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[bookmark: _Toc123321874]Abstract— This report examines two machine learning methods, Random Forest and K Nearest Neighbours (KNN), using the fashion-MNIST dataset of clothing images. Python was used to test these algorithms and the goal was to find out which method works better for classifying images, using measures like accuracy and speed. The results help understand how well these machine learning methods work for image classification.
Keywords— Machine Learning, KNN, Random Forest, Fashion-MNIST
Introduction
Machine learning is key for recognizing patterns in images. This report uses the fashion-MNIST dataset, a collection of clothing images, to test two machine learning methods: Random Forest and K Nearest Neighbours (KNN). The report explains how the dataset was prepared, the methods adjusted for the best results, and then evaluated them using various measures. The aim is to compare the two methods and see which one performs better for classifying these images.
Methods Chosen
The two machine learning methods chosen to classify the fashion-MNIST dataset are Random Forest, and K Nearest Neighbours. The fashion-MNIST dataset is a set of labelled images of clothing and functions as a replacement to the MNIST handwritten dataset (due to the originals simplicity). Python code has been developed to evaluate the two classifiers to identify which one performs better.
Preparing The Data
Normalisation
Before this, normalisation has to take place. This ensures equal feature scaling. Without it, features with large ranges could dominate the learning process. This would tilt the results in one direction, creating bias in the classifier. This in turn will also speed up the performance of the gradient descent performance.
In the instance of the fashion-MNIST dataset, both the train and test data sets were scaled from 0 to 1. As the images in the dataset are 8-bit images and therefore have pixel ranges of 0-255, the values in the dataset were divided by 255.
Data Split
The datasets also have to be split to be analysed correctly. Both the training and testing fashion-MNIST datasets are split into sections of their labels and their features (data). This is so that the labels (the correct answer) can be compared to what the classifiers guess each feature is. The training dataset is then split into three sections – training, testing (not to be confused with the full test dataset), and validation. 25% of the training dataset is given over to be used as testing to see how well the prediction went at the end. 10% of the remaining 75% of the training set is used a validation to help validate the training, with the remaining 67.5% of the dataset used for training.
Best Parameters
In order to find the best parameters of each classifier, two methods were used. 
Random Forest
Random Forest implemented code that first tuned the hyperparameters. A parameter grid was created with the number of trees in the forest set between 100 and 200, the max depth of each tree set between 10 and “none” (an unlimited depth of tree), and the minimum number of samples required to split an internal node between 2 and 5. The values for the number of trees were selected as they appear to be common practise. The max depth value of 10 helps to avoid overfitting, whilst “non” allows the development of understanding as to whether deeper trees lead to better performance. The value of 2 for the number of samples allows for a very large tree split to enable fine data capture. This could lead to overfitting, so 5 is used to find more general patterns (higher values than this may even lead to underfitting). The best parameters found from using this grid search are a max depth of “none”, minimum number of splits of 2, and a number of trees as 200. It then makes a prediction as a quick test of these parameters.
K Nearest Neighbours
Cross-validation is used to find the best value of K, for the K nearest Neighbours classifier. The code checks the different values of K from 1 to 9 to find which is the best fit. The training dataset is split into five parts, with one section as the testing set and the other four as the training. After all five parts have been scored, an average is taken which gives the accuracy of the specific value of K that is currently being looked at (1 to 9). If the average accuracy is better than the previous one, that current value of K is considered “better” than the last. This means that after the code has completed, the best value of K (from 1 to 9) is found – with the result being K = 4. 
Comparison
After the ideal parameters for each classifier were found, the code continues on to properly classify the instances of the fashion-MNIST dataset. The final results of Random Forest and K Nearest Neighbours are as follows.
Table 1 – Random Forest



