MNIST Handwritten Digits Recognition
1 Introduction
With the rapid change of today's society and the rapid development of information technology, we are now shrouded in the digital age. Numbers are moving in the direction of replacing our language expression and memory of words and words. For the number in life, the human brain can quickly distinguish which number it is, but the computer can't distinguish the number directly and intuitively. Therefore, it is necessary to use the knowledge related to digital image processing and machine learning to make the computer recognize the characters in the image.
Handwritten numeral recognition is a part of image recognition. It is mainly carried out through artificial intelligence technology, especially deep learning method. Deep learning has good high-speed computing ability and self-learning ability, and can be well applied to digital recognition. By consulting the relevant literature, we can find that there have been many studies on the methods, algorithms and model optimization of handwritten numeral recognition, and some research results have been achieved. Traditional digital recognition methods are based on KNN and SVM algorithms, but these methods have low recognition rate and slow speed. Therefore, some people optimize them based on these classical algorithms to improve the recognition accuracy of the model. Some new methods have also been introduced into digital recognition, such as multilayer perceptron, CNN algorithm, convolutional neural network, cyclic neural network, robust depth network and so on. These algorithms have better effect and higher recognition accuracy than traditional KNN and SVM algorithms. For example, BP neural network algorithm has strong nonlinear fitting ability and can reflect any nonlinear complex relationship. The learning rules are simple and easy to implement by computer.
The research of handwritten numeral recognition has great practical significance. Arabic numeral is the only character commonly used all over the world. Putting handwritten numeral recognition technology into practical application will produce great social and economic benefits. At present, handwritten numeral recognition technology is applied in many fields or occasions, such as finance, taxation, finance and other fields. With the rapid economic development of countries all over the world, there are more and more financial statements, tax statements, checks, bills and so on that need to be processed every day. If we can use computers to automatically process them, it will undoubtedly save a lot of time, money and labor. In addition, handwritten numeral recognition technology is also widely used in our daily life. Such as license plate number recognition, postal code recognition, etc.
This paper uses MATLAB software to write program codes based on SVM vector machine and KNN algorithm to complete the recognition of handwritten digits. The advantages, principles and methods of two machine learning intelligent algorithms, as well as the results and shortcomings after code running are analyzed and discussed.

2 principle and method
The realization of handwritten numeral recognition has many advantages over the recognition of other elements. It is mainly reflected in the following aspects: firstly, it involves a small number of identification elements, only 0-9, a total of 10 elements; Secondly, the training set background is mostly paper, which is less disturbed by the environment; In addition, the strokes of identifying elements are simple and easy to identify; Finally, its training set is easy to collect. In this paper, the training set and test set materials used are downloaded from the MNIST database. There are a set of 60000 example training sets and a set of 10000 example test sets in the database set. Moreover, in the examples in these sets, the size of the number has been standardized and fixed in the middle of the image, and the image is a fixed size (28x28 pixels). Generally, before handwritten numeral recognition, some preprocessing needs to be carried out on the data set, including normalization, binarization, digital filtering, smoothing and denoising, normalization and so on. After preprocessing, feature recognition is carried out. Using MNIST data sets saves these steps of preprocessing the data sets.
The difficulties of handwritten numeral recognition are: the strokes of numerals are relatively simple, and the difference of glyphs is small, which makes it difficult to distinguish some numerals accurately. Although there are only 10 numbers, people in different countries and regions have different habits and styles when writing, and it is difficult to make a recognition method that can take into account various styles and has a high recognition rate.In addition, we should also consider that in practical applications, the writing paper background is different. Unlike words, numbers have no contextual cohesion. The accuracy of each number recognition is very important.
Before coding digital recognition code based on neural network algorithm model, it is also necessary to install some matlab toolbox on the computer, such as statistics and machine learning toolbox, image processing toolbox, optimization toolbox, Computer Vision Toolbox, etc.

