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[bookmark: _Toc156148032]Abstract
This report presents a comparative analysis of two machine learning algorithms, namely the Random Forest and the Support Vector Machine (SVM), with a focus on image classification using the MNIST fashion dataset. The study involves optimizing model parameters, evaluating their performance, and exploring the effectiveness of each algorithm. The report also delves into related literature. The methodology section details the process of parameter tuning for both models, emphasizing the grid search approach, and identifying optimal configurations. For both Classifiers, the report discusses the chosen parameters and their impact on the model's performance, as revealed through the confusion matrix and classification report. Attention is drawn to the strengths and weaknesses of the model across different classes, emphasizing the importance of precision, recall, and F1-score metrics. The discussions section critically evaluates the performance of both algorithms, considering accuracy, F1-scores, precision, and recall. The SVM emerges as the superior choice, demonstrating higher accuracy and more consistent performance across different classes. The conclusion reinforces the findings, asserting the superiority of the Support Vector Machine for image classification tasks.
This report provides a comprehensive exploration of machine learning algorithms in the context of image classification, offering insights into their strengths, weaknesses, and comparative performance. The findings contribute to the understanding of algorithm selection for specific tasks, with relevance for practitioners and researchers in the field of machine learning.


[bookmark: _Toc156148033]Introduction
This report aims to compare the effectiveness of two machine learning algorithms: the Random Forest, and the Support Vector Machine. Firstly, the optimal parameters will be determined and examined, and then the algorithms will be extensively evaluated and compared using relevant metrics.

[bookmark: _Toc156148034]Related Works 
Machine learning is a widely explored field of software development and thus there is a lot of available literature. Image classification is an application of machine learning that aims to train an algorithm to receive an image as data, and sort it into a one of several classes.
A research paper written in 2021 by Tarigan et al looked at how to implement a development environment for image classification in machine learning using jupyter and python. It then went over an example of image classification using a machine learning algorithm.[1] This has great relevance to the methodology section of this report as a similar development environment is used.
A 2020 paper by Chao-Yu Guo and Yu-Chin Chou examined SVMs and in particular their use in model selection. The paper stated that SVM is a powerful machine learning algorithm for image classification and examined the effectiveness of different approaches to SVM, the examination of the SVM as a ML algorithm is relevant to the evaluation of the ML algorithms this report seeks to compare.[2]
Rodriquez-Galiano et al (2012) explored the effectiveness of random forest classifiers for land-cover classification. The paper found the algorithm to be immensely useful, with accuracy increasing as the number of trees (estimators) increases.[3]
In 2018 Phan and Kappas’ research paper sought to compare Random forest, K-nearest neighbours and support vector machine classifiers. It compared how they performed for Land Cover Classification using Sentinel-2 imagery. The study found that all of the image classification algorithms had very high accuracy scores, with the support vector machine being the most accurate. [4]



[bookmark: _Toc156148035]Methodology 
A machine learning algorithm is an algorithm that is trained on data to produce outputs. In supervised learning a machine learning algorithm is taught using a labelled dataset with predefined classes, and pairs of inputs and outputs and then trained to classify new data into one of those classes.
When developing a ML algorithm, the dataset must first be pre-processed, split into training, testing and evaluation sets that can then be used to train and test the ML algorithm. Two examples of classifiers are the Random Forest Classifier or RF and the Support Vector Machine Classifier or SVM.
For the purposes of training these algorithms the dataset was split into a training set, a testing set, and an evaluation subset for tuning the parameters.[5]
[bookmark: _Toc156148036]Parameter Tuning
To optimize the two Algorithms’ performances, a grid search was conducted on each to identify the ideal set of hyperparameters this gridsearch used the evaluation subset of the data.
[bookmark: _Toc156148037]Random Forest Classifier
The following parameters were tested:

Max Depth: [None, 10, 20]
Max Features: [1, 'sqrt', 'log2']
Min Samples Leaf: [1, 2, 4]
Min Samples Split: [2, 5, 10]
N Estimators: [50, 100, 200]
After evaluating 729 combinations across the gridsearch, the best parameters were determined as follows:

Max Depth: None
Max Features: sqrt
Min Samples Leaf: 2
Min Samples Split: 2
N Estimators: 200
[bookmark: _Toc156148038]Support Vector Machine (SVM)
The following parameters were tested:

C: [0.1, 1, 10, 100]
Gamma: ['scale', 'auto', 0.1, 1]
Kernel: ['linear', 'rbf', 'poly']
After testing 144 combinations using another grid search, the optimal parameters were identified as:

