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1.0 [bookmark: _Toc93094293]Introduction

Within the realm of Artificial Intelligence (AI), specifically Machine Learning (ML) and Neural Networks, there is keen research of computer pattern recognition. Specifically, the recognition of handwriting. Strong cases for accuracy are needed in systems that are being used within banks for reading cheques deposited or with mail organisations reading addresses on envelopes as examples, as well as handwritten digits on digital devices and screens. [1] [2] [3] [4]
Consequently, there has been research conducted by a great number of authors on the MNIST dataset, a modified dataset from the collection of handwriting samples from the National Institute of Standards and Technology (NIST), presenting digits from zero to nine. This dataset was modified by LeCun et al [5] [6]. The following report reviews literature to analyse the research already conducted and results produced. It will then detail a methodology for training and testing a classifier using the MNIST dataset. The results will then be analysed, comparisons made and a conclusion given.

[bookmark: _Toc93094294]2.0	Related work

The original MNIST report [5] has become a standard benchmark for learning, used many times to undertake the challenging task to attempt to improve the pattern recognition in machine learning capabilities to recognise handwritten digits. [7] [8]
To this end, there have been numerous methods of feature extraction and classification to test accuracy to prove the best method. These are varied and use many different methods of which are mentioned below with reference to the literature produced.
[bookmark: _Toc93094295]2.1	K-Nearest Neighbour (KNN)
KNN is an instance based learning and is purported to be the easiest or most simple of the three chosen methods [9] and is based on the concept of a particular input point, or node, is likely to bare similarity to the nodes neighbouring it [10]. Put another way, this involves extracting the features and training the classification model using the class of the nearest neighboured nodes (k) to classify the unknown data point. K can be set to any number of nodes, resulting in a change to the parameters of classification. This produced the highest accuracy for Hamid and Sjarif [9] at 99.26% and is concluded that this is due to the predicting classes directly from the features extracted.
Salakhutdinov and Hinton [11] go further to pretrain a multilayer neural network, fine tuning it to learn nonlinear transformation using a high performing KNN classification. The results produced an error rate of 1.00%, showing the efficiency of the regularised version of this methodology in making good use of large amounts of unlabelled data. [11]
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Figure 1 - KNN Algorithm Graph

[bookmark: _Toc93094296]2.2	Support Vector Machine (SVM)
SVM’s, also known as Kernel Machines, are purported to be able to universally approximate any multivariate function and perform it to any desired degree of accuracy [12]. Moreover, it can represent complex nonlinear functions and can avoid overfitting by finding the optimal linear separator with the largest margin, splitting the positives and negatives [10].
This is a supervised learning method that can detect outliers and perform regression as well as classification. For classification, the hyperplane, differentiating the two classes needs to be found. To allow scaling and give flexibility in the choice of penalties and loss functions. This is done by training a linear Support Vector Model (SVM) with the Histogram of Oriented Gradients (HOG) features and the corresponding labels from each sample. This creates a linear SVM object. By using this method, the dataset was predicted correctly as it is predicted directly from the feature extraction by a linear function showing the benefit over a nonlinear function. [9]
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Figure 2 - SVM Classification Graph [9]

[bookmark: _Toc93094297]2.3	Naïve Bayes
The Bayesian Network is a data structure to represent dependencies between variables using probabilistic reasoning [10]. The Naïve Bayesian approach is effective with pattern classification and machine learning. Due to numerical underflow problems when calculating probability within high dimensional data however, the logarithms need to work in the transformed domain. It is proposed by Wang and Zhang [13] There is flexibility in this as the exponent can be adjusted to fit specific characteristic needs of the data. This method produced accuracy level of more than 93%, performing highly. [13]
Chi [14] also recognises the numerical underflow problem, proposing to add Laplace smoothing method to solve zero probability, and logarithmic operation to solve conditional probability. For this method each sample is binarized to get a more real sample dataset thereby improving the classification accuracy, furthermore the classification formula is optimised with adjustment to improve the operating efficiency and the classification accuracy. This method achieved an accuracy of 84.17%, improving on the initial 80.78%, however low compared to the benchmark results.

