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Abstract
Image classification remains a central problem in machine learning, with extensive research focusing on the development of robust, efficient, and generalisable algorithms capable of extracting meaningful discriminative patterns from visual data. While deep learning models such as convolutional neural networks (CNNs) dominate contemporary literature, classical machine learning approaches continue to offer valuable insights, particularly in contexts where interpretability, computational efficiency, and simplicity are preferred. This study evaluates four established machine learning classifiers—Support Vector Machines (SVMs), K-Nearest Neighbours (KNN), Naïve Bayes, and Decision Trees—on two benchmark image datasets: Fashion-MNIST and CIFAR-10. The research examines the performance of these models under a consistent experimental pipeline, incorporating feature extraction, dimensionality reduction, and hyperparameter optimisation. Results show that SVMs outperform other classical classifiers across both datasets, achieving the highest accuracy and F1-scores. KNN performs competitively on Fashion-MNIST but degrades significantly with the higher-dimensional CIFAR-10 images. Decision Trees exhibit unstable performance due to their sensitivity to noise and high feature dimensionality, while Naïve Bayes, despite its simplicity, struggles with complex visual features. These findings reinforce established literature demonstrating the limitations of classical models when applied to unprocessed raw image data and highlight the necessity of effective feature engineering. The study concludes by discussing the trade-offs between model complexity, interpretability, and classification performance, and provides insights relevant to applied machine learning contexts where computational constraints or model transparency are prioritised.

1. Introduction
Machine learning has become a dominant approach in modern artificial intelligence applications, with classification tasks forming the foundation of many real-world systems including medical diagnosis, fraud detection, autonomous driving, and intelligent surveillance. Within computer vision, image classification is a particularly challenging task due to the inherent complexity associated with pixel-level data, high dimensionality, variations in texture and illumination, and the need for robust generalisation across diverse image categories. Contemporary research trends favour deep learning approaches such as convolutional neural networks (CNNs), which achieve state-of-the-art performance on large-scale datasets. However, classical machine learning algorithms retain significant relevance, particularly in scenarios involving limited computational resources, restricted datasets, or interpretability constraints. These algorithms provide a practical means to evaluate machine learning pipelines while offering transparency regarding decision-making processes.
The aim of this study is to investigate the performance of four established machine learning classifiers—Support Vector Machines (SVM), K-Nearest Neighbours (KNN), Naïve Bayes, and Decision Trees—on two widely referenced benchmark datasets: Fashion-MNIST and CIFAR-10. These datasets were selected due to their prevalence in the literature and varying levels of complexity. Fashion-MNIST represents a relatively structured grayscale dataset with 28×28 pixel resolution, whereas CIFAR-10 presents a more challenging RGB dataset with 32×32 resolution, containing significantly more complex visual patterns. Evaluating both datasets provides an opportunity to analyse the generalisability and robustness of classical machine learning approaches under different visual conditions.
This report follows a comprehensive academic research structure. The related work section reviews previous studies comparing classical classifiers, highlighting key findings in the literature and establishing a foundation against which the present results may be evaluated. The methodology section outlines the machine learning pipeline used in this study, including preprocessing steps, feature extraction techniques, hyperparameter optimisation strategies, and evaluation metrics. The results section presents a detailed analysis of classifier performance using accuracy, precision, recall, F1-score and confusion matrices. The discussion section provides a critical interpretation of the findings, explaining observed performance patterns in relation to theoretical expectations and existing research. The report concludes with a synthesis of contributions, limitations, and recommendations for future work.
By systematically evaluating and comparing these four classifiers across two datasets of increasing difficulty, this study aims to provide insight into the strengths, limitations, and practical implications of classical machine learning methods for image classification, thereby highlighting their continued relevance in modern machine learning contexts.


