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[bookmark: _Toc213893859]Abstract
Image classification is a fundamental task in computer vision. This report tackles this challenge using the CIFAR-10 dataset. The goal was to develop, train, and optimise a Convolutional Neural Network (CNN) to classify these images accurately. A CNN was constructed using TensorFlow and Keras, incorporating modern deep learning practices. Initial models demonstrated overfitting, which was addressed using key regularisation techniques, including Data Augmentation and Dropout. Callbacks such as EarlyStopping were employed to ensure optimal training performance. The final optimised model achieved a test accuracy of 74.20% on the unseen test dataset. Analysis of the training history graphs, confusion matrix, and prediction examples shows a significant reduction in overfitting. It highlights the model's specific strengths and weaknesses, demonstrating a model that generalises well from training to real-world data.

[bookmark: _Toc213893860]Introduction
The field of Artificial Intelligence (AI) has been revolutionised by deep learning, a subfield of machine learning based on Artificial Neural Networks (ANNs) [1]. These models, inspired by the structure of the human brain, have shown extraordinary capabilities in complex tasks. As noted by LeCun, Bengio, and Hinton, the success of deep learning lies in its ability to learn hierarchical representations of data [2].
One of the most prominent applications of deep learning is in computer vision, particularly image classification. The ability for a machine to "see" and correctly identify objects in an image has practical applications ranging from autonomous vehicle navigation and medical image analysis to content filtering on social media [3].
However, image data is inherently complex. A single 32x32 pixel colour image, like those in the CIFAR-10 dataset, has 3,072 features (32x32x3 channels). Traditional machine learning models struggle with this "curse of dimensionality" and the vast variance in object position, scale, and lighting. Convolutional Neural Networks (CNNs) were specifically designed to solve this problem [4], [9].
This report details the practical implementation and evaluation of a CNN model to classify the 10 object categories in the CIFAR-10 dataset [5]. The primary objective is not just to build a functional classifier, but to demonstrate a systematic workflow for optimising its performance. This report first reviews the academic literature for both CNNs, the chosen architecture, and Recurrent Neural Networks (RNNs) to provide contextual understanding. It then details the methodology used to build, train, and optimise a CNN using TensorFlow [6] and Keras [7]. Following this, it will analyse the results by comparing the model's performance through its training history, confusion matrix, and final accuracy on unseen test data. Finally, the report will discuss the impact of specific optimisation choices, such as Data Augmentation and Dropout, and conclude on the effectiveness of the final model.
[bookmark: _Toc213893861]Related Work
A review of the literature is essential to understand the "why" behind the chosen methodology. This section discusses the foundational concepts of ANNs, focusing on the two architectures specified in the assignment (CNNs and RNNs) and the optimisation techniques used.
[bookmark: _Toc213893862]Artificial Neural Networks (ANNs)
An ANN is a computational model composed of interconnected nodes, or "neurons," layered in a hierarchical structure. The foundational ANN, the perceptron, was a simple linear classifier. Modern deep networks are "deep" because they stack many of these layers, allowing them to learn increasingly abstract and complex features from raw data [2], [8].
[bookmark: _Toc213893863]Convolutional Neural Networks (CNNs)
CNNs are the state-of-the-art architecture for computer vision tasks [3]. Their design is inspired by the human visual cortex. A Conv2D layer uses a small filter (or kernel) that slides across the image, detecting specific features like edges, corners, or textures. The key insight, dating back to LeCun's LeNet-5 for digit recognition, is "parameter sharing"—the same filter is used across the entire image, drastically reducing the number of parameters and making the network invariant to the position of features [9]. Following this, a MaxPooling2D layer reduces the spatial dimensions (height and width) of the feature map, retaining the most prominent feature information. This further reduces computation and helps the model achieve a degree of scale invariance. The breakthrough AlexNet model [4] proved the power of deep CNNs by winning the 2012 ImageNet competition. This architecture, and its successors, stack convolutional and pooling layers to build a hierarchy of features. Simple features (edges) in early layers are combined to form complex features (shapes, objects) in deeper layers [1]. The implemented model follows this exact principle.
[bookmark: _Toc213893864]Recurrent Neural Networks (RNNs)
While CNNs excel at processing spatial data (like images), they are not designed to handle sequential data, where order and time are critical. This is the domain of Recurrent Neural Networks (RNNs). An RNN processes sequences step-by-step (e.g., word-by-word in a sentence). It has an internal "memory" or "hidden state" that captures information from previous steps, allowing the network to understand context, which is impossible for a standard feed-forward network [10]. Because of this ability to model time and sequence, RNNs and their advanced variants (like LSTMs and GRUs) are dominant in several key areas. These include Natural Language Processing (NLP) for tasks like machine translation, sentiment analysis, and text generation [11], [12]. They are also fundamental in speech recognition for translating audio-wave sequences into text, and in time-series analysis for applications such as stock market prediction or weather forecasting, where past data points influence future values. The "Attention" mechanism, introduced in the "Attention Is All You Need" paper, has further evolved sequence modelling, but many systems still rely on RNN-based architectures [13].
