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I. Introduction
Handwriting Digits Recognition is an important part of optical character recognition technology, handwriting recognition technology is widely used, including postal, scientific research, banking, public security law, statistics and other daily life and daily business. Postal codes and mobile phone numbers, for example, need to be carefully checked by post office workers to avoid mistakes when computers read the information. However, due to the subjective consciousness of the staff, the error rate will surge when there is a large difference in the shape of handwritten numbers. Therefore, handwritten digit recognition by computer is not only necessary, but also can greatly reduce the error rate of the staff, and greatly reduce the labor intensity of the staff while improving the accuracy. Handwritten digit recognition is playing an increasingly important role in express receipt, customs, mobile phone payment, literature retrieval and other aspects, and the requirements for handwritten digit recognition in post offices and banks are quite high. Therefore, handwritten digit recognition has broad application prospect and value. Because of the qualitative improvement in efficiency and accuracy, handwritten number recognition is bound to bring huge economic benefits, and it will become the basic ability of computer development.
Handwritten Digits recognition has objective research value in both learning theory and practical application, which can be summarized as follows: (1) Arabic numerals are unified in every country, because their universality provides a convenient basis for research; (2) Arabic numerals are composed of 10 counting symbols, 0,1,2,3,4,5,6,7,8,9. Compared with other characters, the recognition rate of Arabic numerals is relatively high, which can be used to test new scientific research achievements and methods in deep learning and reinforcement learning. (3) Although there has been a breakthrough in handwritten number recognition technology, it is not enough from the point of view of user needs; (4) Many researchers have begun to apply the problem of handwritten digits recognition to other related problems, such as the study of English letters.
In this paper, MATLAB is used for programming, and it is verified based on the MNIST data set. The application of KNN and SVM algorithms in handwritten digit recognition is compared, and the recognition rate is used to evaluate its characteristics. The rest of this work is organized as follows: Section II briefly analyzes the current related work on handwritten digit recognition; Section III summarizes the two algorithms designed in this paper; Section IV compares the accuracy of the two algorithms and discusses them; The fifth part is the conclusion.

II. Related work
So far, many scholars and experts have carried out research on handwritten digit recognition, and obtained very rich research results. Z. Kayumov. et al. based on a combination of convolutional neural networks, verified with the MNIST dataset, and estimated the smallest handwriting recognition error[1]. K. NONGMEIKAPAM et al. pioneered the recognition algorithm for the first time for Handwritten Manipuri Meetei-Mayek (an Indian language). Thorough analysis of recognition tasks based on single-hidden-type multilayer perceptron feed-forward artificial neural networks with histogram of oriented gradients (HOG) feature descriptors, and classification of different offline characters by linear multi-class support vector machine (SVM) classifiers , the final accuracy rate is as high as 96.928%[2]. S. Ahlawat et al. proposed a convolutional neural network system with higher accuracy and lower operational complexity and cost, which improved the accuracy by integrating the integrated architecture, and finally achieved an error rate of only 0.13% on the MNIST dataset[3]. G. Katiyar and S. Mehfuz, Using support vector machines to classify offline handwritten digits, four different feature extraction techniques, Box method, diagonal distance, mean and gradient operation, were selected to construct the final support vector, but in the end The accuracy is still low compared to other methods, only 97.16%[4]. According to the research results of TIAN et al., they proposed a double-constrained identification method combining structural features and statistical features, using KNN for classification, and changing the 1024-bit eigenvalues ​​to dozens of eigenvalues ​​for dimensionality reduction, and the calculation speed increased by ten times, but the error rate has increased[5]. W.F. Liu et al. discussed the application of KNN, SVM, BP neural network, and CNN algorithms in handwritten digit recognition, and compared the recognition rates of the four algorithms, and finally found that the CNN algorithm has higher performance than the other three algorithms. recognition rate[6]. E. Kussul and T. Baidyk Developed a new neural classifier for image recognition with limited receptive area (LIRA). The classifier LIRA contains three neuron layers: sensor layer, association layer and output layer. The classifier was tested on two image databases and achieved good results[7].

