A Paradigm of Efficient Connectivity 

At the heart of this efficiency revolution is the DenseNet architecture, a groundbreaking approach 

delineated in the work of (Huang et al., 2016). The dense connectivity pattern of DenseNet is not 

merely a feature but the linchpin of a paradigm shift. Unlike conventional networks where layers are 

sequentially connected, DenseNet innovates with a labyrinthine network where each layer is directly 

connected to every other, creating a rich tapestry of feature sharing. This architectural marvel bolsters 

feature propagation and significantly trims the network's appetite for parameters, streamlining the 

training process. The empirical results demonstrate DenseNet's superior performance on benchmarks 

like CIFAR-10 and ImageNet, showcasing its efficiency in parameter usage and robustness against 

overfitting. For a detailed breakdown of DenseNet's performance compared to other architectures, 

refer to Table 2.1.1. 

 

 

 



4 
 

Table 2.1.1 – Error rates (%) on CIFAR and SVHN datasets. K denotes network’s growth rate 

 

Figure 2.1.1 - Residual Learning: a building block 

 

 

 

 

 

 

 

 

 

ResNet: Revolutionizing Deep Network Training 

The narrative of efficiency is further enriched by the seminal work of (He et al., 2015) on deep residual 

learning. Their paper introduces the concept of residual learning within the ResNet framework. 

ResNet's layers are engineered to refine the identity mappings rather than learning unreferenced 

functions in a bold divergence from traditional learning paradigms. By incorporating identity shortcut 

connections that circumnavigate one or more layers (see Figure 2.1.1), ResNet mitigates the 

impediments of vanishing gradients and the notorious degradation problem, carving a path towards 

streamlined training of profound networks. The findings of (He et al., 2015), as detailed in their 

influential paper, provide substantial backing for the effectiveness of ResNet in reducing error rates 

and improving the trainability of deep networks. 

 

 

 

 

 

Empirical Analysis: Depth Versus Training Efficiency 

Delving into empirical evidence, we present a comparative analysis of training and test error rates 

across networks of varying depths. These plots articulate a critical observation: there exists a point of 

inflection where increasing depth yields diminishing accuracy returns. This insight, supported by the 

work of both (He et al., 2015), advocates for an optimal network depth that balances computational 

efficiency and accuracy. This balance can be fine-tuned with statistical methodologies. See Figure 2.1.2 

for a representation of training error and test error on CIFAR-10 with 20-layer and 56-layer plain 

networks, where the deeper network has higher training error and, thus, test error. 
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Figure 2.1.2 - Training error (left) and test error (right) on Cifar-10 with 20-layer and 56-layer 'plain' 
networks.  

Figure 2.1.3 - Example network architectures for ImageNet. Left: the VGG-19 model [41] (19.6 billion 
FLOPs) as a reference. Middle: a plain network with 34 parameter layers (3.6 billion FLOPs). Right: a 

residual network with 34 parameter layers (3.6 billion FLOPs) 

 

 

 

 

 

 

Visualizing CNN Complexity 

To encapsulate the complexity inherent in CNNs, we examine a detailed schematic of a deep network 

architecture, Figure 2.1.3. This visualization is more than a mere illustration; it is a map detailing the 

terrain where statistical methods could be most impactful. By identifying and optimizing the 

bottlenecks within such complex structures, this thesis envisions a future where CNNs can be trained 

rapidly, with minimal resource expenditure, without sacrificing the depth required for sophisticated 

tasks. The image below showcases example network architectures for ImageNet, including the VGG-

19 model as a reference, a plain network with 34 parameter layers, and a residual network with 34 

parameter layers, all highlighting the trade-offs between depth and computational demand. 
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Additionally, this thesis acknowledges the work of (Liu & Deng, 2016) in applying deep CNNs to small 
dataset scenarios. Their study on modifying the VGG-16 architecture for effective use in image 
classification with small sample sizes, such as CIFAR-10, challenges traditional views. By employing 
stronger regularization, batch normalization, and varying dropout rates, they demonstrate that deep 
networks, which are typically associated with large datasets, can be effectively adapted for smaller 
ones. This finding not only complements the efficiency and adaptability of CNN architectures like 
DenseNet and ResNet but also emphasizes the versatility and potential of deep networks in various 
data scenarios. Liu and Deng's approach, achieving a significant error rate reduction, aligns with the 
thesis's focus on optimizing training efficiency and underscores the broader applicability of statistical 
methods in deep learning. 
 
In conclusion, this thesis stands at the confluence of three significant streams of CNN architectures: 
DenseNet121, ResNet50, and VGG16. DenseNet's densely connected topology exemplifies how 
innovation in network connectivity can minimize parameter overhead and enhance training efficiency. 
As explored by (He et al., 2015), ResNet's residual learning paradigm confronts the vanishing gradient 
problem, facilitating the training of deep networks by allowing for more effortless gradient flow. 
VGG16, with its uniform architectural simplicity, serves as a testament to the power of depth in feature 
extraction while also exemplifying the computational demands of traditional deep CNNs.  
 
These architectures form the pillars upon which this thesis constructs a bridge between the profound 
depth and complexity of CNNs and the quest for expedited training times through statistical methods. 
By integrating insights from the VGG16 structure and the empirical evidence provided by the research 
on ResNet and DenseNet, this study underscores the potential of statistical methods to optimize 
training processes and reframe how we approach the design of deep learning architectures. It suggests 
a harmonious blend of architectural ingenuity and statistical understanding, aiming to usher in a new 
epoch of deep learning. In this realm, models like VGG16 are trained with the swiftness of DenseNet 
and the depth of ResNet, culminating in a balanced symphony of speed, efficiency, and accuracy. 
 
This synthesis of DenseNet's and ResNet's advancements, along with the classic VGG16 framework, 
thus positions this thesis as a pivotal narrative in the ongoing evolution of CNNs. It presents a 
compelling argument for the role of statistical methods in enhancing the training efficiency of deep 
neural networks, potentially redefining the operational limits of artificial intelligence applications. 
Through this lens, this thesis reflects on the current state of the art. It casts a forward-looking gaze 
toward a more accessible and scalable future for CNNs. 
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Figure 3.1.1 - Family of VGG Architectures 

3. METHODOLOGIES 

3.1. ARCHITECTURES 

3.1.1. VGG 

 

 

 

 

 

 

 

 

 

 

 

 

 

As we can see in Figure 3.1.1, the VGG16 architecture, denominated D, is composed of 16 weight layers 
and has the following configuration:  

Input Layer:  Images with a 224 x 224 resolution in RGB format. 

Convolutional Blocks: The architecture contains several convolutional blocks. Each block consists of 
multiple convolutional layers followed by a max-pooling layer. 

Block 1: Two convolutional layers, each with 64 filters and a kernel size of 3x3. This is denoted as 
"conv3-64" in the table and is followed by a max-pooling layer to reduce the spatial dimensions. 

Block 2: Two convolutional layers, each with 128 filters and a kernel size 3x3, denoted as "conv3-128". 
Followed by a max-pooling layer. 

Block 3: Three convolutional layers: the first two have 256 filters each and the third one also has 256 
filters, all with a kernel size of 3x3, represented as "conv3-256". This block concludes with a max-
pooling layer. 

Block 4:  Three convolutional layers, each with 512 filters and a kernel size of 3x3, denoted as "conv3-
512". A max-pooling layer is then succeeded. 
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Figure 3.1.2 - Family of DenseNet architectures 

Block 5:  Similar to Block 4, this block has three convolutional layers, each with 512 filters and a kernel 
size of 3x3, also represented as "conv3-512". Concludes with a max-pooling layer. 

Fully Connected (FC) Layers: The architecture features three fully connected layers after the 
convolutional blocks. The first two FC layers have 4096 neurons each, represented as "FC-4096". The 
third FC layer has 1000 neurons, represented as "FC-1000". This layer corresponds to the number of 
classes in the ImageNet dataset, which VGG16 was initially trained on. 

Output Layer: A SoftMax layer is used to produce class probabilities based on the 1000 classes from 
the ImageNet dataset. 

3.1.2. DenseNet 

 

 

 

 

 

 

 

 

 

 

By looking at Figure 3.1.2, we can have a perception of the composition of the DenseNet121 
architecture, as the name suggests it has 121 weight layers organized in the following manner: 

Input Layer:  Images with a 224 x 224 resolution in RGB format (not represented in this figure). 

Convolution Layer: The architecture starts with a convolutional layer with an output size of 112 x 112. 

Pooling Layer: This is followed by a pooling operation which reduces the spatial dimensions by half, 

resulting in an output size of 56 x 56. 

Dense Block (1): Here, we have two convolution operations: a 1x1 convolution followed by a 3x3 

convolution. This block of operations is repeated 6 times. The output size remains 56 x 56 because 

DenseNets don't alter spatial dimensions within dense blocks. 

Transition Layer (1): This consists of a 1x1 convolution, followed by a 2x2 average pooling operation 

with a stride of 2. This will reduce the spatial dimensions by half. The output size after this layer is 28 

x 28. 

Dense Block (2):  Similar to the first dense block, this block also contains a 1x1 convolution followed 

by a 3x3 convolution. This block of operations is repeated 12 times. The output size remains 28 x 28. 
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Figure 3.1.3 - Family of ResNet architectures 

Transition Layer (2): This consists of a 1x1 convolution followed by a 2x2 average pooling operation 

with a stride of 2. The output size after this layer is 14 x 14. 

Dense Block (3): This block also follows the same format of a 1x1 convolution followed by a 3x3 

convolution. The operations are repeated 24 times. The output size remains 14 x 14. 

Transition Layer (3): This consists of a 1x1 convolution followed by a 2x2 average pooling operation 

with a stride of 2. The output size becomes 7 x 7 after this layer. 

Dense Block (4): This block contains a 1x1 convolution followed by a 3x3 convolution. The operations 

are repeated 16 times. The output size remains 7 x 7. 

Classification Layer: The network concludes with a 7 x 7 global average pooling layer to reduce the 

spatial dimensions to 1 x 1. This is followed by a 1000D fully connected layer which applies the SoftMax 

activation function. This layer will output the probabilities for each of the 1000 classes in the dataset. 

3.1.3. ResNet 

 

 

 

 

 

  

 

 

 

Looking at Figure 3.1.3, let’s describe the ResNet50 architecture, composed by 50 weight layers: 

Input Layer: Traditionally, ResNet models expect an input shape of 224 x 224, which aligns with the 

output size of 112 x 112 in the subsequent layer after considering the operations in conv1 (not 

represented in this figure). 

conv1:  This layer consists of a 7x7 convolution with 64 filters and a stride of 2. This reduces the spatial 

dimensions by half. Output size: 112 x 112. 

conv2_x: It begins with a 1x1 convolution with 64 filters, followed by a 3x3 convolution with 64 filters, 

and ends with another 1x1 convolution but with 256 filters. This block of operations is repeated 3 

times. Note that each block has a residual connection from the beginning to the end. The spatial 

dimension remains at 56 x 56 after max pooling. 
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conv3_x: The block starts with a 1x1 convolution with 128 filters, a 3x3 convolution with 128 filters, 

and concludes with a 1x1 convolution with 512 filters. This block of operations is repeated 4 times. 

Again, each block has a residual connection. Output size: 28 x 28. 

conv4_x: It contains a 1x1 convolution with 256 filters, a 3x3 convolution with 256 filters, and a 1x1 

convolution with 1024 filters. This sequence is repeated 6 times. Each block has a residual connection. 

Output size: 14 x 14. 

conv5_x: This block starts with a 1x1 convolution with 512 filters, followed by a 3x3 convolution with 

512 filters, and ends with a 1x1 convolution with 2048 filters. The entire sequence is repeated 3 times. 

Each block has a residual connection. Output size: 7 x 7. 

Output Layer: A global average pooling layer reduces the spatial dimensions to 1 x 1. This is followed 

by a fully connected layer with 1000 units (denoted as 1000-d fc), corresponding to the number of 

classes in the ImageNet dataset. This layer will produce the classification scores. A SoftMax activation 

function is applied to these scores to get the final probabilities for each class. 

3.2. DATASETS 

3.2.1. Cifar-10 

The CIFAR-10 dataset is composed of 60,000 color images, each sized 32x32 pixels, and categorized 

into 10 distinct classes. Each class contributes 6,000 images, split into 50,000 for training purposes and 

10,000 designated for testing. This setup is well-suited for conducting the study. 

This dataset is segmented into six batches: five for training and one for testing, with each batch 

comprising 10,000 images. The testing batch is uniquely structured, featuring a balanced selection of 

1,000 images from each class, chosen at random. The training batches, while also randomized, may 

exhibit a varied distribution of images across classes. Collectively, however, they ensure an equal 

representation of each class, with 5,000 images per class across all training batches. There are 10 

classes labeled as: airplane, automobile, bird, cat, deer, dog, frog, horse, ship, and truck as we can see 

by looking at Figure 3.2.1. 
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Figure 3.2.1 - Cifar-10 Dataset 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.2.2. SVHN (Street View House Numbers) 

SVHN is a practical image dataset tailored for the development of machine learning and object 

recognition methods with minimal needs for data preprocessing and organization. While it bears 

similarities to MNIST—like the presence of small, cropped digit images—it offers a much larger set of 

labeled data, encompassing over 600,000-digit images. What makes SVHN more challenging is its 

origin; it is derived from recognizing numbers and digits in real-world scenarios, specifically from house 

numbers present in Google Street View photographs as we can see by looking at Figure 3.1.2. 

In a nutshell, the dataset comprises ten categories, each representing a digit. The digit' 1' is labeled as 

1, '9' as 9, and '0' as 10. For training purposes, there are 73,257 images 32x32; for testing, there are 

26,032 images. 
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Figure 3.2.2 - SVHN Dataset 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.3.  TRADITIONAL TRAINING PROCEDURE FOR VGG16, DENSENET121 AND RESNET50 

Configuration of Hyperparameters 

A regularization hyperparameter weight decay is set at 1e-4 to ensure model generalization while 

combating overfitting. Furthermore, a selection of learning rates (0.001, 0.0001, and 0.0004) are tested 

to discern the most propitious rate for model optimization. 
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Model Architectural Set-Up 

• Initialization: Distinct architectures—VGG16, DenseNet121, and ResNet50—are harnessed, 

each pre-trained on the expansive ImageNet dataset. In consideration of task specificity, the 

ImageNet-tailored top layers are excluded during model integration. 

