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Abstract 

This study addresses the persistent challenge of overfitting in deep learning-based image 

classification, emphasizing the need for robust regularization strategies as models become 

increasingly complex. To meet the research need for systematic, quantitative comparisons of 

regularization techniques across different architectures, the objective was to evaluate how methods 

such as dropout and data augmentation impact generalization in both baseline CNNs and 

ResNet-18 models. The methodology involved controlled experiments using the Imagenette dataset 

at varying resolutions, with consistent application of regularization, early stopping, and 

transfer learning protocols. Results show that ResNet-18 achieved superior validation accuracy 

(82.37%) compared to the baseline CNN (68.74%), and that regularization reduced overfitting and 

improved generalization across all scenarios. Transfer learning further enhanced performance, 

with fine-tuned models converging faster and attaining higher accuracy than those trained from 

scratch. Future research should explore the interplay between emerging regularization methods 

and novel architectures, as well as their effectiveness in transfer learning and resource-

constrained environments, to further advance the reliability and efficiency of deep learning 

systems for image classification. 

Keywords: machine learning; deep learning; regularization; classification; baseline CNNs; ResNet 

1. Introduction

The remarkable ascent of Convolutional Neural Networks (CNNs) [1] in image recognition has

revolutionized our interaction with the digital world. From facial recognition [2] systems to 

autonomous vehicles, CNNs have become the backbone of modern computer vision applications [3]. 

The inherent ability of these networks to automatically learn hierarchical feature representations 

from raw pixel data has eliminated the need for manual feature engineering, dramatically improving 

classification accuracy [4] across diverse domains. However, as these architectures have grown 

deeper and more complex, they have become increasingly susceptible to overfitting [5] the 

phenomenon where models perform exceptionally well on training data but fail to generalize to 

unseen examples. This generalization gap represents one of the most significant challenges in deep 

learning [6] research, particularly in image classification tasks where limited labeled data or high-

dimensional feature spaces can exacerbate the problem. The field has witnessed an evolution from 
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simple architectures like LeNet [7] to sophisticated models such as AlexNet [8], VGGNet [9], and 

eventually ResNet [10], each bringing innovations that address various limitations of their 

predecessors. Despite these advancements, the fundamental challenge of balancing model 

complexity with generalization capabilities remains, necessitating robust regularization strategies 

[11] that can effectively constrain model behavior during training without compromising 

representational [12] power. 

Regularization techniques have emerged as essential tools in the deep learning arsenal [13], 

specifically designed to combat overfitting and enhance model generalization [14]. These methods 

act as constraints during network training, guiding models toward simpler representations while 

preventing them from becoming overly complex [15] or too closely fitted to training examples. 

Traditional approaches such as L1 and L2 regularization [16] impose penalties on weight magnitudes, 

effectively reducing model complexity by encouraging weight sparsity [17]. More recent innovations 

have introduced structural modifications to the learning process, with techniques like Dropout 

randomly [18] deactivating neurons [19] during training to create an implicit ensemble of multiple 

sub-networks [20]. The evolution of these methods has led to domain-specific adaptations such as 

DropBlock [21], which removes entire regions of feature maps rather than individual neurons, 

addressing the spatial correlation [22] inherent in convolutional layers. Other approaches, like data 

augmentation [23] artificially expand the training set by applying transformations to existing 

examples, while early stopping halts training when validation performance [24] begins to deteriorate. 

Each regularization strategy presents unique trade-offs between computational efficiency, 

implementation complexity, and effectiveness across different network architectures [25] and 

datasets. Their relative performance varies significantly based on model depth, dataset 

characteristics, and the specific classification task, creating a complex optimization landscape that 

researchers must navigate. The methodical analysis of these trade-offs is crucial for developing a 

comprehensive understanding of regularization effectiveness in modern deep learning [26] systems. 

The architectural evolution from baseline CNNs [27] to advanced structures like ResNet 

represents a parallel approach to addressing generalization challenges in deep learning. 

Conventional CNN architectures typically stack convolutional and pooling layers, followed by fully 

connected layers, creating a direct pathway for information flow [28]. While effective for simpler 

tasks, these baseline models often struggle with the vanishing gradient problem [29] when scaled to 

greater depths, limiting their capacity to learn complex representations without overfitting. ResNet 

introduced the revolutionary concept of residual connections, which create shortcuts that bypass one 

or more layers, enabling the training of substantially deeper networks [30] by facilitating gradient 

flow during backpropagation. This innovation allows ResNet architectures to exploit the theoretical 

benefits of depth while maintaining practical trainability. The architectural differences between 

baseline CNNs and ResNet fundamentally alter how these networks respond to regularization 

techniques [31]. Dropout, for instance, has been observed to perform differently when applied to 

residual connections versus conventional layers. Similarly, batch normalization-which normalizes 

layer inputs to stabilize training-interacts uniquely with residual pathways [32], often reducing the 

need for certain regularization strategies. The internal architectural characteristics of these networks 

influence their susceptibility to different forms of overfitting and, consequently, their responsiveness 

to various regularization approaches. Understanding these interactions is crucial for optimizing 

model performance [29], particularly in resource-constrained environments where computational 

efficiency must be balanced against accuracy [8] requirements. 

Trend prediction models combined with machine learning techniques have been used in many 

different fields and may also be useful for some others, like structural damage detection [33], trade 

system [34] pyramid learning based [35], computational fluid dynamics [36], damage risk [37], cross-

domain intelligent forecasting [38], Multi-Task NoisyViT [39], degradation testing [40], integrating 

economic [41], epistemic network analysis [42], quantum machine learning [43] deep clustering [44] 

Gradient-Based optimization techniques [45], time reversal techniques [46], multimodal framework 

for analyzing [47], COVID-19 Pandemic [48], evaluation and reflection [49] parametric performance 
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analysis [50], LLM-Driven adaptive 6G [51] compliance detection in wearable sensors [52], encoding 

for time series [53] hetero-functional graph theory [54] hemodynamic differences in cerebral 

aneurysms [55], primer on deep learning [56] design equations [57] signal imaging and deep neural 

networks [58], adaptive ecologies [59], inertial sensors [60] micro energy-water-hydrogen nexus [61], 

uniting and NHTS data [62] violin educational repertoire [63] bounded pseudo-amenability algebras 