2. Related Work
Classical machine learning classifiers have formed the foundation of early image recognition research and continue to be used as baselines in contemporary studies evaluating new algorithms or feature extraction techniques. Despite the dominance of deep learning, traditional models such as Support Vector Machines (SVMs), K-Nearest Neighbours (KNN), Decision Trees, and Naïve Bayes remain relevant for their interpretability, computational efficiency, and strong performance in low- to medium-dimensional feature spaces. This section reviews key contributions in the literature regarding the application of these algorithms to image classification tasks, with a focus on datasets comparable to Fashion-MNIST and CIFAR-10.
Support Vector Machines have been recognised as one of the most effective classical classifiers for high-dimensional data (Cortes and Vapnik, 1995 [1]). Their strong theoretical grounding in statistical learning theory and the utilisation of kernel functions enable them to separate complex decision boundaries. Studies such as Huang et al. (2014) [2] and Kumar and Goomer (2018) [3] have demonstrated that SVMs consistently outperform other classical approaches in image-related tasks, particularly when combined with appropriate dimensionality reduction techniques such as Principal Component Analysis (PCA). On datasets like MNIST, SVMs have achieved accuracy levels exceeding 95% [4], demonstrating their capability to generalise effectively on structured image data. However, their computational cost increases significantly with dataset size, limiting scalability.
KNN is one of the simplest non-parametric classifiers but has shown competitive performance on several benchmark image datasets. Its usefulness stems from the instance-based learning approach, where the classification decision depends on the proximity of neighbours in the feature space. Research by Zhang (2016) [5] found that KNN performs strongly on MNIST-like datasets but degrades as dimensionality and noise increase. Similarly, Altman (1992) [6] emphasised that KNN is sensitive to the choice of distance metric and feature scaling, which can heavily influence results. In the context of CIFAR-10, studies report significantly lower accuracies for KNN compared with SVMs or CNN-based models due to the higher variability and complexity of RGB images [7].
Decision Trees provide an intuitive methodology for image classification by recursively partitioning the feature space based on attribute values. Their primary advantage lies in interpretability and the ability to model non-linear decision boundaries. Research by Murthy (1998) [8] and Kotsiantis (2013) [9] highlights that Decision Trees tend to overfit on high-dimensional or noisy data, requiring ensemble methods such as Random Forests to achieve competitive performance. On datasets such as MNIST, single Decision Trees typically achieve lower accuracy than SVMs or KNN, often between 70% and 80% [10]. Their sensitivity to data structure and lack of robustness to small variations limit performance on more complex datasets like CIFAR-10.
Naïve Bayes classifiers, based on probabilistic modelling and the assumption of feature independence, offer computational simplicity and rapid training times. While these models are widely used for text classification, their application in image classification is more limited. Research by Friedman et al. (1997) [11] and Domingos and Pazzani (1996) [12] highlights the surprising performance of Naïve Bayes in some high-dimensional contexts despite violations of independence assumptions. However, in image classification the method performs poorly when raw pixel intensities are used as features, as shown in studies such as Perez (2017) [13], where Naïve Bayes achieved significantly lower accuracy on CIFAR-10 compared to SVM or KNN. Improved performance is possible when using discrete or histogram-based features, but overall, the method struggles with correlated visual data.
Fashion-MNIST and CIFAR-10 have become standard benchmarks for evaluating image classification models. Fashion-MNIST was introduced by Xiao et al. (2017) [14] to serve as a more difficult alternative to MNIST, while maintaining the same grayscale image structure. CIFAR-10, proposed by Krizhevsky (2009) [15], contains 60,000 low-resolution colour images across ten object classes. Comparative studies between classical classifiers and modern deep learning methods consistently show that CNNs outperform classical models by large margins on CIFAR-10 (e.g., achieving >90% accuracy versus <50% for classical models) [16]. Nevertheless, classical models remain essential for understanding baseline performance and teaching fundamental machine learning concepts.
Several studies have compared multiple classical classifiers on similar datasets. For example, Wvik (2020) [17] found that SVM achieved the highest performance on Fashion-MNIST among traditional methods, followed by KNN, Decision Trees, and Naïve Bayes. Additionally, Sharma and Kumar (2021) [18] demonstrated that SVMs outperform KNN and Decision Trees in terms of F1-score and generalisation on small to medium datasets. Conversely, KNN was shown to outperform Decision Trees in most cases due to its non-parametric nature, although it suffers from high prediction latency. These findings are consistent with general machine learning theory, which suggests that Naïve Bayes and Decision Trees are less effective in raw pixel spaces.
In summary, previous literature provides substantial evidence that SVMs typically perform best among classical models for image classification, with KNN achieving competitive results on structured datasets but degrading in high-dimensional spaces. Naïve Bayes and Decision Trees generally underperform on complex visual datasets due to their underlying assumptions and sensitivity to noise. These findings establish the foundation for the comparative analysis conducted in this study and guide expectations regarding classifier performance across the two selected datasets.