2.1 Handwritten numeral recognition based on SVM
Support vector machines (SVM) are supervised learning models that analyze data used for classification and regression analysis. They analyse the large amount of data to identify patterns from them.SVM is a two class classification model. Its basic model is to find a linear classifier of separation hyperplane with maximum interval in feature space. 
Support vector theory is developed from the optimal classification in the case of linear separability. Figure 1 shows the optimal solution found by linear support vector machine. For some linear non separable problems, there may be fewer misclassification points caused by linear partition. This kind of problem is an approximate linear separable problem. Linear partition can still be considered for this kind of problem, but the previous method needs to be modified. The generalized maximum interval method can be obtained by modifying the optimization problem. The nonlinear problem can be transformed into a linear problem in another space through nonlinear transformation, and then the optimal or generalized optimal classification can be obtained in this space. The basic idea of SVM can be summarized as follows: firstly, the input space is transformed into a high-dimensional space through nonlinear transformation, and then the optimal linear classification surface is obtained in this new space. This nonlinear transformation is realized by defining an appropriate inner product function.
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Figure 1 finding the optimal hyperplane by linear support vector machine
The multi class classification problem is similar to the classification problem divided into two classes. Handwritten numeral recognition belongs to 10 classes. The difference between them is that the output of the former takes only two values, while the latter may take multiple values. There are two commonly used methods for classification among multiple categories. One is to use n decision functions based on all bases, allowing each decision function to distinguish between a class containing one vector and all vectors in another relative class. This method is called ovr. Another method is called ovo. The idea of this method is: for the classification task with n categories, pair the N categories in pairs to generate n (n-1) / 2 binary classification tasks. In the test phase, new samples are submitted to all classifiers at the same time, so that n (n-1) / 2 classification results can be obtained. The final result can be generated by voting, that is, the most predicted category is taken as the final classification result.
The advantages of SVM are those: it is relatively easy to train, will not suffer from "dimension curse", and it is not easy to over assemble, and is easy to understand. Its disadvantages are also obvious. Compared with other models, the training (and testing) speed is quite slow, and it is very sensitive to noise. Its biggest disadvantage lies in the selection of kernel function. Once the kernel function is determined, there is only one modifiable parameter.
Using SVM method, we need to do the inner product operation of feature space, and the kernel function is the inner product. The selection of SVM kernel function plays an important role in its performance, especially for those linearly inseparable data, so the selection of kernel function is very important in SVM algorithm. The following commonly used kernel functions are often used to replace self constructed kernel functions:
(1) Linear kernel function: 
(2) Polynomial kernel function: x,xi)+1)d
(3) Gaussian kernel function: 
(4) Laplacian Kernel function: 
The general steps of using SVM method to recognize MNIST handwritten numeral set are as follows: first, read the data, import MNIST image and label, convert the data format, convert the image data into vector and correspond with the label. The tag is the real value corresponding to each digital image with features. In the later processing, no matter how the original image is changed, it must be consistent with the corresponding label. Only by matching a set of features with the last label can the effectiveness of neural network training be guaranteed. Then use the kernel function and training strategy to train the training set, which requires the integration of the training set, PCA dimensionality reduction of the data samples, and setting the number of training samples to improve the program running speed, build the function and algorithm of the kernel function (linear kernel, Gaussian kernel and Laplace kernel), extract the features and build the model. Finally, the trained model is used to test the test set, and the digital recognition test results are obtained. The test results of the code written in this paper include the time and accuracy.

2.2 handwritten numeral recognition based on BP neural network
The full name of KNN algorithm is k-nearest neighbor algorithm. The core idea of the algorithm is that if most of the k nearest samples in the feature space belong to a category, the sample also belongs to this category and has the characteristics of samples in this category. In determining the classification decision, this method only determines the category of the samples to be divided according to the category of the nearest one or several samples.
The three basic elements of KNN algorithm are: the selection of K value, the measurement of distance and decision rules. Euclidean distance is generally used to measure distance. Decision rules include majority voting method, weighted majority voting method, average method and weighted average method. Suppose there are n points in a two-dimensional coordinate plane, and the color of each point is known. Now, given the coordinates (Xi, Yi) (x, y) of query point P, judge the color of P. For n known points, calculate the Euclidean distance between each point and point P:

    Sort according to dis from small to large, and select the first k points closest to each other. Among the first k points, the point with the most color occurrences is counted, and the color of point P is divided into the color of that point.
In KNN algorithm, when the training set, distance measurement (such as Euclidean distance), K value and classification decision rules (such as majority voting) are determined, the class to which it belongs is uniquely determined for any new input instance. This is equivalent to dividing the feature space into some subspaces according to the above elements, and determining the class of each point in the subspace.
The advantages of KNN algorithm are high precision and insensitive to outliers. It is simple and easy to use. Compared with other algorithms, KNN is a relatively simple and clear algorithm. Even without a high mathematical foundation, we can understand its principle. The prediction effect is good. Its disadvantages are: high computational complexity and high memory requirements, because the algorithm stores all training data and has high spatial complexity.
The general steps of MNIST handwritten numeral recognition using KNN algorithm are: reading data, importing MNIST images and labels, and converting data format. This step is the same as using SVM. Then train the data and set the K value. Finally, test the data and output the running time and accuracy.

3 results and discussion
As a recognition system, we finally need to use some parameters to evaluate its performance, and handwritten numeral recognition system is no exception. The evaluation index can refer to some other image recognition or character recognition. In digital recognition, the most important index or parameter is undoubtedly its recognition accuracy. Accuracy directly determines the quality of a recognition system. Another performance index we pay attention to is the running speed or running time of the program code, which determines the efficiency and cost performance of the identification system. The subsequent improvement of handwritten numeral code recognition technology or model is also based on these two indicators.
Matlab program code is written based on SVM and KNN algorithm for handwritten digit recognition, mainly including data set import, training data and test data. After the program runs, the accuracy of digital recognition and the running time of the program are output, and the results are analyzed and discussed.

3.1 discussion on handwritten numeral recognition results based on SVM
After handwritten numeral recognition using SVM, a series of data on the accuracy and time-consuming of numeral recognition using different kernel functions are obtained, as shown in Table 1. It can be seen from the table that for the same data set (training set and test set), the accuracy of digital recognition using linear kernel function is the lowest and the time is the longest. The accuracy of number recognition using Gaussian kernel function and Laplace kernel function is similar, but Laplace kernel function takes less time. The formula complexity of linear kernel function, Gaussian kernel function and Laplace kernel function is different, which leads to the difference of training time and testing time. In handwritten numeral recognition, various numeral writing methods are complex, which is obviously a linear inseparable scenario, so the accuracy of linear kernel function is low.
Table 1 number recognition results using different kernel functions
	Type of kernel function
	Accuracy
	Duration (s)

	Linear kernel
	75.06%
	7.710593

	Gaussian kernel
	78.76%
	7.307958

	Laplace kernel
	78.48%
	4.532564


At the same time, we can also find that the running time of handwritten numeral recognition programs using these three kernel functions is not long, which is mainly due to the following two reasons: (1) PCA dimensionality reduction is used; (2) All MNIST data sets are not trained and tested, but only a small part of data is selected for training. On the other hand, the accuracy of digital recognition is not high, mainly because there are not enough data to participate in the training. If the data set is added, the speed will be reduced and the time will be increased. How to balance the accuracy and the recognition speed and complete high accuracy digital recognition in a short time is the next thing we need to consider.

3.2 discussion on handwritten numeral recognition results based on KNN algorithm
KNN algorithm is applied to handwritten numeral recognition. The results are obtained after matlab code is run. The accuracy is 93.29% and the running time is 2290.080659 seconds. It can be found that its recognition rate is very high, but it runs slowly and takes a very long time. This is mainly because the data sample set is very large, and there is no dimension reduction by principal component analysis. All dimensions are used for comparison. This is something that needs to be improved. KNN algorithm is case-based learning. Its principle and method are very simple and easy to understand, and the program code is relatively simple, but there must be training sample data close to the actual data when using the algorithm. KNN algorithm must save all data sets. If the training data set is large, it must use a lot of storage space. Another disadvantage of KNN algorithm is that it can not give the basic structure information of data, so we can not know the characteristics of average instance samples and typical instance samples. In general, the more data the KNN algorithm trains, the higher the accuracy, but the time complexity is too high. Therefore, the cost performance of training big data models such as graphics is not high.