• Layer Customization: To capitalize on the intrinsic feature extraction capabilities embedded 

within pre-trained models, all layers are set to non-trainable, effectively embracing the 

philosophy of transfer learning. 

Image Rescaling and Adaptation 

Given architectural mandates, all input images are upscaled to a canonical resolution of 224x224. This 

is achieved via: 

• Rescaling: 
o Up-sampling by a factor of 7 for CIFAR-10 and SVHN datasets. 

• Preprocessing: The official preprocessing input function, as provisioned by TensorFlow, is 
judiciously applied for each dataset in congruence with each architecture. This ensures optimal 
compatibility and preprocessing. 

• Data Augmentation: A custom preprocessing function is employed, introducing variances into 
the dataset. This aids in enhancing the model's resilience against overfitting and broadening 
its exposure to diversified data patterns. 

Model Augmentation and Refinement 

• Integration: The pre-trained architectures are seamlessly integrated post-rescaling. 

• Pooling and Regularization: A Global Average Pooling layer is introduced, mitigating spatial 

dimensions. Subsequent dense layers are augmented with L2 regularization, supplemented 

by dropout layers, thereby buttressing model robustness. 

Model Compilation and Metric Selection 

The versatile Adam optimizer, known for its adaptive gradient-based optimization techniques, is 

elected for model optimization. Adam, short for Adaptive Moment Estimation computes adaptive 

learning rates for each parameter by leveraging both the first moment (the mean) and the second 

moment (the uncentered variance) of the gradients. Its updated rules can be delineated as follows: 

• Compute the gradient of the loss concerning the parameters at the current step: 𝒈𝒕. 

• Update the moving averages of the gradient (m) and its square (v): 

o 𝒎𝒕 =  𝜷𝟏 ∗  𝒎𝒕−𝟏 + (𝟏 − 𝜷𝟏) ∗  𝒈𝒕 

o 𝒗𝒕 =  𝜷𝟐 ∗ 𝒗𝒕−𝟏 + (𝟏 − 𝜷𝟐) ∗  𝒈𝒕
𝟐 

 

Where: 𝜷𝟏 𝑎𝑛𝑑 𝜷𝟐 are exponential decay rates for the moment estimates, typically close to 1. 

• Correct the moving averages for their initialization bias: 

o 𝒎̂𝒕 =  
𝒎𝒕

𝟏−𝜷𝒕
𝟏

 

o 𝒗̂𝒕 =  
𝒎𝒕

𝟏−𝜷𝒕
𝟐
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• Update the parameters: 

o 𝜽𝒕+𝟏 =  𝜽𝒕 −  𝜶 ∗  
𝒎𝒕̂

√𝒗𝒕̂+𝝐
 

Where: 𝜽 represents the parameters; 𝜶 is the learning rate; 𝝐 is a small number to prevent division by 

zero, typically on the order of 10−7. 

This optimizer is parameterized by specific learning rates and combines the advantages of AdaGrad, 

which adapts the learning rates based on the full history of gradient, and RMSprop, which uses a 

moving average of the squared gradient. 

Given that the challenge at hand is inherently multi-class, the categorical cross entropy loss function 

is chosen. This loss function, often used for multi-class classification problems, measures the difference 

between the true labels and the predicted probabilities. Mathematically, for a single sample, the loss 

is: 

• 𝐿 =  − ∑ 𝑦𝑖log (𝑝𝑖)𝐶
𝑖=1  

Where: 𝑪 is the number of classes; 𝒚𝒊 is the true label for class 𝒊 (either 0 or 1); 𝒑𝒊 is the predicted 

probability for class 𝒊 

Essentially, the categorical cross-entropy loss penalizes predictions that are far from the actual labels. 

For a perfect prediction, the loss is zero, while for an incorrect prediction, the loss approaches infinity. 

This ensures that the model is guided to make predictions that are as close as possible to the true 

labels. 

Performance surveillance is holistically conducted across four pivotal metrics: accuracy, precision, 

recall, and loss. Each of these metrics provides unique insights: 

• Accuracy: Measures the fraction of predictions the model got right. 

• Precision: Represents the number of true positive predictions divided by the sum of true 

positives and false positives. It essentially gauges the reliability of a positive prediction. 

• Recall: Denotes the number of true positive predictions divided by the sum of true positives 

and false negatives. This captures the ability of the model to identify all relevant instances. 

• Loss: A quantification of how far the model's predictions are from the actual labels, with the 

categorical cross entropy serving as the chosen metric in this context. 

Together, these metrics ensure comprehensive monitoring of the model's performance, enabling 

tweaks and refinements for optimal results. 

Training Dynamics and Evaluation 

• Duration: Irrespective of architectural or dataset variances, a consistent training regimen of 

30 epochs is adopted. 

• Training Paradigm: Models are rigorously trained on designated datasets, with meticulous logs 

maintained to enable retrospective insights. 



15 
 

• Validation Rigor: Upon culminating the training cycle, models are subjected to a stringent 

validation assessment, thereby providing a snapshot of their predictive acumen and 

generalizability. 

Analytical Synthesis and Visualization 

• Performance Panorama: A comprehensive summary detailing test accuracies are crafted, 

juxtaposed with the computational training time for each learning rate. 

• Optimal Learning Rate Spotlight: The learning rate conferring superior accuracy is 

spotlighted, providing a beacon for model refinement. 

• Visual Narratives: Graphical plots chronicle the trajectory of model evolution across the 

chosen metrics—accuracy, precision, recall, and loss—offering a vivid depiction of model 

performance nuances over epochs. 

In summation, by adopting a meticulous lens on accuracy, precision, recall, and loss, a symmetrical and 

comprehensive evaluation of models is realized. This tapestry of strategies and metrics is instrumental 

in distilling the essence of model performance and training efficacy, aptly facilitating a nuanced and 

profound interpretation suitable for scholarly discourse. 

3.4.  STATISTICS EXTRACTION 

All the architectures mentioned can be explained by blocks, meaning that to extract essential statistics 

such as mean, standard deviation, kurtosis, and skewness, all we have to do is create a model that 

outputs the last layer for each of the blocks within each architecture, VGG16 DenseNet121 and 

ResNet50 respectively. Let's try to break down the full process. 

Model Initialization: VGG16, DenseNet121, ResNet50 

All architectures, pre-trained on ImageNet, are loaded without its classification head. This is because 

we are interested in capturing intermediate feature maps, not final classification results. 

Layer Freezing: 

All layers of each of the models are set as non-trainable since our primary intent is to fetch activations, 

not to retrain the model. 

Custom Model for Intermediate Activations: 

We create a new model that takes input from each of the models and produces outputs from 

intermediate layers. Specifically, we are extracting feature maps from the last layer of each 

convolutional block. For the VGG16, we are extracting these statistics for the following layers 

('block1_pool', 'block2_pool', 'block3_pool', 'block4_pool', 'block5_pool') as a result of five blocks. 

The layers for DenseNet121 are ('pool1', 'pool2_pool', 'pool3_pool', 'pool4_pool'), consisting in four 

blocks, and lastly for the ResNet50 ('conv2_block3_out', 'conv3_block4_out', 'conv4_block6_out', 

'conv5_block3_out'), constructed by five blocks. 
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Activation Extraction Process: 

An up-sampling factor is defined since all architectures require at least an input shape of 224x224, 

both the training and the test samples are loaded, and an empty list is initialized to store statistics for 

each of the architectures.  

For each of these activations, we compute statistics (mean, standard deviation, skewness, and 

kurtosis) for every feature map in every layer. These statistics are collated with the image index, layer 

index, and feature map index to provide a granular overview of the activation landscape and the 

respective label. Finally, the list is converted to a panda’s data frame. 

To go deeper into the statistics extraction process, the gram matrix, with normalized values, was also 

calculated to further expand the data needed for predicting modeling. But what is a gram matrix? Let’s 

have a brief explanation. 

(NOTE: Normalized Values: In this context, this matrix was extracted with a custom built-in function, 

with the option to calculate the same automatically, normalizing its values.  

Current normalization formula:  
𝒗−𝒗𝒎𝒂𝒙

𝒗𝒎𝒂𝒙−𝒗𝒎𝒊𝒏
 

Gram Matrix: 

A Gram matrix, particularly in the context of deep learning and neural networks, is a mathematical 

concept used to measure the similarity between vectors, and it plays a crucial role in applications like 

style transfer in neural style algorithms. Here is a detailed explanation of its composition and use: 

Definition: A Gram matrix is a matrix of inner products. In simpler terms, it is a matrix that represents 
the correlations between different sets of vectors. 

Mathematical Formulation: 

• Given a set of vectors 𝑉 = {𝑣1, 𝑣2, … , 𝑣𝑛} , the Gram matrix 𝐺 is defined such that each 
element 𝐺𝑖𝑗  is the inner product of vectors 𝑣𝑖 and 𝑣𝑗. 

• Mathematically, 𝐺𝑖𝑗 =  〈𝑣𝑖, 𝑣𝑗〉. 

Properties: 

• Symmetry: Since the inner product is commutative, the Gram matrix is symmetric, i.e., 𝐺𝑖𝑗 =

 𝐺𝑗𝑖  

• Positive Semidefinite: This means all eigenvalues of the Gram matrix are non-negative. 

Usage in Convolutional Neural Networks (CNNs):  

In the context of CNNs, a Gram matrix is used to represent the correlations between different feature 
maps at a particular layer. 
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Construction: 

• Consider a layer in a CNN with NN feature maps, each of size 𝑀 ×  𝑀 (for simplicity, assuming 
square feature maps). 

• These feature maps are reshaped or flattened into vectors, resulting in 𝑁 vectors each of 
length 𝑀2. 

• The Gram matrix is then computed by calculating the inner product of these vectors, resulting 
in an 𝑁 × 𝑀 matrix. 

Capturing Style: 

• The Gram matrix is used to capture the style of an image. 

• This style is essentially the patterns, textures, and visual elements that are independent of the 
spatial arrangement. 

How It Works: 

• By computing the Gram matrix at different layers of a pre-trained CNN (like VGG16), one can 
capture textural information at various levels of abstraction. 

• The Gram matrix at lower layers might capture finer textures, while higher layers might 
encapsulate more complex arrangements. 

Final Elaborations 

This data frame is then grouped by the corresponding image index, layer index, and label to obtain one 

that contains all the images regarding the train or test data set size. Meaning that we end up with a 

mean for each block per image. Here is an explanation of our data frame size in terms of features: 

• VGG16: 5 Blocks; 27 features total (Statistic Metrics + Image Index + Gram Matrix for each 

block + Label). 

• DenseNet121: 4 Blocks; 22 features total (Statistic Metrics + Image Index + Gram Matrix for 

each block + Label). 

• ResNet50: 5 Blocks; 27 features total (Statistic Metrics + Image Index + Gram Matrix for each 

block + Label). 

We have two data sets for Cifar10 and SVHN for each architecture, one for training and another one 

for testing, to capture the ability of how well our machine learning models perform on unseen data. 

3.5.  MODEL TRAINING (MACHINE LEARNING) 

A standard scaler is applied to all features except the gram matrix ones since these have already been 

normalized while extracted before proceeding with the model ensemble. Due to the presence of 

outliers (skewed data) in most of the features, this scaler presents to be the best suited to advance 

model training and tuning. But what exactly does this scaler do? 

Standard Scaler, often implemented as part of data preprocessing, is a technique used to standardize 
the range of independent variables or features of data. In the context of machine learning and 
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statistical modeling, feature scaling through standardization (or Z-score normalization) is the process 
of rescaling the features so that they have the properties of a standard normal distribution with a mean 
of zero and a standard deviation of one. 

Mathematical Formulation  

The process of standard scaling can be mathematically represented as follows: 

• 𝑍 =  
(𝑋−𝜇)

𝜎
 

Where: 

• 𝑋 is the original feature vector, 
• 𝜇 is the mean of the feature vector, 
• 𝜎 is the standard deviation of the feature vector, 
• 𝑍 is the standardized feature vector. 

Procedure 

• Compute the Mean and Standard Deviation: For each feature, calculate the mean and 
standard deviation. These statistics are used to standardize the data. 
 

• Standardization: Subtract the mean from each data point and divide the result by the standard 
deviation. This centers the distribution of the data around zero and scales it to unit variance. 

After this, the correlation matrix as well as some statistics of our data sets are calculated just to get a 

perception of the data being dealt with. The models being chosen for training are: 

• Random Forest 

• Logistic Regression 

• Support Vector Machines  

• ExtraTreeClassifier 

These models are known for their fast training and good performance abilities for categorical targets 

prediction. Let’s explain each one to get a good understanding of how they perform. 

RandomForest 

Overview: RandomForest is an ensemble learning method, primarily used for classification and 

regression. It operates by constructing a multitude of decision trees at training time and outputting 

the class that is the mode of the classes (classification) or mean prediction (regression) of the individual 

trees. 

Working Principle: 

• Ensemble of Decision Trees: It builds multiple decision trees and merges them to get a more 

accurate and stable prediction. 

• Randomness: Each tree in a random forest is built from a sample drawn with replacement (i.e., 

a bootstrap sample) from the training set. Furthermore, when splitting a node during the 
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construction of the tree, the split that is chosen is no longer the best split among all features 

but the best split among a random subset of the features. This results in a wide diversity that 

generally results in a better model. 

Characteristics: 

• Robustness: It can handle large datasets with higher dimensionality. It can handle thousands 

of input variables without variable deletion. 

• Accuracy: RandomForest is known for its high accuracy, robustness, and ease of use. 

• Handling Overfitting: Due to the randomness in the construction of trees, it is less likely to 

overfit than a single decision tree. 

Support Vector Machines (SVM) 

Overview: SVM is a powerful and versatile supervised machine learning algorithm, used for both 

classification and regression. 

