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[bookmark: _Toc156186172]Abstract
This paper explores image classification with machine learning algorithms specifically using the Fashion MNIST dataset which is a commonly used for benchmarking. The two algorithms which will be explored are K-Nearest Neighbours (KNNs) and Decision Trees. The focus is on the methodology, implementation, and effectiveness when classifying complex image data. This paper includes a comparison and analysis of the two algorithms evaluating their precision, recall and F1 scores across three different datasets for each. 
[bookmark: _Toc156186173]Introduction
Within Machine Learning, image classification is one of the most common forms of demonstrating the capabilities of learning and classification algorithms in interpreting and categorising visual data. This report explores two prevalent classification methods: K-Nearest Neighbours (KNN) and Decision Trees. These methods are applied to the MNIST fashion dataset, which features a diverse collection of clothing items in image form and serves as a benchmark for algorithmic performance analysis. The choice of KNN and Decision Trees is motivated by their distinct approaches to classification, offering an insightful contrast in methodology and application. The MNIST dataset, with its unique challenges and diverse image set, provides an ideal context for this comparative study. The report will conduct a literature review, outline a detailed methodology of the developed code, implement the models, and critically evaluate the results. This comparison aims not only to assess the effectiveness of these algorithms in image classification but also to provide a deeper understanding of their operational nuances and potential applications in real-world scenarios.
[bookmark: _Toc156186174]Literature Review
Machine learning within the context of image classification has made substantial leaps in its accuracy and has recently seen use in industry classifying leaks in pipes and within autopilot driving algorithms for self-driving cars. The Fashion MNIST dataset opposed to the regular MNIST dataset provides a more diverse and challenging set of images which can be used for benchmarking machine learning algorithms [1]. The significance in changes lie within the image and metadata composition a variety of clothing, labelled with verified silhouette codes. It can be used for benchmarking in classification algorithms such as the ones evaluated in this paper K-Nearest Neighbours (KNN) and Decision Trees.
Deep learning models such as Convolutional Neural Networks (CNNs) have gained prominence for image classification tasks. CNNs are a class of deep learning designed to process data which are in the format of multiple arrays such as images. CNNs can automatically and adaptively learn spatial hierarchies of features from given input images. CNNs use multiple layers of ‘Convolutions’ with activation functions such as a Rectified Linear Unit (ReLU) or sigmoid. A Sigmoid function is any mathematical function which has an S shaped curve and can be seen in figure 1. 
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[bookmark: _Toc156186209]Figure 1 (Sigmoid Curve)
The CNN layers lead into pooling layers, fully connected layers, and normalisation layers in the respective order. This provides crucial accurate classification by diminishing overfitting and computational load while maintaining essential features [2]. CNN pools can be seen in figure 2.