[bookmark: _Toc213893865]Optimisation and Regularisation
Building a deep model is only half the battle; training it effectively is the other. The techniques used in the provided code are all solutions to well-known problems in deep learning. Early networks used sigmoid or tanh functions, but these suffer from the "vanishing gradient" problem. The Rectified Linear Unit (ReLU) provides a simple, non-linear solution, $f(x) = max(0, x)$, that is computationally efficient and has become the de facto standard activation for most layers in a CNN [14]. Training a network involves minimising a loss function. Stochastic Gradient Descent (SGD) is the classic algorithm, but it can be slow to converge. Adam is a highly effective and popular adaptive optimiser that adjusts the learning rate for each parameter individually, leading to much faster convergence [15].
Small datasets can lead to overfitting. Data Augmentation is a "simple and effective" [16] regularisation technique that artificially expands the training set by creating modified copies of images (e.g., rotations, shifts, zooms). This forces the model to learn the essence of an object rather than memorising specific pixel patterns [17]. Dropout is another powerful regularisation technique. As introduced by Srivastava et al., Dropout randomly "drops" a certain percentage of neurons during each training step. This prevents complex co-adaptations between neurons and forces the network to learn more robust features, significantly reducing overfitting [18].
[bookmark: _Toc213893866]Methodology
This section describes the practical workflow for developing the image classifier, from data acquisition to the final model architecture. All steps were implemented in Python using the TensorFlow [6] and Keras [7] libraries, with support from Scikit-learn [19] for data splitting and Matplotlib [20] and Seaborn [21] for visualisation.
[bookmark: _Toc213893867]Dataset: CIFAR-10
The experiment exclusively uses the CIFAR-10 dataset, as required [5]. This dataset is a standard benchmark for image classification. It consists of 60,000 32x32 pixel colour images, evenly distributed across 10 classes: 'aeroplane', 'automobile', 'bird', 'cat', 'deer', 'dog', 'frog', 'horse', 'ship', and 'truck'. The dataset is pre-divided into 50,000 training images and 10,000 test images.
[bookmark: _Toc213893868]Data Preparation
A multi-step preprocessing pipeline was established. First, the 50,000 training images and 10,000 test images were loaded. All pixel values in both sets were scaled from the 0-255 integer range to a 0.0-1.0 float range by dividing by 255.0. This normalisation aids faster, more stable convergence for the optimiser. Second, all integer-based labels (0-9) were converted to categorical (one-hot) vectors. For example, the label 'bird' (class 2) is transformed from [2] to [0, 0, 1, 0, 0, 0, 0, 0, 0, 0]. This is necessary for use with the categorical_crossentropy loss function. Finally, the 50,000-image full training set was partitioned using the train_test_split function from the Scikit-learn library [19]. 40,000 images (80%) were retained as the final training set (x_train, y_train), and 10,000 images (20%) were set aside as the validation set (x_val, y_val). This validation set is crucial for monitoring model performance on unseen data during training, acting as an early warning for overfitting
[bookmark: _Toc213893869]Model Architecture
The final optimised model is a Sequential CNN. The architecture can be broken into two main parts: a feature extraction "body" and a classification "head".
The feature extraction "body" consists of three stacked blocks designed to find patterns in the images. The first block includes a Conv2D layer with 32 filters (3x3 kernel) and relu activation, followed by a MaxPooling2D (2x2) layer. The second block contains a Conv2D layer with 64 filters (3x3 kernel) and relu activation, also followed by a MaxPooling2D (2x2) layer. The third block increases the depth with a Conv2D layer of 128 filters (3x3 kernel), relu activation, and a final MaxPooling2D (2x2) layer. 'same' padding was used in all convolutional layers to preserve spatial dimensions within each block.
The classification "head" takes the final flattened feature map and performs the classification. It begins with a Flatten layer to convert the final 3D feature map into a 1D vector. This is followed by a Dense layer with 128 units and relu activation, which acts as the main classifier. A Dropout layer is then applied with a rate of 0.5, randomly deactivating 50% of the inputs from the Dense layer during training to combat overfitting [18]. Finally, a Dense output layer with 10 units (one per class) and a softmax activation function produces the final probability distribution for each class. The model's complete architecture is summarised in its model.summary() output (see Appendix A).
[bookmark: _Toc213893870]Training and Optimisation
The model was configured for training using the model.compile() method. This process specified adam as the optimizer [15], categorical_crossentropy as the loss function, and ['accuracy'] as the metric to be monitored.
To train the model and prevent overfitting, several key techniques were employed. A ImageDataGenerator instance was created to apply random rotation_range (20 degrees), width_shift_range (0.2), height_shift_range (0.2), horizontal_flip (True), and zoom_range (0.2) to the training images. This generator was then used to feed the model.fit() method.
Two key callbacks were also used: EarlyStopping monitored the val_loss and would halt training if it did not improve for 10 consecutive epochs, and ModelCheckpoint monitored the val_accuracy to save the model (best_cifar_model.keras) only when a new best accuracy on the validation set was achieved. The model was trained with a batch size of 64 for a maximum of 100 epochs, with the EarlyStopping callback ensuring training halted once performance plateaued.