[64], hyperdimensional computing [65] product of derivations [66], genomic research [67] impact of 

facility design [68], numerical analysis [69], growth hacking methodology [70], decision-making 

under uncertainty [71] spintronic and nanoscale [72],  optimal operation [73], obstructive sleep apnea 

[74] vortex induced vibration [75], reinforced concrete moment frames [76,77] blockchain and IoT-

Enabled [78], financial resource allocation [79], flow pattern using ansys fluent [80] statistical analysis 

with PCA clustering [81] stock exchange [82] material handling systems [83], power distribution 

networks [84] privacy trade-offs [85] urban structure [86], observability analysis [87], signal-first 

architecture [88] automated vehicles [89] riemann surfaces [90], cyber-physical systems [91], 

competitive advantage [92] Hetero-functional graph theory [93] buffering role [94] seismic 

performance [95–97], DNA-based deep learning [98] techno-economic and environmental analysis 

[99], freeze-thaw cycles [100] cryptocurrency trading [101], commit message generation [102] urban 

and interior space design [103], fusion-based brain tumor classification [104] university portals [105], 

performance assessment [106], and network analysis [107–109]. 

The generalization capabilities of deep learning models depend heavily on the interplay between 

network architecture and the applied regularization [11] methods. Empirical evidence suggests that 

while both baseline CNNs and ResNet architectures benefit from regularization, the magnitude and 

nature of this benefit vary significantly based on specific implementation details. For instance, 

smaller baseline models may achieve optimal performance with simpler regularization techniques 

like weight decay, whereas deeper ResNet [10] variants often require more sophisticated approaches 

such as stochastic depth or layer-wise regularization. The effectiveness of these techniques is 

fundamentally tied to how well they address the primary sources of overfitting in each architecture. 

In baseline CNNs [27], overfitting typically manifests through excessive specialization in the fully 

connected layers, making Dropout particularly effective. Conversely, in ResNet architectures, the 

skip connections can sometimes propagate errors, making techniques that specifically target the 

residual pathways more beneficial. The generalization [6] gap-measured as the difference between 

training and validation performance-provides a quantitative metric for assessing regularization 

effectiveness across different architectural configurations. Notably, this gap tends to widen as model 

capacity increases relative to the available training data, highlighting the escalating importance of 

regularization [16] in modern deep architectures. Furthermore, the transferability of learned 

representations between domains represents another crucial aspect of generalization, with properly 

regularized models typically demonstrating superior transfer learning [9] capabilities by capturing 

more domain-invariant features [110]. 

This comparative study of regularization techniques across baseline CNNs [111] and ResNet [10] 

architectures addresses a critical need in the machine learning community for systematic evaluation 

of overfitting [5] mitigation strategies. By meticulously analyzing how different regularization 

approaches interact with varying network designs across standardized image classification [23] 

benchmarks, this research provides practitioners with actionable insights for optimizing model 

performance. The methodology employs controlled experiments using identical datasets, 

preprocessing steps, and evaluation metrics [112], isolating the effects of architectural differences and 

regularization choices. This approach enables the identification of optimal regularization [11] 

configurations for specific network architectures and dataset characteristics, moving beyond one-

size-fits-all recommendations toward more nuanced implementation guidelines. The findings have 

implications for real-world applications where deployment constraints often necessitate balancing 

computational efficiency with classification accuracy [113]. For resource-limited environments, 

understanding which lightweight regularization techniques provide the greatest benefit for baseline 

CNNs [111] can enable more efficient model deployment. Conversely, for applications where 
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accuracy is paramount, knowing which advanced regularization strategies most effectively 

complement ResNet architectures can maximize performance. Additionally, this research contributes 

to the theoretical understanding of regularization [11] by examining how different approaches 

modify the optimization landscape and influence gradient flow through various network topologies. 

These insights not only enhance current implementation practices but also show future architectural 

and regularization techniques, ultimately advancing the field's collective ability to develop 

generalizable machine learning [4] systems for image classification. 

2. Related Works 

Deep learning has revolutionized image classification, with Convolutional Neural Networks 

(CNNs) and their deeper variants, such as Residual Networks (ResNets), at the forefront of recent 

research. These architectures have demonstrated unmatched performance on large-scale datasets, 

owing to their ability to learn complex hierarchical features. A critical aspect of their success is the 

employment of regularization methods, including dropout, data augmentation, and adaptive 

optimizers, which mitigate overfitting and enhance model generalization. The literature features a 

growing interest in comparative analyses of these architectures and the impact of regularization 

strategies, motivated by the need to identify robust techniques that translate well to diverse real-

world applications, such as biomedical imaging and satellite data classification. 

Wang et al. (2021) present a compelling case for the superiority of deep learning models over 

traditional approaches. For example, on the MNIST dataset, traditional Support Vector Machines 

(SVMs) reached 0.88 accuracy compared to 0.98 for CNNs, underscoring the capacity of deep neural 

networks to handle complex visual data. However, this advantage appears contingent on dataset 

size: in the COREL1000 dataset with limited samples, SVMs (0.86) slightly outperformed CNNs 

(0.83), suggesting that deeper models may be prone to overfitting in low-data settings [114]. Studies 

such as Ikechukwu et al. (2021) bolster the case for advanced architectures, demonstrating that fine-

tuned, pre-trained ResNet-50 and VGG-19 models can achieve a recall of 92.03% in pneumonia 

detection from chest X-rays, paralleling the accuracy of specialist CNNs but with reduced 

computational demand and risk of overfitting. These results stress the importance of not only 

architectural choices but also regularization techniques in optimizing performance, especially in 

high-dimensional and medical imaging contexts [115]. 

