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[bookmark: _Toc104161895]Introduction
Handwritten recognition, a common task into Artificial Intelligence field.  This report will briefly describe a few implementations of handwritten recognition in the field showing not just numbers and characters of the English language but more calligraphic languages. Using Histogram of Oriented Gradients feature descriptor as the main detection of their experiments and combining them with a variety of classifiers. The report will review these approaches and describe the main findings of each method. Then the report will describe and discuss the findings of the experiment of the handwritten recognition using HOG feature descriptor and a simple decision tree classifier and showing an attempt with Scale-Invariant Feature Transform descriptor.

[bookmark: _Toc104161896]Related Work
In this project, an investigation into suitable classification methods to decipher the best appropriate method for classification of the MNIST Handwritten Dataset[1]. Using feature descriptors of the computer vision field, together with classification algorithms it is possible to detect and correctly identify images. Particularly in this case handwritten letters in an image format. This particular interest of Artificial Intelligence is a common subject amongst the Artificial Intelligence community.
Feature Description methods such as Histogram of Oriented Gradient (HOG) are used in the Fashion MNIST dataset (F-MNIST), several types of handwritten datasets and general image classification. 
Greeshma et al. used Histogram Oriented Gradient feature descriptor (HOG) with Support Vector Machine (SVM) to classify images of the F-MNIST dataset with an accuracy of 86.53%. Using Pre-processed images of the F-MNIST in a 28x28 pixel image format and a HOG of cell size of 4x4 , after determining that 2x2 has more shape information and therefore more training time. Computing this in a MATLAB application environment  then later improved on this using Convolutional Neural Network (CNN or ConvNet) with the previous learning model and achieving an accuracy of 91.59%. Greeshma chose to use the HOG feature descriptor over Scale-Invariant Feature transform (SIFT) and Local Binary Patterns as they proposed that the computation was simpler. Combing the HOG features descriptor with the SVM yielded a 5% increase of accuracy over a Linear Support Vector Classifier.[2]
However, Choudhury et al. uses a HOG SVM classification with a colour-based histogram orient feature on a Bengali Numerals and SVM classifier, including some optimisations, achieves a 98.05% accuracy. This proposes that the HOG and SVM are flexible in terms of optimisations and data, this also shows that handwritten recognition is much simpler for Machine Learning.[3]
Manipuri Meitei Mayek Digits have also been used for training with other combinations with HOG,[4]–[7] one report shows using HOG with a Multilayer Perceptron (MLP) in which 10000 samples, in which 9000 were the training set and the remainder were the testing set and displayed the results in a Confusion Matrix and showing an accuracy of 99.2%. It is Further proposed that this method could be used for degraded text.[4] This further shows that handwritten or binary images have better accuracy than those of multiple tones such as greyscale images of a clothing. Another report by  shows the differences in cell-size increases training time without return of increased accuracy. The experimentation portion of this they changed the HOG cell size and including and SVM with another HOG cell size with MLP and discovered that using HOG with SVM was more accurate with an accuracy of 96.93%, than HOG with MLP with 75.57% accuracy. [7]



[bookmark: _Toc104161897]Results and Discussion
The handwritten dataset defined in the computer vision portion of MATLAB’s datasets were used in this experiment as due to lack of efficacy of understanding the MATLAB’s syntax a working way to utilise the MNIST Handwritten Dataset proved to be an incapability of the experimentation approach. However the dataset and the HOG feature descriptor was in fact viable to display functionality of the algorithms proposed in this report. 
The dataset only consisting of 1010 images for the training set and 120 images of the testing set the results were still applicable to larger datasets. Using a HOG feature descriptor and a simple decision tree, it was fathomable to conclude an accurate reading of the results. An attempt of the SIFT descriptor was also used using the tool provided by VLFEAT.[8]
[bookmark: _Toc104161898]Histogram of Orientated Gradients
Starting of with the HOG the initial size of the cell was to be set at 4x4 to ascertain a starting point of the setting changes, then the results of the Confusion Matrix was calculated into the Precision, Recall, Accuracy, Specificity and the F1-Score and macro F1-Score. Where these calculations determined how accurate the classifier was.Figure 3: Bottom: Predicted number with image to be classified
Figure 3: Confusion Matric of the HOG cell size 4x4
Figure 3: Top: HOG feature of 4x4 cell size



Figure 1 shows that the HOG feature descriptor misclassified the class 9 100% of the time and that numbers 4 and 6 have the highest correct classification rate of this model using the HOG feature descriptors of cell size 4x4. As seen by the figure 2 the hog descriptor follows the direction of the number 7 correctly at two points of the cells but the prediction of the model of misclassifies the class 1 with the class 8 of the cell size 4x4(figure 3).