III. Algorithm introduction
A. SVM Algorithm
Support Vector Machine(SVM) is mainly used in pattern recognition, data classification, predictive regression and other fields. This algorithm is based on VC and minimum risk in statistics, so that the samples can get the best scheme based on algorithm complexity, and thus achieve high generalization ability. In this algorithm, dependent variables are projected into a high dimensional space so as to achieve the purpose of classification.
(1) Maximum interval hyperplane

First, a linear binary classification problem needs to be introduced. Assuming that there is a training sample set , a straight line needs to be used to separate the A1 and A2 areas, as shown in Figure 1.
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FIG. 1. Linear classification problem


Figure 1 represents a two-dimensional space. The straight line used to distinguish the two is called a classification function. If the dimension is raised to a 3-dimensional space, the classification function is called a plane. Similarly, if the dimension is raised to a multi-dimensional space, the classification function is called a plane. space, the classification function is called the hyperplane. According to the classification of two-dimensional planes, there are many hyperplanes that can distinguish A1 and A2, but the distance between the straight line shown in Figure 1 and the two samples is the largest, which can be expressed as  using the formula. If f(x)=0, it means that the sample point is on the hyperplane; if f(x)<0, it means that the sample point is in the corresponding A1 class of y=-1; if f(x)>0, It means that the sample point is in the corresponding A2 class of y=1. Among them, the hyperplane satisfies: .



Define each point (xi,yi) in the sample to be  from the hyperplane f(x). According to the principles of geometry , Applying  to the above equation, the classification interval can be obtained as follows:

		



According to Formula (1), determining the values of parameters W and b can determine the size of the maximum classification interval r. In general, the size of the geometric interval is expressed as the function interval divided by . Take the dichotomy problem for example, . If the objective function is , the function is equivalent to:

		
Formula (2) represents the optimization direction of the support vector machine algorithm.
(2) Kernel function
The kernel function computes the inner product in space while calculating the implicit mapping of two vectors. If SVM processing data for nonlinear data, the need to be calculated in the original space use after the completion of an appropriate kernel function makes the low dimensional space of each input point mapped to a high-dimensional space, get the optimal hyperplane, which makes the low dimensional data in high dimensional space to get better distinguish between plane, is the optimal classification plane.
In general, vectors in SVM appear as inner product. By transforming the initial problem into a dual problem, the calculation steps of inner product of kernel function are simplified, thus avoiding the problem that needs to be calculated in high-dimensional space. The kernel function usually needs to be determined according to the optimization target and data set. The common kernel function is as follows:

· Radial Basis Function（RBF）: , the parameters of this function are adjusted so that the Gaussian kernel can be used in various scenarios to ensure its flexibility.

· Polynomial kernel function: . Also known as inner product kernel.

· Sigmoid kernel function:.
The purpose of kernel function is to transform low-dimensional data feature calculation into high-dimensional feature calculation. The calculation needs to be completed in the initial dimension first, and the final classification results are presented in the high-dimensional space using kernel function [8].
Compared with neural network method, support vector machine method has the following advantages:
·This method can map data to high-dimensional space and divide hyperplane in high-dimensional space, which reflects the applicability of this method to high-dimensional data;
·This method mainly solves the problem of small samples, and can still maintain good classification effect when the amount of data is small;
·Due to the small amount of calculation, this method can be applied to small single-chip microcomputer to work, reducing the cost of classification using this method.