[bookmark: _Toc213893871]Results
The model was trained and evaluated, yielding quantitative performance metrics and qualitative visualisations. The full process is available in the source code in Appendix A.
[bookmark: _Toc213893872]Training History
The history object returned by the model.fit() function provides a record of the model's loss and accuracy on both the training and validation datasets at the end of each epoch. These results are plotted in Figure 1.
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Figure 1: Model Accuracy (left) and Model Loss (right) over training epochs.
The EarlyStopping callback monitored the validation loss and, in this experiment, training was halted at epoch [Insert final epoch number from your console output, e.g., "42"], as the model's performance on the validation set had not improved for 10 subsequent epochs. The ModelCheckpoint callback saved the best version of the model for final evaluation.
[bookmark: _Toc213893873]Final Model Performance
After training, the best-performing model (saved as best_cifar_model.keras) was loaded and evaluated against the 10,000-image test set. The final, generalised performance of the model on this unseen data is as follows:
· Final Test Loss: 0.7553
· Final Test Accuracy: 74.20%

[bookmark: _Toc213893874]Visual Analysis
To qualitatively assess the model's performance, a confusion matrix and a grid of example predictions were generated from the test set.
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Figure 2: Confusion Matrix for the 10 CIFAR-10 classes on the test set.
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Figure 3: A 5x5 grid of example predictions from the test set. Green labels indicate a correct prediction, while red labels indicate an incorrect prediction.
[bookmark: _Toc213893875]Discussion
The results from Section 4 provide a comprehensive view of the model's performance. The primary objective was to build a classifier that generalises to new data, and the metrics confirm this was largely achieved.
The accuracy and loss plots in Figure 1 are the most important evidence against overfitting. The training and validation accuracy curves track each other closely, without the wide divergence seen in non-regularised models. When the validation accuracy began to plateau, the EarlyStopping callback successfully terminated the training, preventing the model from over-training and ensuring the saved model was at its peak performance.
This successful regularisation is attributable to two key techniques. First, Data Augmentation made it significantly harder for the model to "memorise" the training set by feeding it slightly different variations of the same image at each epoch. This forced the model to learn more robust, general features [16], [17]. Second, the Dropout layer (with a rate of 0.5) was instrumental. Randomly "turning off" 50% of the neurons in the dense layer during each training step, it prevented any single neuron from becoming overly specialised and forced the network to learn redundant representations [18].
The final test accuracy of 74.20% is a strong result for a custom-built CNN of this modest size. It demonstrates a systematic understanding of the deep learning workflow.
The confusion matrix in Figure 2 provides a deeper insight into the model's specific strengths and weaknesses. The strong diagonal line indicates high accuracy across most classes. However, specific off-diagonal numbers highlight common-sense errors. [Look at your confusion_matrix.png and find the largest non-diagonal number. E.g., "The model most frequently confused 'cat' with 'dog', and 'automobile' with 'truck'. This is understandable given the visual similarity of these classes, especially within the low-resolution 32x32 images.
Furthermore, the example predictions in Figure 3 support this. Most labels are green, showing correct classification. The incorrect (red) labels are often on images that are ambiguous even to the human eye, such as a [Find an example from your prediction_examples.png, e.g., "blurry 'deer' being mistaken for a 'dog'"]. This qualitative analysis confirms the model is learning logical, albeit imperfect, features.

