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styles and complex data. This study applies and evaluates two

Keywords supervised learning algorithms, k-Nearest Neighbours (kNN) and
Letter Recognition, k-Nearest Random Forest, on the Extended Modified National Institute of
Neighbours , Random Forest, Standards and Technology (EMNIST) Letters dataset, comprising
EMNIST Dataset, Performance 124,800 training samples and 20,800 testing samples of uppercase and
Evaluation lowercase letters. Our goal is to determine the optimal

hyperparameters for both algorithms, namely k for kNN, and the
number of trees and tree depth for Random Forest. For kNN, the
optimal number of neighbours is k =5, achieving an accuracy of
85.33%. For Random Forest, the optimal hyperparameters include a
tree depth of 14, a minimum sample split of 2, and 29 trees, yielding an
accuracy of 81.84%. Our results show that by selecting the optimal
hyperparameters for both algorithms, kNN outperforms Random
Forest in terms of accuracy.

1. Introduction

Machine Learning (ML), a subfield of Artificial Intelligence, focuses on developing algorithms and models that
enable computer systems to learn from data and make predictions or decisions without explicit programming [1].
It encompasses various tasks, including classification, regression, clustering, and recommendation. ML
approaches are broadly categorized into Supervised, Unsupervised, Semi-Supervised, and Reinforcement
Learning, each suited for various applications. Among these, classification, as an aspect of supervised learning,
aims to categorize data into predefined labels. This project specifically applies ML to handwritten letter
recognition, which involves identifying and classifying letters from diverse sources such as handwritten
documents, printed texts, and digital images.

Handwritten letter recognition poses unique challenges due to the variability in human writing styles, letter
shapes, and inconsistencies in scanned images. While deep learning algorithms like Convolutional Neural
Networks (CNNs) excel in such tasks, traditional machine learning approaches like k-Nearest Neighbours (kNN)
and Random Forest remain relevant for their simplicity, computational efficiency, and interpretability. These
methods can deliver strong performance with appropriate parameter tuning, making them ideal for applications
with limited resources or training data.

This project employs the Extended Modified National Institute of Standards and Technology (EMNIST)
database, a more comprehensive and challenging alternative to the traditional Modified National Institute of
Standards and Technology (MNIST) dataset. The EMNIST dataset contains grayscale images of handwritten
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characters, each represented as a 28 x 28 pixel matrix with intensity values ranging from 0 (black) to 255 (white)
[8].

While the EMNIST dataset includes both handwritten digits and letters, this project focuses exclusively on the
balanced set of uppercase and lowercase letters categorized into 26 alphabetical groups (A to Z). It comprises
145,600 samples, with 124,800 used for training and 20,800 for testing [9]. This extensive and diverse dataset
ensures a robust foundation for evaluating the performance of ML algorithms in handwritten letter recognition.

For preprocessing, the images in the EMNIST dataset were initially represented as grayscale values ranging
from 0 to 255. The pixel values were binarised to improve model efficiency and performance, with all values above
0 set to 1 and all values equal to 0 remaining 0. This transformation reduced the data’s complexity and allowed
the models to focus on the presence or absence of features rather than the intensity of pixels, which simplified the
recognition task. Fig. 1 shows some examples of the preprocessed letters dataset.
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Fig. 1 Example of dataset

Overall, this project aims to develop and optimize kNN and Random Forest algorithms for recognizing
handwritten characters using the EMNIST dataset. This research focuses on tuning hyperparameters for the kNN
and Random Forest to achieve a balance between accuracy and computational efficiency. Increasing
hyperparameter values, such as the number of neighbours in kNN or tree depth, minimum sample split and
number of trees in a Random Forest may result in small changes in accuracy while significantly increasing
computational time. Therefore, while the model accuracy remains a critical performance metric, computational
efficiency is equally important.