B. KNN Algorithm
The classification idea of KNN algorithm is that if the data of an unknown class label is adjacent to the data of K known class labels in the feature space, the number of class labels of the K data objects will be sorted from large to small, and the data of unknown class label will select the first class label as its own class label. It can be seen that, when K=1, the class label of the data with unknown class label is the same as the class label of the nearest data. Therefore, it can be seen that the KNN classification algorithm is local when making classification decisions, and is only related to a few adjacent sample data, which is different from the segmented class domain of the support vector machine. Therefore, KNN classification algorithm is more suitable for the data to be classified with overlapping or overlapping class fields. Next, the three major elements of KNN classification algorithm, algorithm flow and advantages and disadvantages of KNN classification algorithm are simply analyzed.
(1) Three elements of KNN classification algorithm
Because KNN classification algorithm is essentially based on the selection of K nearest neighbor sample data for classification operation, therefore, for KNN classification algorithm, the selection of K value, the nearest neighbor distance measurement and category decision are particularly important, which are the core part of the algorithm. None of them is indispensable. The following three elements will be described and analyzed respectively.
· Selection of K value
When applying KNN classification algorithm, we hope to select as few K neighbors as possible to reduce the amount of computation and improve the classification efficiency on the one hand; on the other hand, we hope to select as many neighbors as possible to compare more training samples and improve the classification accuracy. Therefore, the selection of K value is crucial.
If the K value is too small, the error between the classification result and the actual result will increase, and the over-fitting problem is easy to occur. If the K value choice is too big, will lead to increase in the number of computing tasks classifier, prone to owe fitting problem, and because the selection of K value is large, compared with data for classification of the sample data will be a lot of, such classification results can rely too much on one more category contains data, easy to overlook less data contains categories.
· Nearest neighbor distance measure
There are many ways to measure the distance between data objects in space, and there are mainly five commonly used measures. This paper mainly introduces the Euclidean distance. Suppose there is a dataset X={x1,x2,…,xn} with n data objects, the attribute set is A={a1,a2,…,am}, and Vk(i)(1=<i=<n, 1=<k=<m) represents the attribute value of the K attribute of the i data object.
Euclidean distance is a distance measurement method with very simple principle and the widest range. For two points in space, Euclidean distance represents the straight-line distance between the two points. For space vector, Euclidean distance refers to the length of vector, in other words, the distance between a point and the origin. Euclidean distance is also a distance measurement method commonly used in KNN classification algorithm. The specific calculation formula is as follows:

		
· Category decision rules
The classification decision rules in KNN classification algorithm are actually very simple, mainly based on the idea of "minority obeying majority". The main problem is that this kind of classification decision rule is more effective when the number of data objects contained in each category is similar, but it is unfair for the sample data of small categories when facing the data set with unbalanced categories.
(2) The main flow of KNN classification algorithm
Input: training data set X, neighbor number K, and data sample set Y to be classified without class label.
Output: Prediction category of the data sample to be classified.
Step1: set the initial value and cyclic threshold of the neighbor number K;
Step2: According to Euclidean distance formula, calculate the Euclidean distance between all data objects in the data sample set Y to be classified and all data objects in the training data set X one by one;
Step3: select K training set sample data with the minimum distance from the data sample yi to be classified;
Step4: according to the classification decision rule of "minority follows majority", the class label of the data sample yi to be classified is the class label containing the most sample data selected from K training sets of sample data;
Step5: compare the class label of the sample to be classified yi with that of the corresponding data sample in the original data set Y. If the data is consistent, the classification is correct; if the data is inconsistent, the classification is wrong; and record the classification accuracy.
Step6: judge whether the cycle threshold is reached. If not, update the value of the neighbor number K and repeat Step3~Step5. If the threshold is reached, the classification accuracy under different K values is compared to determine the best K value.
(3) Advantages and disadvantages of KNN classification algorithm
Advantages: simple thinking, easy to understand; Simple operation; KNN classification algorithm can be used for nonlinear classification. KNN classification algorithm is mainly based on the selected K neighbors for classification, which is local. Therefore, the fault tolerance of abnormal data contained in the data set is good.
Disadvantages: Large dependence on K value; High computational complexity; The space complexity is high, because each classification calculation needs to store all the training data sets and data sets to be classified in advance, so the storage space is high; Improper processing of unbalanced data sets.
IV. Results and discussion
In order to verify the accuracy of the two algorithms, MNIST data sets are selected as samples in this paper. The MNIST dataset is a large handwritten digital database commonly used to train image processing models. It can be downloaded from websites and is a very classic dataset in the field of machine learning. The dataset contains 60,000 training samples and 10,000 test samples. To get a more intuitive view of each handwritten number, the data set was first converted into a 28×28 pixel BMP image. See Figure 2.
[image: ]
FIG. 2. MNIST data set
FIG. 3 shows the confusion matrix of SVM and KNN results, and Table 2 shows the success rate of SVM and KNN in MNIST data set classification and the comparison with other authors' methods. According to the experimental results, the SVM algorithm and KNN algorithm used in this paper have high accuracy, especially the SVM algorithm, the accuracy is 98.14%, but the calculation time is relatively long. Through experimental data analysis, KNN has a short execution time, because it is one of the most basic classifiers, so it is faster than most algorithms. However, due to its simplicity, it cannot accurately classify complex and fuzzy images, so the test accuracy is not high, 3.89% lower than SVM algorithm. Compared with other authors' methods, the SVM algorithm used in this paper has A higher success rate, but not the highest, because SAVITA, A. 99.87% accuracy was achieved through convolutional neural network, which is a very good result.
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FIG. 3. Visual confusion matrix
Table 2 Comparison of classification accuracy between SVM and KNN algorithms
	Classification Algorithm
	Accuracy/％