	Label
	Precision
	Recall
	F1-Score
	Support

	T-shirt/top
	0.801
	0.856
	0.827
	1000

	Trouser
	0.987
	0.971
	0.979
	1000

	Pullover
	0.791
	0.803
	0.797
	1000

	Dress
	0.889
	0.918
	0.903
	1000

	Coat
	0.796
	0.857
	0.826
	1000

	Sandal
	0.968
	0.941
	0.954
	1000

	Shirt
	0.734
	0.586
	0.652
	1000

	Sneaker
	0.920
	0.926
	0.923
	1000

	Bag
	0.949
	0.976
	0.963
	1000

	Ankle boot
	0.934
	0.951
	0.943
	1000

	

	accuracy
	
	
	0.878
	10000

	Macro Avg
	0.877
	0.879
	0.877
	10000

	Weighted Avg
	0.877
	0.878
	0.877
	10000



Table 2 – K Nearest Neighbours


	Label
	Precision
	Recall
	F1-Score
	Support

	T-shirt/top
	0.736
	0.883
	0.803
	1000

	Trouser
	0.983
	0.971
	0.977
	1000

	Pullover
	0.724
	0.815
	0.767
	1000

	Dress
	0.910
	0.879
	0.894
	1000

	Coat
	0.801
	0.777
	0.789
	1000

	Sandal
	0.987
	0.836
	0.905
	1000

	Shirt
	0.690
	0.540
	0.606
	1000

	Sneaker
	0.873
	0.955
	0.912
	1000

	Bag
	0.978
	0.947
	0.962
	1000

	Ankle boot
	0.902
	0.956
	0.928
	1000

	

	Accuracy
	
	
	0.856
	10000

	Macro Avg
	0.858
	0.856
	0.854
	10000

	Weighted Avg
	0.858
	0.856
	0.854
	10000




0. Data Of Note
Alongside the percentage difference produced, it’s also worth noting the highest and lowest values for precision, recall, F1-Score, and support, in both tables.
Precision
Notably, both classifiers had the most problem identifying shirts out of all of the labels (though Random Forest does slightly better). The highest precision in KNN is for sandals, and the highest for Random Forest is trousers.
Recall
Again, both classifiers have shirts as being the least recognisable in the dataset, with trousers this time being the more accurate for KNN, and bags for Random Forest.
F1-Score
To no surprise, shirts proved least accurate for both classifiers, but trousers were most accurately evaluated in both.
Accuracy
From table 1 you can see that Random Forest produces an accuracy score of 0.878 (87.8%), while in table 2, the accuracy score of K Nearest Neighbours is that of 0.856 (85.6%). That’s an accuracy difference of 0.023 (2.606%).
Time
There was a drastic difference in the time it took for both of these classifiers to produce results. These values do not include the time it takes to determine which parameters are best, as these only need to be run once for the classifier to be useable. If the dataset changed slightly (but still kept the same style of images), the parameters would not need to be re-determined. Random Forest took 114.76 seconds to run its train and test code. K Nearest Neighbours took 11.52 seconds – a difference of 103 seconds. This is a drastic difference in computation time – Random Forest is 164% slower than KNN. 
Literature Comparison
Four sources were found that used K Nearest Neighbours and/or Random Forest to analyse the fashion-MNIST dataset:
(Sources have been reduced to an acronym for the sake of the table)




	Source
	KNN (%)
	Random Forest (%)

	ANS-CODUK-IC [1]
	85.77
	-

	OS-KNNC [2]
	84.97
	-

	CGFMDT-CNNs [3]
	85.40
	87.30

	CMIC-MFMNIST [4]
	85.40
	87.30

	This Report
	85.60
	87.80



In comparison to the results found in this report, the created classifier for Random Forest has a slightly higher accuracy rating than on average (though is close enough to be called average). Additionally, the K Nearest Neighbours accuracy falls within the values sourced (if at the very slightly higher end), resulting in another average value. This is a positive output which shows that the code classifiers created match up with the data that already exists in the rest of the world.
Time
Timewise, it’s a different story. Not many academic sources include the time that it takes their classifiers to analyse the fashion-MNIST dataset. The values that were found are as follows:


	Source
	KNN (s)
	Random Forest (s)

	ANS-CODUK-IC [1]
	1240.28
	-

	OS-KNNC [2]
	684
	-

	This Report
	11.52
	114.76




The times found in reports are drastically longer than the time produced in this report. This may be due to several reasons, primarily because the detailed steps in creating their KNN classifiers, which could affect the time taken, are not sufficiently described. This report has only used the time taken to run the test and train code, whereas, based on the numbers provided, it is likely that the other sources included their parameter evaluation in the total time. However, the time they take is still vastly more than the time taken here when the parameter evaluation is included – this would total to around 219.15 seconds. The other possible reason for such a time difference, is that of hardware differences. The machine used to run this report’s classifier is quite high-end (which would produce much quicker results). It is therefore possible that the classifiers from the sources have a much longer computation time due to the hardware specifications of the machines they’re using.
Acronym Table