For the kNN algorithm, parameter k represents the number of nearest neighbours considered when predicting
a data point. This project evaluates different k values ranging from 1 to 10. Each k value was tested by computing
the model’s accuracy, and the results were plotted to generate an elbow curve. Three hyperparameters were
optimised for the Random Forest algorithm to improve the model’s performance: tree depth, minimum sample
split, and number of trees. Tree depth determines the maximum number of levels a decision tree can have. It
controls how the model performs, balancing complexity and risk of overfitting. Minimum sample split specifies
the minimum number of samples required to split a node. A lower value allows the model to capture finer details
in the data but increases the risk of overfitting. The number of trees defines the amount of decision trees in the
Random Forest algorithm. More trees generally improve accuracy but also increase computational cost.

To achieve these objectives, several libraries in Python are used to implement and evaluate the performance
of the Machine Learning (ML) algorithms on the EMNIST dataset. These libraries include NumPy, Matplotlib, Time
and EMNIST.

2. Research Method

The research method integrates the strengths of k-Nearest Neighbours (kNN) and Random Forest to address the
challenges of handwritten letter recognition. kNN provides simplicity and intuitive classification by comparing a
query point to its nearest neighbours in the training dataset. However, its computational cost increases
significantly with large or high-dimensional datasets, which reduces its efficiency. Random Forest mitigates these
limitations by constructing an ensemble of decision trees that aggregate their outcomes to improve accuracy and
robustness. This method handles large datasets effectively and is less sensitive to parameter variations. However,
these advantages come with higher computational demands, requiring more processing power and longer
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evaluation times. The trade-offs between kNN’s simplicity and Random Forest’s robustness make them
complementary approaches for this project.

2.1k-Nearest Neighbours (kKNN)

The k-Nearest Neighbours (kNN) algorithm is a foundational yet powerful method for classification and regression
tasks in ML. Proposed by Fix and Hodges in the 1950s, it categorizes objects based on their proximity to others in
the dataset [2]. Its popularity grew in the 1960s and 1970s as computational power increased, and Cover and Hart
explored its theoretical properties in 1967 and demonstrated its error rate to be bounded by twice the Bayes error
rate under ideal conditions [3].

kNN is a classification method based on similarity. It assumes that nearby data points in the feature space are
likely to share the same class. Consequently, to predict the output for a new data point, the kNN algorithm collects
the closest kNN neighbours from the training data and uses the label of the most similar neighbours to predict the
class of the new data. The kNN algorithm begins with an existing set of example data with its corresponding class
labels, known as the training dataset. When a new data point without a label is received and the parameter k that
refers to the number of nearest neighbours is determined, the algorithm compares this new data point to every
piece of data in the training dataset using chosen distance metrics.

Several distance metrics can be used in this algorithm, including Euclidean distance, Manhattan distance, and
Minkowski distance. In this project, Euclidean distance, d is used to calculate the distance between two points,
¥and y with n features. The Euclidean distance can be mathematically represented as:

where x; and y; represent the coordinates of the points ¥ and ¥ in the ith dimension.

The distances are then sorted from smallest to largest, and the algorithm takes a majority vote on the class
labels of the kNN. The class with the most votes is assigned to the new data point. For instance, if k = 3 and the
three nearest neighbours include two from Class B and one from Class A, the algorithm classifies the point as Class
B. Fig. 2 illustrates these concepts.
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Fig. 2 Concepts of kNN when k=3

The value of k is a positive integer, typically under 20, which decides how many nearest neighbours are
considered for the majority vote. Next, the value of k is recommended to be an odd number because a tie may
happen if k is an even number. The k value significantly influences the algorithm’s performance and behaviour.
This is because the algorithm predicts the class of the new data point based on the number of votes. Hence, the
number of closest neighbours will affect the number of votes. Fig. 3 shows an example of how the k value
influences the classification of the class on a new data point. Based on the figure, the kNN algorithm would classify
the new point as Class A because among the 7 nearest points to the new point consist of 4 blue points and 3 red
points. This classification is different from Fig. 2, which classifies the new point as Class B.