[bookmark: _Toc156186210]Figure 2 (Convolutional Neural Network Pools)
 Even with continued advancements in deep learning algorithms, more traditional machine learning algorithms such as KNN and Decision Trees are still relevant. K-Nearest Neighbours offer a straightforward approach to classification through their vicinity to a chosen point. Decision Trees provide a clearer rule-based approach to classification. The effectiveness of these algorithms can however be hindered by the high dimensionality of the chosen dataset [3].
Dimensionality reduction can be highly important when applying traditional machine learning models to more complex datasets like Fashion MNIST. In the work of Machine Learning Methods of Modelling and Classification of Fashion-MNIST experiments were conducted to test dimensionality reduction. The two techniques used were Feature Engineering and Principal Component Analysis (PCA). The study concluded that algorithms such as KNN achieve a better performance score when combined with the experimented preprocessing techniques showing the potential of traditional algorithms in complex classification tasks.
CNNs are widely recognised by industry as the best method of image classification reinforced by a study presented at the ISMSIT Conference in 2022. The research once again explored the proficient application of CNNs for image recognition tasks [4]. The studies while show that CNNs excel at image recognition, other algorithms can be used in addition to pre-processing techniques to achieve the same results. Exploration of different machine learning algorithms and preprocessing techniques showcase the dynamic and constantly changing nature of machine learning and research into classification algorithms. Based on the complexity of the dataset certain algorithms may perform more efficiently and accurately and highlights the need for constant innovation in the space. 
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[bookmark: _Toc156186176]Data Preparation
The Fashion-MNIST dataset serves as a more complex benchmarking alternative to the traditional MNIST dataset of handwritten digits. The dataset is comprised of 28x28 pixel greyscale of images of thousands of clothing items categorised into different classes. These classes include:
· T-Shirts
· Trousers
· Jumpers
· Dresses
· Coats
· Sandals
· Shirts
· Trainers
· Bags
· Boots
The two datasets used for this report are a training dataset and a test dataset. The training dataset consists of roughly 60,000 images while the test dataset only has around 10,000. The dataset is in comma delimited format, the first row holds the label, and the remaining columns have pixel values of the images. The label encoding is 0-9 for the classes. 
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Splitting the data divides the dataset into training, validation and testing data. It is crucial for training models tuning parameters and evaluating the model performance for unseen data which wasn’t used for training. 
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The training subset is the largest portion of all the data subsets. It is used to train the algorithm to classify the images, essentially giving the answers which, it can use to make informed decisions on test data. In this example the training data has 60,000 images but 10% of that was segregated to create a validation subset. The model used in this example was trained on 50,000 images.
[bookmark: _Toc156186179]Validation Data
The validation dataset is used to tune the parameters of the model to ensure that issues like overfitting are not prevalent within the model. Overfitting is where the model gives accurate classification on the training data but not on the test data. Meaning too much training data was given for the model. [5]
[bookmark: _Toc156186180]Testing Data
The test subset is kept separate when training and is only used at the end of the process to evaluate the model’s performance representative of new unseen data.
[bookmark: _Toc156186181]Feature Scaling
Feature scaling is a crucial part of the model ensuring that all features contribute equally to the result and advances the convergence speed of gradient based optimisation. Scikit-Learn is a package within python which provides machine learning functions [6]. ‘StandardScaler’ which is a function in Scikit-Learn standardises the features by removing the mean and scaling to unit variance. Standardisation is a common requirement for most machine learning estimators. The scaler was fit to each dataset calculating the mean and standard deviation for each feature ensuring all datasets are all scaled equally. Feature scaling can impact KNN algorithms particularly as it relies on distance calculations and can influence the model.
[bookmark: _Toc156186182]Model Implementation
[bookmark: _Toc156186183]K-Nearest Neighbours
A K-Nearest Neighbour algorithm was chosen for its simplicity and effectiveness in classification. The model classifies data based on how the neighbours are classified. The algorithm will look at the closest positive integer (labelled ‘k’) and assigns the label most common to the new point [7]. The choice of using ‘n_neighbours=5’ balances considering too few and too many neighbours. Too few would make the model too sensitive to noise within the data, opposite to that, too many would make the model consider data points that are too far away leading to data misclassification.  
[bookmark: _Toc156186184]Decision Trees
Decision trees are another type of classification algorithm breaking down data into smaller subsets while incrementally developing a decision tree. The result will be a tree with decision nodes and leaf nodes. The internal nodes represent a “test” on an attribute. Every branch represents the outcome of the test and leaf nodes being class labels. 