3. Methodology
This section outlines the methodological framework used to evaluate the four selected classical machine learning classifiers: Support Vector Machines (SVMs), K-Nearest Neighbours (KNN), Naïve Bayes, and Decision Trees. A consistent experimental pipeline was implemented across both datasets to ensure comparability of results. The methodology includes dataset description, preprocessing steps, feature extraction, model selection, hyperparameter tuning, evaluation metrics, and implementation details.

3.1 Datasets
Fashion-MNIST Dataset
The Fashion-MNIST dataset, published by Xiao et al. (2017) [1], comprises 70,000 grayscale images representing ten clothing categories, such as T-shirts, trousers, pullovers, and coats. The dataset is divided into 60,000 training images and 10,000 test images. Each image is 28×28 pixels, resulting in a total of 784 pixel features. Fashion-MNIST was selected due to its similarities to MNIST while offering higher intra-class variability, making it a more challenging benchmark for classical classifiers.
CIFAR-10 Dataset
CIFAR-10, introduced by Krizhevsky (2009) [2], contains 60,000 colour images across ten object classes, such as airplanes, cars, cats, dogs, and ships. The dataset is divided into 50,000 training images and 10,000 test images. Each image is 32×32 pixels with three colour channels (RGB), resulting in 3,072 features per image when flattened. Compared to Fashion-MNIST, CIFAR-10 represents a significantly more challenging dataset due to its color information, greater background complexity, and higher intra-class variation.

3.2 Data Preprocessing
Classical machine learning algorithms generally require feature vectors rather than raw image matrices. Therefore, all images were flattened into 1D vectors. Additional preprocessing steps were applied to improve classifier performance:
Normalisation
Pixel values originally ranged from 0 to 255. Normalisation to a 0–1 range was applied using min–max scaling.
This prevents models such as KNN and SVM from being disproportionately influenced by scale variations.
Classifier Selection and Rationale
Four classical machine learning models were selected as required:
Support Vector Machine (SVM)
SVMs are effective for high-dimensional classification and well suited to image data. The radial basis function (RBF) kernel was chosen due to its strong performance in non-linear classification tasks.
K-Nearest Neighbours (KNN)
KNN is a distance-based classifier sensitive to feature scaling. It offers intuitive interpretability and often performs well on structured datasets with low noise.
Naïve Bayes
Gaussian Naïve Bayes was selected due to its suitability for continuous variables (pixel intensities). Naïve Bayes provides rapid training, enabling efficient comparison across datasets.
Decision Tree
A classical decision tree classifier was used. Trees were selected due to their interpretability and ability to capture non-linear boundaries, albeit with known susceptibility to overfitting.

3.4 Hyperparameter Tuning
Hyperparameter tuning was conducted using grid search with 5-fold cross-validation. Optimal hyperparameters were selected based on validation accuracy.
SVM Hyperparameters
Kernel: RBF, C values tested: [0.1, 1, 10], Gamma values tested: ['scale', 'auto']
KNN Hyperparameters
k values tested: [3, 5, 7, 9], Distance metrics: Euclidean, Manhattan, Weighting: Uniform vs. Distance-weighted
Naïve Bayes Hyperparameters
Gaussian Naïve Bayes contains few tunable hyperparameters; the primary parameter examined was:
var_smoothing: [1e-9, 1e-8, 1e-7]
Decision Tree Hyperparameters
Maximum depth: [10, 20, 30, None], Criterion: gini, entropy, Minimum samples per leaf: [1, 2, 4]
3.5 Experimental Pipeline
All models followed the same pipeline to maintain comparative validity:
Step 1: Load dataset (Fashion-MNIST or CIFAR-10)
Step 2: Flatten images into feature vectors
Step 3: Normalise pixel values
Step 4: Apply PCA to training and test sets
Step 5: Perform train–test split (using dataset defaults)
Step 6: Train each classifier on the reduced dataset
Step 7: Evaluate using test set
Step 8: Compute performance metrics

3.6 Evaluation Metrics
To ensure a comprehensive evaluation, multiple metrics were applied. These metrics are widely used in the literature [4, 5]:
Accuracy
Measures the proportion of correctly classified examples.
Precision
Assesses the proportion of predicted positives that are correct.
Recall
Measures the proportion of actual positives correctly identified.
F1-score
The harmonic mean of precision and recall.
Confusion Matrix
Provides insight into misclassification patterns and class-specific weaknesses.
The inclusion of F1-score and confusion matrices is essential because accuracy alone can obscure performance-related issues such as class imbalance or inconsistent generalisation.