The choice of k significantly affects the algorithm’s performance. A small k makes the model sensitive to noise
and outliers, leading to overfitting, while a large k reduces sensitivity but may lead to underfitting. In this project,
k was determined by evaluating values in the range of 1 to 10. accuracy was calculated for each value of k, and the
accuracy was plotted to form an elbow curve.
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Fig. 3 Example of the value of k=7

2.2Random Forest

Random Forest, introduced by Leo Breiman and Adele Cutler in the early 2000s, is an ensemble learning technique
that builds multiple decision trees to improve prediction accuracy and robustness [4]. Over the years, its
capabilities have been enhanced to address challenges like high-dimensional data, imbalanced datasets, and
missing values. Variants such as Extremely Randomized Trees and Rotation Forest [5] have been developed to
extend their flexibility.

This algorithm has applications in diverse fields, including genetics, ecology, and medicine. For instance,
Random Forest has been used to infer demographic histories from genetic polymorphisms, classify frailty in
seniors using plantar pressure measurements [6], and predict mother-to-child HIV transmission based on medical
history [7]. It remains a widely used algorithm due to its robustness, simplicity, and versatility across data types
and problem domains. Ongoing research continues to improve its efficiency, interpretability, and applicability to
emerging ML challenges.

Random Forest improves predictive accuracy by combining the results of multiple decision trees. A decision
tree divides a dataset into subsets using decision nodes (splitting criteria) and leaf nodes (outcomes). Starting
from aroot node representing the entire dataset, the tree branches out based on features until a stopping criterion
is met or the subsets are sufficiently homogeneous. The splitting is guided by metrics like Gini Impurity, Mean
Squared Error (MSE), or Information Gain (IG). IG measures the reduction in entropy, which evaluates the
impurity or uncertainty in class labels. A feature with the highest IG is selected as the root node, ensuring an
optimal split. However, decision trees can overfit the training data and favour features with more split points,
neglecting other significant features. A sample structure of the Decision Tree algorithm is shown in Fig. 4 [10].
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Fig. 4 A Sample structure of the Decision Tree

The core idea behind decision trees is choosing the feature that best divides the dataset into different classes
or predicts the target variable. This is achieved using various metrics. The measurement used in this project is IG,
which measures the change in entropy after the dataset is split on an attribute. Entropy is defined as a metric used
to evaluate the impurity in the given dataset or the variance of the dataset. The term “impurity” in a dataset
indicates the level of mixing or lack of clarity in the class labels of the data points. A dataset with low impurity has
separated the class labels more clearly, indicating most of the data points fall within the same class. On the other
hand, a highly impure dataset has a lot of mixing between the class labels, meaning there is a lot of uncertainty
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regarding the classification of a randomly selected data point. The training dataset consists of n classes, and the
entropy is given by [10]

Entropy = — ) p(x)log,p(x,),

n
i=1

where p(x;) is the probability of randomly choosing an element from the class, x;.

After calculating entropy, IG is identified by subtracting the weighted entropies of every branch from the
initial entropy, with the feature yielding the highest IG selected for splitting. In addition, IG is computed for every
feature in a dataset with various features. The feature with the highest IG will be the most important feature, and
it will be the root node for the decision tree. However, the decision tree tends to overfit the training data when the
trees are grown to their maximum depth. Besides that, it also tends to prioritise features that have more potential
split points, possibly leading them to neglect features with fewer split points that could be significant.

Random Forest overcomes these limitations by introducing randomness and aggregation. It begins by
generating multiple bootstrap samples from the original training dataset, where each sample is created by
randomly selecting data points with replacements. This ensures that each sample differs in composition, even
though they have the same size as the original dataset. Decision trees are then built on these samples using random
subsets of features for splitting nodes. This random selection of features introduces diversity among the trees,
prevents overfitting and ensures varied tree structures.