Despite these successes, the literature highlights a need for more comprehensive analyses of 

regularization strategies across different deep learning architectures, including both baseline CNNs 

and more advanced models like ResNet and DenseNet. Iqbal et al. (2023) make a valuable 

contribution by systematically exploring the effects of tuning activation functions, loss functions, and 

various regularization methods, providing a broad perspective on how these components influence 

overall model performance. Their research demonstrates that careful optimization of such 

parameters can substantially improve classification accuracy and model stability [116]. While these 

studies emphasize the importance of regularization, there remains an opportunity for future research 

to more precisely quantify the impact of individual regularization techniques on generalization and 

to investigate their interactions with architectural depth and complexity. Further, expanded work in 

transfer learning could clarify how regularization supports effective adaptation when fine-tuning 

pre-trained models versus training from scratch, especially on challenging, real-world datasets. 

Advanced architectures continue to show promise in classification tasks, aided by sophisticated 

regularization. Naushad et al. (2021) highlight the effectiveness of Wide Residual Networks (WRNs) 

with transfer learning and regularization practiсes, achieving 99.17% accuracy on EuroSAT and 

outperforming both VGG16 and baseline CNNs [117]. Khan et al. (2023) find that DenseNet169, 

combined with machine learning classifiers and hyperparameter tuning, reaches 95.10% in brain 

tumor detection, emphasizing the value of flexible ensemble and regularization strategies in small or 

imbalanced datasets [118]. Roy et al. (2019) review EEG studies and observe that nearly 40% of them 

employ CNNs for signal analysis. They point out that achieving consistent generalization across new 

subjects or entirely different datasets can be challenging, as model performance may vary depending 
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on the diversity and characteristics of the data. The authors also mention that studies employ a 

variety of regularization approaches, such as dropout and data augmentation, which are integrated 

in different ways depending on the research objectives and dataset constraints. This diversity in 

methods highlights the evolving nature of best practices in regularization and suggests that 

continued investigation could further clarify the most effective strategies for enhancing 

reproducibility and interpretability in deep learning applied to EEG analysis [119]. 

In summary, the literature review underscores the critical role of regularization for effective 

generalization in image classification, especially as model architectures grow more complex. While 

recent studies document performance improvements with advanced architectures and regularization 

techniques, there is a clear need for more systematic, quantitative investigations. Key gaps include 

direct comparisons of regularization strategies across different deep learning models, especially in 

low-data or transfer learning contexts, and clearer reporting of regularization effects. Addressing 

these gaps is essential for reliably translating deep learning advances into robust, reproducible 

solutions for diverse image classification challenges. 

3. Methodology   

The field of deep learning has witnessed remarkable advancements in image classification, with 

Convolutional Neural Networks (CNNs) emerging as the cornerstone architecture for visual 

recognition tasks. These networks have revolutionized computer vision by automatically extracting 

hierarchical features from raw pixel data, eliminating the need for manual feature engineering that 

plagued traditional approaches. Despite their success, deep neural networks face a fundamental 

challenge: the generalization gap between training and validation performance. This phenomenon, 

commonly known as overfitting, occurs when models memorize training examples rather than 

learning generalizable patterns. The architecture evolution from basic CNNs to sophisticated ResNet 

models has attempted to address this challenge through structural innovations. However, the 

effectiveness of these architectures is heavily dependent on regularization techniques that constrain 

the model's capacity to overfit. This research conducts a systematic comparative analysis of how 

various regularization methods impact generalization performance across baseline CNN and ResNet 

architectures for image classification tasks. The analysis employs the cross-entropy loss function [120] 

as shown in equation 1: 

𝐿(𝑦, 𝑦̂) = −∑𝑦𝑖
𝑖

log(𝑦𝑖̂) (1) 

Where, y is the true distribution (often a one-hot encoded vector indicating the correct class), ŷ is the 

predicted probability distribution output by the model (e.g., after a softmax layer), yi is the true value 

for class i (1 for the correct class, 0 for others), which this equation helps to measure classification 

performance and utilizes the generalization gap G= Lvalidation - Ltraining as a key metric for evaluating 

overfitting. Regularization techniques serve as essential constraints during the training process, 

guiding neural networks toward simpler representations that generalize better to unseen data. 

Weight decay, or L2 regularization, adds a penalty term to the loss function [121] as shown in 

equation 2: 

𝐿𝑟𝑒𝑔 = 𝐿 + λ∑𝑤2

𝑤

(2) 

Where Lreg is the total regularized loss, L is the original loss function (such as cross-entropy or mean 

squared error), w2 is penalizes large weights, discouraging the model from relying too heavily on 

any single feature, which helps prevent overfitting and improves generalization to new data, λ 

(lambda) is a regularization hyperparameter that controls the strength of the penalty, and controls 

the regularization strength. This approach effectively shrinks weight values toward zero, reducing 

model complexity. Dropout, another powerful technique, randomly deactivates neurons during 

training with probability p [121] according to equation 3: 

𝑦 = 𝑓(𝑊𝑧⊙𝑚) (3) 
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Where, m is a binary mask sampled from a Bernoulli distribution, y is the output vector, f is a 

nonlinear activation function (such as ReLU, sigmoid, or tanh), W is a weight matrix, z is an input 

vector (often the output of a previous layer), m is a mask or gating vector, typically with the same 

dimension as Wz , and ⊙ is the Hadamard (element-wise) product for describing a common operation 

in deep learning, particularly in neural network architectures that use masking or gating mechanisms 

and this creates an implicit ensemble of sub-networks, preventing co-adaptation of feature detectors. 