Working Principle: 

• Maximizing Margin: SVM essentially finds a hyperplane that best separates the classes by 

maximizing the margin between the nearest points of the classes (support vectors). 

• Kernel Trick: It can use the kernel trick to transform data and then based on these 

transformations, it finds an optimal boundary between the possible outputs. 

Characteristics: 

• Effectiveness in High-Dimensional Spaces: SVMs are effective in high-dimensional spaces and 

in cases where the number of dimensions exceeds the number of samples. 

• Memory Efficiency: They use a subset of training points (support vectors), so it's also memory 

efficient. 

• Sensitive to Noise: A relatively small number of mislabeled examples can dramatically 

decrease the performance. 

Logistic Regression 

Overview: Despite its name, logistic regression is a linear classification model rather than regression. 

It is used to predict the probability of a binary outcome based on one or more predictor variables. 

Working Principle: 

• Sigmoid Function: It uses the logistic sigmoid function to return a probability value which can 

then be mapped to two or more discrete classes. 

Characteristics: 

• Efficient and Simple: It is less prone to overfit but can overfit in high dimensional datasets. 
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• Output Interpretation: The output of a logistic regression model is interpretable in terms of 

probability. 

ExtraTreeClassifier 

Overview: Extra Trees Classifier is a type of ensemble learning technique that aggregates the results 

of multiple de-correlated decision trees collected in a “forest” to output its classification result. 

Working Principle: 

• Randomness: Unlike Random Forest, it cuts trees at random levels. Each decision tree in the 

ExtraTreeClassifier is constructed from the original training sample. Then, at each test node, 

each tree is provided with a random sample of k features from the feature set, from which 

each decision tree must select the best feature to split the data based on some mathematical 

criteria (typically the Gini Index or information gain). 

Characteristics: 

• Reduced Variance: By averaging out bias, the ExtraTreeClassifier tends to reduce overfitting. 

• Computational Efficiency: It is typically faster than a Random Forest. 

Model Training Process  

Data Utilization Strategy 

• Training with Full Dataset: The entire dataset is utilized for training, aiming to maximize the 

learning potential. 

• Separate Dataset for Testing: A distinct dataset is used for testing, providing an accurate 

measure of the model's performance on unseen data. 

Hyperparameter Tuning with RandomizedSearchCV and Cross-Validation 

RandomizedSearchCV is employed for hyperparameter tuning across different models, coupled with 

five-fold cross-validation. This approach ensures a robust and comprehensive tuning process by testing 

various parameter combinations and validating their performance across multiple subsets of the data. 

Random Forest 

• Parameters: n estimators = [100, 500, 1000, 1500], max depth = [None, 5, 10, 20, 30], max 

features = ['auto', 'sqrt', 'log2'], min samples split = [2, 5, 10], min samples leaf = [1, 2, 4], and 

bootstrap = [True, False]. 

• Datasets: Applied to both CIFAR-10 and SVHN datasets. 

• Feature Importance: Utilized to identify key features. 

 

 



21 
 

SVM (Support Vector Machine) 

• Parameters: C = [0.1, 1, 10, 100], kernel = ['linear', 'rbf', 'poly', 'sigmoid'], degree = [2, 3, 4], 

gamma = ['scale', 'auto'], and coef0 = [0.0, 0.1, 1.0, 2.0]. 

• Datasets: Exclusively used for the CIFAR-10 dataset. 

• Feature Analysis: SHAP plots are employed for feature impact analysis. 

Logistic Regression 

• Parameters: Three different configurations: 

First: C = [0.001, 0.01, 0.1, 1, 10, 100], penalty = l1, and solver = [liblinear, saga] 

Second: C = [0.001, 0.01, 0.1, 1, 10, 100], penalty = l2, and solver = [newton-cg, lbfgs, sag, 

saga, liblinear] 

Third:  C = [0.001, 0.01, 0.1, 1, 10, 100], penalty = elastic net, solver = saga, and l1 ratio = 

[0.2, 0.5, 0.8] 

(NOTE: Since different penalties only work with certain solvers three configurations were set.) 

• Datasets: Applied to both CIFAR-10 and SVHN datasets. 

• Feature Analysis: SHAP plots are employed for feature impact analysis. 

ExtraTreeClassifier 

• Parameters: n estimators = [100, 200, 500], max depth = [None, 10, 20, 30], min samples split 

= [2, 5, 10], min samples leaf = [1, 2, 4], and bootstrap = [True, False]. 

• Datasets: Used specifically for the SVHN dataset. 

• Feature Importance: Utilized to identify key features. 

Evaluation Metrics 

The evaluation involves a comprehensive classification report, providing metrics like precision, recall, 

F1-score, and test accuracy, measuring the model’s performance on the separate testing dataset. 

Conclusion 

This methodology is designed to thoroughly evaluate and optimize various machine learning models 

on CIFAR-10 and SVHN datasets. By employing RandomizedSearchCV with five-fold cross-validation, 

the approach not only targets optimal hyperparameter settings but also ensures that the models are 

well-tested across different data splits, enhancing their reliability and generalizability. The distinction 

in model application between the two datasets (SVM for CIFAR-10, ExtraTreeClassifier for SVHN) aligns 

with the unique characteristics of each dataset, ensuring a tailored approach to the model training. 
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3.6.  COMPARING RESULTS 

In the final chapter of the thesis, an extensive and detailed comparison is conducted between the 
methods mentioned above: traditional deep learning architectures (VGG16, DenseNet121, and 
ResNet50) and conventional machine learning models (Random Forest, SVM, Logistic Regression, and 
ExtraTreeClassifier). This comparison is meticulously designed to evaluate these methods under 
uniform experimental conditions, ensuring a balanced and objective analysis. 

For the deep learning models, the evaluation utilizes both line plots and loss function graphs. The line 
plots visually represent the models' performance in terms of precision, recall, and accuracy, providing 
an intuitive way to observe trends and patterns over various training epochs. Additionally, plots 
depicting the loss function are crucial as they offer insights into the optimization process of the models, 
illustrating how effectively they minimize errors during training. This dual-graphical approach enables 
a comprehensive understanding of the learning dynamics and overall performance of the deep 
learning models.  

In contrast, the evaluation of the machine learning models relies on classification reports. These 
reports provide a detailed breakdown of performance metrics such as precision, recall, accuracy, and 
the F1 score in a tabular format. This approach allows for a direct, straightforward comparison of these 
key metrics across the different machine-learning models, focusing on their classification efficacy. 

By employing these distinct evaluation tools, graphical representations for deep learning models, and 
classification reports for machine learning models, this thesis offers a robust comparative analysis. This 
approach not only highlights the strengths and weaknesses of each model type in various aspects of 
their performance but also caters to the unique characteristics and evaluation needs of each method. 
Through this detailed comparative study, the thesis aims to provide a nuanced understanding of these 
methodologies, aiding in informed decision-making in the field of artificial intelligence and machine 
learning. 

Check Table 3.6.1, for a detailed explanation of how the performance will be reported for both 
methods. 
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Table 3.6.1 – Explaining the Results 

Aspect 

Deep Learning Models (VGG16, DenseNet121, 

ResNet50) with pre-frozen trained weights 

‘ImageNet’ using transfer learning 

Machine Learning Models (Random Forest, 

SVM, Logistic Regression, 

ExtraTreeClassifier) 

Primary Evaluation Tool Line plots and loss function graphs Classification Report  

Metrics Represented Precision, recall, accuracy, and model loss Precision, Recall, Accuracy, and F1-score 

Visualization Method 
Graphical - illustrating trends over training 

epochs and model optimization 

Tabular - providing a clear, direct 

comparison of key metrics 

Intention of Evaluation 

To understand learning dynamics, 

performance trends over time, and 

effectiveness in error minimization 

To assess classification efficacy and 

provide a straightforward comparison of 

model performance 

Insight Offered 

Offers insights into how models evolve and 

improve during training, and how effectively 

they minimize errors 

Highlights the immediate classification 

performance of each model in a 

comparative context 

Use in Thesis 

To demonstrate the depth and complexity of 

learning in deep neural networks, focusing on 

both performance and training optimization 

To show the straightforward efficacy in 

classification tasks, emphasizing direct 

performance metrics 

Contextual Relevance 

Suitable for complex tasks with high-

dimensional data, where understanding the 

learning process is crucial 

Appropriate for scenarios where model 

simplicity and direct performance 

comparison are key 
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4. RESULTS AND DISCUSSION 

4.1.  TRADITIONAL TRAINING METHOD (TRANSFER LEARNING) USING FROZEN PRE-TRAINED WEIGHTS 

‘IMAGENET’ 

4.1.1. CIFAR-10 

VGG16 

 

Figure 4.1.1 - Loss, Accuracy, Precision and Recall functions Cifar-10 VGG16 

Loss Function Evolution: 

The left-top graph shows the loss function values for both the training set (blue) and the validation set 

(orange) over the epochs. The loss function measures the model's prediction error, and the goal is to 

minimize it. As we can see, the loss decreases sharply initially and then levels off, indicating that the 

model is learning and becoming better at predicting the correct classes of images. The convergence of 

training and validation loss suggests that the model is not overfitting and is generalizing well to new 

data. 

Accuracy Function Evolution: 

The right-top graph displays the accuracy of the model, which is the percentage of correct predictions 

out of all predictions made. Both the accuracy of the training data and the validation data increase 

over time, which is desirable. The accuracy stabilizes after an initial period of rapid improvement, 

showing that the model has learned to classify the images with a good level of reliability. 

Precision Function Evolution: 

The left-bottom graph represents the precision of the model, which is the ratio of true positive 

predictions to the total positive predictions made by the model. High precision indicates a low rate of 

false positives. The graph shows that precision for both training (blue) and validation (orange) 
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improves as the epochs progress, implying the model is consistently making more accurate positive 

predictions as it learns. 

Recall Function Evolution: 

The right-bottom graph shows the recall, which measures the ratio of true positive predictions to the 

total actual positives. High recall means that the model is good at detecting positives. Both training 

and validation recall improve over time, indicating the model is getting better at identifying all relevant 

instances in the dataset. 

Interpreting the Results: 

The results show a well-behaved model learning process. The loss decreasing and the accuracy, 

precision, and recall increasing are all indicators of a model that is learning effectively. 

The close alignment between the training and validation lines in each graph suggests that the model 

is not just memorizing the training data but is also performing well on unseen data. 

The fact that all metrics show improvement and stabilization after an initial period suggests that the 

chosen number of epochs is adequate for training this model on this dataset with the given 

hyperparameters. 

The model's best learning rate, as determined by the final accuracy, was 0.0004, which provided the 

highest accuracy 69.49% compared to the other tested rates and it took approximately 39.45 minutes 

to train. 

DenseNet121 

 

Figure 4.1.2 - Loss, Accuracy, Precision and Recall functions Cifar-10 DenseNet121 
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Loss Function Evolution: 

The loss function graph exhibits a declining trend for both the training and validation sets, suggesting 
that the model's predictions are becoming more accurate over time. The convergence of the training 
and validation loss lines indicates that the model is generalizing well without overfitting. 

Accuracy Function Evolution: 

The accuracy graph shows a progressive improvement in the model's performance, with both training 
and validation accuracies increasing over epochs. The steady rise followed by a plateau suggests that 
the model is achieving a consistent level of reliability in its predictions. 

Precision Function Evolution: 

The precision graph reflects an upward trend, signifying that the model is getting better at making 
correct positive predictions as it is trained more. This indicates a decrease in false positives, which is 
beneficial for the overall performance of the model. 

Recall Function Evolution: 

The recall graph also shows improvement over time for both training and validation, meaning that the 
model is becoming more adept at correctly identifying all relevant instances of the target classes in the 
dataset. 

Interpreting the Results: 

The DenseNet121 model's training process is indicative of a well-tuned learning algorithm. The 
downward trend in the loss values along with upward trends in accuracy, precision, and recall across 
training epochs is evidence of the model's effectiveness in learning from the CIFAR-10 dataset. 

A notable observation is the convergence of training and validation curves in all graphs. This pattern 
suggests that the model is capable of generalizing its learning to new, unseen data, rather than merely 
memorizing the training dataset. 

The metrics demonstrate not only improvement but also a leveling-off, indicating that the model is 
reaching a point of stability. This suggests that the number of epochs selected was appropriate for the 
model to learn the dataset within the scope of the current hyperparameters. 

For DenseNet121, the most effective learning rate was found to be 0.0004. At this rate, the model 
achieved a commendable test accuracy of 78.29% and completed its training in approximately 33.48 
minutes, showcasing both accuracy and time efficiency. 
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Figure 4.1.3 - Loss, Accuracy, Precision and Recall functions Cifar-10 ResNet50 

ResNet50 

 

 

 

 

 

  

 

 

 

 

Loss Function Evolution: 

The descending trajectory of the loss graph for both training and validation sets indicates that the 
model is effectively learning and improving its predictive accuracy. A gradual flattening of the curves 
suggests that the ResNet50 model is nearing an optimal point of error reduction. 

Accuracy Function Evolution: 

The accuracy graph displays an incremental increase in both training and validation accuracy, which is 
indicative of the model’s improved performance in correctly classifying the images. The converging 
lines point to a model that is consistent across both seen and unseen data. 

Precision Function Evolution: 

The precision graph shows the model's positive predictive value. The rising trend for both training and 
validation precision signifies that the ResNet50 is making more accurate positive predictions as training 
progresses, and the false positive rate is decreasing. 

Recall Function Evolution: 

In the recall graph, both training and validation lines ascend over time, indicating that the model is 
becoming better at identifying true positives out of all actual positive instances. This is crucial for 
ensuring that the model does not miss any potential positive classifications. 
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Interpreting the Results: 

The ResNet50 model presents a learning curve that is indicative of an efficient learning process. The 

decreasing loss along with increasing accuracy, precision, and recall reflects a model that is 

progressively learning and improving its predictions on the CIFAR-10 dataset. 

The close tracking between the training and validation metrics across the plotted graphs indicates a 

robust model that generalizes well. This balance is crucial for confirming that the model performs 

consistently on both training and validation datasets. 

The stabilization of the metrics after an initial phase of learning underlines that the number of epochs 

was suitably chosen, allowing the model to fully adapt to the dataset with the provided 

hyperparameters. 