[bookmark: _Toc93094298]2.4	Newer Proposed Methods
Deep Learning is concluded to perform effectively on pattern recognition and therefore the implementation of Convolutional Neuro Networks (CNN) is considered better, delivering conceptual simplicity and the ability to inspect. The model proposed by Majumder et al [13] is a variant using link variables alongside neural signals, however the recognition results fall short of the best, the highest accuracy being 96.52% [13].
In another study crating combining CNN and SVM to create a hybrid model influenced by Szarvas et al [14] who implemented a similar hybrid model on pedestrian detection with great accuracy. This model proposed by Niu and Suen [4] CNN performs as a feature extractor with training and SVM performs as the recogniser as an output predictor. A recognition rate of 99.81% without rejection and 94.40% with rejection of 5.60%, giving 100% reliability rate. This is concluded to be a less time-consuming method as using CNN can automatically extract the salient features.
By exploiting depth as well as other structural modifications, CNN learning capacity has significantly improved. As observed by Khan et al [15] the biggest boost, and strength, in CNN performance is achieved through the block structure, replacing the conventional layered structure. This becomes a more modular learning model allowing for the hybrid functionality.
To go further, Lauer et al [7] have taken the same concept, using the CNN architecture known as LeNet5 with SVM used with elastic distortion, asserting it can process the raw images more efficiently to extract the features. It is claimed that the performance of a classifier is dependent on the pre-processing of the data to reduce the dimension of said data, ensuring that the relevant information is extracted. This places as much importance in the quality of the features as in the classifier itself. While the claim is true, in this case the method achieved comparable performances to the best of the published results on the same database. The advantage is observed however that the feature extractor, being trainable, was able to obtain these results with no prior knowledge on feature construction.
This may lead to an intermediary method, containing three neural layers; sensory, associative, and output. Kussul and Baidyk [16] propose Limited Receptive Area (LIRA) based on Rosenblatt’s perception principles. This produced a recognition rate of 99.41%, proclaimed to be one of the best rates among the classifiers used.

[bookmark: _Toc93094299]3.0	Methodology
	
In concluding investigative research into the methods mentioned in section 2.0, the linear methods are efficient and comparatively accurate. In comparison, the Deep Learning methods of CNN, when combined with SVM score highly for accuracy, although more expensive on data processing. Of the three conventional methods, KNN and SVM performed more efficiently and scored higher compared to Bayesian at 84% and needing further data processing to combat numerical underflow.
As a result of the research, the decision is made to train and classify the dataset using two methods: KNN and SVM.
The first step is to structure the dataset. It is loaded into the system as training dataset of 50,000 and testing dataset of 10,000 (83.33% training and 16.67% testing). The dataset is then split to remove the labels and the features are extracted.
[bookmark: _Toc93094300]3.1	KNN
The classifier will then be trained and fine tuned by finding the optimal value of k. This is done by looping the k value between 1 and 15. Once the training is complete, the classifier is validated. Following on, the classifier will be used on the testing data with k=1, and then the optimal k number to produce the confusion matrix and test the accuracy. Once the classifier has been tested, it can be examined by looping over five random images to predict the class.

[bookmark: _Toc93094301]3.2	SVM
Firstly, the features will be detected using HOG, extracted, and calculated. This will be saved in an array; the HOG features will be calculated for each image by setting the number of cells. The orientation vector is then set, and the feature vector size will be determined. Once complete, a linear SVM object and perform the training for that dataset and save the classifier. Once this is complete we can test the classifier using the test data as with KNN and perform final evaluation.

[bookmark: _Toc93094302]4.0	Results Analysis and Discussion

Due to time constraint and limited understanding of the software used, the implementation was not completed and therefore produced no results within the given time. As a result, it is not possible to discuss the results currently, or compare.
It was highly anticipated however that by training the classifier correctly in both situations, it would yield a high accuracy comparable with published accuracy results. It is essential for the author’s individual learning that this is still completed and therefore will continue to be implemented.
[bookmark: _Toc93094303]5.0	Conclusion
From the research conducted it is easy to see that neural networks are surpassing basic linear algorithms in image recognition. As a result of hybrid systems, classifier accuracy is very high, successfully predicting the correct class result almost every time. This is achieved by ensuring that the features extracted are of the highest quality, as well as the training of the classifier itself. When the dataset is large with plenty of data available, there can be a respectable accuracy achieved. The trade off with neural networks is the time to train as the trained or supervised networks run faster and use less resources. As databases increase in size, this is when neural networks will come into their own.
Throughout the research it shows that SVM reached the highest accuracy, especially when used with the neural network feature extraction. This leads to the conclusion that it is important to consider identification methods and extracted features as well as the classification approach.
With efficient training and fine tuning however, linear methods perform well, producing high accuracy. Care needs to be given to ensuring the optimal attainable accuracy though and testing will tell this.
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