4 Summary
This paper reviews and summarizes some existing deep learning methods for handwritten numeral recognition and the wide application of numeral recognition, then carries out handwritten numeral recognition based on SVM and KNN algorithm respectively, combs their principles, methods, advantages and disadvantages, and compiles matlab program code and runs it, Then the results of digital recognition (accuracy and time-consuming) are analyzed and discussed. The results show that when the number of selected training data sets is not enough, the accuracy of number recognition based on SVM is not high enough. When the data set is certain, the accuracy of digital recognition using Gaussian kernel function is higher, and the time-consuming of digital recognition using Laplace kernel function is shorter. The accuracy of digital recognition based on KNN algorithm is very high, but it takes a long time, and the cost performance of training big data model is not high.
In short, there is still much room for improvement in handwritten numeral recognition based on these two model methods. At present, great achievements have been made in the research of digital recognition at home and abroad, but there are still two difficulties. First, the recognition accuracy needs to reach a higher level. Handwritten numeral recognition has no context, and every data in the data is very important. Digital recognition often involves the fields of Finance and accounting, and its strictness is self-evident. Therefore, many scholars at home and abroad are working hard to improve the recognition rate of handwritten digits and reduce the false recognition rate. Second, the speed of recognition should reach a high level. The input of digital recognition is usually a large amount of data, and high precision and high speed are contradictory, so higher requirements are put forward for the recognition algorithm. There is still a long way to go to achieve better results in the field of digital recognition.
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Appendix
1 Number recognition program code based on SVM
Code usage:
(1) Use matlab to open the (imple_kernelsvm. m) file to run. Under the folder (kernel. m) and (kernelsvm. m) are the functions for selecting kernel functions and smo algorithm implementation functions respectively, (loadmnistimages. m) and (loadmnistlaebels. m) are the functions for reading data sets
(2) This program uses the kernel function. You can select the kernel to be used by adjusting the (kernel. m) file. Gaussian kernel is used by default; If you want to use a linear kernel, cancel the comment on line 6 and comment out lines 8 to 12; If you want to use Laplacian core, uncomment lines 11 and 12 and comment lines 6 to 9
(3) Adjust lines 18 and 19 to change the number of training samples
(4) (C, DIS, tolerance) in (imple_kernelsvm. m) and the last parameter in the kernel function on line 29 are adjustable, and the last parameter in the kernel function on line 13 in (kernelsvm. m) is adjustable
1.1 loadMNISTImages
function images = loadMNISTImages(filename)
%loadMNISTImages returns a 28x28x[number of MNIST images] matrix containing
%the raw MNIST images
 
fp = fopen(filename, 'rb');
assert(fp ~= -1, ['Could not open ', filename, '']);
 
magic = fread(fp, 1, 'int32', 0, 'ieee-be');
assert(magic == 2051, ['Bad magic number in ', filename, '']);
 
numImages = fread(fp, 1, 'int32', 0, 'ieee-be');
numRows = fread(fp, 1, 'int32', 0, 'ieee-be');
numCols = fread(fp, 1, 'int32', 0, 'ieee-be');
 
images = fread(fp, inf, 'unsigned char');
images = reshape(images, numCols, numRows, numImages);
images = permute(images,[2 1 3]);
 
fclose(fp);
 
% Reshape to #pixels x #examples
images = reshape(images, size(images, 1) * size(images, 2), size(images, 3));
% Convert to double and rescale to [0,1]
images = double(images) / 255;
 
End

1.2 loadMNISTLabels
function labels = loadMNISTLabels(filename)
%loadMNISTLabels returns a [number of MNIST images]x1 matrix containing
%the labels for the MNIST images
 
fp = fopen(filename, 'rb');
assert(fp ~= -1, ['Could not open ', filename, '']);
 
magic = fread(fp, 1, 'int32', 0, 'ieee-be');
assert(magic == 2049, ['Bad magic number in ', filename, '']);
 
numLabels = fread(fp, 1, 'int32', 0, 'ieee-be');
 
labels = fread(fp, inf, 'unsigned char');
 
assert(size(labels,1) == numLabels, 'Mismatch in label count');
 
fclose(fp);
 
end

1.3 Kernel
function [data] = Kernel(x,xi,sig)
    m = size(x,1);
    data = zeros(m,1);
    for i = 1 : m
% Linear kernel 
%         data(i) = x(i,:) * xi';
% Gaussian kernel    
        deltaRow = x(i,:) - xi;
        data(i) = exp( - deltaRow * deltaRow' / (sig ^ 2));
% Laplace kernel
%         deltaRow = x(i,:) - xi;
%         data(i) = exp( - sqrt(deltaRow * deltaRow') / sig);
    end
End