	SVM
	98.14

	KNN
	94.25

	[4]
	97.16

	[3]
	99.87



V. Conclusion
After summarizing the significance and value of handwritten number recognition, this paper summarizes two commonly used algorithms in handwritten number recognition, respectively support vector machine algorithm and KNN algorithm, especially the kernel function of SVM algorithm and KNN algorithm are introduced. Then MNIST data set as sample data, based on MATLAB to achieve two algorithms, calculated the success rate of the two algorithms, through the simulation results, it can be found that SVM has a good effect on the recognition rate.

References
[1] Z. Kayumov, D. Tumakov, S. Mosin. “Hierarchical Convolutional Neural Network for Handwritten Digits Recognition,” Procedia Computer Science, vol. 171, pp. 1927-1934, 2020.
[2] K. NONGMEIKAPAM, W. K. KUMAR, O. N. MEETEI. “Increasing the effectiveness of handwritten Manipuri Meetei-Mayek character recognition using multiple-HOG-feature descriptors,” Sadhana - Academy Proceedings in Engineering Sciences. vol. 44, no. 5, pp. 1-14, April. 2019.
[3] S. Ahlawat, A. Choudhary, A. Nayyar, S. Singh, and B. Yoon, “Improved Handwritten Digit Recognition Using Convolutional Neural Networks (CNN),” Sensors, vol. 20, no. 12, p. 3344–, June. 2020.
[4] [bookmark: OLE_LINK2]G. Katiyar and S. Mehfuz. “SVM based off-line handwritten digit recognition,” in 2015 Annual IEEE India Conference (INDICON), p. 1–5, 2015.
[5] S. S. Tian, H. Wang, W. She. “A Study of Double Constrains Handwritten Digit Recognition Based on Adaptive kNN Algorithm,” International Journal of Simulation -- Systems, Science & Technology, vol. 17, no. 18, p. 1–4, 2016.
[6] W. F. Liu, J. C. Wei, Q. M. Meng. “Comparisions on KNN, SVM, BP and the CNN for Handwritten Digit Recognition,” in 2020 IEEE International Conference on Advances in Electrical Engineering and Computer Applications, August 25-27, 2020, Dalian, China. pp. 1-4.
[7] E. Kussul and T. Baidyk, “Improved method of handwritten digit recognition tested on MNIST database,” Image and vision computing, vol. 22, no. 12, pp. 971–981, March. 2004.
[8] J. H. Min and Y.-C. Lee, “Bankruptcy prediction using support vector machine with optimal choice of kernel function parameters,” Expert systems with applications, vol. 28, no. 4, pp. 603–614, 2005.
[bookmark: _GoBack]Appendices
·Read MNIST data set training pictures
% Matlab_Read_train-images_idx3.m

