[bookmark: _Toc92960798]1 Introduction
Arabic numbers are vital in all spheres of life since they are the sole sign utilized by all countries on the planet. With the advancement of science and technology, an increasing amount of data must be fed into computers and then processed. Due to its inefficiency, the process of manually recognizing numbers on paper is not ideal for the identification of large amounts of data. The major study subject of handwritten digit recognition, as a branch of optical character recognition technology, is how to utilize a computer to automatically detect Arabic numerals scrawled on paper. There are two types of offline handwritten digit recognition: offline handwritten digit recognition and online handwritten digit recognition. The latter is real-time number recognition, which necessitates a particular input device that can capture information such as stroke sequences. The recognition accuracy is greater in comparison to the first because more information is acquired, but the recognition speed is slower. Handwritten digit identification technology is now having a growing influence on the development of many aspects of life. Handwritten digital recognition can recognise bank bills, financial statements, zip codes, and other documents, enhancing productivity and saving a lot of personnel, material, and financial resources. Handwritten digit identification, on the other hand, may be used as a touchstone for other difficult issues and algorithms due to its comparatively basic implementation[1].

Although there are just ten digits from 0 to 9 in Arabic numerals and the strokes are very basic, the universality of handwritten digit identification is poor owing to variances in handwriting patterns among nations and individuals, as well as slight changes between numbers. Furthermore, because Arabic numerals are often used in banking, finance, and other industries, they have high standards for identification accuracy. To summarise, one of the most pressing research questions has always been how to detect handwritten numerals reliably, efficiently, and with a low rejection rate.

Feature extraction and comparison are used to recognise handwritten digits. The existing digital handwriting recognition algorithms can be roughly divided into two categories based on the differences in extracted character features: one is the handwritten digital recognition algorithm based on structural features, and the other is the handwritten digital recognition algorithm based on semantic features. They achieve automated identification of handwritten digits by detecting the properties of concave area and abrupt point features of contour feature structure contained in the character picture using template matching. This approach may intuitively explain the structure of characters, but it suffers from a lack of resistance to character deformation and noise; another kind is a statistically based handwritten digit identification algorithm. This approach employs a large number of samples to represent, transform, and learn unknown patterns, then trains related classifiers by estimating the feature space distribution of distinct sample categories, and then uses these classifiers to categorise unknown patterns. This method can have good identification ability.

The MNIST dataset was created using the National Institute of Standards and Technology's (NIST) collection of handwritten digit characters (NIST). The NIST database is a benchmark database with ten different data categories (handwritten digits from 0 to 9). There are 60,000 training picture samples and 10,000 test image samples in this set. Each picture is initially 20*20 pixels in size, with a grey value of 0 to 255 for each pixel. The anti-aliasing approach is applied to the NIST database, and the size of each picture is normalised to 28*28 pixels while keeping the aspect ratio of each image, then this re-normalization is performed. The MNIST database is the name of the latter database.


[bookmark: _Toc92960799]2 Decision Tree.
[bookmark: _Toc92960800]2.1 Handwritten Digit Recognition Algorithm Based on Combination Structural Features
This algorithm automatically extracts structural features such as endpoints and bifurcation points by analyzing the relationship between the pixels of the character image, so as to realize the automatic recognition of handwriting.
[bookmark: _Toc92960801]2.1.1 Basic concepts
Endpoint: In a binary image, an endpoint is a point whose connection point is 1, that is, there is only one point connected to it in its nine neighborhoods. In the eight images shown in Figure 1, the points located in the center of the images are all endpoints.[image: ]
Figure 1. End points

Triple intersection: In a binary image, the tri-junction plays the role of connection, which is the point responsible for connecting three lines in different directions and the number of connections is 3. In the nine neighborhoods of the three intersections, there are three pixels connected to it and forming a certain angle. The point in the center of the 16 images shown in Figure 2 is the triple intersection.
[image: ]
Figure 2. Triple intersections

Four-intersection: In a binary image, the four-intersection is responsible for connecting four lines in different directions and the number of connections is 4. In the nine neighborhoods of the four intersections, there are four points connected to it and forming a certain angle. The point in the center of the two images shown in Figure 3 are the Four-intersections.
[image: ]
Figure 3. Four-intersections

[bookmark: _Toc92960802]2.1.2 Overall process
Figure 4 shows the overall framework of the handwritten digit recognition algorithm based on combined structural features [2], which mainly includes:
(1) Preprocessing of handwritten digital images.
(2) Extraction of structural features of handwritten digital images.
(3) Automatic recognition of handwritten digits based on decision tree.