C: 10
Gamma: scale
Kernel: rbf
[bookmark: _Toc156148039]Parameter Analysis
The Random Forest Classifier's optimal configuration suggests that the model benefits from a larger number of estimators (trees in the forest) with no specified maximum depth. The use of square root features and minimal leaf samples and splits contributes to achieving the best performance. The number of trees (estimators) being higher increasing the performance of the model is in line with what studies have shown. Using more trees than the model requires does not necessarily decrease the effectiveness of the model, but it may use up more computational power than is ideal.
For the Support Vector Machine, a moderate regularization parameter (C=10) and a radial basis function (rbf) kernel with a scale factor for gamma yielded the highest accuracy. This indicates that the SVM model is sensitive to the choice of hyperparameters, with the specified configuration proving most effective. This is in line with literature on the topic of machine learning.[4]
These parameters were then used for the algorithm which was fitted with the training subset and tested and evaluated using the testing subset.
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[bookmark: _Toc156148041]Evaluating the Two Models
Both algorithms were tested using the MNIST fashion dataset in order to evaluate their effectiveness, the models’ performances were measured using confusion matrices and suitable metrics such as accuracy, precision and the f1 score. 
[bookmark: _Toc156148042]Random Forest
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Figure 1 RF Confusion Matrix
This confusion matrix shows how many instances were classified correctly, also giving us insights into misclassifications that occurred. These values are shown in the following table.
	Class
	True Positives
	False Positives
	False Negatives

	0
	1208
	244
	186

	1
	1351
	9
	48

	2
	1153
	241
	254

	3
	1328
	83
	142

	4
	1155
	171
	196

	5
	1382
	37
	117

	6
	844
	563
	353

	7
	1289
	90
	70

	8
	1308
	58
	34

	9
	1373
	69
	61



Based on this information the class the model is worst at classifying is “class 6” as is highlighted on the confusion matrix in [figure 1] and since “class 5” has the highest number of true positives and a relatively low number of false positives it is reasonable to assume that is the class the model is best at classifying.
[bookmark: _Toc156148044]Classification Report
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Figure 2 RF classification report
This classification report details the precision, recall, f1 score and support of the model’s classifications for each class. Precision is a measure of how many instances predicted as a certain class were that class, telling us how often the model made a correct prediction. Recall is a measure of how many instances of a certain class were correctly predicted out of the total instances of that class. Recall tells us more about how the model deals with a class in isolation and precision tells us more about how the model does classifying datapoints as that class correctly. A high precision score with a low recall score would for instance indicate that a model was often producing false positives. The f1 score is the harmonic mean of these two values and provides a balance between precision and recall that is useful in analysis.
This classification report shows that the class the model could identify best was “class 1”. This class had a precision of 0.99 and a recall of 0.96, which lead to an fscore of 0.98. This is an unexpected result as from the confusion matrix it looked like “class 5” may have been what the model was best at classifying. This is likely due to the very low number of false positives exhibited by “class 1”. This highlights the value of exploring data further and calculating metrics like the ones used here.  
Whilst the model could be considered quite adept given it has an accuracy of 89%, the fact that the model is so poorly suited to classifying “class 6” is reason for concern. The fscore of “class 6” is just 0.66, which is considerably lower than the fscores for the other classes.

[bookmark: _Toc156148045]Support Vector Machine
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Figure 3 SVM confusion matrix
This confusion matrix shows the number of instances of each class that were classified correctly, as well as providing additional information on the number of false positives and negatives of each class.
	Class
	True Positives
	False Positives
	False Negatives

	0
	1200
	202
	194

	1
	1376
	13
	26

	2
	1192
	250
	215

	3
	1337
	179
	112

	4
	1145
	215
	212

	5
	1402
	28
	47

	6
	1005
	317
	405

	7
	1321
	80
	38

	8
	1313
	31
	29

	9
	1377
	34
	57



Based on the information shown in the confusion matrix, the class the model is worst at classifying is class 6. The class it is best at classifying is likely to be class 1, this is because class one had a remarkably low rate of both false positives and false negatives.
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Figure 4 SVM Classification report