The optimal learning rate for the ResNet50 was determined to be 0.0001. Utilizing this learning rate, 

the model attained its highest test accuracy of 85.22%, completing the training in an efficient 35.34 

minutes, thus demonstrating the model's swift adaptability and high predictive accuracy. 

Each model demonstrates its capability in learning from the CIFAR-10 dataset, with ResNet50 slightly 

edging out in terms of the highest accuracy. The learning trends and performance metrics suggest that 

all models are well-suited for image classification tasks, with effective learning strategies and good 

generalization capabilities. 

4.1.2. SVHN 

VGG16 

 

Figure 4.1.4 - Loss, Accuracy, Precision and Recall functions SVHN VGG16 
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Loss Function Evolution: 

The loss for both training (blue) and validation (orange) decreases over epochs, suggesting that the 

model's predictions are becoming more accurate over time. The curves are converging, which is a good 

sign that the model is not overfitting significantly. 

Accuracy Function Evolution: 

The accuracy for training and validation both increase over epochs. However, the training accuracy 

surpasses the validation accuracy by a noticeable margin, which is typical in training scenarios. 

Precision Function Evolution: 

Precision for both training and validation starts to plateau after an initial increase. This indicates that 

the rate at which the model is making correct predictions for the positive class has stabilized. 

Recall Function Evolution: 

Recall is increasing for both training and validation, with the training recall being consistently higher. 

This suggests the model is becoming more adept at identifying all relevant instances over time. 

Interpreting the Results: 

The best learning rate for this VGG16 model on the SVHN dataset is 0.0004, with a corresponding test 

accuracy of 54.77%. 

The training time is approximately 56 minutes across different learning rates, indicating that the 

computational demand is consistent regardless of the learning rate adjustment within this explored 

range. 

The proximity of the training and validation metrics suggests that the model is generalizing adequately 

to new data. 
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DenseNet121 

 

Figure 4.1.5 - Figure 4.1.4 - Loss, Accuracy, Precision and Recall functions SVHN DenseNet121 

Loss Function Evolution: 

The loss function graph shows a steady decline for both the training (blue) and validation (orange) loss 

over epochs. This indicates that the DenseNet121 model is consistently learning and improving its 

ability to predict accurately. The validation loss appears to plateau towards the end of the epochs, 

which could suggest that the model is beginning to reach its performance limit given the current data 

and training regime. 

Accuracy Function Evolution: 

The accuracy graph indicates a continuous increase in training accuracy and a slightly less steep but 

also increasing trend in validation accuracy. The persistent gap between the training and validation 

accuracy suggests some degree of overfitting, although the validation accuracy is still improving. 

Precision Function Evolution: 

The precision metric shows fluctuations but overall maintains an upward trend for both training and 

validation. The fluctuations could be due to the model's performance on different sets of data or 

changes in the distribution of the classes within batches. 

Recall Function Evolution: 

Recall also displays an upward trend for both training and validation, with training recall showing more 

consistent growth. This suggests the model is becoming better at identifying true positives as training 

progresses. 
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Interpreting the Results: 

The best test accuracy is obtained at a learning rate of 0.0004, with a corresponding test accuracy of 

61.31%. This indicates that at this learning rate, the DenseNet121 model is most effective at 

generalizing from the training data to the test data. 

The training times for the model vary slightly with different learning rates but are around 44 to 46 

minutes, the best learning rate took 44.89 minutes. This consistency suggests that the training time is 

not significantly affected by the learning rate within this tested range. 

The graphs show that the model is learning and improving its predictions as indicated by the trends in 

loss, accuracy, precision, and recall. The consistency of the training time across different learning rates 

suggests that the model's computational efficiency is stable for this parameter range. 

ResNet50 

  

 

 

 

 

 

 

 

 

 

Loss Function Evolution: 

The training loss (blue line) and validation loss (orange line) both show a significant decline, with the 

training loss leveling off as epochs increase. The validation loss demonstrates a similar trend but with 

a slight uptick towards the end, which could indicate the beginning of overfitting or instability in the 

validation loss reduction. 

Accuracy Function Evolution: 

Both the training accuracy and validation accuracy are on an upward trend, with the validation 

accuracy approaching the training accuracy as the number of epochs increases. This convergence 

suggests a good generalization of the model to new data. 

 

 

Figure 4.1.6 - Loss, Accuracy, Precision and Recall functions SVHN ResNet50 
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Precision Function Evolution: 

The precision graph displays an increase in both the training and validation precision initially, with both 

metrics reaching a plateau. This suggests that the model is maintaining a consistent rate of correct 

positive predictions as training progresses. 

Recall Function Evolution: 

The recall graph shows a steady increase in training recall and validation recall. The training recall is 

consistently higher, but the validation recall is catching up, which indicates that the model is improving 

its ability to identify all relevant instances. 

Interpreting the Results for ResNet50: 

The best learning rate for the ResNet50 model on this dataset is 0.0001, with a corresponding test 

accuracy of 68.72%. This learning rate has allowed the model to achieve the highest level of accuracy 

on the test data, reflecting its ability to generalize well. 

The training times show slight variation, with the training time at the best learning rate being 48.62 

minutes. This consistency suggests that the training time is not highly sensitive to changes in the 

learning rate within this range. 

The evolution of the loss, accuracy, precision, and recall metrics suggests that the model has learned 

effectively and is generalizing well to unseen data. The proximity of the training and validation metrics 

towards the end of training is a positive sign of the model's performance stability. 

 

4.2.  MACHINE LEARNING METHOD 

4.2.1. CIFAR-10  

4.2.1.1. VGG16 

Random Forest 

 

 

 

 

 

 

 

 

Figure 4.2.1 - Random Forest Perfomance Cifar-10 VGG16 
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Training Time  

The training process of the Random Forest model was rather fast, taking approximately 8.67 minutes, 

this duration underscores the ability of this algorithm to adjust to large datasets. 

Model Performance Metrics  

Precision, Recall, and F1-Score: The model demonstrated varying levels of precision and recall across 

the different classes (ranging from 0 to 9), with f1 scores accordingly reflecting these variations. For 

instance, class 6 exhibited relatively high precision and recall, resulting in a higher f1-score compared 

to class 3, which showed lower values in these metrics. This variation in performance across different 

classes indicates the model's differing ability to accurately identify each class, which could be 

attributed to the inherent characteristics of the data or the distribution of features within each class. 

Overall Accuracy: The model achieved an accuracy of 42%, which is considerable due to its fast training 

time. 

Optimal Parameters of the Random Forest Model 

In addition to the model's performance metrics, it's crucial to discuss the optimal set of 

hyperparameters that were determined for the Random Forest classifier. These parameters play a 

significant role in the model's ability to learn from the data and make accurate predictions. 

• Number of Estimators (n_estimators): The model was optimized with 1,500 trees in the forest. 

A higher number of trees can improve the model's accuracy and robustness, as it averages 

more decision trees, reducing the risk of overfitting. 

• Maximum Depth of Trees (max_depth): The maximum depth was set to 30. This parameter 

specifies the maximum depth of each tree in the forest. A deeper tree can model more 

complex patterns but also increases the risk of overfitting. 

Figure 4.2.2 – Feature Importance Random Forest Cifar-10 VGG16 
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• Minimum Samples Split (min_samples_split): The criterion for further splitting an internal 

node was set to require at least 5 samples. This helps in providing a balance between bias and 

variance, making the model generalizable to new data. 

• Minimum Samples Leaf (min_samples_leaf): The minimum number of samples required to be 

at a leaf node was set to 1, allowing the tree to grow with maximum granularity. 

• Maximum Features (max_features): The number of features to consider when looking for the 

best split was set to 'log2'. This choice impacts the diversity of the trees in the model, where 

'log2' means that the logarithm base 2 of the total number of features is used. 

• Bootstrap (bootstrap): The model was set with bootstrap as False, meaning the whole dataset 

is used to build each tree. While bootstrapping generally adds randomness and improves 

model accuracy, not using it can lead to reduced overfitting in certain scenarios. 

These parameters were carefully selected to optimize the performance of the Random Forest classifier 

on our dataset. They represent a specific configuration that balances the model's ability to learn 

complex patterns in the data while avoiding overfitting, ensuring that the model is both accurate and 

generalizable. 

Feature Importance 

The Random Forest model's feature importances, Figure 4.2.2, provide critical insights into the 

predictive power of each feature within the model. These importances, listed in ascending order, 

indicate the mean decrease in impurity that each feature contributes to the model: 

Dominant Features: The analysis highlights skew_3, Gram_Matrix_3, and kurtosis_3 as the most 

impactful features, with importance scores of 0.0527, 0.0520, and 0.0516 respectively. Their high 

values denote a significant influence on the model's prediction ability, signifying that these features 

hold substantial predictive power within the dataset. 

Supporting Features: The detailed importance scores suggest that the impact of these features varies 

across different classes, reflecting the model's complex interaction with the dataset. For instance, 

sigma_2 and sigma_5, with scores of 0.0351 and 0.0350, may have more subtle yet targeted effects on 

specific classes within the model. 

Conclusion 

The Random Forest model, informed by a strategic selection of hyperparameters, has provided a 

detailed insight into the characteristics of our dataset. With an overall accuracy of 42%, the model has 

demonstrated its capability to effectively discern patterns and classify data within the given multi-

classification context. 
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Support Vector Machine (SVM) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.2.3 - SVM Performance Cifar-10 VGG16 

Figure 4.2.4 - Feature Importance SVM Cifar-10 VGG16 
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Training Time 

The training of the SVM model was a substantial endeavor, consuming approximately 18.42 minutes. 

This duration indicates the complexity involved in training SVMs, particularly when fine-tuning 

parameters for optimal performance on large datasets. 

Model Performance Metrics  

Precision, Recall, and F1-Score: The SVM model displayed varying degrees of precision and recall 

across the different classes, with corresponding f1 scores reflecting these variations. For example, class 

6 showed relatively high precision and recall, culminating in a noteworthy f1 score. In contrast, class 3 

exhibited lower values in these metrics. Such discrepancies highlight the model's diverse effectiveness 

in accurately classifying each class. 

Overall Accuracy: The SVM achieved an accuracy of 46%. This metric is indicative of the model's 

general effectiveness in classifying the dataset. 

Optimal Parameters of the SVM Model  

The optimal set of hyperparameters for the SVM classifier was identified as follows: 

• Kernel Type (kernel): 'poly' (polynomial), facilitating the model's ability to capture more 

complex relationships in the data. 

• Gamma (gamma): 'scale', which automatically adjusts the gamma parameter based on the 

number of features, offering a balanced approach to handling feature scale. 

• Degree of the Polynomial Kernel Function (degree): 3, which determines the flexibility of the 

decision boundary. 

• Independent Term in Kernel Function (coef0): 1.0, influencing the high-degree feature space 

in the polynomial kernel. 

• Regularization Parameter (C): 10, controlling the trade-off between achieving a low training 

error and a low testing error, hence managing the model's complexity and generalization 

capability. 

These parameters were meticulously selected to enhance the SVM's learning from the dataset while 

maintaining a balance between bias and variance. 

Feature Importance 

The bar chart in Figure 4.2.4 illustrates the mean absolute SHAP values for each feature across different 

classes. Each bar's length represents the average impact on the model output magnitude, allowing us 

to discern which features have the most substantial influence on predictions. Notably, mu_5, 

kurtosis_3, and sigma_5 stand out with the highest mean absolute SHAP values, suggesting they are 

pivotal in the model's predictions across several classes. 

Dominant Features: Features like mu_5 (mean of the fifth distribution) and kurtosis_3 (measure of the 

tailedness of the third distribution) exhibit the most significant impact on the model's output, with 

high mean SHAP values. These features likely capture critical patterns in the dataset that are strongly 

associated with certain classes. 
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Supporting Features: Different classes are affected by different features to varying degrees. For 

example, sigma_2 is highly influential for Class 6, while skew_2 (a measure of the asymmetry of the 

second distribution) appears more impactful for Class 8. This indicates the nuanced way in which the 

model discerns between classes. 

Conclusion  

The SVM model achieved an overall accuracy of 46%. This performance, alongside the precision, recall, 

and f1-score metrics, highlights the SVM's competency in classifying the dataset with substantial 

accuracy. Each class was predicted with a varying degree of precision and recall, resulting in a 

diversified profile of f1 scores that showcases the model's balanced classification capability. 

Logistic Regression 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.2.5 – Logistic Regression Performance Cifar-10 VGG16 
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Training Time 

The training and fine-tuning phase of the Logistic Regression model was a meticulous process, which 

required attention to the solver's convergence. The model was trained within a time frame of 

approximately 12.58 minutes. 

Model Performance Metrics  

The model's efficacy was measured using precision, recall, and f1 scores, providing a multi-faceted 

view of its classification performance: 

Precision, Recall, and F1-Score: There were observable disparities in the model's precision and recall 

across the classes. Class 6, for instance, showed higher precision and recall, translating to a strong f1-

score, while class 3 had lower metrics, suggesting a more complex classification challenge for that 

group. 

Overall Accuracy: The Logistic Regression model achieved an overall accuracy of 40%, showcasing its 

capability to correctly classify a significant portion of the dataset. 

Optimal Parameters of the Logistic Regression Model 

The optimal set of hyperparameters for the Logistic Regression classifier was determined through the 

tuning process, which resulted in the following configuration: 

Figure 4.2.6 - Feature Importance Logistic Regression Cifar-10 VGG16 
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• Solver (solver): 'liblinear', selected for its efficiency with high-dimensional datasets and its 

support for L1 regularization, which is conducive to feature selection and complexity 

management in logistic regression. 

• Penalty (penalty): 'l1', which introduces sparsity in the model parameters. This means that the 

model will automatically perform feature selection, reducing the potential for overfitting and 

improving model interpretability. 

• Regularization Strength (C): 10, which indicates a less strict regularization. The inverse 

regularization strength 'C' was chosen to fine-tune the balance between achieving a low error 

on the training data and maintaining the model's ability to generalize to new, unseen data. 