Figure 6: Confusion Matric of the HOG cell size 8x8
Figure 6: Top: HOG feature of 8x8 cell size
Figure 6 Bottom: Predicted number with image to be classified







Figure 4 shows that with a cell size of 8x8 there is less misclassification than of the 4x4 cell size but class 3  100% of the time and that 4 have increased in classification and 6 has reduced correct classification. Though class 2 has the highest classification of this model with class 7 having improved remarkably. Figure 5’s descriptor is hard to interpret as the cell size is so large, but it appears to have increased the classification rate somewhat although the prediction of the model in figure 6 for class 1 appears to be incorrect.



Figure 9: Confusion Matric of the HOG cell size 2x2
Figure 9: Top: HOG feature of 2x2 cell size
Figure 9 Bottom: Predicted number with image to be classified



The HOG cell size 2x2 shows even better accuracy as figure 7 shows that the model correctly classifies more class than that of the 4x4 and 8x8 variant of the time but appears to have no classification for the class 8. Figure 8 here shows that the HOG features follow the number 7 quite closely and accurately and the model correctly classifies class 1 of the prediction model as show by figure 9.




Figure 12: Confusion Matric of the HOG cell size 1x1
Figure 12: Top: HOG feature of 1x1 cell size
Figure 12 Bottom: Predicted number with image to be classified




Figure 11 here shows that class 3 is not classified at all, and the rest of the model seems to predict the rest quite evenly with the exception of class 4 which has been correctly classified 7 times. But the rest of the matrix shows a lot of false positives and false negatives which could speculate a possibility of overfitting although this is not confirmed due to the unfamiliarity of the MATLAB environment. Figure 10 shows that the HOG features follow the digit almost perfectly which could be another indication of overfitting and with corresponding correct prediction in figure 12









	Hog cell size
	Precision
	Recall
	Micro-F1
	Macro-F1
	Accuracy

	4x4
	0.1185
	0.1185
	0.1185
	0.1068
	0.3407

	8x8
	0.2081
	0.2081
	0.2081
	0.1975
	0.3690

	2x2
	0.2081
	0.2081
	0.2081
	0.1862
	0.3707

	1x1
	0.2133
	0.2133
	0.2133
	0.1969
	0.3673


Table 1: Confusion matrix metrics with corresponding HOG Cell Size

Table shows the different metric calculations from the confusion matrix from the table it shows that the cell size of 2x2 seems to yield the best accuracy and if it was used on a larger dataset the numbers would most likely follow suit. As mentioned earlier that 1x1 cell size shows signs of overfitting it further confirms the theory with increased precision, recall, microF1 and macroF1 but lower accuracy. Though it is speculation without a larger dataset and syntactical understanding of the MATLAB environment this is not possible during this reporting period.
The metrics calculated as thus:
Precision is the calculation of the fraction of what positive class predictions were indeed, positive, this is calculated by : .
Recall is also called the “True Positive Rate” or sensitivity and this shows the correct prediction of all positive samples were correctly classified as positive by the model, this calculated by: .
The micro-F1 and macro-F1 is the averages of the classifier, where micro-F1 is the micro-average of the model and is calculated globally, to calculate this first we need to precision and the recall and use the F1-Score calculation: . 
The Macro-F1 is the calculation of the Unweighted mean of the measures, essentially it takes all of the F1-Score of all the classes and divides them by the total number of classes:
And the accuracy is calculated by    .[9]


[bookmark: _Toc104161899]Scale-Invariant Feature Transform
There was also an attempt on using the SIFT descriptor provided by VLFeat,[8] although due to the lack of experience with MATLAB, it was only possible to get descriptor to detect features on single images that were passed to it
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Figure 14: SIFT Detector on Handwritten Digit










These figures show the feature descriptors are almost correctly matching the direction of the digits, unfortunately this method did get past the conceptual stage.