Data augmentation artificially expands the training set by applying transformations to existing 

examples, enhancing invariance to specific variations. Batch normalization normalizes layer inputs 

[121] according to equation 4: 

𝑥̂ =
𝑥 − μ𝐵

√σ𝐵
2 + ϵ

(4) 

Where μB and σ𝐵
2  are the batch mean and variance, stabilizing training, and reducing internal 

covariate shift. Early stopping halts training when validation performance begins to deteriorate, 

effectively limiting the model's capacity to overfit. Each technique presents unique trade-offs between 

computational efficiency, implementation complexity, and effectiveness across different network 

architectures and datasets, necessitating a comprehensive comparative analysis to determine optimal 

regularization strategies. The architectural differences between baseline CNNs and ResNet 

fundamentally alter how these networks learn representations and respond to regularization 

techniques. Conventional CNNs typically follow a sequential structure where information flows 

directly through stacked convolutional and pooling layers, followed by fully connected layers for 

classification. The forward propagation in these networks can be expressed as Xl+1= f(Wlxl+bl), where 

xl represents the input to layer l, Wl and bl are the weights and biases, and f is a non-linear activation 

function. In contrast, ResNet introduces identity shortcut connections that bypass one or more layers, 

allowing the network to learn residual mappings. This can be formulated as Xl+1= f(Wlxl+bl)+xl , 

enabling much deeper architectures by mitigating the vanishing gradient. The backpropagation of 

gradients in ResNet [122] follows as equation 5: 

∂𝐿

∂𝑥𝑙
=

∂𝐿

∂𝑥𝑙+1

∂𝑥𝑙+1
∂𝑥𝑙

=
∂𝐿

∂𝑥𝑙+1
(1 +

∂𝑓

∂𝑥𝑙
) , (5) 

Where L is the loss function, xl is the output of layer l, xl+1 is the output of the next layer, often defined 

as xl+1= xl+f(xl) in residual networks (ResNets), f is a function (often a neural network block or 

transformation), which prevents gradient vanishing by providing a direct path for gradient flow. 

These architectural differences significantly influence how regularization techniques affect model 

training and generalization. For instance, dropout applied to residual connections may disrupt the 

gradient flow advantages of ResNet, while batch normalization interacts uniquely with skip 

connections, often reducing the need for certain regularization approaches in deeper networks. The 

generalization capabilities of deep learning models depend on the complex interplay between 

network architecture, regularization methods, and dataset characteristics. Empirical evidence 

suggests that the effectiveness of regularization varies significantly based on model depth, width, 

and the specific classification task. The generalization error can be decomposed according to 

Egen=Eapp+Eest+Eopt , where Eapp represents the approximation error due to model capacity limitations, 

Eest is the estimation error from limited training data, and Eopt is the optimization error from imperfect 

training. Regularization primarily addresses the estimation error component by constraining the 

hypothesis space. In baseline CNNs, overfitting typically manifests through excessive specialization 

in the fully connected layers, making dropout particularly effective at these locations. For ResNet 

architectures, the skip connections can sometimes propagate errors, making techniques that 

specifically target the residual pathways more beneficial. The relationship between model capacity 

and generalization follows a U-shaped curve, where both underfitting and overfitting lead to poor 

generalization. This relationship can be expressed as Egen∝C/N, where C represents model complexity 

and N is the number of training examples. As model capacity increases relative to the available 

training data, the importance of effective regularization escalates, particularly in modern deep 

architectures with millions of parameters. This comparative study addresses a critical need in the 
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machine learning community for systematic evaluation of regularization strategies across different 

architectural paradigms. By analyzing the interaction between regularization techniques and 

network architectures on standardized image classification benchmarks, this research provides 

practitioners with actionable insights for optimizing model performance. The methodology employs 

controlled experiments using identical datasets, preprocessing steps, and evaluation metrics to isolate 

the effects of architectural differences and regularization choices. This approach enables the 

identification of optimal regularization configurations for specific network architectures and dataset 

characteristics. The findings have significant implications for real-world applications where 

deployment constraints often necessitate balancing computational efficiency with classification 

accuracy. For resource-limited environments, understanding which lightweight regularization 

techniques provide the greatest benefit for baseline CNNs can enable more efficient model 

deployment. Conversely, for applications where accuracy is paramount, knowing which advanced 

regularization strategies most effectively complement ResNet architectures can maximize 

performance [123]. The Bayes error rate [122] as shown in equation 6: 

𝐸𝐵𝑎𝑦𝑒𝑠 = ∫𝑚𝑖𝑛𝑦(1 − 𝑃(𝑦|𝑥))  𝑝(𝑥) 𝑑𝑥
𝑥

(6) 

Represents the theoretical lower bound on classification error, serving as a reference point for 

evaluating how close different regularization approaches bring models to optimal performance and 

expresses the Bayes error rate in machine learning, which is the lowest possible error rate achievable 

by any classifier for a given data distribution, where, EBayes is Bayes error rate, ∫x is Integration over 

all possible input values x, miny is For each x, take the minimum over all possible class labels y. P(y∣x) 

is the conditional probability of class y given input x, p(x) is the probability density function of the 

input. This formula expresses the Bayes error rate in machine learning, which is the lowest possible 

error rate achievable by any classifier for a given data distribution. This research contributes to both 

practical implementation guidelines and theoretical understanding of regularization in deep learning 

systems. 

The flowchart in Figure 1 visually encapsulates the comprehensive methodology employed for 

the comparative deep learning analysis of regularization techniques on generalization in baseline 

CNNs and ResNet architectures for image classification. The process begins with the acquisition and 

preprocessing of image data, specifically utilizing datasets such as Imagenette and CIFAR-10. Data 

preprocessing includes augmentation techniques like random cropping and horizontal flipping, 

which serve as regularization strategies to enhance model generalization. Following this, the dataset 

is split into training, validation, and test sets to facilitate robust evaluation. The next phase involves 

selecting the model architecture-either a baseline CNN or ResNet-18, initialized with its respective 

structure. Regularization techniques, including dropout, data augmentation, and early stopping, are 

systematically applied during training to mitigate overfitting. The models are then trained with early 

stopping criteria to ensure optimal performance without excessive fitting to the training data. This 

structured workflow, as depicted in the flowchart, ensures that both model architectures are 

subjected to identical preprocessing and regularization protocols, enabling a fair and rigorous 

comparative analysis. 
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Figure 1. Flowchart of comprehensive methodology. 

After training, the models are evaluated on the validation set to assess their generalization 

capabilities. At this stage, the flowchart introduces a decision point regarding transfer learning: if 

pursued, the pretrained model is fine-tuned on the CIFAR-10 dataset and subsequently evaluated; 

otherwise, the trained model proceeds directly to testing on the held-out test set. The final step 

involves a comprehensive comparison of results, focusing on the impact of regularization and model 

architecture, as well as the benefits of transfer learning. This includes quantitative analyses of training 

and validation loss, validation accuracy, and overfitting gaps, all of which are derived from the 

programming implementation provided. The code systematically implements these steps using 

PyTorch, with modular functions for data loading, model definition, training with early stopping, 

and evaluation. Visualization routines further aid in interpreting model performance across different 

scenarios. Collectively, the flowchart and programming workflow provide a transparent, 

reproducible, and methodologically sound approach for evaluating the interplay between 

regularization, architecture, and transfer learning in deep learning-based image classification. 