These hyperparameters were carefully optimized to enhance the Logistic Regression model's 

performance on the dataset. The 'liblinear' solver was specifically chosen for its ability to handle sparse 

data and its effectiveness in binary classification tasks, even though our task involves multiple classes. 

The L1 penalty contributes to model simplicity and interpretability by driving certain coefficients to 

zero, thereby performing implicit feature selection. The choice of a relatively high value of 'C' suggests 

a preference for a lower bias model, assuming that the dataset is sufficiently representative of the 

underlying population to mitigate the risk of overfitting. 

Feature Importance 

The revised feature importance chart for the Logistic Regression model, as depicted in Figure 4.2.6, 

conveys the mean absolute SHAP values for each feature.  

Dominant Features: In contrast to previous analyses, features such as skew_3, kurtosis_1, and 

kurtosis_3 emerge as the most influential, indicating their strong effect on the model's output. The 

high mean SHAP values of these features signify their significant role in the model's classification 

decisions. 

Supporting Features: The chart illustrates how different features affect various classes. The feature 

skew_3, for instance, has a pronounced impact on Class 9, while kurtosis_1 is notably influential for 

Class 3, showcasing the model's differentiated approach to classifying each category. 

Conclusion  

With an accuracy of 40%, the Logistic Regression model has affirmed its capacity to effectively classify 

the dataset. The precision, recall, and f1-score metrics exhibit the model's competent performance 

across different classes. The optimal hyperparameters have played a pivotal role in shaping this level 

of accuracy, ensuring the model's adequacy for the classification task. The feature importance chart 

further enhances our comprehension of the model's decision-making process, providing a clear 

visualization of the impact of each feature across class predictions. 
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4.2.1.2. DenseNet121 

Random Forest 

 

Figure 4.2.7 - Random Forest Performance Cifar-10 DenseNet121 

 

 

Figure 4.2.8 - Feature Importance Random Forest Cifar-10 DenseNet121 

Training Time 

The Random Forest model underwent a rigorous training and fine-tuning phase, with a focus on 

convergence and optimal parameter selection. The model's training was completed efficiently in 

approximately 8.64 minutes. 

Model Performance Metrics  

Performance metrics of the Random Forest model were thoroughly assessed using precision, recall, 

and f1 scores, offering a detailed picture of its classification effectiveness: 
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Precision, Recall, and F1-Score: The model exhibited varied precision and recall across the classes. 

Notably, class 6 showed high precision and recall, which led to a robust f1-score. Conversely, class 2 

presented lower metrics, indicating a challenging classification scenario for this particular class. 

Overall Accuracy: The Random Forest model achieved an overall accuracy of 47%, demonstrating its 

ability to classify a considerable portion of the dataset accurately. 

Optimal Parameters of the Random Forest Model  

The optimal hyperparameters for the Random Forest classifier were identified as follows: 

• Number of Estimators (n_estimators): 1500, allowing the model to learn from a substantial 

number of decision trees, thereby improving its predictive accuracy and robustness. 

• Minimum Samples Split (min_samples_split): 5, specifying the minimum number of samples 

required to split a node and thus controlling the depth of the trees. 

• Minimum Samples Leaf (min_samples_leaf): 1, defining the smallest size of a leaf node, which 

helps in preventing the model from overfitting. 

• Maximum Features (max_features): 'log2', indicating the use of the logarithm of the number 

of features to determine the best split, contributing to the diversity among the trees in the 

forest. 

• Maximum Depth (max_depth): 30, allowing the trees to expand to a considerable depth, 

which can capture complex patterns in the data. 

• Bootstrap (bootstrap): False, meaning the entire dataset is utilized to build each tree, which 

can be beneficial in reducing overfitting for this particular model configuration. 

These parameters were meticulously calibrated to optimize the performance of the Random Forest 

model on our dataset, aiming to achieve the right balance between learning the training data and 

maintaining the ability to generalize to new data. 

Feature Importance 

The examination of feature importances, Figure 4.2.8, for the Random Forest model, yields a detailed 

perspective on the predictive power of each feature within the model. The importance scores, which 

reflect the mean decrease in impurity brought by each feature, are crucial in understanding the 

model's behavior. The following are key observations: 

Dominant Features: The analysis indicates that mu_2 and mu_3 have the highest importance scores, 

suggesting these features significantly influence the model's predictions. Similarly, sigma_2 and 

sigma_3 also show a strong impact, underscoring their relevance in the classification process. These 

features high importance scores imply they are critical in determining the outcome of the model's 

predictions. 

Supporting Features: The feature importances highlight the model's differentiated weighting of 

features for various classes, suggesting a nuanced interaction between features and class-specific 

outcomes. For instance, the feature sigma_1 is notably impactful for the model's ability to identify 

Class 0, whereas mu_1 has a considerable effect on Class 9 predictions. This distinction provides insight 

into how the Random Forest model processes and utilizes different features to make accurate class 

predictions. 
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Conclusion  

With a test accuracy of 47%, the Random Forest model has substantiated its capacity to effectively 

classify the dataset. The precision, recall, and f1-score metrics convey the model's competent 

performance across different classes. The carefully selected optimal hyperparameters have been 

instrumental in realizing this level of accuracy, ensuring the model's effectiveness for the classification 

task. The analysis of feature importance contributes to our understanding of the model's predictive 

behavior, affirming the reliability of the Random Forest algorithm in handling complex classification 

challenges. 

Support Vector Machine (SVM) 

 

Figure 4.2.9 - SVM Performance Cifar-10 DenseNet121 
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Figure 4.2.10 - Feature Importance SVM Cifar-10 DenseNet121 

 

Training Time  

The Support Vector Machine (SVM) model required a significant amount of time for training and fine-
tuning, taking approximately 27.02 minutes. This duration reflects the intensive computational effort 
involved in optimizing the model's hyperparameters to effectively handle the dataset's complexity. 

Model Performance Metrics  

The SVM's performance was thoroughly evaluated, with the following outcomes observed in precision, 
recall, and f1 scores: 

Precision, Recall, and F1-Score: The model displayed variable precision and recall across the various 
classes, with class 6 achieving high scores and class 2 presenting a more challenging classification 
scenario, as indicated by its lower scores. 

Overall Accuracy: A commendable overall accuracy of 49% was achieved by the SVM model, 
demonstrating its capability to successfully classify a significant portion of the dataset. 

Optimal Parameters of the SVM Model  

The SVM's optimal hyperparameters were identified as integral to its superior performance: 
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• Kernel Type (kernel): 'poly' (polynomial), which enhances the model's capability to capture 
complex relationships within the data. 

• Gamma (gamma): 'scale', allowing the parameter to automatically adjust based on the number 
of features, thus ensuring a balanced consideration of feature scales. 

• Degree of the Polynomial Kernel Function (degree): 3, providing a flexible decision boundary 
suitable for the dataset. 

• Independent Term in Kernel Function (coef0): 1.0, influencing the space in the high-degree 
polynomial kernel. 

• Regularization Parameter (C): 10, optimizing the trade-off between achieving a low training 
error and ensuring the model's ability to generalize. 

These hyperparameters were strategically selected to refine the SVM's learning process, maintaining 
a balance between model complexity and variance. 

Feature Importance  

The SHAP (Shapley Additive Explanations) plot, Figure 4.2.10, provides an insightful visualization of the 
feature importances derived from the SVM model. The plot illustrates the mean absolute SHAP values 
for each feature, which quantify the average impact of a feature on the model's output magnitude. 
Notable findings from the SHAP analysis include: 

Dominant Features: Certain features, such as mu_2, mu_3, sigma_2, and sigma_3, exhibit a more 
significant influence on the model's predictions, as indicated by their higher mean SHAP values. These 
features are crucial in shaping the SVM's decision-making process and suggest a strong relationship 
with the target variable. 

Supporting Features: The plot reveals how different features impact various classes differently. For 
instance, sigma_1 has a pronounced effect on Class 0, while mu_1 appears to be more influential for 
Class 9. This disparity in feature impact across classes highlights the model's sensitivity to the unique 
characteristics of each class. 

Conclusion  

The SVM has proven to be an effective classification tool with an accuracy of 49%, signifying its 
adeptness in handling the dataset's multifaceted nature. The precision, recall, and f1-score metrics 
across different classes further illustrate the model's competent performance. The optimal 
hyperparameters were crucial in achieving this level of accuracy, ensuring the SVM's effectiveness for 
the task at hand. This performance sets a solid foundation for the application of SVMs in similar 
classification tasks and contributes valuable insights into the dataset's structure and the relationships 
between its features. 
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Logistic Regression 

 

Figure 4.2.11 - Logistic Regression Performance Cifar-10 DenseNet121 

 

 

Figure 4.2.12 - Feature Importance Logistic Regression Cifar-10 DenseNet121 
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Training Time  

The Logistic Regression model demonstrated efficiency in its training process, completing the task in 

just approximately 0.27 minutes. This rapid training time highlights the model's agility and the 

computational effectiveness of the 'liblinear' solver when applied to logistic regression tasks. 

Model Performance Metrics A thorough assessment of the Logistic Regression model's performance 

was conducted, revealing: 

Precision, Recall, and F1-Score: The model exhibited diverse precision and recall values across the 

classes. Class 6 stood out with higher precision and recall, leading to a strong f1-score. In contrast, 

classes such as class 2 and class 3 showed lower scores, indicating a more intricate challenge in 

correctly classifying these categories. 

Overall Accuracy: The Logistic Regression model attained an accuracy of 43%, reflecting its aptitude in 

classifying nearly half of the dataset correctly. 

Optimal Parameters of the Logistic Regression Model  

The optimal parameters for the Logistic Regression classifier significantly contributed to its 

performance: 

• Solver (solver): 'liblinear', well-suited for smaller datasets and providing fast convergence. 

• Penalty (penalty): 'l2', indicating the use of L2 regularization to prevent overfitting and to 

handle multicollinearity. 

• Regularization Strength (C): 10, which denotes a lower degree of regularization, allowing the 

model to prioritize fitting to the data while still maintaining a level of generalization. 

Feature Importance  

Incorporating the insights from the SHAP plot, Figure 4.2.12, we can discern the average impact of 

each feature on the model's predictions: 

Dominant Features: Features such as mu_4, skew_2, and Gram_Matrix_1 display substantial influence 

on the model's predictions, as evidenced by their higher mean SHAP values. These features are vital, 

indicating a strong connection with the predictive outcomes. 

Supporting Features: The SHAP plot unveils the differential impact that features have on various 

classes. For example, sigma_1 has a notable influence on the predictions for Class 0, whereas mu_1 

seems to play a more significant role for Class 9. This variation underscores the model's intricate 

handling of the feature-to-class relationships. 

Conclusion  

The Logistic Regression model, with a 43% accuracy rate, has established itself as an effective tool for 

the classification problem at hand. The model's performance metrics, including precision, recall, and 

f1 scores across classes, underscore its capacity for reliable classification. The optimal 

hyperparameters were critical in tuning the model to this level of performance. Moreover, the SHAP 

plot analysis offers a transparent view of the model's decision-making process, enhancing our 
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understanding of how each feature weighs into the model's predictive decisions. This combination of 

model performance and feature impact analysis forms a solid basis for the Logistic Regression model's 

application in classification tasks and contributes meaningful insights into the dataset's inherent 

structure. 

4.2.1.3. ResNet50 

Random Forest 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Training Time  

The Random Forest model was trained and fine-tuned in approximately 7.98 minutes. This training 

duration demonstrates the model's quick adaptability and the efficiency of the training process, even 

with a substantial number of hyperparameters to optimize. 

 

Figure 4.2.13 - Random Forest Performance Cifar-10 ResNet50 

Figure 4.2.14 - Feature Importance Random Forest Cifar-10 ResNet50 
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Model Performance Metrics  

An extensive evaluation of the Random Forest model's performance yielded the following: 

Precision, Recall, and F1-Score: The model showed a variety of precision and recall values across 

different classes. Notably, class 6 had higher precision and recall, leading to an impressive f1-score. In 

contrast, classes such as 2 and 3 indicated a more challenging classification task, as reflected by their 

lower scores. 

Overall Accuracy: The model achieved an overall accuracy of 47%, which signifies its solid performance 

in classifying the dataset accurately. 

Optimal Parameters of the Random Forest Model 

The best parameters for the Random Forest model that contributed to its performance are: 

• Number of Estimators (n_estimators): 1500, providing a broad ensemble of decision trees for 

robust predictions. 

• Minimum Samples Split (min_samples_split): 5, ensuring that nodes are only split with a 

sufficient number of samples, aiding in generalization. 

• Minimum Samples Leaf (min_samples_leaf): 2, preventing the model from growing overly 

complex trees that might overfit. 

• Maximum Features (max_features): 'auto', which has been deprecated in favor of 'sqrt'. This 

parameter determines the number of features to consider when looking for the best split. 

• Maximum Depth (max_depth): 30, allowing the trees to grow deep enough to capture 

complex patterns. 

• Bootstrap (bootstrap): False, utilizing the entire dataset for building trees, which can improve 

performance when the data is sufficiently diverse. 

Feature Importance  

Utilizing the Random Forest model's feature importance scores, Figure 4.2.14, we can ascertain the 

average impact of each feature on the model's predictions: 

Dominant Features: mu_1 emerges as the most significant feature with the highest importance score 

of 0.0678, indicating its major role in the model's predictions. This is followed by Gram_Matrix_1 and 

sigma_4, with scores of 0.0615 and 0.0599, respectively, highlighting their importance in the decision-

making process. 

Supporting Features: The importance scores reveal that the influence of features such as kurtosis_3, 

skew_3, and kurtosis_2 is not uniform across classes, suggesting a tailored effect on different classes, 

which exemplifies the model's complex classification dynamics. 

Conclusion  

The Random Forest model has proven effective, with a test accuracy of 47%, and has demonstrated its 

capability to discern patterns and classify data with high precision. The performance metrics, alongside 

the detailed feature importance analysis, provide a comprehensive understanding of the model's 

strengths. The optimal hyperparameters were crucial in fine-tuning the model to achieve this level of 
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accuracy, and the insights gained from the feature importance analysis offer a transparent view of the 

model's predictive dynamics. This analytical process forms a solid foundation for the application of the 

Random Forest algorithm in complex classification tasks. 