clear all;
clc;
% Read the training picture data file
[FileName,PathName] = uigetfile('*.*',' Select the training picture data file train-images.idx3-ubyte');
TrainFile = fullfile(PathName,FileName);
fid = fopen(TrainFile,'r');
a = fread(fid,16,'uint8');
MagicNum = ((a(1)*256+a(2))*256+a(3))*256+a(4);
ImageNum = ((a(5)*256+a(6))*256+a(7))*256+a(8);
ImageRow = ((a(9)*256+a(10))*256+a(11))*256+a(12);
ImageCol = ((a(13)*256+a(14))*256+a(15))*256+a(16);
if ((MagicNum~=2051)||(ImageNum~=60000))
    error('Is not MNIST train-images.idx3-ubyte!');
    fclose(fid);    
    return;    
end
savedirectory = uigetdir('',' Select the path to save training pictures:');
h_w = waitbar(0,' Please wait a moment while PROCESSING >>');
for i=1:ImageNum
    b = fread(fid,ImageRow*ImageCol,'uint8');   
    c = reshape(b,[ImageRow ImageCol]);
    d = c';
    e = 255-d;
    e = uint8(e);
    savepath = fullfile(savedirectory,['TrainImage_' num2str(i,'%05d') '.bmp']);
    imwrite(e,savepath,'bmp');
    waitbar(i/ImageNum);
end
fclose(fid);
close(h_w);

·Read MNIST data set training labels
% Matlab_Read_train_labels_idx1.m

clear all;
clc;
%  Read the training picture label data file
[FileName1,PathName1] = uigetfile('*.*','Select the training tabels data filetrain-labels.idx1-ubyte');
InFile = fullfile(PathName1,FileName1);
fid1 = fopen(InFile,'r');
a = fread(fid1,8,'uint8');
MagicNum = ((a(1)*256+a(2))*256+a(3))*256+a(4);
ImageNum = ((a(5)*256+a(6))*256+a(7))*256+a(8);
if ((MagicNum~=2049)||(ImageNum~=60000))
    error('Is not MNIST train-labels.idx1-ubyte!');
    fclose(fid1);    
    return;    
end
% Save training picture label data file TXT format
[FileName2,PathName2] = uiputfile(' Train image label data.txt',' Save training picture label data TXT file ');
OutFile = fullfile(PathName2,FileName2);
fid2 = fopen(OutFile,'w');
h_w = waitbar(0,' Please wait a moment while PROCESSING >>');
for i=1:ImageNum
    b = fread(fid1,1,'uint8');    
    fprintf(fid2,'%d\n',b);
    waitbar(i/ImageNum);
end
fclose(fid1);
fclose(fid2);
close(h_w);

·Read MNIST data set test images
% Matlab_Read_t10k-images_idx3.m

clear all;
clc;
% Read the training picture data file
[FileName,PathName] = uigetfile('*.*','Select the test picture data filet10k-images.idx3-ubyte');
TrainFile = fullfile(PathName,FileName);
fid = fopen(TrainFile,'r');
a = fread(fid,16,'uint8');
MagicNum = ((a(1)*256+a(2))*256+a(3))*256+a(4);
ImageNum = ((a(5)*256+a(6))*256+a(7))*256+a(8);
ImageRow = ((a(9)*256+a(10))*256+a(11))*256+a(12);
ImageCol = ((a(13)*256+a(14))*256+a(15))*256+a(16);
if ((MagicNum~=2051)||(ImageNum~=10000))
    error('Is not MNIST t10k-images.idx3-ubyte!');
    fclose(fid);    
    return;    
end
savedirectory = uigetdir('',' Select test picture path:');
h_w = waitbar(0,' Please wait a moment while PROCESSING >>');
for i=1:ImageNum
    b = fread(fid,ImageRow*ImageCol,'uint8');   
    c = reshape(b,[ImageRow ImageCol]);
    d = c';
    e = 255-d;
    e = uint8(e);
    savepath = fullfile(savedirectory,['TestImage_' num2str(i,'%05d') '.bmp']);
    imwrite(e,savepath,'bmp');
    waitbar(i/ImageNum);
end
fclose(fid);
close(h_w);

