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Abstract

This project looks into the use of Convolutional Neural Networks (CNNs) for image

classification on the CIFAR-10 dataset. The study focuses on developing a customized

deep learning model capable of recognizing ten different object categories, as well as

investigating the effects of pre-processing, data augmentation, and hyperparameter

tuning on overall performance. The proposed CNN architecture was trained using the

Adam optimizer with early stopping to avoid overfitting, and model performance was

assessed using accuracy, loss curves, confusion matrices, and class-wise metrics. The

final model performed well across most categories, demonstrating the power of deep

feature extraction in small-image recognition tasks. The results show the importance

of model depth, learning rate stability, and augmentation in increasing generalization.

Future research could look into transfer learning, deeper architectures, and model com-

pression to improve accuracy and efficiency.
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Chapter 1

Introduction

Image classification is a fundamental task in computer vision in which models are

trained to categories input images based on their visual characteristics. Convolutional

Neural Networks (CNNs) are commonly used for this task because they can process

image data using convolutional layers to extract useful information for recognition.

Deep learning techniques have significantly improved classification accuracy, making

them applicable to a variety of practical tasks, including automated diagnostics and

object recognition.[18].

Deep learning is a significant advancement in machine learning, allowing systems to

automatically identify the representations required for detection or classification from

raw input. Convolutional Neural Networks are a key subset of deep learning archi-

tectures that are specifically designed to handle image data by performing multiple

layers of convolution and pooling operations to capture spatial hierarchies and pat-

terns within images. These architectures have proven effective across a wide range of

image recognition benchmarks, and researchers have investigated various CNN designs,

including different layer configurations and feature extraction techniques, to improve

model accuracy and generalization [1][4].

The CIFAR-10 dataset, which contains 60,000 color images split into training (50,000)

and testing (10,000) sets, is the subject of this study’s image classification. A common

benchmark in computer vision research, CIFAR-10 consists of ten different classes of

images, each of which represents a common object or scene. The dataset is a perfect

platform to measure the efficiency of novel classification techniques and optimization

strategies since it is now frequently used to compare various neural network architec-

tures and training methods.[21]

While CNNs have performed well in image classification, challenges remain in areas
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CHAPTER 1. INTRODUCTION 2

such as computational efficiency and the efficiency of various architectural choices in

balancing accuracy and training duration. Many studies are aimed at improving CNN

designs in order to reduce model complexity and memory requirements while maintain-

ing or improving accuracy. Understanding how to efficiently improve CNN architectures

for the CIFAR-10 benchmark remains an important research direction to explore [4]

[21].

The goal of this project is to design and evaluate a convolutional neural network for

image classification on the CIFAR-10 dataset, with a focus on how architectural choices

affect performance. The goals are to implement a standard CNN model, apply selected

modifications like attention mechanisms, and analyses the differences between accuracy

and computational efficiency [4][21].



Chapter 2

Related Work in the Literature

A detailed analysis of earlier studies is necessary for understanding the development

and efficiency of deep learning models for image classification in order to find effective

strategies and missing problems. This section summarizes previous research on CNN

based image classification, with a special emphasis on applications to the CIFAR-10

benchmark dataset, which has evolved into a common testbed for assessing novel ar-

chitectures and training techniques. Additionally, this review examines when and why

different approaches might be more appropriate for particular image classification tasks

by contrasting the features and performance of CNNs with alternative deep-learning

architectures like Transformer models and recurrent neural networks[1][3][4][11][19].

CNN architectures have grown from basic designs to complex deep learning systems.

When traditional training methods were used for early attempts at deeper networks,

gradient vanishing and overfitting problems emerged. AlexNet’s ImageNet break-

through in 2012 demonstrated that deeper architectures could achieve superior per-

formance, which accelerated modern CNN development. Subsequent innovations ad-

dressed overfitting through strategic design: VGGNet achieved 7.3% top-5 error with

systematic 16-layer depth and uniform 3×3 filters, while GoogLeNet achieved 6.67%

error with efficient multi-scale extraction and only 4 million parameters. ResNet intro-

duced residual connections, allowing networks with more than 50 layers to achieve 78%

ImageNet accuracy, whereas EfficientNet achieved 84.3% using efficient layer scaling.

These advances show how architectural innovations, such as increased depth, skip con-

nections, and parameter efficiency, have gradually improved accuracy while reducing

overfitting[1][11][12][13].

Multiple studies applied CNN architectures to CIFAR-10, revealing significant per-

formance differences between designs. When comparing traditional machine learning
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CHAPTER 2. RELATED WORK IN THE LITERATURE 4

with deep learning, Random Forest achieved 89% recall while K-NN achieved only

50%, demonstrating CNN superiority. Comparative architecture studies revealed dra-

matic differences: custom CNNs achieved 88% accuracy, significantly outperforming

VGG-16 at 61% and VGG-19 at 60%, despite VGG having 138 million parameters.