Support Vector Machine (SVM) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.2.15 - SVM Performance Cifar-10 ResNet50 

Figure 4.2.16 - Feature Importance SVM Cifar-10 ResNet50 
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Training Time  

The Support Vector Machine (SVM) model completed its training and hyperparameter tuning in 

approximately 14.82 minutes. This reflects a substantial computational effort, particularly due to the 

iterative nature of the RandomizedSearchCV process and the complexity of the SVM algorithm when 

optimizing for the best set of hyperparameters. 

Model Performance Metrics  

A comprehensive performance assessment of the SVM model provided the following insights: 

Precision, Recall, and F1-Score: The SVM model displayed a range of precision and recall values across 

different classes, with class 6 achieving high scores, leading to a strong f1-score. Class 2 posed a more 

significant challenge with lower precision and recall, resulting in a lower f1 score. 

Overall Accuracy: An overall accuracy of 50% was achieved by the SVM model, indicating its effective 

classification capabilities over the dataset. 

Optimal Parameters of the SVM Model  

The optimal hyperparameters for the SVM model that contributed to its superior performance were 

identified as: 

• Kernel Type (kernel): 'poly' (polynomial), which allows the model to capture complex 

relationships within the data through a non-linear transformation. 

• Gamma (gamma): 'scale', which adjusts the influence of individual samples on the decision 

boundary and is automatically determined based on the number of features in the dataset. 

• Degree of the Polynomial Kernel Function (degree): 3, determining the complexity of the 

decision boundaries the kernel can model. 

• Independent Term in Kernel Function (coef0): 1.0, which scales the independent term in the 

polynomial kernel function. 

• Regularization Parameter (C): 10, controlling the trade-off between achieving a low training 

error and a low testing error to prevent overfitting. 

Feature Importance  

Informed by the SHAP plot, Figure 4.2.16, we analyze the mean absolute SHAP values for each feature 

to understand their average impact on the model's output: 

Dominant Features: Features such as mu_1, skew_4, and mu_2 stand out with the highest mean SHAP 

values, indicating a significant impact on the model's decisions. These features are deemed to have a 

strong relationship with the target variable and are critical in the SVM's decision-making process. 

Supporting Features: The SHAP plot showcases the varied impacts that different features have on 

specific classes. For instance, sigma_2 is especially influential in predicting Class 0, whereas skew_3 

plays a significant role in the predictions for Class 9. This diversity in feature impacts across classes 

highlights the model's tailored approach to classification. 
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Conclusion  

The SVM model has demonstrated its efficacy as a classification tool, achieving an accuracy of 50%. 

This metric, alongside the detailed precision, recall, and f1 scores, highlights the model's capacity for 

robust classification performance across classes. The optimal hyperparameters have been essential in 

calibrating the SVM to this level of accuracy. Additionally, the SHAP plot provides a clear and 

interpretable illustration of how each feature contributes to the model's predictions, reinforcing the 

model's validity and offering insights into the data's underlying structure and feature interactions. 

Logistic Regression 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.2.17 - Logistic Regression Performance Cifar-10 ResNet50 

Figure 4.2.18 - Feature Importance Logistic Regression Cifar-10 ResNet50 
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Training Time  

The Logistic Regression model underwent an extensive training process, finalized in approximately 

11.03 minutes. Despite convergence issues during the hyperparameter tuning phase, the model was 

successfully trained, demonstrating the 'liblinear' solver's capability to handle complex optimization 

tasks efficiently. 

Model Performance Metrics  

The Logistic Regression model's performance was rigorously evaluated, showcasing: 

Precision, Recall, and F1-Score: The model demonstrated diverse precision and recall across the 

classes, with class 6 achieving a notably higher f1-score due to its higher precision and recall. 

Conversely, class 2 displayed challenges in classification accuracy, reflected in a lower f1-score. 

Overall Accuracy: The model achieved an overall test accuracy of 45%, indicating a competent level of 

performance in classifying the dataset. 

Optimal Parameters of the Logistic Regression Model  

The model's performance was significantly influenced by its optimal hyperparameters: 

• Solver (solver): 'liblinear', chosen for its efficiency and support for L1 regularization, beneficial 

for feature selection in high-dimensional spaces. 

• Penalty (penalty): 'l1', which introduces sparsity in the model coefficients, aiding in the 

interpretability of the model. 

• Regularization Strength (C): 10, which suggests a preference for a less strict regularization, 

allowing the model to fit more closely to the training data. 

Feature Importance  

The SHAP plot, Figure 4.2.18, provides a detailed view of the feature importance for the Logistic 

Regression model: 

Dominant Features: Features such as mu_1, skew_4, and mu_2 stand out with the highest mean SHAP 

values, suggesting these features have a substantial effect on the model's predictions. Their 

prominence indicates they are critical in the model's ability to distinguish between classes. 

Supporting Features: The SHAP analysis also reveals how certain features disproportionately affect 

the predictions of specific classes. For instance, sigma_2 heavily influences the prediction of Class 0, 

while skew_3 is more decisive for Class 9. These insights highlight the model's nuanced approach to 

class differentiation based on feature behavior. 

Conclusion  

With an accuracy of 45%, the Logistic Regression model has validated its effectiveness in classification 

tasks. The model's precision, recall, and f1 scores paint a picture of its overall reliable performance. 

The careful selection of optimal hyperparameters has played a critical role in achieving this level of 

accuracy. Furthermore, the SHAP plot enriches our understanding of the influence of each feature on 
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the model's decisions, providing a transparent and interpretable foundation for future improvements 

and applications of the model. 

4.2.2. SVHN 

4.2.2.1. VGG16 

Random Forest 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Training Time  

The Random Forest model was adeptly trained in a brief span of 5.28 minutes. This quick training 

duration is indicative of the model's efficiency, given the complexity and size of the SVHN dataset. 

Figure 4.2.19 - Random Forest Performance SVHN VGG16 

Figure 4.2.20 - Feature Importance Random Forest SVHN VGG16 
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Model Performance Metrics  

The performance of the Random Forest model on the SVHN dataset was quantitatively assessed with 

the following results: 

Precision, Recall, and F1-Score: The model's performance varied significantly across classes, with class 

1 achieving the highest recall, leading to a relatively higher f1-score. However, precision for this class 

was low, and other classes exhibited much lower scores across all metrics, suggesting difficulties in 

accurately classifying these categories. 

Overall Accuracy: The model reached an overall test accuracy of 21%, which highlights challenges in 

the model's predictive capabilities on this particular dataset. 

Optimal Parameters of the Random Forest Model 

The Random Forest's optimal hyperparameters for the SVHN dataset were identified as: 

• Number of Estimators (n_estimators): 500, which determines the number of trees in the 

forest, providing a balance between computational efficiency and predictive performance. 

• Minimum Samples Split (min_samples_split): 10, the minimum number of samples required 

to split an internal node, affecting the tree depth and complexity. 

• Minimum Samples Leaf (min_samples_leaf): 2, the minimum number of samples required to 

form a leaf node, which helps prevent overfitting by smoothing the model. 

• Maximum Features (max_features): 'auto', which selects the square root of the number of 

features as the maximum number at each split. 

• Maximum Depth (max_depth): 30, allowing the trees to grow deeply enough to capture 

complex patterns. 

• Bootstrap (bootstrap): False, indicating the entire dataset is used to build each tree, aiming 

for less bias in the model. 

Feature Importance  

The Random Forest model's feature importances, Figure 4.2.20, provide insight into the hierarchy of 

each feature's predictive strength: 

Dominant Features: The features Gram_Matrix_4, Gram_Matrix_2, and skew_2 with importance 

scores of 0.0600, 0.0562, and 0.0513 respectively, are the most influential in the model's decisions. 

These prominent features are critical in the model's ability to discern the classes within the SVHN 

dataset. 

Supporting Features: Other features such as kurtosis_2, skew_3, and kurtosis_4 also contribute 

meaningfully to the model's predictions, indicating that a range of statistical properties and pixel 

relationships are being considered by the model when making predictions. 

Conclusion  

The Random Forest model has demonstrated its capability in classification with a test accuracy of 21% 

on the SVHN dataset. The model exhibits predictive strength, notably in identifying class 1, which 

indicates a potential for specific class recognition. The optimal hyperparameters have been established 
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to guide the model's performance, and the feature importance analysis offers a clear perspective on 

the significant features that influence classification outcomes. This comprehensive evaluation of the 

Random Forest model underscores its utility in extracting meaningful patterns from the dataset, 

contributing to the field of digit classification. 

ExtraTreesClassifier 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Training Time  

The ExtraTreesClassifier was trained in an exceedingly brief period of approximately 0.68 minutes. This 

swift training time illustrates the efficiency of the algorithm, particularly when coupled with the 

RandomizedSearchCV for hyperparameter tuning on the dataset. 

Figure 4.2.21 - ExtraTreesClassifier Performance SVHN VGG16 

Figure 4.2.22 - Feature Importance ExtraTreesClassifier SVHN VGG16 



56 
 

Model Performance Metrics  

The ExtraTreesClassifier was thoroughly evaluated, yielding the following metrics: 

Precision, Recall, and F1-Score: The classifier showed a wide range of performance across different 

classes. It was notably successful in class 1, achieving a high recall. However, the other classes saw 

significantly lower scores, indicating a disparity in the classifier's ability to identify them correctly. 

Overall Accuracy: An accuracy of 20% was reached by the ExtraTreesClassifier, which reflects its 

performance on the dataset. 

Optimal Parameters of the ExtraTreesClassifier  

The optimal parameters that guided the performance of the ExtraTreesClassifier are: 

• Number of Estimators (n_estimators): 200, dictating the number of trees in the forest and 

contributing to the robustness of the model. 

• Minimum Samples Split (min_samples_split): 2, which is the smallest number of samples 

required to split a node, affecting the granularity of the classification. 

• Minimum Samples Leaf (min_samples_leaf): 1, ensuring that each leaf has the smallest 

granularity, which can lead to detailed classification boundaries. 

• Maximum Depth (max_depth): 30, allowing the trees to grow deep to capture complex 

patterns in the data. 

• Bootstrap (bootstrap): False, suggesting that the entire dataset is used to build each tree and 

may lead to a more comprehensive learning from the data. 

Feature Importance  

The feature importances from the ExtraTreesClassifier, Figure 4.2.22, reveal which features most 

significantly influence the model's predictions: 

Dominant Features: The most impactful features are Gram_Matrix_4, Gram_Matrix_2, and skew_2, 

with importance scores of 0.0492, 0.0471, and 0.0453, respectively. Their prominence in the model 

underscores the importance of texture and shape features in the dataset. 

Supporting Features: Other important features include Gram_Matrix_3, kurtosis_2, and skew_3, 

which also contribute to the classifier's decision-making, further emphasizing the classifier's reliance 

on a combination of statistical moments and matrix-based features. 

Conclusion 

The ExtraTreesClassifier has demonstrated its ability to classify with an accuracy of 20% on the dataset. 

This metric, along with the model's precision, recall, and f1 scores, provides an assessment of its 

classification capabilities. The model's predictive performance is guided by the optimal 

hyperparameters that have been carefully calibrated to maximize learning from the data. Furthermore, 

the detailed feature importance analysis sheds light on the influential factors in the model's decision-

making process, reinforcing the significance of these features in contributing to the model's overall 

accuracy. The ExtraTreesClassifier's results offer valuable insights and a strong basis for understanding 

its application within this domain. 
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Logistic Regression 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.2.23 - Logistic Regression Performance SVHN VGG16 

Figure 4.2.24 - Feature Importance Logistic Regression SVHN VGG16 
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Training Time 

The Logistic Regression model was trained in just over 0.72 minutes, showcasing the efficiency of the 

'liblinear' solver and the streamlined process of the RandomizedSearchCV, even with a substantial 

number of fits. 

Model Performance Metrics  

The evaluation of the Logistic Regression model's performance on the dataset revealed: 

Precision, Recall, and F1-Score: The model showed variability in precision and recall among the classes, 

with class 1 demonstrating significant recall leading to the highest f1-score. The model struggled with 

several classes, particularly classes 6, 9, and 10, which exhibited low scores across these metrics. 

Overall Accuracy: The Logistic Regression model achieved a test accuracy of 24%, ascertaining its 

capability to classify a quarter of the dataset effectively. 

Optimal Parameters of the Logistic Regression Model  

The optimal hyperparameters that were instrumental in driving the performance of the Logistic 

Regression model are: 

• Solver (solver): 'liblinear', optimized for linear classification tasks and known for its 

performance on large-scale datasets. 

• Penalty (penalty): 'l2', which suggests the use of L2 regularization to address potential 

overfitting while allowing the model to remain flexible enough to capture the data's underlying 

patterns. 

• Regularization Strength (C): 10, providing a balance between model complexity and the 

degree of regularization to avoid overfitting. 

Feature Importance  

The SHAP plot, Figure 4.2.24, provides an insightful visualization of the feature importance: 

Dominant Features: Features like mu_5, sigma_3, and mu_1 hold the most substantial mean SHAP 

values, indicating their significant impact on the model's output. These features are likely pivotal in the 

model's ability to differentiate between the classes. 

Supporting Features: The analysis also suggests class-specific influences of features. For instance, 

skew_2 and sigma_2 have notable impacts on the predictions for certain classes, emphasizing the 

model's nuanced approach to leveraging different features for class predictions. 

Conclusion  

The Logistic Regression model has affirmed its effectiveness with a test accuracy of 24% on the dataset. 

The performance metrics, including precision, recall, and f1 scores, reflect the model's strengths in 

specific classes. The selection of optimal hyperparameters and the insights drawn from the SHAP plot 

underscore the model's classification capabilities. This detailed analysis provides a substantial 

understanding of the Logistic Regression model's application to this dataset and highlights its potential 

in the realm of classification tasks. 
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4.2.2.2.  

4.2.2.3. DenseNet121 

Random Forest 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Training Time  

The Random Forest model completed its training process in approximately 4.81 minutes, which 

reflects an efficient use of computational resources, particularly in the context of the 

RandomizedSearchCV's extensive search across multiple hyperparameter combinations. 