Figure 4. Overall framework of the handwritten digit recognition algorithm
2.1.2.1 Preprocessing
(a) Grayscale
The color of the handwritten numbers does not affect the corresponding characters, and the color image occupies a lot of space, which affects the recognition efficiency and effect. Therefore, before the identification, the image should be grayed out first to filter out the data irrelevant to the identification information. 

(b) In order to further reduce the data amount of the image and make it more convenient for the image recognition operation, after obtaining the grayscale image of the digital character, the grayscale image needs to be binarized. The general method of binarization is to determine a gray value, that is, the threshold x, and set the pixels with a gray value less than x as white, and set the pixels with a gray value greater than or equal to x as black
.
2.1.2.2 Feature extraction
Different numbers have different structural features. For example, some numbers have two endpoints, some numbers have no endpoints, some numbers have three intersections, and some numbers have four intersections, and the positions of the feature points of different numbers are also different, so the endpoints and intersections The point feature can become a main feature for discriminating numbers. 

(a) Endpoints feature
For some numbers, such as 1 and 7, there are two endpoints, while 0 and 8 have no endpoints. So the endpoint feature is a simple and important discriminant feature.

(b) Triple intersections
For some numbers, such as 2 and 3, there are triple intersections, while 0 and 1 do not. Therefore, the three-intersection feature is also an important discriminant feature. 

(c) Four-intersections features
For some numbers, such as 4, there are four intersections, while 2 and 7 do not have four intersections. The four-intersection feature is another important discriminant feature for identifying digital characters.

(d) Horizontal line feature
It is difficult to effectively distinguish numeric characters only by relying on structural points. For example, the numbers 2 and 5 both contain 2 endpoints and 1 triple intersection, and neither has a quadruple intersection. Careful observation will find that in addition to these structural points information, digital characters also contain a type of structural line information, and the horizontal line feature is a very important type of structural line information. For example, some numbers, such as 2, 5, and 7, have horizontal lines, while 0, 3, and 8 do not have horizontal lines; and the length and position of the horizontal lines in different numbers are also different, such as the number 2. The horizontal line of the number is below, and the horizontal lines of numbers 5 and 7 are above the numbers, so the horizontal line feature is also a more important discriminating feature, which can be combined with feature points to support character recognition.

2.1.2.3 Feature recognition
Based on the various character structure features extracted above, comprehensively compare their distinguishing ability and construct a decision tree for recognizing handwritten digital characters, so as to realize the effective recognition of handwritten characters. In this paper, the number of characters to be recognized is divided into 5 categories according to the different situations where the number of endpoints is 0 to 4. Among them, the number of endpoints is 0, there are 0 and 8, the numbers with endpoints of 1 are 6 and 9, and the numbers with endpoints of 2 are 1, 2, 3, 4, 5, 7, the number with an endpoint of 3 is another form of 5, and the number with an endpoint of 4 is 4. Further, the result will be identified using the number of triple intersections, the number of four-intersections, and the number of horizontal lines in order. Figure 5 shows the decision tree constructed in this paper. Each time a handwritten digital character is input, according to the decision tree, the effective recognition of the digital character can be realized by judging one by one.

Figure 5. The decision tree of this algorithm

[bookmark: _Toc92960803]2.2 Class example code
[bookmark: _Toc92960804]2.2.1 Steps
(a) Read data: This section takes 4000 handwritten digit images from the MNIST dataset as a training set, and 1000 handwritten digit images as a test set, which are saved in the 'images4000' and 'images_test1000' folders in bmp format.
[image: ]
Figure 6. Read data

(b)Pre-process and extract HOG features
[image: ]
Figure 7. Show pre-processing  and Feature Extraction results

HOG is a feature descriptor for object recognition in computer vision and image processing. The method counts the number of times a gradient orientation appears in a certain area of a picture. This approach is similar to edge orientation histograms, scale-invariant feature transform descriptors, and shape contexts, but it is more accurate since it is computed on a dense grid of evenly spaced cells and employs overlapping local contrast normalization[5].