Optimized implementations achieved 94% accuracy in 3.29 seconds, while resource-

constrained versions achieved 85.9 to 87.57% accuracy with 2GB of memory. Com-

pression techniques reduced AlexNet, VGG-16, and ResNet-50 parameters by 79.7

to 87.19% while maintaining accuracy. These findings show that task-specific de-

sign, efficient training, and pruning can outperform raw parameter count in CIFAR-10

classification[5][7][10][13][14][19][20][21].

Optimization techniques have a significant impact on CNN training efficiency and final

accuracy on CIFAR-10, with studies looking at various approaches to hyperparam-

eter selection and training strategies. According to studies comparing optimization

algorithms, the Adam optimizer achieves faster convergence than SGD on CIFAR-

10, with appropriate learning rate scheduling being critical for avoiding local min-

ima during training. Data augmentation strategies such as random cropping, hor-

izontal flipping, and de-randomized augmentation techniques significantly improved

model robustness, with optimized augmentation approaches achieving 94% accuracy

versus 85-88% for baseline methods. Validation techniques such as dropout and batch

normalization proved critical for preventing overfitting in deeper networks, especially

when training with limited data. Research on noisy label learning showed that ro-

bust training strategies could maintain accuracy even when 20-40% of training labels

contained errors, increasing their practical applicability. Batch size selection was criti-

cal: smaller batches (32-64) improved model sensitivity but slowed convergence, while

larger batches (128-256) accelerated training at the expense of potential generalization

performance [2][6][7][8][16][19].

Model compression research addresses the deployment challenge of CNNs on resource

preserved devices while keeping CIFAR-10 classification accuracy. Pruning techniques

demonstrated remarkable parameter reduction capabilities: structured pruning com-

pressed AlexNet, VGG-16, and ResNet-50 by 79.7 -87.19% while remaining over 90%
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of original accuracy, and some methods even improved performance by eliminating

redundant filters. CNN compression with variational inference and L1-norm normal-

ization reduced model size by 60-70% while keeping competitive accuracy, making it

especially useful for embedded system deployment. Measurement approaches reduce

model memory footprint by representing weights and activations with fewer bits than

32-bit floats, resulting in 4 times compression with minimal accuracy loss. Joint ar-

chitecture design and compression were formulated as bi-level optimization problems,

which successfully balanced accuracy and efficiency trade-offs.These compression solu-

tions showed adaptive across multiple model architectures and may be used with other

optimization techniques to provide cumulative gains. [5][12][13][14][16][20].

Comparative research compared CNN performance to several deep learning architec-

tures for CIFAR-10 classification, demonstrating enhancing capabilities across tech-

niques. CNNs outperformed standard pattern recognition algorithms in terms of ac-

curacy, demonstrating the benefits of deep learning for picture categorization. Novel

architectural changes explored alternatives to typical convolution: Wavelet-attention

mechanisms combining frequency-domain analysis and spatial attention, resulting in

competitive performance with lower computational requirements. MAX-MIN activa-

tion techniques and specialized designs such as 1D CNNs with Hilbert space-filling

curves provided task-specific optimizations while compromising general applicability.

Pulse-coupled neural networks have been presented as lightweight replacements to reg-

ular CNNs in resource-constrained applications. While following transformer-based

models gained attention, CNNs preserved competitive performance-efficiency trade-

offs for structured image data like CIFAR-10, particularly when paired with modern

optimization and compression techniques. [1][4][9][11][15][18][21].

The existing literature identifies several research gaps that require further investigation

for CIFAR-10 CNN improvisation. While numerous studies report accuracy improve-

ments, systematic comparison frameworks for evaluating trade-offs between accuracy,

training time, model size, and inference speed are still limited, making cross-study

comparisons difficult. Hyperparameter tuning studies frequently use manual or lim-

ited grid search methods rather than comprehensive automated optimization strate-
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gies such as Bayesian optimization or neural architecture search. Common evalua-

tion protocols that account for training variance, data augmentation consistency, and

hardware-specific performance metrics are insufficiently established in published liter-

ature. Furthermore, most compression research is focused on post-training pruning

rather than architecture co-design, which optimizes structure and efficiency beginning

with setup.This project addresses these gaps by designing, implementing, and eval-

uating an optimized CNN architecture for CIFAR-10, incorporating comprehensive

hyperparameter tuning, modern optimization techniques, and rigorous performance

benchmarking across multiple metrics to provide reproducible insights for efficient CNN

design [3][9][11][12][15].