 

 

 

Figure 4.2.25 - Random Forest Performance SVHN DenseNet121 

Figure 4.2.26 - Feature Importance Random Forest SVHN DenseNet121 
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Model Performance Metrics  

A detailed evaluation of the Random Forest model's performance provided the following insights: 

Precision, Recall, and F1-Score: The model showed varying levels of precision and recall among the 

classes. Notably, class 3 exhibited a significantly higher recall, contributing to a relatively higher f1 

score for this class. Other classes, particularly classes 4 through 10, had scores of zero, indicating the 

model did not correctly predict any samples in these categories. 

Overall Accuracy: The model attained an accuracy of 14%, which suggests challenges in the model's 

classification ability across the diverse set of classes in the dataset. 

Optimal Parameters of the Random Forest Model  

The Random Forest model's optimal hyperparameters for the task are: 

• Number of Estimators (n_estimators): 500, indicating the forest consists of 500 trees, 

providing a diverse set of predictions to average over. 

• Minimum Samples Split (min_samples_split): 5, denoting the minimum number of samples 

required to consider a split at an internal node, which impacts the depth and complexity of the 

trees. 

• Minimum Samples Leaf (min_samples_leaf): 1, the smallest size allowed for a leaf node, 

permitting the trees to make fine-grained class divisions. 

• Maximum Features (max_features): 'sqrt', specifying that the maximum number of features 

considered for splitting a node is the square root of the total number of features. 

• Maximum Depth (max_depth): None, allowing the trees to expand indefinitely, which can lead 

to highly complex models. 

• Bootstrap (bootstrap): False, indicating that the entire dataset is used to build each tree, 

aiming to capture all aspects of the data. 

Feature Importance  

The Random Forest model's feature importance, Figure 4.2.26, scores elucidate the predictive 

influence of each feature: 

Dominant Features: Gram_Matrix_3 has the highest feature importance score at 0.0651, indicating it 

plays a crucial role in the model's predictions. Other significant features include mu_4, mu_3, and 

sigma_4, with scores of 0.0538, 0.0530, and 0.0528, respectively, highlighting their importance in the 

classification task. 

Supporting Features: Features like skew_3, mu_2, and skew_4 also contribute notably to the model's 

decision-making process, with importance scores around 0.0525 and 0.0523. These features, while not 

as dominant, are still valuable in the model's overall predictive capability. 

Conclusion  

The Random Forest model has achieved a test accuracy of 14% on the dataset, indicating its capacity 

to discern patterns and classify data with certain limitations. The model's precision, recall, and f1 

scores across the various classes, combined with the identified optimal hyperparameters, detail the 
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model's classification performance. The feature importance analysis provides a transparent view of 

how each feature contributes to the model's predictions, with specific features playing key roles in the 

model's decision-making process. This analysis offers a comprehensive understanding of the Random 

Forest model's behavior on this dataset. 

ExtraTreesClassifier 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Training Time  

The ExtraTreesClassifier completed its training exceptionally fast, in just about 0.37 minutes. This 

rapid training underscores the efficiency of the model in handling the dataset during the 

RandomizedSearchCV process. 

Model Performance Metrics  

The ExtraTreesClassifier's performance was evaluated, providing the following metrics: 

Figure 4.2.27 - ExtraTreesClassifier Performance SVHN DenseNet121 

Figure 4.2.28 - Feature Importance ExtraTreesClassifier SVHN DenseNet121 
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Precision, Recall, and F1-Score: The classifier's precision and recall varied widely, with class 1 

showing a high recall but low precision, reflected in a modest f1-score. The remaining classes, 

particularly classes 2 through 10, scored zero in precision and recall, indicating a challenge in 

correctly identifying samples from these classes. 

Overall Accuracy: The classifier reached an overall accuracy of 19%, which shows the difficulty of the 

classification task it was presented with. 

Optimal Parameters of the ExtraTreesClassifier  

The optimal hyperparameters for the ExtraTreesClassifier are: 

• Number of Estimators (n_estimators): 200, indicating a moderate number of trees in the 

ensemble for making predictions. 

• Minimum Samples Split (min_samples_split): 2, the smallest number of samples required for 

splitting a node, suggesting high sensitivity to the data. 

• Minimum Samples Leaf (min_samples_leaf): 1, the minimum number of samples in a leaf 

node, allowing the model to make very fine-grained classifications. 

• Maximum Depth (max_depth): 30, specifying the depth of each tree, which provides the 

potential to model complex patterns. 

• Bootstrap (bootstrap): False, which means the whole dataset is used to build each tree, 

leading to potentially less biased trees. 

Feature Importance  

The analysis of feature importances, Figure 4.2.28, from the ExtraTreesClassifier gives insight into 

which features have the most impact: 

Dominant Features: Gram_Matrix_3 stands out as the most important feature with a score of 

0.0607, suggesting a significant role in the model's predictions. This is followed by a cluster of 

features including mu_4, mu_3, mu_2, and skew_4, all having importance scores above 0.051, 

indicating their relevance in the classification decisions. 

Supporting Features: In addition to the dominant features, skew_4, sigma_4, skew_3, and 

Gram_Matrix_4 also contribute meaningfully to the model's predictions with scores just above 0.051. 

While these features are not the most influential, they are integral to the model's overall 

classification accuracy. Other features such as kurtosis_3, kurtosis_4, sigma_3, and mu_1 provide 

substantial support, with scores ranging from 0.0489 to 0.0503, further illustrating the ensemble's 

reliance on a broad spectrum of the dataset's characteristics for making informed predictions. 

Conclusion  

The ExtraTreesClassifier has demonstrated a capability to classify with a test accuracy of 19%. The 

detailed feature importance analysis elucidates the model's reliance on specific features, with 

Gram_Matrix_3 being the most influential. The combination of the model's performance metrics and 

the identified optimal hyperparameters provides a complete overview of the classifier's functionality 

on this dataset, highlighting its potential in correctly identifying certain classes while suggesting a 

need for further exploration in others. 
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Logistic Regression 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.2.29 – Logistic Regression Performance SVHN DenseNet121 

Figure 4.2.30 - Feature Importance Logistic Regression SVHN DenseNet121 
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Training Time  

The Logistic Regression model required a moderate amount of time for training, completing the task 

in approximately 7.80 minutes. This duration indicates a significant effort in hyperparameter 

optimization through RandomizedSearchCV, especially considering the convergence issues 

encountered. 

Model Performance Metrics  

The evaluation of the Logistic Regression model's performance on the dataset revealed the following: 

Precision, Recall, and F1-Score: The model's precision and recall were low across most classes, except 

class 8, which exhibited a remarkably high recall. This has resulted in a skewed f1-score, with class 8 

achieving a score significantly higher than the other classes due to its near-complete recall. 

Overall Accuracy: The Logistic Regression model achieved a test accuracy of 6%, suggesting that the 

model, with its current configuration, struggles to effectively classify the dataset. 

 

Optimal Parameters of the Logistic Regression Model  

The optimal hyperparameters for the Logistic Regression model are: 

• Solver (solver): 'liblinear', chosen for its efficiency with linear models and its ability to converge 

quickly on large, sparse datasets. 

• Penalty (penalty): 'l1', indicating the use of L1 regularization which encourages a sparse model 

with few coefficients. 

• Regularization Strength (C): 10, balancing the trade-off between a low-error model on the 

training data and the model's generalizability to unseen data. 

Feature Importance  

From the SHAP plot provided, the following observations on feature importance are noted: 

Dominant Features: The SHAP plot reveals that features such as sigma_2, mu_1, and Gram_Matrix_1 

have the most substantial impact on the model's output, with sigma_2 showing a particularly high 

mean SHAP value. These features are likely driving the model's predictions to a significant extent. 

Supporting Features: Other features, including kurtosis_1, skew_1, and kurtosis_2, also contribute to 

the model's decisions but to a lesser degree than the dominant features. Their presence in the SHAP 

plot indicates a nuanced contribution to the predictive process of the Logistic Regression model. 

Conclusion  

The Logistic Regression model has presented a test accuracy of 6% in its application to the dataset. 

While the model exhibits high recall for class 8, leading to an elevated f1-score for this class, the overall 

accuracy indicates that the model's predictive performance is limited. The determined optimal 

hyperparameters and the SHAP analysis of feature importance provide insight into the model's 
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behavior, highlighting both the strengths and limitations in its current configuration for classifying this 

dataset. 

4.2.2.4. ResNet50 

Random Forest 
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Figure 4.2.31 - Random Forest Performance SVHN ResNet50 

Figure 4.2.32 - Feature Importance Random Forest SVHN ResNet50 
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Training Time  

The Random Forest model was trained for a moderately extended duration of approximately 8.49 

minutes. This reflects the time needed to fit 1000 estimators, a relatively large number, indicating a 

deep search for optimal performance across the dataset. 

Model Performance Metrics  

The Random Forest model's performance was rigorously evaluated, yielding the following metrics: 

Precision, Recall, and F1-Score: The model exhibited varying degrees of precision and recall. Class 1 

achieved the highest recall, leading to a substantial f1-score. Other classes demonstrated a mix of 

results, with lower recall and precision, particularly noticeable in classes 9 and 10. 

Overall Accuracy: The model achieved an overall test accuracy of 28%, which indicates its capacity to 

classify a significant portion of the dataset with reasonable accuracy. 

Optimal Parameters of the Random Forest Model  

The best parameters for the Random Forest model were identified as: 

• Number of Estimators (n_estimators): 1000, suggesting a robust ensemble approach to the 

classification task. 

• Minimum Samples Split (min_samples_split): 10, balancing the model's complexity and 

generalization by preventing overfitting. 

• Minimum Samples Leaf (min_samples_leaf): 2, ensuring a minimum number of samples in the 

leaf nodes to maintain predictive performance. 

• Maximum Features (max_features): 'log2', using the logarithm base 2 of the number of 

features to consider when looking for the best split, to encourage diversity among the trees. 

• Maximum Depth (max_depth): None, allowing trees to grow until all leaves are pure or until 

all leaves contain fewer than min_samples_split samples. 

• Bootstrap (bootstrap): False, indicating that the full dataset is used to build each tree, aimed 

at maximizing the variance between the trees. 

Feature Importance  

The Random Forest model's feature importance, Figure 4.2.32, analysis reveals the following: 

Dominant Features: The feature Gram_Matrix_3 is the most influential with a score of 0.0655, 

followed closely by skew_3 and kurtosis_3, with scores of 0.0646 and 0.0642, respectively. These 

features significantly impact the model's output and are indicative of the model's reliance on them for 

making predictions. 

Supporting Features: Other features such as sigma_3, Gram_Matrix_2, and sigma_1 also contribute 

to the model's predictive capabilities with importance scores above 0.053. These features play a critical 

role in supporting the model's classification decisions across the various classes. 
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Conclusion  

The Random Forest model has established a level of effectiveness with a test accuracy of 28% on the 

dataset. The performance metrics show that the model is particularly adept at identifying some classes 

over others, as reflected by the f1 scores. The optimal hyperparameters were key in shaping the 

model's performance, and the detailed feature importance analysis provides a transparent view of 

how each feature contributes to the model's predictive decisions, with specific features playing more 

significant roles than others. This analysis offers a comprehensive understanding of the Random Forest 

model's application to this dataset. 

 

ExtraTreesClassifier 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.2.33 - ExtraTreesClassifier Performance SVHN ResNet50 

Figure 4.2.34 - Feature Importance ExtraTreesClassifier SVHN ResNet50 
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Training Time  

The ExtraTreesClassifier was impressively swift in its training, completing the process in just under 

0.38 minutes. This quick training period is indicative of the model's computational efficiency, 

especially in light of the extensive search performed during the hyperparameter optimization. 

Model Performance Metrics  

The analysis of the ExtraTreesClassifier's performance on the dataset provided the following insights: 

Precision, Recall, and F1-Score: The classifier displayed a diverse range of precision and recall values. 

Notably, class 1 and class 2 saw higher recall rates, which translated into higher f1 scores for these 

classes. However, the precision and recall for other classes, such as classes 4 through 10, were 

significantly lower, as indicated by their respective f1 scores. 

Overall Accuracy: The classifier achieved a test accuracy of 28%, showcasing its potential in correctly 

classifying a substantial portion of the dataset. 

Optimal Parameters of the ExtraTreesClassifier  

The optimal hyperparameters for the ExtraTreesClassifier are: 

• Number of Estimators (n_estimators): 200, which determines the size of the ensemble and is 

a key factor in the model's ability to capture complex patterns. 

• Minimum Samples Split (min_samples_split): 2, the minimum number of samples required 

to split an internal node, which is indicative of a model that can react to fine differences in 

the data. 

• Minimum Samples Leaf (min_samples_leaf): 1, which allows the model to make very 

detailed classifications at the risk of overfitting. 

• Maximum Depth (max_depth): 30, setting a limit on the depth of each tree, ensuring that 

the trees are deep enough to model complex relationships. 

• Bootstrap (bootstrap): False, indicating that the entire dataset is used when building trees, 

which can lead to a more accurate model at the cost of increased variance. 

Feature Importance  

The feature importance assessment, Figure 4.2.34, of the ExtraTreesClassifier indicates: 

Dominant Features: The most impactful features are skew_3, Gram_Matrix_3, and kurtosis_3, with 

importance scores of 0.0583, 0.0574, and 0.0566, respectively. These features hold substantial sway 

over the classifier's predictions, underscoring their relevance in determining the outcome. 

Supporting Features: Additional features contributing to the model's predictions include sigma_3, 

mu_3, and Gram_Matrix_2. While not as dominant as the top features, these supporting elements 

are still crucial, with scores above 0.051, highlighting their importance in the classifier's decision-

making process. 
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Conclusion  

The ExtraTreesClassifier has attained a test accuracy of 28%, reflecting its adeptness in classifying the 

dataset. The model's precision, recall, and f1 scores across different classes illustrate its strengths and 

weaknesses in class identification. The fine-tuned optimal hyperparameters have been critical in 

achieving this level of accuracy. The feature importance analysis offers a clear perspective on the 

features that the classifier deems most influential, with certain features such as skew_3 and 

Gram_Matrix_3 standing out as particularly significant in the model's predictive behavior. This 

comprehensive analysis paints a detailed picture of the ExtraTreesClassifier's performance and its 

interaction with the dataset. 