(c)Train and Test
[image: ]
Figure 8. Train and test process
This algorithm chooses the decision tree classifier. In training process, the matlab gets labels for each image in the train set and evaluates the classifier and then gets the labels for each image in the test set.

(d)Plot the confusion matrix
After the train and test process, plot the confusionchart to show the confusion matrix.
[image: ]
Figure 9. Confusion matrix
(e)Test results and conclusion
In this paper, three values (100, 245 and 737) of M are chose randomly to verify if the test results match the pictures and as we can see, the results in the command line window match the image on the right hand.
[image: ]
[image: ]
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Figure 10. test results

As is shown in Figure 9, the accuracy of the algorithm's prediction results for numbers 0 and 1 is higher than 90%, and the accuracy rate for numbers 2, 3, 4, 5 and 8 is lower than 80%, and the accuracy rate of prediction results for other numbers is 80%. Between % and 90%.


[bookmark: _Toc92960805]3 Convolutional Neural Network
[bookmark: _Toc92960806]3.1 Introduction
In the convolutional neural network, each pixel of the image can be regarded as a feature, and the handwritten digital image is directly used as the input of the convolutional neural network model and feature extraction is performed automatically, and then classification and recognition are performed according to the extracted features. The drawbacks of the traditional method need to preprocess the image in real time, but also improve the recognition accuracy of handwritten digits. The basic architecture of convolutional neural network mainly includes five parts, namely input layer, convolutional layer, pooling layer, fully connected layer and output layer[5]. Its network structure is shown in Figure 11:
[image: ]
Figure 11. The structure of Neural Networks

The convolution layer, also known as the feature extraction layer, is mainly used to extract features from the input data. It contains multiple convolution kernels. Each element that constitutes the convolution kernel corresponds to a weight coefficient and a deviation, and the number of convolution kernels determines the number of final extracted data features[6].

The pooling layer, also known as the downsampling layer, is used to downsample the features extracted by the convolutional layer, further reducing the number of features and the dimension of the feature data, without affecting the description of the image, and can effectively avoid the emergence of the overfitting problem.

The fully connected layer is located after the pooling layer in the entire convolutional neural network structure. It is obvious that its function is to connect all the advanced features extracted after convolution and downsampling, and send the final output value to the classifier to get the final classification result.

At this stage, the entire process of handwritten digit recognition has already matured. Electronic devices such as scanners are used to scan two-dimensional handwritten digital pictures, turn them into black and white pictures, and then add some preprocessing operations. After that, various methods are used to extract features from the image. This step and the subsequent classifier identification are the core of determining the performance of the system. In the identification stage, the extracted features are collected and input into various classifier models, and the classification results are finally identified through repeated training and learning of the models.

The most commonly seen indicator in classification problems is accuracy. Its calculation formula is generally calculated by the number of correct samples/total samples, but accuracy itself is an underivable equation.

Commonly used in classification problems is the cross-entropy loss function.

p is the real value, q is the predicted value, it can be seen that the cross entropy loss only cares about the predicted probability of the correct category.
[bookmark: _Toc92960807]3.2 Neural network code
(a)Read data
[image: ]
Figure 12. Read data

The train data is stored in ‘trian-images. idx3-ubyte’ and the labels are stored in ‘train-labels. Idx1-ubyte’ and the form of the data needs to be changed.

(b) Design the number of neural network layers 
[image: ]
Figure 13. The number of neural network layers design

The layers are designed three layers with 64, 16 and 10.

(c) Calculate loss and accuracy 
[image: ]
Figure 14. Loss and accuracy calculate

(d)Draw the loss and accuracy graph
[image: ]
Figure 15. The loss and accuracy for per epoch

This algorithm has been tested a thousand times and the accuracy eventually fluctuated slightly around 0.9.

(e) Get the total accuracy of the ten numbers
[image: ]
Figure 16. Total accuracy

The total accuracy result has been calculated and it is about 0.9 which means it can recognize 90% numbers of 0 to 10 correctly.