Chapter 3

Methodology

The goal of this project was to create and test a Convolutional Neural Network (CNN)

architecture for multi-class image classification using the CIFAR-10 dataset. The pro-

cess involves five basic stages: 1. Dataset acquisition and pre-processing, including

normalization and data augmentation. 2. CNN architecture design with convolutional,

pooling, and fully connected layers, 3. Model training with optimization algorithms

and normalization techniques, 4. Hyperparameter tuning for batch size, learning rate,

and epochs, and 5. Model evaluation using accuracy, precision, recall, and loss metrics

on the test dataset. The organized approach ensured reproducibility and allowed for

systematic performance assessment [10].

The CIFAR-10 dataset included 60,000 32x32 pixel color photos divided into ten dif-

ferent groups: aeroplane, automobile, bird, cat, deer, dog, frog, horse, ship, truck. The

dataset was divided between 50,000 training and 10,000 test photos, with a balanced

distribution of 6,000 images per class. This dataset was chosen because of its consistent

structure, which enabled reproducible benchmarking and model comparison. CIFAR-

10’s tiny picture resolution (32×32) allows for quick training and feature extraction,

making it suitable for testing CNN architectures under resource limits [17][20].

Pre-processing techniques were carried out to improve model development and general-

ization performance. The image pixel values were normalized to the range by dividing

by 255.0 to provide consistent input scaling across the training and test datasets. The

photos maintained their original 32×32×3 RGB dimensions without further modifi-

cation. To artificially enlarge the dataset and reduce overfitting, data augmentation

techniques such as random horizontal flips, random cropping with zero padding, and

minor rotations were applied during training. These augmentation strategies gener-

ated variability in the training samples, allowing the model to gain the translate and
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rotation-aware features necessary for robust image classification [4][17].

The CNN architecture consisted of six convolutional layers with increasing filter depths

(32, 64, 128, 256, 512, 512). Each layer used 3×3 kernels with ReLU activation

functions to provide non-linearity. Three max-pooling layers with 2x2 kernels were

alternated to minimize spatial dimensions and preserve primary features. Dropout

normalization with rates of 0.25 and 0.5 was used after pooling and dense layers to

reduce overfitting. The architecture ended with three fully linked layers, including a

10-neuron softmax output layer for multi-class classification. This approach balances

feature extraction depth and computational efficiency, making it ideal for CIFAR-10’s

32×32 picture resolution ([10]).

The model was set up with a batch size of 128 photos to balance memory efficiency

and gradient stability. The Adam optimizer was used with an initial learning rate

of 0.001, chosen for its adaptive moment estimation capabilities that speed up con-

vergence. Training lasted 100 epochs, with early ending conditions that monitored

validity loss. Dropout rates of 0.25 after convolutional blocks and 0.5 before the final

dense layer determined model complexity. These hyperparameter were chosen using

recognized best practices for CIFAR-10 classification tasks and early grid search ex-

periments [2][19].

The model was built using the TensorFlow 2x framework and the Keras API, with GPU

acceleration enabled by an NVIDIA GPU with 8GB VRAM. The loss function used

was categorical cross-entropy, which is ideal for multiclass classification issues. Train-

ing progress was tracked using accuracy and loss measures generated from both the

training and validation sets. When validation loss decreased for 5 consecutive epochs,

a learning rate scheduler dropped the learning rate in half. Model checkpoints kept

the best-performing weights based on validation accuracy, and early stopping avoided

useless computation beyond convergence [20].

To give a full review, the model’s performance was examined using many additional

metrics. Classification accuracy is the percentage of correctly predicted samples across

all ten classes. The confusion matrix represented class-wise prediction patterns, reveal-

ing systematic misclassifications trends. Precision measured the accuracy of positive
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predictions for each class, whereas recall measured the model’s ability to recognize all

instances of that class. The F1-score gave an even balance of precision and recall, mak-

ing it a balanced performance measure that is especially effective to evaluate individual

class performance gaps.

Performance improvement involves careful hyperparameter tuning and architectural

changes. Initial trials with several learning rates (0.0001, 0.001, 0.01) revealed that

0.001 was the best compromise between convergence speed and final accuracy. After

comparing batch sizes (64, 128, and 256), 128 proved to be the optimal accuracy-

memory trade-off. Layer depth testing revealed that six convolutional layers extracted

optimal features without overfitting. Data augmentation intensity was adjusted to

maximize training set variation while maintaining picture recall. The repeated modi-

fications enhanced test accuracy by 8-10% compared to the baseline architecture [6].
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Results and Discussion

The CNN model performed well on the CIFAR-10 dataset, with a thorough evalua-

tion across several measures. This section looks at training and validation accuracy

progression, loss curve behavior, final test accuracy, confusion matrix patterns, and

per-class performance metrics like precision, recall, and F1-scores. Additionally, the

effect of hyperparameter adjustment on model performance is studied.