1.4 kernelSVM
function [b, alphas] = kernelSVM(trainImages, trainLabels, C, dis, tolerance, one)
% tic;
[m,n] = size(trainImages);
%Calculate the Gaussian kernel and change the label,sig2
kernels = zeros(m,m);
for i = 1 : m
    if trainLabels(i) == one;
        trainLabels(i) = 1;
    else
        trainLabels(i) = -1;
    end
    kernels(:,i) = Kernel(trainImages,trainImages(i,:),16.75);
end
 
b = 0;
change = 0;
alphas = zeros(m,1);
 
while (change < tolerance)
    alphaChange = 0;
    for i = 1 : m
         %Calculate UI and EI
        ui = double(alphas .* trainLabels)' * kernels(:,i) + b;
        Ei = ui - double(trainLabels(i));
        if (((trainLabels(i) * Ei < -dis) && (alphas(i) < C)) || ((trainLabels(i) * Ei > dis) && (alphas(i) > 0)))
            j = unidrnd(m);
            while (j == i)
                j = unidrnd(m);
            end
            uj = double((alphas .* trainLabels)' * kernels(:,j) + b);
            Ej = uj - double(trainLabels(j));
             %Record the old alpha value
            alphaiold = alphas(i);
            alphajold = alphas(j);
            %Calculate upper and lower bounds
            if trainLabels(i) ~= trainLabels(j)
                L = max(0, alphas(j) - alphas(i));
                H = min(C, C + alphas(j) - alphas(i));
            else
                L = max(0, alphas(j) + alphas(i) - C);
                H = min(C, alphas(j) + alphas(i));
            end
            if L == H
%                 fprintf('L==H\n');
                continue
            end
            %Calculate eta to update the alpha value
            eta = 2.0 * kernels(i,j) - kernels(i,i) - kernels(j,j);
            if eta >= 0
%                 fprintf('eta>=0\n');
                continue
            end
            %Update alpha
            alphas(j) = alphas(j) - trainLabels(j) * (Ei - Ej) / eta;
            if alphas(j) > H
                alphas(j) = H;
            end
            if alphas(j) < L
                alphas(j) = L;
            end
            if abs(alphas(j) - alphajold) < 0.00001
%                 fprintf('j not moving enough\n');
                continue
            end
            alphas(i) = alphas(i) + trainLabels(j) * trainLabels(i) * (alphajold - alphas(j));
            %Update b
            b1 = b - Ei - trainLabels(i) * (alphas(i) - alphaiold) * kernels(i,i) - trainLabels(j) * (alphas(j) - alphajold) * kernels(i,j);
            b2 = b - Ej - trainLabels(i) * (alphas(i) - alphaiold) * kernels(i,j) - trainLabels(j) * (alphas(j) - alphajold) * kernels(j,j);
                
            if alphas(i) > 0 && alphas(i) < C
                b = b1;
            elseif alphas(j) > 0 && alphas(j) < C
                b = b2;
            else
                b = (b1 + b2) / 2.0;
            end
            alphaChange = alphaChange + 1;
        end
        if alphaChange == 0
            change = change + 1;
        else
            change = 0;
        end
    end
%      fprintf(value is%d\n',iter);
end
 
% omegas = ((alphas .* trainLabels)' * trainImages)';
 
% toc;

1.5 imple_kernelSVM
clear;
clc;
%Read data
trainImages = loadMNISTImages('train-images.idx3-ubyte');
trainLabels = loadMNISTLabels('train-labels.idx1-ubyte');
testImages = loadMNISTImages('t10k-images.idx3-ubyte');
testLabels = loadMNISTLabels('t10k-labels.idx1-ubyte');
%PCA dimensionality reduction
square = double(trainImages * trainImages');
[eigVect, eigVal] = eig(square);
eigVal = diag(eigVal);  
eigVal = cumsum(eigVal) / sum(eigVal);
k = find(eigVal >= 1e-2, 1);
pca = eigVect(:, k:end);
trainImages = pca' * trainImages;
testImages = pca' * testImages;
%Select some samples for testing
trainImages = trainImages(:,1:500)';
trainLabels = trainLabels(1:500,1);
testImages = testImages';
%Obtain sample size
[m,n] = size(trainImages);
[r,s] = size(testImages);
%Adjust sig1 and C
%Current best sig1 Sig2, C = 12.3,16.75,30
tic;
kernels = zeros(m,r);
for i = 1 : r
    kernels(:,i) = Kernel(trainImages,testImages(i,:),12.3);
end
     