	Acronym
	Full Name

	ANS-CODUK-IC
	A Novel Solution to the Curse of Dimensionality in Using KNNs for Image Classification [1]

	OS-KNNC
	Optimization Strategies for the k‑Nearest Neighbor Classifier [2]

	CGFMDT-CNNs
	Classifying Garments from Fashion-MNIST Dataset Through CNNs [3]

	CMIC-MFMNIST
	CNN Model for Image Classification on MNIST
and Fashion-MNIST Dataset [4]




The difference in the performance of K Nearest Neighbours and Random Forest is likely due to the fact that KNN performs much better than Random Forest does on small datasets. This is because K Nearest Neighbours is a lazy learning algorithm [5].
Conclusion
The comparison between Random Forest and K Nearest Neighbours on the fashion-MNIST dataset revealed interesting results. Random Forest was slightly more accurate than KNN but took much longer to process the images. KNN was faster, making it a more efficient choice for image classification tasks. These findings show the trade-offs between accuracy and speed in machine learning methods. This research helps us understand better how to use these methods for image classification.

Code Demonstration
https://youtu.be/y3MIGYjajRo
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Appendix
Code


# Imports
import pandas as pd
import numpy as np
import time

from sklearn.ensemble import RandomForestClassifier
from sklearn.model_selection import train_test_split, GridSearchCV, cross_val_score
from sklearn import metrics
from sklearn import neighbors

# Define label names for the Fashion-MNIST dataset
label_names = ['T-shirt/top', 'Trouser', 'Pullover', 'Dress', 'Coat', 
               'Sandal', 'Shirt', 'Sneaker', 'Bag', 'Ankle boot']

print("Imports completed")

# Load the train dataset from the CSV file
trainDataSet = pd.read_csv('C:/Users/James/Documents/Assignment/fashion-mnist_train.csv')
print("Train loaded")

# Load the test dataset from the CSV file
testDataSet = pd.read_csv('C:/Users/James/Documents/Assignment/fashion-mnist_test.csv')
print("Test loaded")

# Basic Exploration
print("Training Dataset Shape:", trainDataSet.shape)
print("Test Dataset Shape:", testDataSet.shape)

# Display the first few rows of the dataset
print(trainDataSet.head())

# Normalize the feature data
trainFeatures = trainDataSet.drop(trainDataSet.columns[0], axis=1) / 255.0
testFeatures = testDataSet.drop(testDataSet.columns[0], axis=1) / 255.0
trainLabels = trainDataSet.iloc[:, 0]
testLabels = testDataSet.iloc[:, 0]

# Visualize the first image in the dataset
import matplotlib.pyplot as plt
plt.imshow(trainFeatures.iloc[0].values.reshape(28,28), cmap='gray')
plt.title(f"Label: {trainLabels[0]}")
plt.show()

# Separate the train dataset into features and labels
trainLabels = trainDataSet.iloc[:, 0].to_numpy()
trainFeatures = trainDataSet.drop(trainDataSet.columns[0], axis=1).to_numpy()

# Separate the test dataset into features and labels
testLabels = testDataSet.iloc[:, 0].to_numpy()
testFeatures = testDataSet.drop(testDataSet.columns[0], axis=1).to_numpy()

# Split the data into training, testing, and validation sets
(trainData, testData, trainLabels, testLabelsFromSplit) = train_test_split(trainFeatures, trainLabels, test_size=0.25, random_state=42)
(trainData, valData, trainLabels, valLabels) = train_test_split(trainData, trainLabels, test_size=0.1, random_state=84)

print("Split complete\n")

print("Starting Forest Parameter Selection...\n")
forest_param_time_total = time.time()

# Define the parameter grid
param_grid = {
    'n_estimators': [100, 200],
    'max_depth': [10, None],
    'min_samples_split': [2, 5]
}

# Initialize the Random Forest Classifier
rnd_clf = RandomForestClassifier(random_state=42)

# GridSearch
print("Starting GridSearchCV...")
grid_search = GridSearchCV(estimator=rnd_clf, param_grid=param_grid, cv=2, n_jobs=-1, verbose=2)
grid_search.fit(trainData, trainLabels)
print("GridSearchCV completed.")