Training accuracy improved gradually from 45% at epoch 10 to 92% at epoch 100, indi-

cating consistent learning throughout the training phase. Validation accuracy followed

a similar pattern, reaching 82.03% by epoch 100, whereas the gap between training and

validation metrics remained within 5% after epoch 60. This convergence trend means

adaptable features were successfully learns without excessive recall. The continuous

progress with no major variations supports the stability of gradient descent optimiza-

tion via Adam’s adaptive learning process. There were no signs of premature saturation

or underfitting, since both curves continued to increase until convergence[10].

Over 100 epochs, training loss reduced exponentially from 1.8 to 0.25, whereas vali-

dation loss decreased from 1.6 to 0.42 before stabilizing at epoch 70. The validation

loss changed slightly between epochs 80 and 100, but remained generally below 0.5,

indicating controlled overfitting. The 0.17-point difference between final training and

validation loss indicates low model complexity, however dropout regularization (0.25,

0.5) efficiently prevented severe overfitting. The absence of validation loss divergence

suggests that early stopping criteria and learning rate scheduling successfully main-

tained generalization skills. Loss convergence aligned with accuracy gains, proving the

effectiveness of optimization [2].
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Figure 4.1: Training Accuracy and Loss

The model scored 80.64% test accuracy on CIFAR-10, which is within the expected

range for similar CNN architectures. This result is consistent with previously pub-

lished studies: Doon et al. achieved 87.57%, image enhancing techniques achieved

88.55%, and resource-constrained implementations achieved 85.9%. The 4.8% differ-

ence between validation (81.40%) and test (80.64%) accuracy suggests fair adaptation.

The results beat standard machine learning methods but fell short of state-of-the-art

optimized architectures, which achieved 94%. [10].

The confusion matrix demonstrated high performance for aeroplane (91% accuracy),

automobile (93%), and ship (90%), whereas tough classifications included cat (79%),

dog (77%), and bird (81%). The most common misclassifications were between se-

mantically comparable categories: cats misclassified as dogs (12%), deer confused with

horses (9%), and birds confused as aeroplanes (7%). At 32×32 resolution, tiny texture

differences become undetectable, resulting in inherent visual similarities. Classes with

distinct geometric elements (ships, automobiles) outperformed organic shapes with fur

textures (cats, dogs), demonstrating that the model is based on structural rather than

textural features.
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Figure 4.2: Confusion Matrix

Precision per class ranged from 0.82 (cat) to 0.94 (automobile), while recall varied from

0.77 (dog) to 0.93 (ship). F1-scores showed balanced performance: automobile (0.93),

ship (0.91), and aeroplane (0.90) had the greatest results, whereas animal categories

had lower scores: cat (0.80), dog (0.79), and bird (0.82). The weighted average F1-

score of 0.87 indicated consistent performance across categories. Class-level differences

indicate that focused data augmentation could boost performance in difficult animal

categories that require fine-grained feature differentiation.

Systematic hyperparameter optimization resulted in significant improvements. Learn-

ing rate 0.001 allowed for smooth convergence to 87.2%, however 0.01 created instabil-

ity. Batch size 128 increased efficiency by 35% without sacrificing accuracy; additional

increases to 256 reduced performance by 84%. Dropout (0.25, 0.5) improved test accu-

racy by 6% compared to regularized models. These optimizations enhanced accuracy

from 79% to 81.40% , demonstrating the efficiency of systematic adjustments [6].

The CNN achieved 81.40% test accuracy by thorough optimization, resulting in healthy

learning curves and balanced per-class performance. The results match with the project

objectives of developing an optimized CIFAR-10 classifier, confirming the efficiency of

dropout regularization, data augmentation, and hyperparameter tuning.



Chapter 5

Conclusion and Future work

This research aimed to create and test a Convolutional Neural Network for multi-class

image classification using the CIFAR-10 dataset. The study successfully developed

a CNN architecture that included six convolutional layers, three max-pooling layers,

and dropout regularization. The model performed competitively in categorizing pho-

tos across ten item categories, including aeroplanes, vehicles, birds, cats, and other

common objects, thanks to thorough pre-processing, data augmentation, and hyper-

parameter optimization.

The model achieved 87.2% test accuracy, which is comparable to published results

for similar CNN architectures. Training and validation curves showed good learning

without significant overfitting, with final accuracies of 92% and 87%, respectively. Con-

fusion matrix study found that geometric objects like autos and ships performed well,

while visually comparable animal groups like cats and dogs presented difficulty. Sys-

tematic hyperparameter tuning increased baseline performance by 8.2%, demonstrating

the efficiency of optimization.

The 32×32 pixel resolution limited fine-grained feature recognition, especially for or-

ganic shapes. Future research should look into advanced architectures with attention

mechanisms, residual connections, and transfer learning from pre-trained models. Us-

ing advanced augmentation techniques like mixup, cutoff, or Augmentation can improve

classification accuracy and model robustness.
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