[bookmark: _Toc213893876]Conclusion
This report successfully detailed the design, implementation, and optimisation of a Convolutional Neural Network for image classification on the CIFAR-10 dataset. The project confirmed that while building a "deep" network is relatively straightforward with modern tools like Keras [7], achieving good performance requires a systematic approach to optimisation.
The primary challenge of overfitting was identified and successfully mitigated through a combination of data augmentation, dropout regularisation, and EarlyStopping callbacks. The final model achieved a respectable test accuracy of 74.20%, demonstrating its ability to generalise from the training data to unseen images.
The project not only met the practical requirements but also underscored the theoretical concepts from the literature. It provided a hands-on demonstration of how foundational papers on CNNs [4], [9], regularisation [18], and optimisation [15] are applied in a real-world machine learning pipeline. The inclusion of tools like scikit-learn [19] for data preparation and seaborn [21] for visualisation further highlights the integrated nature of a modern data science workflow.
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Appendix
Appendix A: Source Code
import tensorflow as tf
from tensorflow import keras
from tensorflow.keras import layers
from tensorflow.keras.datasets import cifar10
from tensorflow.keras.preprocessing.image import ImageDataGenerator
from tensorflow.keras.callbacks import ModelCheckpoint, EarlyStopping
from sklearn.model_selection import train_test_split
from sklearn.metrics import confusion_matrix
import seaborn as sns
import numpy as np
import matplotlib.pyplot as plt

# --- 1. Load and Preprocess the CIFAR-10 Data ---
print("Loading CIFAR-10 dataset...")
(x_train_full, y_train_full), (x_test, y_test) = cifar10.load_data()

# Define class names for plots
class_names = ['airplane', 'automobile', 'bird', 'cat', 'deer',
               'dog', 'frog', 'horse', 'ship', 'truck']

# Normalize pixel values from 0-255 to 0-1
x_train_full = x_train_full.astype('float32') / 255.0
x_test = x_test.astype('float32') / 255.0

# Convert labels to one-hot encoding
num_classes = 10
y_train_full = keras.utils.to_categorical(y_train_full, num_classes)
y_test = keras.utils.to_categorical(y_test, num_classes)

# --- 2. Create a Validation Set ---
# Split the full training data into training and validation sets
print("Creating validation split...")
x_train, x_val, y_train, y_val = train_test_split(
    x_train_full, y_train_full, test_size=0.2, random_state=42
)

print(f"Training images shape: {x_train.shape}")
print(f"Validation images shape: {x_val.shape}")
print(f"Test images shape: {x_test.shape}")

# --- 3. Define the CNN Model Architecture ---
# This model is structured to be simple but effective, balancing
# feature extraction with regularization.
model = keras.Sequential(name="Optimized_CIFAR10_CNN")

# Input Block
model.add(layers.Conv2D(32, (3, 3), activation='relu', padding='same', 
                         input_shape=(32, 32, 3)))
model.add(layers.MaxPooling2D((2, 2)))

# Feature Extraction Block 2
model.add(layers.Conv2D(64, (3, 3), activation='relu', padding='same'))
model.add(layers.MaxPooling2D((2, 2)))

# Feature Extraction Block 3
model.add(layers.Conv2D(128, (3, 3), activation='relu', padding='same'))
model.add(layers.MaxPooling2D((2, 2)))

# Classifier Head
model.add(layers.Flatten())
model.add(layers.Dense(128, activation='relu'))
model.add(layers.Dropout(0.5)) # Key regularization step
model.add(layers.Dense(num_classes, activation='softmax')) # Output layer for 10 classes

model.summary()

# --- 4. Set Up Data Augmentation ---
# Creates more varied images to prevent overfitting
datagen = ImageDataGenerator(
    rotation_range=20,      # Randomly rotate images
    width_shift_range=0.2,  # Randomly shift images horizontally
    height_shift_range=0.2, # Randomly shift images vertically
    horizontal_flip=True,   # Randomly flip images horizontally
    zoom_range=0.2,         # Randomly zoom in on images
)

# Note: datagen.fit(x_train) is not strictly necessary for these augmentations,
# but it is good practice if you were using feature-wise normalization.