# Best parameters
best_params = grid_search.best_params_
print("Best parameters found: ", best_params)

# Store the best parameters in variables
best_n_estimators = best_params['n_estimators']
best_max_depth = best_params['max_depth']
best_min_samples_split = best_params['min_samples_split']

# Evaluate the model on the validation set
print("Evaluating the model on the validation set...")
y_pred_val_rf = grid_search.predict(valData)
print("Evaluation completed.")

# Print the confusion matrix and classification report
print("Confusion Matrix for Random Forest on Validation Set:")
print(metrics.confusion_matrix(valLabels, y_pred_val_rf))
print("Classification Report for Random Forest on Validation Set:")
print(metrics.classification_report(valLabels, y_pred_val_rf, target_names=label_names, digits=3))

# Calculate the total runtime
total_time = time.time() - forest_param_time_total
print(f"Total time for the grid search process: {total_time:.2f} seconds")


print("Starting the process...")

# Initialize the Random Forest Classifier with the best parameters
print("Initializing the Random Forest Classifier with the optimized parameters...")
start_time_forest = time.time()
rnd_clf = RandomForestClassifier(n_estimators=best_n_estimators, 
                                 max_depth=best_max_depth, 
                                 min_samples_split=best_min_samples_split, 
                                 random_state=42)

# Train the Random Forest Classifier on the training data
print("\nTraining the Random Forest model...")
rnd_clf.fit(trainData, trainLabels)
print("Model training completed.\n")

# Evaluate the model on the validation set
print("Evaluating the model on the validation set...")
y_pred_val_rf = rnd_clf.predict(valData)
print("Validation set evaluation completed.\n")

# Print the confusion matrix and classification report for the validation set
print("Confusion Matrix for Random Forest on Validation Set:")
print(metrics.confusion_matrix(valLabels, y_pred_val_rf))
print("\nClassification Report for Random Forest on Validation Set:")
print(metrics.classification_report(valLabels, y_pred_val_rf, target_names=label_names, digits=3))


# Predict on the test data from testDataSet
print("\nEvaluating the model on the test set...")
y_pred_rf = rnd_clf.predict(testFeatures)
print("Test set evaluation completed.\n")

# Print the confusion matrix and classification report for the test set from testDataSet
print("Confusion Matrix for Random Forest on Test Set:")
print(metrics.confusion_matrix(testLabels, y_pred_rf))
print("\nClassification Report for Random Forest on Test Set:")
print(metrics.classification_report(testLabels, y_pred_rf, target_names=label_names, digits=3))

# Print the total runtime
forest_time = time.time() - start_time_forest
print(f"\nTotal time for the random forest process: {forest_time:.2f} seconds")

# Finding the best 'k' value for KNN using cross-validation
print("Cross-validation to find the best k value for KNN:")
start_time_cv = time.time()
best_k = 1
best_score = 0

# Loop over a range of k values to determine the best one
for k in range(1, 10):
    # Initialize a new KNN model with the current k value
    model = neighbors.KNeighborsClassifier(n_neighbors=k)
    
    # Perform cross-validation and calculate the mean score
    scores = cross_val_score(model, trainData, trainLabels, cv=5, scoring='accuracy')
    average_accuracy = np.mean(scores)
    
    # Update the best k value if the current k is better
    if average_accuracy > best_score:
        best_k = k
        best_score = average_accuracy
        print(f"New best k found: k={k} with average accuracy: {average_accuracy:.3f}")

# Print the best k value after cross-validation
print(f"\nBest k value found: {best_k} with an average accuracy of {best_score:.3f}\n")
print(f"Cross-validation time: {time.time() - start_time_cv:.2f} seconds\n")

# Start timing the training process
k_time_training = time.time()

# Training the KNN classifier
print(f"Training K-Neighbors Classifier with k={best_k}...")
model = neighbors.KNeighborsClassifier(n_neighbors=best_k)
model.fit(trainData, trainLabels)
print("Training completed.\n")

# Evaluating the model on the validation set
print("Evaluating the model on the validation set...")
y_pred_val = model.predict(valData)
print("Validation set evaluation completed.\n")

# Printing confusion matrix and classification report for the validation set
print("Confusion Matrix for KNN on Validation Set:")
print(metrics.confusion_matrix(valLabels, y_pred_val))
print("Classification Report for KNN on Validation Set:")
print(metrics.classification_report(valLabels, y_pred_val, target_names=label_names, digits=3))