Once the forest of decision trees is constructed, predictions for new unlabelled data are made by aggregating
results from all trees using majority voting, where the class with the highest number of votes becomes the final
prediction. This ensemble approach balances bias and variance, creating a model that is robust, accurate, and less
prone to overfitting than a single decision tree. Fig. 5 illustrates a Random Forest algorithm sample. By leveraging
the strengths of multiple trees, Random Forest ensures that its predictions are reliable and effective, even for
complex datasets.
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Fig. 5 Example of idea of Random Forest [11]

3. Results and Discussions

Optimizing the parameters of machine learning models is crucial for achieving high performance. For k-Nearest
Neighbours (kKNN), determining the ideal k value is essential for accurate predictions. Similarly, fine-tuning the
hyperparameters of the Random Forest algorithm, such as tree depth, minimum samples required to split a node,
and the number of trees in the forest, ensures robust and reliable outcomes. This study uses the Extended Modified
National Institute of Standards and Technology (EMNIST) Letters dataset, consisting of 124,800 training samples
and 20,800 testing samples of handwritten uppercase and lowercase letters, to evaluate the performance of these
algorithms. The performance can be visualized by calculating the accuracy for each parameter value and plotting
the elbow curve to observe the trend.

3.10ptimal k for k-Nearest Neighbours (kNN) Algorithm

To address this, a range of smaller k values (1 to 10) were considered, and the Elbow method was employed to
identify the optimal k. The Elbow method involves plotting the accuracy of the k-Nearest Neighbours (KNN) model
against different values of k and observing the point where the increase in accuracy starts to taper off, resembling
an “elbow” shape. Fig. 6 illustrates the results of this analysis. The accuracy of the kNN model increased
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significantly from k = 1 to k = 5,reachinga peak at k = 5 with an accuracy of 0.8533. Beyond k = 5, the accuracy
plateaued, showing only marginal improvements or slight declines. Thus, k = 5 was selected as the optimal value.
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Fig. 6 Elbow curve for optimal k in kNN

3.2 0ptimal Parameters for Random Forest

The optimal hyperparameters for Random Forest, including tree depth, minimum samples split, and the number
of trees, were determined through a multi-step process. Initially, individual decision trees were employed to
analyse and establish baseline values for tree depth and minimum samples split by plotting an elbow curve using
accuracy against parameter values. Similarly, the elbow method was applied to the Random Forest algorithm to
fine-tune the number of trees. This approach provided a straightforward and visual way of selecting well-suited
hyperparameters for individual trees and the ensemble model.

3.2.1 Tree Depth

Fig. 7, which depicts the analysis of tree depth, revealed that accuracy steadily increased with deeper trees, rising
from just above 0.0737 at a depth of 1 to approximately 0.7257 at a depth of 20. However, the improvement in
accuracy began to plateau after a depth of 14. Hence, a tree depth of 14 is selected as the optimal value, as depths
greater than 14 provided minimal accuracy gains but took significantly longer to compute, increasing the model’s
complexity and training time without a corresponding performance improvement.
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Fig. 7 Elbow curve for optimal depth in Random Forest

3.2.2 Minimum Samples Split

Fig. 8 represents the elbow graph of the minimum sample split. The decision tree approach revealed that the
highest accuracy of 0.7258 occurred at a minimum sample split of 6. However, increasing the minimum sample
split further led to longer computation times without significant improvements in accuracy. Therefore, a minimum
sample split of 2, with an accuracy of 0.7254, was selected as the optimal value, providing a good balance of
performance and computational efficiency.
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Fig. 8 Elbow curve for optimal minimum samples split in Random Forest

3.2.3 Number of Trees

The number of trees in the Random Forest was tuned after determining the optimal tree depth and minimum
sample split, which are 14 and 2, respectively. The elbow method was used to identify the point at which additional
trees no longer significantly improved the model’s accuracy. The number of trees in the Random Forest plays a
critical role in balancing the trade-off between model performance and computational efficiency.