% omegas = zeros(n,10);
b = zeros(10,1);
alphas = zeros(m,10);
C = 30;
dis = 0.001;
tolerance = 10;
vote = zeros(r,10);
testResults = zeros(r,10);
Labels = zeros(r,1);
error = 0;
%OvR
fprintf('¼ÆËãalpha...\n');
for i = 1 : 10
    one = i - 1;
    [b(i),alphas(:,i)] = kernelSVM(trainImages,trainLabels,C,dis,tolerance,one);
    fprintf('% d alpha calculated \ n',i);
%     for j = 1 : 10
%         omegas(:,j) = ((alphas(:,i) .* trainLabels)' * trainImages)';
%     end
end
fprintf(Voting ...\n');
%Calculate the result y from alpha and B
for i = 1 : 10
    tmpLabels = trainLabels;
    y = zeros(r,10);
    for j = 1 : m
        if tmpLabels(j) == (i - 1)
            tmpLabels(j) = 1;
        else
            tmpLabels(j) = -1;
        end
    end
    for j = 1 : r
        y(j,i) = (alphas(:,i) .* tmpLabels)' * kernels(:,j) + b(i);
%         y = omegas(:,i)' * testImages(j,:)' + b(i);
%        fprintf('The value of Y is%d\n',y);
        vote(j,i) = sign(y(j,i));
    end
    clear tmpLabels;
end
%Vote to get the sample category to be tested
for i = 1 : r
    for j = 1 : 10
        if vote(i,j) == 1
            testResults(i,j) = testResults(i,j) + 1;
        else
            testResults(i,:) = testResults(i,:) + 1;
            testResults(i,j) = testResults(i,j) - 1;
        end
    end
end
fprintf('Calculation results...');
for i = 1 : r
    [maxCount,pos] = max(testResults(i,:));
    Labels(i) = pos - 1;
end
 
for i = 1 : r
    if Labels(i) ~= testLabels(i)
        error = error + 1;
%         fprintf('´error%d',Labels(i));
%         fprintf('right·%d\n',testLabels(i));
    end
end
 
fprintf('The accuracy is%d\n',1-error/r);
toc;
 
% save data;
% system('shutdown -s');

1.6 Screenshot of program operation and results
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2 Number recognition program code based on KNN algorithm
The codes of loadmnistimages and loadmnisttables are the same as those in 1.1 and 1.2.
2.1 The main program code 
clear
clc
 
trainImages = loadMNISTImages('train-images.idx3-ubyte');
trainLabels = loadMNISTLabels('train-labels.idx1-ubyte');
 
N = 784;
K = 100;% can be any other value
 
testImages = loadMNISTImages('t10k-images.idx3-ubyte');
testLabels = loadMNISTLabels('t10k-labels.idx1-ubyte');
trainLength = length(trainImages);
testLength = length(testImages);
testResults = linspace(0,0,length(testImages));
 
compLabel = linspace(0,0,K);
 
tic;
 
for i=1:testLength
curImage = repmat(testImages(:,i),1,trainLength);
curImage = abs(trainImages-curImage);
comp=sum(curImage);
 
[sortedComp,ind] = sort(comp);
 
for j = 1:K
compLabel(j) = trainLabels(ind(j));
end
 
table = tabulate(compLabel);
[maxCount,idx] = max(table(:,2));
testResults(i) = table(idx);
disp(testResults(i));
disp(testLabels(i));
 
end
 
% Compute the error on the test set
error=0;
 
for i=1:testLength
if (testResults(i) ~= testLabels(i))
error=error+1;
end
 
end
 
%Print out the classification error on the test set
 
error/testLength;
 
% ¼ÆËãÄ£ÐÍ×¼È·ÂÊ
accuracy =(testLength-error)/testLength;
 
toc;
 
disp(toc-tic);
[bookmark: _GoBack]disp(accuracy);

2.2 Screenshot of program operation and results
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