This classification report further reinforces the information provided by the confusion matrix, detailing the precision, recall and fscore as well as the support. 
The classification report backs up the idea that the model is most suited to classifying “class 1” as that is the class with the highest fscore. The other classes all tend towards high fscores, aside from “class 6” which has an fscore of 0.71, while this is not a worryingly low fscore, it is considerably lower than the other classes. 
The information provided in this classification report strengthens the idea that this model is a suitable one for this task.
[bookmark: _Toc156148048]Analysis of findings
The two algorithms were used evaluated using the MNIST fashion dataset to determine their performance. A set of metrics for evaluating the algorithms was then procured.
Accuracy: Both the RF and SVM were accurate in their evaluation of the MNIST dataset, it is fair to say that neither algorithm was completely unsuited. The SVM classified images with an accuracy of 90% while the RF classified with an Accuracy of 89%. These accuracy levels are both quite high and indicate models that are adept at classifying images in the dataset. However, the SVM did reproducibly make classifications with a slightly higher accuracy it is more accurate.
Fscore: The fscores of the classes when classified by the two algorithms do differ markedly. The SVM produced much better fscores across the board. For instance, the best class across both was “class 1”, the SVM produced a fscore of 0.99 for this class, whereas the RF produced a value of 0.98. This may seem like a minor difference, but it is exacerbated by the same fscore superiority being seen across all classes. A particularly notable example is the worst class from both models, “class 6” which had an fscore of 0.74 with the SVM classifier but only 0.66 when the RF classifier was used. A substantial difference of 8%.
The two values that are used to determine the fscore should also be included in this comparison. The precision of the SVM was on average higher than the precision of the RF. Meaning we expect that when the SVM classifies an image it is on average more likely to be classified correctly the precision for the SVM ranged from 0.76 to 0.99, whereas the range for the precision of the RF was 0.73 to 0.97. This is an indication that the SVM is far more precise as an algorithm and once again highlights how much better the SVM algorithm deals with “class 6”. The SVM was more precise when classifying images into all of the classes. The recall values of the two algorithms were much closer together than the accuracy values. The SVM outperformed the RF in terms of recall in most classes, although for this metric there were one or two classes where the recall was better for RF. This could indicate that the SVM is slightly more prone to false negatives, while the RF may be slightly more prone to false positives. Given the other information provided by these metrics, it is likely that across one or two classes the RF algorithm is more likely to produce a false positive, given the lower precision score and higher recall score. The SVM is likely not doing worse by having lower recall values in these classes, it may be producing more false negatives, but proportionally it is still correct more of the time when compared to the RF.
Confusion matrix information: The confusion matrices generated for both classifiers provide valuable insights into how they function. The number of true positives in the classes evaluated by the SVM was higher on average than the RF. It is worth noting the number of true positives in “class 6”. The SVM produced 1005 true positives and the RF produced only 844, a significantly lower number. Naturally given less true positives were shown there were also more false positives and false negatives in “class 6”. 
At face value and based off their accuracy alone the two models appear to be quite similar in their performance. However, upon examining the data it becomes abundantly clear that for the role of image classification the Support Vector Machine is the superior algorithm. Its performance was better in every metric that was tested in, with a significant margin between how the SVM performs at its worst and how the RF performs at its worst. This is inline with the results of the literature that was examined [4] [2], wherein SVM was shown to be significantly more effective, as it was here.

[bookmark: _Toc156148049]Conclusion
To conclude, not only does the SVM classifier perform better than the RF classifier across the board, but it also performs even better again when dealing with areas of the dataset that are difficult to classify. After an extensive evaluation of the two algorithms, for image classification a Support Vector Machine is the superior choice. While further studies to examine the effectiveness compared to other algorithms may be needed, SVM may well be the best choice for an image classification algorithm in general.
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import numpy as np
import matplotlib.pyplot as plt
from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler
from sklearn.metrics import confusion_matrix, classification_report, accuracy_score
from sklearn.model_selection import GridSearchCV
from sklearn.ensemble import RandomForestClassifier
from sklearn.svm import SVC
from sklearn.datasets import fetch_openml
import seaborn as sns

# Load the MNIST fashion dataset
mnist = fetch_openml('Fashion-MNIST', version=1, cache=True)

# Subset size
subset_size = 2500  

# Take a random subset of the data
subset_indices = np.random.choice(len(mnist.data), size=subset_size, replace=False)
a_subset = mnist.data.iloc[subset_indices].values
b_subset = mnist.target.iloc[subset_indices].values.astype(int)