The results of this analysis are visualized in Fig. 9. The accuracy of the Random Forest model shows a sharp
increase as the number of trees increases from 1 to approximately 12. After this point, the rate of improvement
slows, with the curve gradually flattening. By the time the number of trees reaches 29, the accuracy has nearly
stabilized, and further increases in the number of trees yield only marginal gains in accuracy.
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Fig. 9 Elbow curve for optimal number of trees in Random Forest

In terms of computational efficiency, approximately 3 hours are needed in computing with 29 trees, while
increasing the count to 39 trees took over 4 hours. Despite the slight accuracy improvements observed with more
trees, the rise in computation time made them impractical. Thus, the optimal number of trees was selected to be
29 for optimal performance and efficiency. This point ensures the model achieves high performance without
unnecessary overhead from including more trees than required.

3.3 Analysis of Misclassified Samples

Upon evaluating the prediction results, several misclassified samples were observed for both k-Nearest
Neighbours (kNN) and Random Forest. For kNN, misclassification often occurred when the nearest neighbours
included ambiguous or poorly written letters, leading to incorrect predictions. Similarly, in Random Forest, most
misclassifications arose in cases where the features of the handwritten letters were too similar, causing
overlapping decision boundaries. Fig. 10 and Fig. 11 showcase examples of misclassified letters for both
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algorithms. These samples highlight the inherent challenges in distinguishing between similar letters, especially
in cases where the writing style introduces ambiguity.

Pred: Q/g Pred: D/d Pred: P/p
True: A/a True: B/b True: F/f

Fig. 10 Misclassified letter for kNN algorithm

Fig. 10 demonstrates misclassifications made by the k-Nearest Neighbors (kNN) algorithm on the EMNIST
dataset. In the first sample, KNN predicted the character as "Q/q" when the true label was "A/a." This
misclassification is likely due to the similarity in the looped structures of the two letters, which caused kNN to
match with nearby neighbours with similar shapes but different details. In the second case, kNN predicted "D/d"
while the actual label was "B/b." Both letters share a round structure, and kNN likely struggled to differentiate
between their subtle differences. Lastly, the model predicted "P/p" instead of "F/f." This could be because both
characters have vertical strokes, and kNN may have focused more on their shared structural features rather than
distinguishing between the loop in "P" and the open structure of "F".

Pred: Q/q Pred: L/I Pred: Ala
True: G/g True: Ifi True: Q/q

Fig. 11 Misclassified letters for Random Forest algorithm

Fig. 11 highlights incorrect predictions made by the Random Forest model. The model predicted "Q/q" in the
first example when the true label was "G/g." The confusion here is likely due to the similar curve patterns at the
top of both characters, with the model giving undue importance to less distinctive features. In the second sample,
the prediction was "L/1," while the true label was "I/i." Both letters are simple vertical lines, and the Random
Forest model appears to have struggled to distinguish between their slight differences, such as thickness or stroke
placement. In the third instance, the model predicted "A/a" when the actual label was "Q/q." Similar to the kNN
error, the loop in "A/a" may have been mistaken for the loop in "Q/q," with the model failing to weigh the
distinguishing features correctly.

4. Conclusion

This study utilized the Extended Modified National Institute of Standards and Technology (EMNIST) database,
which includes a balanced set of uppercase and lowercase letters with 145,600 samples. The dataset is divided
into 124,800 training samples and 20,800 test samples. The training dataset was used to train the machine
learning models, while the test dataset was kept aside for evaluating the models’ performance on unseen data.
The dataset’s diversity and structure provide a strong foundation for evaluating model performance in
handwritten character recognition.
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The results demonstrate the importance of tuning k in the k-Nearest Neighbours (kKNN) algorithm to match
the dataset’s characteristics. The elbow curve reveals that the accuracy rapidly increased from k = 1to k = 5, and
waned afterwards. Therefore, k = 5 was chosen as the optimal value with an accuracy of 85.33%.

For the Random Forest algorithm, the optimal hyperparameters were determined as tree depth =14,
minimum sample split = 2, and the number of trees = 29, resulting in an accuracy of 0.8184. Training using these
parameter settings took approximately 3 hours, but if the number of trees is increased to 39, the accuracy rises
by only 0.05% at the cost of an additional hour of computation. Hence, we conclude that the number of trees = 29
is optimal, considering the trade-off between accuracy and computational efficiency.
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