4. Results 

In this study, the implementation and comparative analysis of deep learning models for image 

classification were conducted using the Imagenette dataset at two resolutions (320 and 160 pixels) 

[124] to assess the impact of computational efficiency on model performance. Two primary model 

architectures-a baseline Convolutional Neural Network (CNN) and ResNet-18-were evaluated under 

consistent experimental conditions, including the application of early stopping to mitigate 

overfitting. Regularization strategies such as dropout and data augmentation were systematically 

incorporated to investigate their effects on generalization. Additionally, transfer learning was 

explored by fine-tuning a pre-trained model on the CIFAR-10 dataset, enabling a direct comparison 

with models trained from scratch. Throughout the experiments, comprehensive visualizations and 

detailed training logs were employed to illustrate epoch-wise trends in loss and accuracy. The results 

demonstrate that ResNet-18 consistently achieved higher validation accuracy (82.37%) compared to 

the baseline CNN (68.74%), with regularization further improving generalization and reducing 

overfitting. Fine-tuning pre-trained models for transfer learning led to superior accuracy and faster 

convergence relative to training from scratch. These findings provide empirical evidence regarding 
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the effectiveness of architectural choices and regularization techniques in enhancing the robustness 

and efficiency of deep learning models for image classification. 

Figure 2 shows that the experiment employed the Imagenette dataset to train a baseline 

Convolutional Neural Network (CNN) for image classification. The dataset consisted of 9,469 

training samples and 3,925 validation samples, covering a diverse set of classes. The implemented 

CNN architecture comprised two convolutional layers, each followed by max pooling, and concluded 

with fully connected layers. The accompanying figure presents sample images from the dataset with 

their predicted class labels, as well as the corresponding feature map dimensions at key stages of the 

network. These dimensional transformations-such as the reduction in spatial size after pooling layers 

(e.g., from [16,32,64]) and the flattening operation for dense layer input ([32][32768])-demonstrate the 

progressive abstraction and compression of information as data propagate through the network. This 

visualization confirms the effectiveness of the data preprocessing pipeline and model design, 

ensuring that the input is appropriately transformed for subsequent learning and evaluation stages. 

 

Figure 2. Sample images and feature map dimensions in baseline CNN training. 

Figure 3 presents the epoch-wise training and validation loss, as well as validation accuracy, for 

both the Baseline CNN and ResNet-18 models trained on the Imagenette dataset. The Baseline model 

initially exhibits higher loss and lower validation accuracy (e.g., Epoch 1: validation loss = 2.0414, 

validation accuracy = 26.85%), but demonstrates steady improvement, ultimately achieving a 

validation accuracy of 68.74% by epoch 20. In contrast, the ResNet-18 model, despite starting with a 

slightly higher initial validation loss (2.5282), converges more rapidly and achieves superior 

performance, reaching a final validation accuracy of 82.37% at epoch 20. These results underscore the 

enhanced optimization and generalization capabilities afforded by the ResNet-18 architecture, 

particularly in comparison to the simpler Baseline model. Additionally, the training process for 

ResNet-18 generated warnings related to deprecated parameters in the PyTorch library, though these 

did not impact the model’s convergence or final performance. Overall, the presented training logs 

and metrics provide clear evidence of the advantage of deeper architectures with residual 

connections for image classification tasks, as well as the importance of systematic evaluation across 

multiple model types and training configurations. 
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Figure 3. Training Logs of Baseline and ResNet-18 Models on the Imagenette Dataset: Epoch-wise Loss and 

Accuracy Metrics. -performed using the Imagenette2-320 dataset. 

Figure 4 presents a comparative visualization of training and validation metrics for the Baseline 

and ResNet-18 models on the Imagenette dataset. The graph on the left depicts the progression of 

training and validation loss across epochs, demonstrating that ResNet-18 consistently achieves lower 

loss values than the Baseline model, particularly in the later stages of training. This indicates more 

effective optimization and superior generalization capability in the deeper architecture. The graph 

on the right illustrates validation accuracy over epochs, where ResNet-18 attains higher accuracy 

earlier in training and maintains this advantage throughout, ultimately reaching a final accuracy of 

82.37% compared to 68.74% for the Baseline model. This visual analysis highlights ResNet-18’s faster 

convergence and enhanced overall performance relative to the Baseline model. Collectively, these 

results underscore the efficiency and effectiveness of the ResNet-18 architecture for image 

classification tasks on this dataset, as evidenced by its lower loss, higher accuracy, and improved 

generalization throughout the training process. 

 

Figure 4. Performance Comparison of Baseline and ResNet-18 Models: Training and Validation Loss (Left) and 

Validation Accuracy (Right) Across Epochs. -performed using the Imagenette2-320 dataset. 

Figure 5 presents a comparative analysis of model performance with and without regularization, 

focusing on training loss and validation accuracy across epochs. The training logs indicate that, in the 

absence of regularization, the model exhibits a rapid reduction in training loss and achieves high 

validation accuracy in the initial epochs. However, this is followed by a marked increase in validation 

loss after epoch 4, signaling the onset of overfitting; consequently, early stopping is triggered at epoch 

6. In contrast, the model trained with regularization demonstrates a more gradual decrease in training 

loss and a steady improvement in validation accuracy, ultimately achieving superior generalization. 

The left panel, entitled "Training Loss Comparison," illustrates that the non-regularized model 

(orange line) converges quickly but plateaus and exhibits signs of overfitting, whereas the regularized 

model (blue line) converges more slowly but maintains a stable loss trajectory. The right panel, 
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"Validation Accuracy Comparison," shows that while the non-regularized model initially achieves 

higher accuracy, its performance peaks around 53% before declining, reflecting poor generalization. 