·Read MNIST data set test labels
% Matlab_Read_t10k_labels_idx1.m
clear all;
clc;
% Read the training picture label data file
[FileName1,PathName1] = uigetfile('*.*','Select the test picture data file t10k-labels.idx1-ubyte');
InFile = fullfile(PathName1,FileName1);
fid1 = fopen(InFile,'r');
a = fread(fid1,8,'uint8');
MagicNum = ((a(1)*256+a(2))*256+a(3))*256+a(4);
ImageNum = ((a(5)*256+a(6))*256+a(7))*256+a(8);
if ((MagicNum~=2049)||(ImageNum~=10000))
    error('Is not MNIST t10k-labels.idx1-ubyte!');
    fclose(fid1);    
    return;    
end
% Save training picture label data file TXT format
[FileName2,PathName2] = uiputfile(' Test image label data.txt',' Save test picture label data TXT file ');
OutFile = fullfile(PathName2,FileName2);
fid2 = fopen(OutFile,'w');
h_w = waitbar(0,' Please wait a moment while PROCESSING >>');
for i=1:ImageNum
    b = fread(fid1,1,'uint8');    
    fprintf(fid2,'%d\n',b);
    waitbar(i/ImageNum);
end
fclose(fid1);
fclose(fid2);
close(h_w);


·The SVM Algorithm
clear;
clc;

for i=1:60000
    str  = strcat('D:/AIAssignment/SVM/train/',num2str(i));
    name = strcat(str,'.bmp');
    name = char(name);
    current_img = imread(name);   
    current_img = im2bw(current_img,5/255);
    current_img = reshape(current_img,1,[]); 
    current_img = double(current_img);
    train_image(i,:) = current_img;
end
load    train-lable.txt  
model = svmtrain(train_lable, train_image, '-s 0 -c 4.0 -t 2 -g 0.015625 -r 91.1 -d 3');
save('handwritten _model','model');

for i=1:10000
    str  = strcat('D:/ AIAssignment/SVM /test/',num2str(i));
    name = strcat(str,'.bmp');
    name = char(name);
    current_img = imread(name);    
    current_img = im2bw(current_img,5/255);
    current_img = reshape(current_img,1,[]); 
    current_img = double(current_img);
    test_image(i,:) = current_img;
end
load    test-lable.txt  
[predict_label1, accuracy, dec_values] =svmpredict(test_lable, test_image, model);
%% view performance
confusionchart(test_lable,predict_label1)

·KNN Algorithm
clear
clc
close all
% Load train data
load("train_x.mat")
load("train_y.mat")

% onehot to number
train_label = vec2ind(train_y')-1;

% Define KNN model
t = templateLinear();
Mdl = fitcknn(train_x,train_label,'NumNeighbors',10,'Standardize',1);
% Load test data
load("test_x.mat")
load("test_y.mat")
test_label = vec2ind(test_y')-1;
% Predict
predict = predict(Mdl,test_x);
% view performance
confusionchart(test_label',predict)
% Results comparing
result = [test_label' predict];
% error of mean square
disp= mse(test_label - predict');
a=result(:,1);
b=result(:,2);
c=b-a;
e=find(c==0); 
K=(length(e)/length(c))*100%; 
% plot
figure
plot(1:length(test_label),test_label,'r*')
hold on
plot(1:length(predict),predict,'bo')
xlabel('Case Number')
ylabel('type ')
legend('Real','Predicted ')

save resultALL
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