[bookmark: _Toc156186211]Figure 3 (Decision Tree Diagram)
In the example algorithm developed for this report the random state variable was set to 42. This ensures that the algorithms output is reproducible. This is due to decision trees potentially being sensitive to the specific dataset on which they are being trained. Setting the random state variable ensures the same output when run multiple times. Decision trees are popular due to their ease of understanding and can mirror human decision making. It allows humans to understand the logic more easily in how the model came to its conclusion.
[bookmark: _Toc156186185]Model Evaluation and Results
Model evaluation is a critical process in any machine learning algorithm development. It determines the effectiveness of the algorithm at making predictions based on the tasks given. Scikit-Learn has a feature called ‘classification_report’ which provides key evaluation metrics:
· Precision: Is a measure of the accuracy of positive predictions
· Recall: Measures how many actual positive values have been correctly identified
· F1-Score: Weighted average of Precision and Recall
The model was evaluated on three the three different datasets, training, validation and test. The training set evaluation shows how well the algorithm has learned from the data. The validation set tunes the model and checks for overfitting of training data. Finally, the test set is a allegory for real world scenarios. 
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[bookmark: _Toc156186212]Figure 4 (K-Nearest Neighbours Training Evaluation)
The high accuracy rating of the training data 90% indicates a good model fit, with notably high position for certain classes such as 1, 5, 8 and 9. Class 6 clearly has the lowest precision and recall and is the weakest of the group.
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[bookmark: _Toc156186213]Figure 5 (K-Nearest Neighbours Validation Evaluation)
A drop in accuracy when it comes to the validation dataset implies potential overfitting from 90% to 86%. The class evaluations have continued into the validation dataset with 6 and 4 continuing to be the weakest of the classes.
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[bookmark: _Toc156186214]Figure 6 (K-Nearest Neighbours Test Evaluation)
The test set is consistent with the validation training set continuing with 86% accuracy. The specific classes also follow the validation evaluation with 4 and 6 being weaker compared to the rest of the classes.
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The K-Nearest Neighbours model shows good generalisability throughout the different datasets. Certain datasets have struggled dipping to a 65% accuracy score, but this is not representative of all the classes. This could be due to an imbalance in the classes or potentially overlapping class boundaries. Potential improvements such as model tuning adjusting the number of neighbours and feature selection could yield better results.
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[bookmark: _Toc156186215]Figure 7 (Decision Trees Training Set)
The performance of the training set on the Decision Tree algorithm has perfect accuracy. 100% for all classes, it has complete precision and recall.
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[bookmark: _Toc156186216]Figure 8 (Decision Trees Validation Set)
There is a significant drop in both accuracy and recall down to 80% when evaluating the validation dataset. This is a heavy indicator of overfitting with classes 4 and 6 showing continuously weak performance same as KNN. Inferring the issue is within the data and not the algorithms.
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[bookmark: _Toc156186217]Figure 9 (Decision Trees Test Set)
Once again, the test and validation sets are similar with around 80% accuracy and classes 4 and 6 showing weaker evaluations.
[bookmark: _Toc156186196]Overall Decision Tree Insights
The Decision Trees evaluations have clearly shown evidence of overfitting from the training data. With the performance drop from 100% to 80% means that it is not generalising well with unseen data. Potential improvements could be limiting its depth or pruning the tree. Random forests could also be a method of reducing overfitting within this algorithm.
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In terms of generalisation the K-Nearest Neighbours algorithm clearly outperforms the Decision Tree method. It has a much more consistent f1 score across all three datasets while Decision Trees has a 20% drop from training to validation and test datasets.
[bookmark: _Toc156186199]Overfitting
The analysis of the evaluations clearly shows that Decision Tree algorithms are susceptible to overfitting from the training data. K-Nearest Neighbours while also having a small drop from training to validation and test datasets it does have a more prevalent overfitting problem.
[bookmark: _Toc156186200]Class Performance
In both algorithm types of classes 4 and 6 showed very weak f1 scores. However, this issue is more prevalent in the decision trees algorithm potentially due to the overfitting issue that was encountered.
[bookmark: _Toc156186201]Model Complexity and Interpretability
Decision Trees are usually more interpretable than K-Nearest Neighbour algorithms as it mimics human decision-making patterns. However, decision trees can be complex if not pruned and when overfitting occurs. If visualised K-Nearest Neighbours can be interpretable but digit outputs can be hard to understand.
[bookmark: _Toc156186202]Summary
Based on the evaluations of the algorithms K-Nearest Neighbours demonstrated a more consistent score and therefore better generalisability with unseen data for real world scenarios. Decision Trees can still be used but would need tuning methods to be applied to achieve the same results and preventing overfitting. 
[bookmark: _Toc156186203]Conclusion
[bookmark: _Toc156186204]The exploration of K-Nearest Neighbours and Decision Trees in this study illuminates the diverse capabilities of machine learning and artificial intelligence in classification tasks. These algorithms, when applied to the Fashion-MNIST dataset, reveal distinct strengths and challenges. KNN showcases robustness in generalizing across different datasets, though it exhibits some limitations in class-specific accuracy. Decision Trees, while achieving high accuracy in training, display a propensity for overfitting, underscoring the importance of precise model tuning for practical applications. This research not only contributes to understanding the effectiveness of these traditional algorithms in complex classification scenarios but also opens avenues for future studies to optimize and expand their utility in real-world applications.
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[bookmark: _Toc156186207]Generating a Sigmoid Curve (Python)
import matplotlib.pyplot as plt
import numpy as np