Conversely, the regularized model continues to improve throughout training, surpassing the non-

regularized model and attaining higher final validation accuracy. These results underscore the 

effectiveness of regularization techniques, such as dropout and data augmentation, in mitigating 

overfitting and enhancing the robustness of deep learning models for image classification. 

 

Figure 5. Comparison of Training Loss and Validation Accuracy for a Simple Model With and Without 

Regularization: Regularization improves generalization by reducing overfitting, as shown by smoother loss 

reduction and higher validation accuracy over 20 epochs. 

Figure 6  presents a comparative analysis of two models-a fine-tuned model and a model trained 

from scratch-on the CIFAR-10 dataset, emphasizing their training loss and validation accuracy across 

epochs. The training logs indicate that the fine-tuned model achieves a lower final training loss 

(1.1086 versus 1.3876) and substantially higher validation accuracy (68.74% compared to 51.97%), 

demonstrating a markedly improved ability to generalize to unseen data. Regularization emerges as 

a critical factor in mitigating overfitting, as evidenced by the fine-tuned model’s overfitting gap of 

2.4542, which is considerably lower than the 4.1000 observed for the model trained from scratch-

corresponding to a 105.70% reduction in overfitting. Early stopping was employed, with the fine-

tuned model ceasing training at epoch 9 and the from-scratch model at epoch 8, ensuring optimal 

model selection based on validation performance. 

The graphical representations further elucidate these findings. The left panel, depicting CIFAR-

10 training loss, reveals that both models exhibit a consistent decline in loss over epochs; however, 

the fine-tuned model maintains lower loss values throughout, indicating more effective optimization. 

The right panel, illustrating CIFAR-10 validation accuracy, highlights the distinct advantage of fine-

tuning: the fine-tuned model’s accuracy rapidly increases and stabilizes at approximately 65%, 

whereas the model trained from scratch peaks near 53% before plateauing. Collectively, these results 

underscore the efficacy of leveraging pre-trained weights and regularization techniques in deep 

learning workflows, as they facilitate faster convergence, enhanced generalization, and reduced 

overfitting relative to models trained entirely from scratch. 
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Figure 6. Performance Comparison of Fine-Tuned vs. From-Scratch Models on CIFAR-10: Fine-tuning achieves 

lower training loss, higher validation accuracy (+16.76%), and reduced overfitting across epochs. -performed 

using the Imagenette2-320 dataset. 

Figure 7 provides a comparative analysis of transfer learning performance by evaluating a fine-

tuned model against a model trained from scratch on three critical metrics: convergence speed, final 

accuracy, and early training performance. In terms of convergence speed, the fine-tuned model 

required eight epochs to reach convergence, whereas the model trained from scratch converged in 

five epochs. Despite requiring more epochs, the fine-tuned model demonstrated 0.6 times faster 

effective learning, attributable to the utilization of pre-trained weights that facilitated more efficient 

feature adaptation. Regarding final performance, the fine-tuned model achieved a substantially 

higher accuracy of 64.72%, surpassing the from-scratch model, which attained 53.09%, resulting in an 

improvement of 11.63 percentage points. This outcome underscores the advantage of leveraging pre-

trained models to enhance generalization and accuracy in transfer learning scenarios. Additionally, 

the fine-tuned model exhibited superior early training performance, commencing with an initial 

accuracy of 51.40% in the first epoch, compared to 47.22% for the model trained from scratch, 

reflecting a 4.18 percentage point improvement. This result indicates that the pre-trained model 

benefited from effective feature transfer, enabling better initial performance. Collectively, these 

findings highlight that, although the from-scratch model converged in fewer epochs, the fine-tuned 

model consistently outperformed it in both early and final accuracy, demonstrating the overall 

efficiency and effectiveness of transfer learning through fine-tuning. 
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Figure 7. Transfer Learning Analysis: Fine-Tuned vs. From-Scratch Models—Fine-tuning improves final 

accuracy (+11.63%) and early training performance (+4.18%), demonstrating effective feature transfer despite 

slower convergence. 

The bar chart in Figure 8 provides a comparative analysis of four distinct model architectures-

Baseline, ResNet-18, Fine-tuned, and Scratch-by, presenting their respective accuracy scores across 

corresponding categories on the Imagenette dataset. The x-axis delineates the model categories, while 

the y-axis quantifies accuracy as a percentage. Among the evaluated models, ResNet-18 demonstrates 

the highest accuracy at 82.37%, substantially outperforming the Baseline model (68.74%), the Fine-

tuned model (64.72%), and the Scratch model (53.09%). This visualization clearly highlights the 

superior generalization capability and robustness of the ResNet-18 architecture relative to both the 

simpler baseline and transfer learning approaches. The consistent performance of ResNet-18 across 

all categories indicates its effectiveness regardless of specific training protocols or dataset variations. 

These results underscore the importance of architectural choice in deep learning for image 

classification, as well as the tangible benefits conferred by advanced network designs such as residual 

connections. This comparative perspective provides empirical support for selecting deeper, more 

sophisticated architectures when optimal accuracy and generalization are required in practical 

machine learning applications. 

The comparative analysis of model architectures, as depicted in the performance visualization, 

demonstrates substantial variation in accuracy among the four evaluated approaches. ResNet-18 

achieves the highest accuracy at 82.37%, highlighting the effectiveness of this pre-trained architecture 

for image classification tasks. The Baseline Model attains an accuracy of 68.74%, serving as a robust 

benchmark for comparative purposes. The Fine-tuned Model reaches 64.72% accuracy, positioning 

its performance between the baseline and the model trained from scratch, while the Scratch-trained 

Model records the lowest accuracy at 53.09%. For these experiments, Code 2 was selected, utilizing 

the Imagenette2-160 dataset with 160-pixel resolution images. This choice was motivated by the need 

for computational efficiency, as lower image resolution reduces input tensor size, decreases memory 

requirements, and accelerates processing time-resulting in an approximate execution time of 55 

minutes on Google Colab with GPU, compared to over several hours for Code 1. Notably, Code 2 

maintains methodological consistency by employing identical machine learning techniques as Code 

1, including data augmentation, early stopping, dropout regularization, and consistent model 

architectures. This implementation strategy enables rapid experimentation and robust demonstration 

of the relative performance benefits across different model architectures, as evidenced by the 

comprehensive performance comparison chart. The approach effectively balances computational 

efficiency with model performance, facilitating thorough analysis within practical time constraints. 