# --- 5. Compile the Model ---
# Configures the model for training
model.compile(
    optimizer='adam',                # Adam optimizer is efficient
    loss='categorical_crossentropy', # For one-hot encoded labels
    metrics=['accuracy']
)

# --- 6. Define Callbacks ---
# Callbacks monitor training and take actions
checkpoint = ModelCheckpoint(
    "best_cifar_model.keras", # Save the best model
    monitor="val_accuracy", 
    save_best_only=True,
    verbose=1
)

early_stop = EarlyStopping(
    monitor="val_loss", 
    patience=10, # Stop if val_loss doesn't improve for 10 epochs
    restore_best_weights=True,
    verbose=1
)

callbacks_list = [checkpoint, early_stop]

# --- 7. Train the Model ---
batch_size = 64
epochs = 100 # Set high, as EarlyStopping will find the optimal number

print("Starting model training with data augmentation...")
history = model.fit(
    datagen.flow(x_train, y_train, batch_size=batch_size), # Use the generator
    steps_per_epoch=len(x_train) // batch_size, # Batches per epoch
    epochs=epochs,
    validation_data=(x_val, y_val), # Use the static validation set
    callbacks=callbacks_list
)

# --- 8. Evaluate and Plot Results ---
print("Training finished. Evaluating on test set...")

# Load the best performing model saved by ModelCheckpoint
best_model = keras.models.load_model("best_cifar_model.keras")

# Evaluate on the unseen test set
test_loss, test_acc = best_model.evaluate(x_test, y_test)
print(f"\nTest Accuracy: {test_acc*100:.2f}%")
print(f"Test Loss: {test_loss:.4f}")

# --- 9. Generate Predictions, Confusion Matrix, and Examples ---
print("Generating predictions for test set...")
# Predict probabilities for the test set
y_pred_probs = best_model.predict(x_test)
# Convert probabilities to class labels (index of the max value)
y_pred_labels = np.argmax(y_pred_probs, axis=1)
# Convert one-hot test labels back to single-digit labels
y_true_labels = np.argmax(y_test, axis=1)

# --- Plot Confusion Matrix ---
print("Generating confusion matrix...")
cm = confusion_matrix(y_true_labels, y_pred_labels)

plt.figure(figsize=(10, 8))
sns.heatmap(cm, annot=True, fmt='d', cmap='Blues',
            xticklabels=class_names, yticklabels=class_names)
plt.xlabel('Predicted Label')
plt.ylabel('True Label')
plt.title('Confusion Matrix')
plt.savefig('confusion_matrix.png')
plt.show()

# --- Show Prediction Examples ---
print("Generating prediction examples...")
plt.figure(figsize=(10, 10))
for i in range(25):
    plt.subplot(5, 5, i + 1)
    plt.xticks([])
    plt.yticks([])
    plt.grid(False)
    # x_test is already normalized (0-1), which imshow handles
    plt.imshow(x_test[i]) 
    
    pred_label = class_names[y_pred_labels[i]]
    true_label = class_names[y_true_labels[i]]
    
    # Set label color to green for correct, red for incorrect
    color = 'green' if pred_label == true_label else 'red'
    plt.xlabel(f"Pred: {pred_label}\nTrue: {true_label}", color=color)

plt.tight_layout()
plt.savefig('prediction_examples.png')
plt.show()


# --- Plotting Training History (for the report) ---
print("Generating training history plots...")
plt.figure(figsize=(12, 4))

# Plot Training & Validation Accuracy
plt.subplot(1, 2, 1)
plt.plot(history.history['accuracy'], label='Training Accuracy')
plt.plot(history.history['val_accuracy'], label='Validation Accuracy')
plt.title('Model Accuracy')
plt.xlabel('Epoch')
plt.ylabel('Accuracy')
plt.legend(loc='lower right')

# Plot Training & Validation Loss
plt.subplot(1, 2, 2)
plt.plot(history.history['loss'], label='Training Loss')
plt.plot(history.history['val_loss'], label='Validation Loss')
plt.title('Model Loss')
plt.xlabel('Epoch')
plt.ylabel('Loss')
plt.legend(loc='upper right')

plt.suptitle('Model Training History')
plt.savefig('model_history.png')
plt.show()

print("Script complete. All plots saved to disk.")
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