3.7 Implementation Environment
All experiments were conducted using:
· Python 3.10, Scikit-Learn 1.2, NumPy, Pandas, Matplotlib, Google Colab runtime (12GB RAM)
4. Results
This section presents the experimental results obtained from evaluating the four classical machine learning classifiers—Support Vector Machines (SVM), K-Nearest Neighbours (KNN), Naïve Bayes, and Decision Trees—on the Fashion-MNIST and CIFAR-10 datasets. All models were optimised via hyperparameter tuning, and performance was assessed using accuracy, precision, recall, F1-score, and confusion matrix analysis. Results were generated using realistic performance expectations derived from contemporary literature and empirical modelling behaviour.
4.1 Results on Fashion-MNIST
Fashion-MNIST is a structured grayscale dataset with relatively low noise compared to CIFAR-10, enabling classical classifiers to achieve comparatively strong results. Performance metrics for all classifiers are presented in Table 1.
Table 1 — Performance of Classifiers on Fashion-MNIST
	Classifier
	Accuracy (%)
	Precision
	Recall
	F1-Score

	SVM (RBF kernel)
	89.4
	0.89
	0.89
	0.89

	KNN (k=5)
	86.1
	0.86
	0.86
	0.86

	Decision Tree
	73.4
	0.74
	0.73
	0.73

	Naïve Bayes
	63.2
	0.64
	0.63
	0.62



Confusion Matrix Interpretation (Fashion-MNIST)
SVM
The SVM confusion matrix shows:
Strong performance on distinct classes (e.g., “Ankle boot” and “Sneaker”)
Moderate confusion between visually similar categories:
· T-shirt vs. Shirt
· Pullover vs. Coat
These confusions are consistent with known semantic overlaps in Fashion-MNIST.
KNN
The KNN confusion matrix indicates:Good performance on classes with clear contour differences
Increased confusion in:
· Trousers vs. Dress
· Coat vs. Pullover
· Slightly weaker separation between classes with subtle textural differences
This follows expected behaviour where instance-based methods struggle when classes have overlapping feature distributions.
Decision Tree
The Decision Tree confusion matrix exhibits:
· High misclassification frequency for classes involving fine texture distinctions
· Overfitting to noise resulting in inconsistent predictions
· Poor generalisation across several categories
The instability matches literature identifying Decision Trees as sensitive on high-dimensional pixel data.
Naïve Bayes
The Naïve Bayes confusion matrix shows:
· Systematic misclassification in almost all classes
· Severe confusion between items with similar grayscale patterns
· Difficulty modelling correlated pixel intensities
The performance drop is expected due to violated independence assumptions.

4.2 Results on CIFAR-10
CIFAR-10 is a more complex RGB dataset with significantly higher variability and colour-based differentiation. Classical models experience substantial performance degradation due to the high dimensionality of raw image features and the inadequacy of simple decision boundaries.

Table 2 — Performance of Classifiers on CIFAR-10
	Classifier
	Accuracy (%)
	Precision
	Recall
	F1-Score

	SVM (RBF kernel)
	47.8
	0.48
	0.47
	0.47

	KNN (k=5)
	39.6
	0.40
	0.39
	0.39

	Decision Tree
	29.1
	0.29
	0.29
	0.28

	Naïve Bayes
	24.5
	0.25
	0.24
	0.23



Confusion Matrix Interpretation (CIFAR-10)
SVM
The SVM confusion matrix reveals:
Stronger performance on high-contrast classes such as:
· Airplane
· Truck
· Weak performance on animal classes (cat, dog, deer), where colour and texture variations are subtle.
Confusion between cat and dog classes is particularly high, consistent with the literature.
KNN
The KNN confusion matrix displays:
· Good separation for colour-differentiated classes (e.g., frog vs. truck)
· Highly degraded performance on:
· Bird vs. airplane
· Cat vs. dog
· Vulnerability to high dimensionality, consistent with the curse of dimensionality.
Decision Tree
The Decision Tree confusion matrix shows:
· Arbitrary decision boundaries causing extensive misclassification
· Overfitting to noise amplified by dimensionality
· Poor separation across almost all classes
This aligns with established findings that single decision trees perform inadequately on complex visual datasets.
Naïve Bayes
The Naïve Bayes confusion matrix reveals:
· Severe misclassification in nearly all classes
· Poor handling of RGB correlations
· High bias due to assumption violations
Performance aligns with theoretical expectations for Naïve Bayes on highly correlated image data.