Logistic Regression 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.2.35 – Logistic Regression Performance SVHN ResNet50 
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Training Time  

The Logistic Regression model was trained expeditiously, taking only about 0.46 minutes. This quick 

training duration showcases the efficiency of the 'liblinear' solver in conjunction with the 

RandomizedSearchCV in finding the best parameters swiftly. 

Model Performance Metrics  

The Logistic Regression model's performance evaluation yielded the following results: 

Precision, Recall, and F1-Score: The model displayed notable precision and recall in class 1 and class 

2, resulting in higher f1scores for these categories. The f1-scores for the other classes were lower, with 

class 9 showing no predicted samples. 

Overall Accuracy: The Logistic Regression model attained an overall test accuracy of 30%, indicating a 

decent level of predictive capability across the dataset. 

Optimal Parameters of the Logistic Regression Model  

The model's optimal hyperparameters are: 

• Solver (solver): 'liblinear', known for its effectiveness in large linear classification problems and 

for supporting L1 regularization. 

• Penalty (penalty): 'l2', which applies L2 regularization, penalizing the square magnitude of 

coefficients and discouraging overfitting. 

Figure 4.2.36 - Feature Importance Logistic Regression SVHN ResNet50 
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• Regularization Strength (C): 10, suggesting a less aggressive regularization and allowing the 

model to focus on fitting the data. 

Feature Importance  

Using the provided SHAP plot, Figure 4.2.36, the following observations are made regarding feature 

importance: 

Dominant Features: The features skew_3, skew_2, and kurtosis_3 demonstrate the highest mean 

SHAP values, indicating a significant impact on the model's output. These features are integral to the 

model's decision-making process. 

Supporting Features: Additionally, features such as sigma_2, skew_1, and kurtosis_2 show substantial 

influence on the model's predictions, contributing to its overall classification performance. 

Conclusion  

The Logistic Regression model, with a test accuracy of 30%, has proven to be relatively effective in 

classifying the dataset. The model excels particularly in predicting classes 1 and 2, as evidenced by 

higher f1 scores. The selected optimal hyperparameters have facilitated this performance level, and 

the SHAP analysis has identified both dominant and supporting features that critically inform the 

model's predictions. This assessment provides a comprehensive view of the model's capabilities and 

the influential features within the dataset. 

4.3.  DIRECT COMPARISON BETWEEN BOTH TRAINING METHODS 

Table 4.3.1 - Direct Comparison Between Transfer Learning and Machine Learning Methods Cifar-10. 

T.L M.L 
Difference 

Between Best 
(Accuracy) 

Cifar-10 A T.T R.F A R.F T.T SVM A SVM T.T L.R A L.R T.T A T.T 

VGG-16 69.49% 39.45m 42% 8.67m 46% 18.42m 40% 12.58m 23.49% 21.03m 

DenseNet121 78.29% 33.48m 47% 8.64m 49% 27.02m 43% 0.27m 29.29% 6.46m 

ResNet50 85.22% 35.34m 47% 7.98m 50% 14.82m 45% 11.03m 35.22% 20.52m 
 

Table 4.3.2 - Direct Comparison Between Transfer Learning and Machine Learning Methods SVHN. 

T.L M.L 
Difference 

Between Best 
(Accuracy) 

SVHN A T.T R.F A R.F T.T ET A ET T.T L.R A L.R T.T A T.T 

VGG-16 54.77% 56m 21% 5.28m 20% 0.68m 24% 0.72m 30.77% 55.28m 

DenseNet121 61.32% 44.89m 14% 48m 19% 0.37m 6% 7.8m 42.32% 44.52m 

ResNet50 68.72% 48.62 28% 8.49m 28% 0.38m 30% 0.46m 38.72% 48.16m 
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CIFAR-10 Dataset 

• VGG-16: T.L. has an accuracy of 69.49% with a training time of 39.45 minutes. The best ML 

model (SVM) has an accuracy of 46% with a training time of 18.42 minutes. 

• DenseNet121: T.L. achieves 78.29% accuracy in 33.48 minutes, while the best M.L. model 

(SVM) has 49% accuracy in 27.02 minutes. 

• ResNet50: T.L. reaches 85.22% accuracy in 35.34 minutes, and the best M.L. model (SVM) has 

50% accuracy in 14.82 minutes.  

SVHN Dataset 

• VGG-16: T.L. has an accuracy of 54.77% with a training time of 56 minutes. The best ML model 

(Logistic Regression) has an accuracy of 24% with a training time of 0.72 minutes. 

• DenseNet121: T.L. achieves 61.32% accuracy in 44.89 minutes, while the best M.L. model 

(ExtraTreeClassifier) has 19% accuracy in 0.37 minutes. 

• ResNet50: T.L. reaches 68.72% accuracy in 48.62 minutes, and the best M.L. model (Logistic 

Regression) has 30% accuracy in 0.46 minutes. 

Tradeoff Analysis 

When comparing two training methods, it's essential to consider not only the performance of the 

models and architectures but also the resources required to achieve that performance, such as training 

time. A tradeoff ratio can be used to quantify the effectiveness of the increase in performance relative 

to the additional resources consumed. 

The tradeoff ratio is defined as the percentage increase in model accuracy per unit of time (e.g., per 

minute) increase in training time. This ratio helps to balance the benefits of improved accuracy against 

the cost of longer training times. 

The formula for the tradeoff ratio (RR) is: 

• 𝑹 =  
∆𝑨

∆𝑻
 

where: 

• ∆𝑨 is the increase in accuracy (in percentage points) when using Transfer Learning compared 

to a traditional Machine Learning method. 

• ∆𝑻 is the increase in training time (in the same units for both methods, e.g., minutes) when 

using Transfer Learning compared to a traditional Machine Learning method. 

A higher ratio indicates that the model achieves a greater increase in accuracy for each unit of time 

increase, suggesting a more efficient use of additional training time. 

For each model and dataset, we will evaluate the tradeoff by considering the increase in accuracy 

relative to the increase in training time. The tradeoff can be worthwhile if the increase in accuracy is 
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of high value compared to the additional training time required. The decision may depend on the 

application, where in some cases speed may be more critical, and in others, accuracy is paramount. 

We will compute the tradeoff as a ratio of the percentage increase in accuracy to the increase in 

training time (in minutes) to determine which models have the most cost-effective trade-offs, between 

the transfer learning architectures and the best machine learning models in terms of accuracy. 

The tradeoff ratios, representing the gain in accuracy per minute of increased training time, are as 

follows: 

CIFAR-10 Dataset: 

• VGG-16: 1.12% accuracy increase per additional minute of training. 

• DenseNet121: 4.53% accuracy increase per additional minute of training. 

• ResNet50: 1.72% accuracy increase per additional minute of training. 

SVHN Dataset: 

• VGG-16: 0.56% accuracy increase per additional minute of training. 

• DenseNet121: 0.95% accuracy increase per additional minute of training. 

• ResNet50: 0.80% accuracy increase per additional minute of training. 

Performance Efficiency and Application Relevance 

DenseNet121's Superior Performance on CIFAR-10: DenseNet121's high trade-off ratio on CIFAR-10 
not only underscores its efficiency in leveraging training time for accuracy gains but also indicates its 
potential suitability for complex image recognition tasks where detailed feature extraction is crucial. 
This is especially relevant for applications involving intricate visual data, where maximizing accuracy is 
more important than minimizing training time. 

Balanced Approach with VGG16 and ResNet50 on CIFAR-10: The moderate tradeoff ratios of VGG16 
and ResNet50 suggest their applicability in scenarios where a balance between accuracy and training 
efficiency is needed. These models might be preferred in situations where moderate increases in 
accuracy are acceptable without significantly extending the training duration. 

Low Tradeoff Ratios on SVHN Dataset: The relatively low tradeoff ratios for all models on the SVHN 
dataset point towards a diminishing return on investment in terms of training time for accuracy. This 
could imply that these models, when applied to tasks similar to SVHN (such as digit or character 
recognition), may reach their performance ceiling more quickly, making extended training less 
beneficial. 

Resource Allocation and Strategic Planning 

Resource-Intensive Scenarios: In scenarios where computational resources and time are not limiting 
factors, opting for DenseNet121, especially on CIFAR-10, could be advantageous. Its superior tradeoff 
ratio indicates a higher likelihood of achieving top-notch accuracy, which can be pivotal in high-stakes 
applications like medical imaging or critical object detection tasks. 



74 
 

Resource-Constrained Environments: On the other hand, for applications with strict time constraints 
or limited computational resources, models with lower tradeoff ratios, especially on SVHN, might be 
more appropriate. This would be relevant in real-time processing scenarios or environments where 
computational power is a bottleneck. 

Model Selection Based on Specific Use-Cases 

Customization for Specific Needs: The choice of model should be heavily influenced by the specific 
requirements of the task at hand. For instance, in applications where the slight accuracy improvement 
is critical (like autonomous driving or surveillance systems), opting for DenseNet121 on CIFAR-10 might 
be justified despite the higher resource demands. 

Consideration for Real-Time Applications: In real-time applications or where rapid deployment is 
essential, models with lower tradeoff ratios might offer a pragmatic solution, even if it means a slight 
compromise on accuracy. 

Broader Implications in AI Development 

Guiding Future Research and Development: These findings provide valuable insights for future 
research in deep learning. They suggest avenues for optimizing CNN architectures to achieve a 
desirable balance between accuracy and training efficiency, which is crucial for advancing AI 
technology in resource-varied environments. 

Informing AI Strategy in Industry: For industries aiming to implement AI solutions, this analysis offers 
a framework for selecting appropriate models based on their operational context. Businesses can 
strategically choose between rapid deployment and maximum accuracy based on their specific 
objectives and constraints. 

In conclusion, the trade-off analysis between DenseNet121, VGG16, and ResNet50 across CIFAR-10 
and SVHN datasets highlights the importance of contextual model selection in deep learning. It 
underscores the need to align model choice with specific application requirements, balancing the 
trade-offs between accuracy, training time, and computational resources to achieve optimal outcomes 
in diverse AI applications. 
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5. CONCLUSION 

At the end of our research, we faced the difficult demands of modern image classification. Our study, 
based on the Cifar-10 and SVHN datasets, was showcased by the power of Transfer Learning. 
  
Both findings from Cifar-10 and SVHN were combined into a dictionary of understanding, where the 
VGG16’s fast adaptability encountered the DenseNet121’s great accuracy and the ResNet50 smooth 
balance. The previous trade-off ratios were precisely calculated and became a pillar of our conclusions. 
  
With the help of this ratio, we were able to fully understand how statistics could impact the training 
time of these deep learning architectures. This research considered the increase in accuracy to the rise 
of the training time, it offered insights that are clear and understandable. With a trade of ratio of 4.53% 
on DenseNet121 in Cifar-10, we can conclude that having lower training times don’t compensate 
for the accuracy loss.  
  
On the other hand, for all the other models within both datasets, especially for SVHN, we can firmly 
say that in applications where time and resources are fundamental this optimization method really can 
be useful since we have considerate low trade-off ratios. 
  
Our findings and conclusions heavily relied on theoretical statements that serve as practical 
applications of academic detail and industry revolution. This thesis marks an important step, not an 
end, in our understanding of image classification. As we move forward, we are prepared to face new 
challenges and opportunities in this constantly changing field. This work serves as an opening 
opportunity for a more proper and less resource-consuming training, in the machine learning world. 
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6. LIMITATIONS AND RECOMMENDATIONS FOR FUTURE WORKS 

While the research presented in this thesis is comprehensive, it encounters specific limitations that are 

important to acknowledge and address in future studies. A notable aspect of the methodology is using 

pre-trained weights in the models but with the layers set to non-trainable during the extraction of 

deep feature statistics. While beneficial in leveraging the inherent knowledge in pre-trained models, 

this approach may only partially explore the potential adaptability and learning capacity of these 

models. By freezing the layers, the models are restricted to the features learned during their initial 

training, which might not be optimally tailored for the specific tasks or datasets in this research. This 

could lead to a gap in understanding how fine-tuning these models might impact their performance, 

especially in the context of complex or unique image classification tasks. 

Additionally, a critical methodological limitation lies in the absence of repeated runs of the machine 

learning models, apart from the Transfer Learning method, which was run multiple times with 30 

epochs. This limitation is significant because it restricts the ability to statistically validate the 

robustness and consistency of the models' performances. If the non-transfer Learning methods had 

also been run multiple times, it would have allowed for the application of statistical tests, such as the 

Mann-Whitney U test. Such tests are crucial for comparing distributions of performance metrics across 

different models, providing a more rigorous and statistically sound basis for evaluating model 

effectiveness. 

The use of a non-parametric test like the Mann-Whitney U test would be particularly relevant for 

comparing the performance of Transfer Learning models with traditional Machine Learning models 

across multiple runs. This statistical approach would offer insights into whether observed differences 

in performance metrics (such as accuracy, F1 score or precision) are statistically significant or could be 

attributed to random variation. The absence of this statistical validation is a notable limitation, as it 

inhibits the ability to draw definitive conclusions about the comparative efficacy of different modeling 

approaches under varying conditions. 

Future research should consider enabling training on some or all layers of pre-trained models to 

explore the effects of fine-tuning on model performance. This would provide a more comprehensive 

understanding of how adaptable these models are to specific datasets and tasks. Additionally, 

conducting multiple runs of all model types and employing statistical tests to analyze the results would 

greatly enhance the robustness and credibility of the findings. Such an approach would allow for a 

statistically sound comparison of different machine learning methodologies. 

In summary, while the research provides valuable insights, future work should focus on expanding the 

methodological framework to include fine-tuning of pre-trained models and statistical validation of 

results across multiple runs. These enhancements significantly contribute to the depth, reliability, and 

applicability of the research, offering a more complete view of the capabilities and limitations of 

different machine-learning approaches in the field of image classification. 
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