[bookmark: _Toc92960808]4 Conclusion
Handwritten digit recognition technology can be used for zip code recognition and bank check recognition. This paper introduces two algorithms for handwritten digit recognition, decision tree and convolutional neural network. The relevant code was run on the matlab software, and the recognition accuracy of each algorithm for numbers 0~9 was obtained.

The difference in the recognition accuracy of the decision tree algorithm for different numbers is too large, and the accuracy of the numbers 2, 3, 4, 5, and 8 is even less than 80%. Therefore, future work needs to focus on improving the recognition accuracy of these numbers.

The accuracy of each number of the convolutional neural network is about 90%, and there is still a high room for improvement. You can consider changing the number of convolutional layers and the size of the value.
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path_train = 'D:\matlab\@practice\mnist_uint8\@1\images4000";

trainingSet = imageDatastore(path_train, 'IncludeSubfolders',true, 'FileExtensions’,'.bmp',...

'LabelSource', 'foldernames');

path_test = 'D:\matlab\@practice\mnist_uint8\@l\images_testleee’;

testingSet = imageDatastore(path_test, 'IncludeSubfolders',true,'FileExtensions','.bmp',...
'LabelSource', 'foldernames');
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%% Train and Testing a Decision Tree Classifier

% Get labels for each image.
traininglabels = trainingSet.Labels;
tree = fitctree(trainingFeatures,traininglabels);

% Evaluating the the Classifier

% Get labels for each image.

testlabels = testingSet.Labels;

predictedlLabels = predict(tree, testingFeatures);

% Tabulate the results using a confusion matrix.

cm = confusionchart(testLabels,predictedLabels, 'RowSummary', 'row-normalized','ColumnSummary', 'column-normalized');

%confMat = confusionmat(testLabels, predictedlLabels);
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J% Testing the performance of Trained model on some testing images
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predicted_Image = predict(tree, testingFeatures(M, :))
figure
imshow (testingSet. Files {M});
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clear
close all
clc

% data read
fImg = fopen('train-images.idx3-ubyte');
offset = fseek(fImg,8, 'bof');
magicNumber = swapbytes(uint32(fread(fImg,1, uint32')));
dataNumber = swapbytes(uint32(fread(fImg,1, 'uint32')));
rowN = swapbytes(uint32(fread(fImg,1, 'uint32')));
colN = swapbytes(uint32(fread(fImg,1, uint32')));
%%
% get all train data
dataImg = double(swapbytes(uint8(fread(fImg, [rowN*colN,dataNumber], 'uints'))));
fclose(fImg);
flLab = fopen('train-labels.idxl-ubyte');
offset = fseek(fLab,8, 'bof');
datalab = swapbytes(uint8(fread(fLab,[dataNumber], 'uint8')));
datalabMat = zeros(1@,dataNumber);
fclose(flLab);
for i=l:dataNumber
datalabMat (uint32(datalab(i))+i*18-9) = 1;
end
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%%

% NeuralNets modeling 1 -random initialize

% layerN is the modle definition, which tells you how [nany units per
layerN = [rowN*colN 64 16 10];

wl = double((rand(layerN(1),layerN(2))-0.5)/512);
bl = double((rand(layerN(2),1)-0.5)/512);

w2 = double((rand(layerN(2),layerN(3))-0.5)/4);
b2 = double((rand(layerN(3),1)-0.5)/4);

w3 = double((rand(layerN(3),layerN(4))-0.5)/16);
b3 = double((rand(layerN(4),1)-0.5)/16);

layer




image14.PNG
% los & accuracy calculate
los(i) = mean(sum(-log(a3).*epochLab-log(1-a3).*(1-epochlLab)));
[m,p] = max(a3);
modelAns = zeros(1@,epochSize);
for j=l:epochSize
modelAns(p(j)+j*18-18) = 1;
end
accuracy(i) = mean(sum(modelAns.*epochlLab));

% gradualy slow down mode
1Rate = lRate*(1-8.0005);
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177 %%

178 % accuracy

179 [m,p] = max(a3);

180 modelAns = zeros(10,testNumber);

181 for j=l:testNumber

182 modelAns(p(j)+j*1e-10) =

183 end

184 teatAccu = mean(sum(modelAns.*testLabMat))
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