 

Figure 8. Comparative Analysis of Model Architectures: ResNet-18 Demonstrates Superior Performance Across 

Multiple Scenarios -performed using the Imagenette2-320 dataset. 

In the second part of this implementation, the Imagenette2-160 dataset, comprising images with 

a resolution of 160 pixels, was employed to optimize computational efficiency while preserving 

model performance. This section extends the foundational methodology by applying the same core 
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machine learning techniques as previously established, but with reduced processing demands due 

to the lower image resolution. The comparative analysis revealed notable differences in model 

performance: ResNet-18 achieved the highest validation accuracy at 82.37%, followed by the baseline 

model at 68.74%, the fine-tuned model at 64.72%, and the model trained from scratch at 53.09%. The 

use of lower-resolution images resulted in a substantial reduction in execution time, with training 

completed in approximately an hour on Google Colab with a GPU, compared to several hours 

required for higher-resolution data. These findings demonstrate that strategic reduction of input 

resolution can effectively balance computational resource constraints and model accuracy, enabling 

efficient experimentation and deployment of deep learning models for image classification tasks 

without significant compromise in performance. 

Figure 9 presents a comparative analysis of model performance between a baseline 

Convolutional Neural Network (CNN) and a ResNet-18 architecture, evaluated on the Imagenette2-

160 dataset. The left panel illustrates the progression of training and validation loss across epochs, 

while the right panel depicts validation accuracy over the same period. Both models were trained 

using identical pipelines, differing only in architectural complexity. The results indicate that ResNet-

18 consistently achieves lower validation loss and higher validation accuracy compared to the 

baseline model, demonstrating superior generalization and optimization capabilities. Notably, the 

ResNet-18 model attains a final validation accuracy of 82.37%, outperforming the baseline model, 

which reaches 69.73%. Despite the reduced image resolution in this experiment, model performance 

remains consistent with results obtained using higher-resolution inputs, while training efficiency is 

substantially improved. The baseline model converges within 14 epochs, compared to 20 epochs 

required at higher resolution, and overall training time is reduced to approximately 55 minutes on a 

GPU-enabled environment. These findings underscore the effectiveness of deeper architectures and 

highlight the trade-off between computational efficiency and potential performance gains when 

selecting input resolution for deep learning-based image classification tasks. 

 

Figure 9. Comparison of Baseline and ResNet-18 Model Performance: Training/Validation Loss and Validation 

Accuracy over Epochs -performed using the Imagenette2-160 dataset. 

Figure 10 presents a comparative analysis of training metrics for two models: one trained 

without regularization (orange) and one with regularization (blue), using the Imagenette2-160 

dataset. The left panel illustrates the training loss across epochs. The non-regularized model exhibits 

a rapid decrease in training loss, approaching near-zero values within a few epochs, which is 

indicative of potential overfitting. In contrast, the regularized model maintains a higher, yet more 

stable, training loss curve, reflecting the impact of dropout and data augmentation in constraining 

the model’s capacity to memorize training data. The right panel displays validation accuracy over 
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the same training period. The regularized model demonstrates a steady improvement in validation 

accuracy, ultimately reaching approximately 70%. Conversely, the non-regularized model achieves 

an early plateau around 55% and is subject to early stopping due to deteriorating validation 

performance. These results underscore the effectiveness of regularization techniques in promoting 

generalization and mitigating overfitting, as evidenced by the superior validation accuracy and 

stability of the regularized model compared to its non-regularized counterpart. 

 

Figure 10. Comparison of Training Loss and Validation Accuracy Between Models With and Without 

Regularization, Demonstrating How Regularization Prevents Overfitting -performed using the Imagenette2-160 

dataset. 

The primary distinction between Code 1 and Code 2 is observed in their respective performance 

metrics, which are influenced by the input image resolution utilized during training. Code 1, 

employing the Imagenette2-320 dataset with images at a resolution of 320 pixels, achieved a baseline 

model validation accuracy of 69.61% after 20 training epochs. In contrast, Code 2, which utilizes the 

Imagenette2-160 dataset with 160-pixel images, attained a comparable validation accuracy of 69.73% 

after 19 epochs. These results indicate that reducing the image resolution did not adversely affect the 

model’s generalization performance, while offering the advantage of faster training times and lower 

computational resource requirements. Both implementations maintained consistent training 

protocols, including early stopping and regularization techniques, ensuring that the observed 

differences are attributable primarily to the change in input resolution. This analysis demonstrates 

that, for the baseline CNN architecture on the Imagenette dataset, lower-resolution inputs can yield 

similar validation accuracy to higher-resolution inputs, thereby supporting efficient experimentation 

and deployment in resource-constrained environments. 

Figure 11 presents a comparative analysis of training dynamics for fine-tuned and from-scratch 

models on the CIFAR-10 dataset. The left panel illustrates the progression of training loss, while the 

right panel depicts validation accuracy across epochs for both approaches. The fine-tuned model, 

represented by the blue curve, initially exhibits a higher training loss but rapidly surpasses the from-

scratch model in validation accuracy, achieving approximately 69% by epoch 10. In contrast, the 

from-scratch model (orange curve) plateaus at around 63% accuracy and is subject to early stopping 

at epoch 7, indicating limited generalization capacity. These outcomes highlight the advantages of 

transfer learning, as the fine-tuned model leverages pre-trained features to attain superior 

performance with fewer epochs. 
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Figure 11. CIFAR-10 Transfer Learning Comparison: Training Loss and Validation Accuracy for Fine-tuned vs. 

From-Scratch Models -performed using the Imagenette2-160 dataset. 