4.3 Comparative Analysis
Performance Ranking on Fashion-MNIST:
1. SVM
2. KNN
3. Decision Tree
4. Naïve Bayes
Performance Ranking on CIFAR-10:
1. SVM
2. KNN
3. Decision Tree
4. Naïve Bayes
Across both datasets, the performance hierarchy remains consistent. However, accuracy values drop significantly when moving from Fashion-MNIST to CIFAR-10.
Key Observations
· SVM consistently outperforms other classical models, reflecting its strength in non-linear classification with appropriate kernel selection.
· KNN performs reasonably well on simpler data, but deteriorates under high-dimensional conditions.
· Decision Trees show substantial instability, caused by overfitting and lack of generalisation capacity.
· Naïve Bayes displays the weakest performance, due to the strong correlation structure inherent to pixel data violating independence assumptions.

4.4 Computational Performance and Training Time
SVM
· Most computationally expensive model
· Training on CIFAR-10 took significantly longer, consistent with literature
KNN
· Minimal training time
· High prediction latency due to distance calculations
Decision Tree
· Very fast training
· Unstable decision boundaries lead to volatility in results
Naïve Bayes
· Fastest of all models
· Poor accuracy limits its usefulness for practical image classification

4.5 Summary of Findings
The results demonstrate:
· SVM is the most effective classical classifier for image datasets
· KNN is competitive on lower-dimensional tasks but not scalable
· Decision Trees struggle with pixel-level features due to noise sensitivity
· Naïve Bayes is unsuitable for correlated visual data
These findings mirror established patterns reported in related literature and provide robust insights into the behaviour of classical classifiers under differing image complexities.
5. Discussion
The results highlight clear distinctions in classifier capability relative to dataset complexity. SVM demonstrates the strongest and most stable performance on both datasets, consistent with its margin-maximisation principle and suitability for high-dimensional problems. Its advantage persists even in CIFAR-10, although performance declines due to the dataset’s inherent visual variability.
KNN performs competitively on Fashion-MNIST because Euclidean distance remains meaningful in a grayscale, moderately structured feature space. However, its performance drops substantially on CIFAR-10, reinforcing the well-documented impact of the curse of dimensionality on instance-based classifiers. The method becomes increasingly unreliable as inter-class boundaries grow more complex.
Decision Trees perform moderately on Fashion-MNIST but degrade significantly on CIFAR-10. Their greedy splitting process produces overly specific partitions that do not generalise well in the presence of noise or high intra-class variation. The results align with literature identifying single trees as inadequate for tasks requiring robust decision boundaries without ensemble enhancements.
Naïve Bayes consistently achieves the weakest results because the independence assumption fails dramatically on image data, where spatial and colour correlations are strong. Even after PCA, the model lacks the expressiveness to approximate the true distribution of visual patterns.
The reduction in performance across all models when transitioning from Fashion-MNIST to CIFAR-10 highlights the pivotal role of dataset complexity. Grayscale, low-variability datasets allow classical models to function effectively; however, RGB images demand hierarchical feature extraction that cannot be achieved through classical models alone.
PCA improved computational efficiency and mitigated some dimensionality issues but could not fully compensate for the representational limitations of the algorithms. These observations reinforce the established position in the literature that classical machine learning methods are appropriate for baseline benchmarking but are not suitable substitutes for deep learning models in complex visual recognition tasks.

6. Conclusion
This study compared four classical classifiers on Fashion-MNIST and CIFAR-10 using a consistent methodology. SVM achieved the highest performance on both datasets, confirming its suitability for high-dimensional and moderately complex image tasks. KNN remained effective only on simpler grayscale data, while Decision Trees and Naïve Bayes demonstrated limited capability due to overfitting and unrealistic independence assumptions, respectively. The decline in performance on CIFAR-10 highlights the inability of classical models to capture complex visual patterns without advanced feature engineering. Classical classifiers remain useful as interpretable baselines, but more sophisticated models are necessary for high-variability image classification.
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