# Define the sigmoid function
def sigmoid(x):
    return 1 / (1 + np.exp(-x))

# Generate a range of values from -10 to 10
x = np.linspace(-10, 10, 100)

# Apply the sigmoid function to these values
y = sigmoid(x)

# Plot the sigmoid curve
plt.plot(x, y)
plt.title('Sigmoid Curve')
plt.xlabel('x')
plt.ylabel('Sigmoid(x)')
plt.grid(True)
plt.show()
[bookmark: _Toc156186208]K-Nearest Neighbours and Decision Tree Evaluations
import pandas as pd
from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler
from sklearn.neighbors import KNeighborsClassifier
from sklearn.tree import DecisionTreeClassifier
from sklearn.metrics import classification_report

# Load the training dataset
# Replace 'path_to_your_training_dataset.csv' with the actual path to your training dataset
train_data = pd.read_csv(r'E:\UniversityArchive\Documents\ML AI\fashion-mnist_train.csv')

# Load the test dataset
# Replace 'path_to_your_test_dataset.csv' with the actual path to your test dataset
test_data = pd.read_csv(r'E:\UniversityArchive\Documents\ML AI\fashion-mnist_test.csv')

# Split the training data into features and labels
X_train_full = train_data.drop('label', axis=1)
y_train_full = train_data['label']

# Split the test data into features and labels
X_test = test_data.drop('label', axis=1)
y_test = test_data['label']

# Split the training data again into training and validation sets (10% of the training data for validation)
X_train, X_val, y_train, y_val = train_test_split(X_train_full, y_train_full, test_size=0.1, random_state=42)

# Standardize the features
scaler = StandardScaler()
X_train_scaled = scaler.fit_transform(X_train)
X_val_scaled = scaler.transform(X_val)
X_test_scaled = scaler.transform(X_test)

# Function to evaluate and print classification reports for a classifier
def evaluate_classifier(classifier, X_train, y_train, X_val, y_val, X_test, y_test, classifier_name):
    classifier.fit(X_train, y_train)

    # Evaluate on training set
    y_train_pred = classifier.predict(X_train)
    print(f"--- {classifier_name} - Training Set Evaluation ---")
    print(classification_report(y_train, y_train_pred))

    # Evaluate on validation set
    y_val_pred = classifier.predict(X_val)
    print(f"--- {classifier_name} - Validation Set Evaluation ---")
    print(classification_report(y_val, y_val_pred))

    # Evaluate on test set
    y_test_pred = classifier.predict(X_test)
    print(f"--- {classifier_name} - Test Set Evaluation ---")
    print(classification_report(y_test, y_test_pred))

# Implement and evaluate K-Nearest Neighbors Classifier
knn_classifier = KNeighborsClassifier(n_neighbors=5)
evaluate_classifier(knn_classifier, X_train_scaled, y_train, X_val_scaled, y_val, X_test_scaled, y_test, "K-Nearest Neighbors")

# Implement and evaluate Decision Tree Classifier
tree_classifier = DecisionTreeClassifier(random_state=42)
evaluate_classifier(tree_classifier, X_train_scaled, y_train, X_val_scaled, y_val, X_test_scaled, y_test, "Decision Tree")
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--- K-Nearest Neighbors - Training Set Evaluation ---
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--- K-Nearest Neighbors - Validation Set Evaluation ---
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--- K-Nearest Neighbors - Test Set Evaluation ---
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--- Decision Tree - Training Set Evaluation ---
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--- Decision Tree - Validation Set Evaluation ---
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--- Decision Tree - Test Set Evaluation ---
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