[bookmark: _Toc104161900]Conclusion 
The HOG feature descriptor is a simple way to detect the features of the image that has been passed to and is quite an effective means of classification. Coupling this with any decision tree classification model would adequately increase the accuracy of any model. The model created in the experiment did however fall short due to the inexperience of the MATLAB environment. The experimentation of adjusting the cell size did prove somewhat tangible results in proving that changing the cell size does effect and can greatly increase accuracy in the model as per the literature previously. 
An attempt to use the Scale-Invariant Feature Transform(SIFT) was made and although it did show a possibility of generating results due to the accurate reading of the images passed to it. 
Even though the lack of ability in MATLAB was detrimental to the research and experimentation of the model, an experienced MATLAB user wouldn’t need to make any necessary change and just input the images into the model as required to achieve the accurate and efficient results. 
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[bookmark: _Toc104161903]Appendix i: VLFeat Code Implementation
%% Compute & Extract SIFT features from image
 [imgA, imgInfo] = readimage(trainingSet, 500);
 [imgB, imgInfo] = readimage(testingSet, 100);
imgInfo
imgA = imresize(imgA,4);
imgB = imresize(imgB, 4);
Ia = single(rgb2gray(imgA)) ;
Ib = single(rgb2gray(imgB)) ;
figure ('Name','Scale_Invariant Feature Transform','NumberTitle','off')
movegui("northeast")
imshow(imgA,'InitialMagnification',800)



% I = single(rgb2gray(I)) 
% I = vl_impattern('roofs1') ;
% image(I) ;

[fa,da]=vl_sift(Ia);
perm = randperm(size(fa,2)) ;
sel = perm(1:20) ;
h1 = vl_plotframe(fa(:,sel)) ;
h2 = vl_plotframe(fa(:,sel)) ;
set(h1,'color','k','linewidth',3) ;
set(h2,'color','y','linewidth',2) ;

h3 = vl_plotsiftdescriptor(da(:,sel),fa(:,sel)) ;
set(h3,'color','g') ;

figure ('Name','Scale_Invariant Feature Transform 2','NumberTitle','off')
imshow(imgB,'InitialMagnification',800)
[fb,db]=vl_sift(Ia);
perm = randperm(size(fb,2)) ;
sel = perm(1:20) ;
h1 = vl_plotframe(fb(:,sel)) ;
h2 = vl_plotframe(fb(:,sel)) ;
set(h1,'color','k','linewidth',3) ;
set(h2,'color','y','linewidth',2) ;

h3 = vl_plotsiftdescriptor(db(:,sel),fb(:,sel)) ;
set(h3,'color','g') ;
%% Extracting The SIFT 

featsize=length(fa)*length(da)*length(sel)
numImages = numel(trainingSet.Files);
trainingFeatures = zeros(numImages,featsize,'single');

SIFT Features from training set

for i = 1:numImages

   [imgA, imgInfo] = readimage(trainingSet,1);
    imgA = imresize(imgA,5);
    Ia = single(rgb2gray(imgA)) ;
        
    [fa,da]=vl_sift(Ia);
    perm = randperm(size(fa,2)) ;
    sel = perm(1:20) ;
    h1 = vl_plotframe(fa(:,sel)) ;
    h2 = vl_plotframe(fa(:,sel)) ;
    set(h1,'color','k','linewidth',3) ;
    set(h2,'color','y','linewidth',2) ;

h3 = vl_plotsiftdescriptor(da(:,sel),fa(:,sel)) ;
set(h3,'color','g') ;

   
    
end



[bookmark: _Toc104161904]Appendix ii: Confusion Matrix Metrics Calculations Implementation
%% Evaluating the performance of the model
% accuracy = sum(predictedLabels == testLabels,'all')/numel(testLabels)

%get confusion matrix into accessible values
values=cm.NormalizedValues;
%get the True Positive into an array (might not need)

truePosArr = diag(values);
totalTP = 0;
totalFP=0;
totalFN=0;
macroF1=0;
for i = 1:length(truePosArr)
            TP=truePosArr(i)
            
            %clone the matrix for manipulation
            tempvalues=values;
            %clear the rows and columns of the current element of the clone matrix
            tempvalues(:,i) =0;
            tempvalues(i,:)=0;
            % get the false positive and false negatives
            FP = values(1,:);
            FP(i,i)=0;
            FP= sum(FP, 'all');
            FN = values(:,i);
            FN(i,i)=0;
            FN=sum(FN,'all');
            %get the True Negative
            TN= sum(tempvalues, 'all');
            
            Precision = TP/(TP+FP);
            Recall = TP/(TP+FN);
            Specificity = TN/(TN+FP);
            F1_Score = 2 * ((Precision * Recall) / (Precision + Recall) )
            if(isnan(F1_Score))
                F1_Score =0;
            end
            totalTP = totalTP+TP;
            totalFP = totalFP+FP;
            totalFN  = totalFN+FN;
            macroF1=macroF1+F1_Score;
            
end      
totalPrecision = totalTP/(totalTP+totalFP)
totalRecall = totalTP/(totalTP+totalFN)
microF1 = 2 * ((totalPrecision * totalRecall) / (totalPrecision + totalRecall) )
totalAccuracy = (totalTP+TN)/(totalTP+TN+totalFP+totalFN)
macroF1=macroF1/10
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