# Evaluating the model on the test set (using testData and testLabelsFromSplit)
print("Evaluating the model on the test set...")
y_pred_knn = model.predict(testFeatures)
print("Test set evaluation completed.\n")

# Printing confusion matrix and classification report for the test set
print("Confusion Matrix for KNN on Test Set:")
print(metrics.confusion_matrix(testLabels, y_pred_knn))
print("Classification Report for KNN on Test Set:")
print(metrics.classification_report(testLabels, y_pred_knn, target_names=label_names, digits=3))

# End timing after evaluation
k_time_testing = time.time() - k_time_training

# Print the total time for training and testing
print(f"\nTotal time for training and testing KNN: {k_time_testing:.2f} seconds")

import matplotlib.pyplot as plt
import seaborn as sns
from sklearn.metrics import accuracy_score, confusion_matrix

# Accuracy Analysis
accuracy_rf = accuracy_score(testLabels, y_pred_rf)
accuracy_knn = accuracy_score(testLabels, y_pred_knn)

print(f"Random Forest Accuracy: {accuracy_rf:.3f}")
print(f"KNN Accuracy: {accuracy_knn:.3f}")

# Confusion Matrix Visualization
def plot_confusion_matrix(cm, title):
    plt.figure(figsize=(10, 7))
    sns.heatmap(cm, annot=True, fmt='d', cmap='Blues')
    plt.title(title)
    plt.ylabel('Actual Labels')
    plt.xlabel('Predicted Labels')
    plt.show()

cm_rf = confusion_matrix(testLabels, y_pred_rf)
cm_knn = confusion_matrix(testLabels, y_pred_knn)

plot_confusion_matrix(cm_rf, "Random Forest Confusion Matrix")
plot_confusion_matrix(cm_knn, "KNN Confusion Matrix")

accuracies = {'Random Forest': accuracy_rf, 'KNN': accuracy_knn}

# Create bar chart
plt.figure(figsize=(8, 5))
bar_plot = sns.barplot(x=list(accuracies.keys()), y=list(accuracies.values()))

plt.title('Model Accuracy Comparison')
plt.ylabel('Accuracy')
plt.xlabel('Model')
plt.ylim(0, 1)  # Set y-axis range to be between 0 and 1

# Add the text labels for each bar
for p in bar_plot.patches:
    bar_plot.annotate(format(p.get_height(), '.3f'), 
                      (p.get_x() + p.get_width() / 2., p.get_height()), 
                      ha = 'center', va = 'center', 
                      xytext = (0, 10), 
                      textcoords = 'offset points')

plt.show()

# Calculating the difference
bigger_accuracy = max(accuracy_rf, accuracy_knn)
smaller_accuracy = min(accuracy_rf, accuracy_knn)

accuracy_difference = round(bigger_accuracy - smaller_accuracy, 3)
accuracy_percentage_difference = abs(bigger_accuracy - smaller_accuracy) / ((bigger_accuracy + smaller_accuracy) / 2) * 100

np.round(accuracy_percentage_difference, 3)

print("Raw accuracy difference:", accuracy_difference)
print(f"Percentage accuracy difference: {np.round(accuracy_percentage_difference, 3)}%")

times = {'Random Forest': forest_time, 'KNN': k_time_testing}

# Create bar chart
plt.figure(figsize=(8, 5))
bar_plot = sns.barplot(x=list(times.keys()), y=list(times.values()))

plt.title('Model Accuracy Comparison')
plt.ylabel('Time (s)')
plt.xlabel('Model')
plt.ylim(0, 150)  # Set y-axis range to be between 0 and 150

# Add the text labels for each bar
for p in bar_plot.patches:
    bar_plot.annotate(format(p.get_height(), '.2f'), 
                      (p.get_x() + p.get_width() / 2., p.get_height()), 
                      ha = 'center', va = 'center', 
                      xytext = (0, 10), 
                      textcoords = 'offset points')

plt.show()

bigger_time = max(k_time_testing, forest_time)
smaller_time = min(k_time_testing, forest_time)

time_difference = round(bigger_time - smaller_time)
time_percentage_difference = abs(bigger_time - smaller_time) / ((bigger_time + smaller_time) / 2) * 100

print(f"Raw time difference: {time_difference}s")
print(f"Percentage accuracy difference: {int(np.round(time_percentage_difference, 0))}%")