Additionally, the performance comparison between Code 1 (Imagenette2-320) and Code 2 

(Imagenette2-160) underscores the influence of image resolution on training efficiency and 

convergence. Both codes yield comparable baseline validation accuracies-69.61% for Code 1 after 20 

epochs and 69.73% for Code 2 after 19 epochs-while ResNet-18 achieves an identical 82.37% 

validation accuracy in both implementations. Notably, Code 2 demonstrates enhanced 

computational efficiency, completing training in approximately 55 minutes on Google Colab with a 

GPU, compared to over an hour for Code 1, and achieving earlier convergence (14 epochs versus 20 

epochs for the baseline model). These results demonstrate that reducing image resolution can 

significantly expedite training without compromising model performance, thereby supporting the 

adoption of resource-efficient strategies in deep learning-based image classification. 

In summary, the application of data augmentation and dropout as regularization techniques 

substantially reduced overfitting compared to the non-regularized model. The regularized model 

consistently maintained lower validation loss and achieved higher test accuracy, thereby 

demonstrating improved generalization to previously unseen data. Furthermore, training a model 

from scratch required significantly more epochs to reach comparable performance, with 

approximately 20 epochs needed to attain 75% accuracy. In contrast, the pre-trained model achieved 

similar accuracy within just 5 to 7 epochs, underscoring the efficiency and effectiveness of transfer 

learning. These findings highlight the critical role of regularization in enhancing model robustness 

and the practical advantages of leveraging pre-trained models for accelerating convergence and 

improving overall accuracy in image classification tasks. 

5. Discussion 

The results of this comparative analysis highlight the substantial impact of regularization 

techniques and architectural choices on the generalization capabilities of deep learning models for 

image classification. Empirical findings demonstrate that deeper architectures, such as ResNet-18, 

consistently outperform simpler baseline CNNs, achieving notably higher validation accuracy 

(82.37% vs. 68.74%) and exhibiting more stable convergence across both high- and low-resolution 
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datasets. The integration of regularization methods-specifically dropout and data augmentation 

shown to significantly mitigate overfitting, as evidenced by smoother training loss trajectories and 

improved validation accuracy in regularized models compared to their non-regularized 

counterparts. Notably, the application of these techniques resulted in a marked reduction in the 

generalization gap, with regularized models maintaining superior performance on unseen data. 

These findings are further reinforced by transfer learning experiments, where fine-tuning pre-trained 

models on new datasets led to faster convergence and higher final accuracy relative to models trained 

from scratch, underscoring the practical benefits of leveraging pre-existing feature representations 

for robust generalization. 

When compared to the broader literature, these results align closely with established research 

on the interplay between model complexity, regularization, and generalization. Prior studies have 

consistently reported that while shallow networks suffice for simple datasets (e.g., MNIST), deeper 

and wider architectures yield substantial gains on more complex datasets, provided that robust 

regularization is employed to counteract the increased risk of overfitting. The observed 

improvements in generalization with dropout and L2 regularization mirror findings from benchmark 

studies, which have demonstrated that such techniques can reduce test error rates and enhance the 

stability of deep models, particularly in challenging scenarios with limited data or high feature 

dimensionality. Furthermore, the superior performance of ResNet architectures corroborates recent 

literature emphasizing the advantages of residual connections in enabling the training of very deep 

networks without succumbing to vanishing gradients or excessive overfitting. The empirical 

evidence from this study thus substantiates the prevailing consensus that the effectiveness of 

regularization is highly contingent on both the underlying network architecture and the specific 

characteristics of the classification task. 

A nuanced examination of the results also reveals several key insights that extend the current 

understanding of regularization in deep learning. First, the comparative analysis across different 

image resolutions demonstrates that computational efficiency can be optimized without sacrificing 

generalization, as lower-resolution inputs yielded comparable accuracy while reducing training time 

and resource demands. Second, the experiments underscore the importance of matching 

regularization strategies to architectural features: dropout is particularly effective in the fully 

connected layers of baseline CNNs, while ResNet architectures may benefit more from batch 

normalization and residual-specific regularization due to their unique gradient flow properties. 

Third, the marked gains observed with transfer learning highlight the value of pre-trained models in 

accelerating convergence and achieving high accuracy, especially when combined with 

regularization to prevent overfitting during fine-tuning. 

6. Conclusion 

The comparative analysis conducted in this study provides clear evidence that both architectural 

advancements and regularization strategies are pivotal in enhancing the generalization capabilities 

of deep learning models for image classification. The experimental results consistently demonstrate 

that ResNet-18, a deeper architecture with residual connections, outperforms the baseline CNN 

across multiple metrics, achieving a validation accuracy of 82.37% versus 68.74% for the baseline 

model on the Imagenette dataset. This performance advantage is maintained even when input image 

resolution is reduced from 320 to 160 pixels, indicating that computational efficiency can be achieved 

without significant loss in accuracy. Regularization techniques, particularly dropout and data 

augmentation, were shown to substantially mitigate overfitting, as evidenced by smoother loss 

curves and higher validation accuracy in regularized models compared to their non-regularized 

counterparts. The empirical findings also highlight the effectiveness of transfer learning: fine-tuned 

models leveraging pre-trained weights not only converged faster but also achieved higher validation 

accuracy and reduced overfitting relative to models trained from scratch. These results underscore 

the critical interplay between model architecture, regularization, and training protocols in optimizing 

both robustness and efficiency for real-world image classification tasks. 
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When contextualized within the broader literature, the study’s findings align with and extend 

established knowledge regarding the importance of regularization and architectural choice in deep 

learning. Prior research has documented the susceptibility of deeper models to overfitting, 

particularly in low-data regimes, and the necessity of robust regularization to ensure effective 

generalization. The observed superiority of ResNet-18 corroborates literature emphasizing the value 

of residual connections in enabling deeper, more expressive models without succumbing to the 

vanishing gradient problem. The pronounced benefits of dropout and data augmentation in this 

study mirror those reported in recent systematic reviews, which advocate for their widespread 

adoption in both baseline and advanced architectures. Moreover, the transfer learning results 

reinforce the growing consensus that pre-trained models, when properly regularized, offer 

substantial advantages in terms of convergence speed and final performance, especially in settings 

with limited labeled data. By systematically quantifying the impact of regularization across different 

architectures and training scenarios, this research fills a minor gap in the literature and provides 

actionable insights for all those interested who are seeking to deploy generalizable deep learning 

systems in resource-constrained or high-stakes environments. 
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