# Normalize the pixel values to be between 0 and 1
X = mnist.data / 255.0
y = mnist.target.astype(int)

# Split the data into training and testing sets
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)

# Normalize the pixel values to be between 0 and 1
a_subset = a_subset / 255.0

# Split the evaluation data into training and testing sets
a_train, a_test, b_train, b_test = train_test_split(a_subset, b_subset, test_size=0.2, random_state=42)

# Define the parameter grid
param_grid_rf = {
    'n_estimators': [50, 100, 200],
    'max_depth': [None, 10, 20],
    'min_samples_split': [2, 5, 10],
    'min_samples_leaf': [1, 2, 4],
    'max_features': [1, 'sqrt', 'log2']
}

# Initialize the Random Forest Classifier
rf_classifier = RandomForestClassifier()

# Initialize GridSearchCV
grid_search_rf = GridSearchCV(estimator=rf_classifier, param_grid=param_grid_rf, cv=3, n_jobs=-1, verbose=4)

# Fit the model
grid_search_rf.fit(a_train, b_train)

# Get the best parameters
best_params_rf = grid_search_rf.best_params_
print("Best Parameters for RF:", best_params_rf)

# Define the parameter grid
param_grid_svm = {
    'C': [0.1, 1, 10, 100],
    'kernel': ['linear', 'rbf', 'poly'],
    'gamma': ['scale', 'auto', 0.1, 1]
}

# Initialize the Support Vector Machine Classifier
svm_classifier = SVC()

# Initialize GridSearchCV
grid_search_svm = GridSearchCV(estimator=svm_classifier, param_grid=param_grid_svm, cv=3, n_jobs=-1, verbose=4)

# Fit the model
grid_search_svm.fit(a_train, b_train)

# Get the best parameters
best_params_svm = grid_search_svm.best_params_
print("Best Parameters for SVM:", best_params_svm)

# Initialize and train the Random Forest Classifier
best_rf_classifier = RandomForestClassifier(**best_params_rf)
best_rf_classifier.fit(X_train, y_train)

# Predictions on the test set
best_rf_predictions = best_rf_classifier.predict(X_test)

# Evaluate the performance
print("Random Forest Classifier:")
print("Accuracy:", accuracy_score(y_test, best_rf_predictions))
print("Confusion Matrix:\n", confusion_matrix(y_test, best_rf_predictions))
print("Classification Report:\n", classification_report(y_test, best_rf_predictions))

# Initialize and train the Support Vector Machine Classifier
best_svm_classifier = SVC(**best_params_svm)

best_svm_classifier.fit(X_train, y_train)

# Predictions on the test set
best_svm_predictions = best_svm_classifier.predict(X_test)

# Evaluate the performance
print("Support Vector Machine Classifier:")
print("Accuracy:", accuracy_score(y_test, best_svm_predictions))
print("Confusion Matrix:\n", confusion_matrix(y_test, best_svm_predictions))
print("Classification Report:\n", classification_report(y_test, best_svm_predictions))

# Function to plot confusion matrix
def plot_confusion_matrix(y_true, y_pred, classes, title):
    cm = confusion_matrix(y_true, y_pred)
    plt.figure(figsize=(8, 6))
    sns.heatmap(cm, annot=True, fmt="d", cmap="Blues", xticklabels=classes, yticklabels=classes)
    plt.title(title)
    plt.xlabel('Predicted')
    plt.ylabel('Actual')
    plt.show()

# Use the function for both classifiers
plot_confusion_matrix(y_test, best_rf_predictions, classes=np.unique(y), title='Random Forest Confusion Matrix')
plot_confusion_matrix(y_test, best_svm_predictions, classes=np.unique(y), title='SVM Confusion Matrix')
# Function to plot confusion matrix
def plot_classification_report(y_true, y_pred, title):
    # Generate classification report
    report = classification_report(y_true, y_pred, output_dict=True)

    # Ensure classes are sorted numerically
    classes = sorted([int(cls) for cls in report.keys() if cls.isnumeric()])
    
    # Convert the classification report dictionary to a NumPy array
    report_np = np.array([[report[str(cls)][metric] for metric in report[str(cls)]] for cls in classes])
    
    # Plot the heatmap
    plt.figure(figsize=(8, 6))
    sns.heatmap(report_np, annot=True, cmap="Blues", xticklabels=['precision', 'recall', 'f1-score', 'support'])
    
    plt.title(title)
    plt.show()

# Use the function for both Classifiers
plot_classification_report(y_test, best_rf_predictions, title='Random Forest Classification Report')
plot_classification_report(y_test, best_svm_predictions, title='Support Vector Machine Classification Report')
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