1 Introduction
In the 1950s, a group of scientists with dreams formally proposed the concept of Artificial Intelligence (Artificial Intelligence) at Dartmouth College in the United States, ushering in a new era of Artificial Intelligence. Since then, countless scientists have devoted themselves to artificial intelligence. In the decades that followed, artificial intelligence rose and fell, and the technology continued to evolve. As an important part of artificial intelligence, OCR (Optical Character Recognition) technology has also developed vigorously during this period. The concept of optical character recognition (OCR) was first proposed by The German scientist Tausheck[1] in 1929.  The early definition of OCR is to recognize characters in print from paper documents. With the passage of time, the connotation of OCR has changed, which is no longer limited to characters in print, but also covers handwritten text recognition and natural scene text recognition.  
As a branch of handwritten text recognition, handwritten digit recognition technology is much simpler than handwritten text recognition. Although it is different from printing font recognition, each person's handwriting has their own style, there are differences, but there are fewer categories, there are only ten categories (0~9), so it is also known as the beginning of handwritten text recognition technology.  
It can be divided into offline handwritten digit recognition and online handwritten digit recognition.  Among them, the online handwritten digit recognition is relatively simple, it use real-time monitoring digital input terminal will be written stroke into one dimensional signal, the tip of the mobile trajectory into coordinate point sequence input computer, therefore on-line handwritten numeral recognition processing is a one-dimensional stroke string of information, the information covers the stroke, stroke order, writing speed and total number of strokes,  It has certain continuity and traceability.  The offline handwritten digital recognition is different, which is mainly by the terminal input static, non-traceable two-dimensional digital dot matrix image, computer processing is complicated.  
Online handwritten digit recognition is simpler, but less applicable than offline recognition. Because handwriting acquisition requires a specific input device, and offline recognition only needs pictures, it is more widely used in practical applications, and online recognition tasks can be converted to offline recognition tasks without time series, so the method adopted in offline recognition tasks is more widely applicable.  This paper focuses on offline handwritten number recognition. 
2 Related work
Ravi Badu[2] proposed a new approach to off-line handwritten digit recognition based on structural features. He used Euclidean minimum distance criterion to find minimum distances and used k-nearest neighbour(KNN) classifier. As a result, he got 96.94% recognition rate in MNIST. Bernard[3] used random forest(RF) algorithm to recognize the data in MNIST and  got different recognition rates with different number of trees and the number of random features pre-selected. Markowska-Kaczmar[4] used support vector machine and got 98.50% recognition rate in MNIST. Besides, he combined KNN and reduced a lot of computing time. Wenfei[5] used convolutional neural network got a better recognition rate compared to the approaches based on KNN, SVM and back propagation(BP).
In this paper, only four basic methods are used to identify MNIST, including three traditional machine learning algorithms and a classical model based on convolutional networks.
3 Methodology
3.1 KNN
K-nearest-Neighbour (KNN)[6][6] algorithm is a common classification and regression algorithm. This section focuses on the k-nearest neighbour algorithm for classification problems. The basic idea of KNN is as follows: given a training set, for a new input sample, find K samples closest to it in the training set, and classify the new input sample into which category most of the K samples belong.
The working principle of KNN：
(1) Suppose there is a data set with labels , in which each piece of data corresponds to the category to which it belongs.
(2) Input a new data without labels and compare the new data with the data in the sample data set.
a) Calculate the distance between the new data and each item in the sample set
b) All the distance values obtained are sorted in ascending order (the smaller the distance is, the more similar the two samples are
c) Select the labels corresponding to the first K samples
(3) The labels corresponding to the first K samples were counted, and the labels corresponding to more samples were used as labels of new data.
The KNN algorithm diagram is shown in Figure 3.1
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Fig 3.1 KNN sample diagram
As shown in Figure 3.1, rectangle and triangle are two different categories. Given a new sample -- circle, its category needs to be determined. If k=3 is taken, two of the three points closest to it belong to triangle category, and it can be inferred that circle belongs to triangle category. If k=5, then three of the five points closest to it belong to the rectangle class, so it follows that the circle belongs to the rectangle class.
3.2 SVM
Support Vector Machine (SVM)[7] is a classical binary classification algorithm. The segmentation hyperplane it finds has better robustness, so it is widely used in many tasks and shows strong advantages.
Given a binary classifier data set ，If two classes of samples are linearly separable, there is a hyperplane
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If you separate the two types of samples, then for every sample there are
                                             (3.2)
The distance from each sample  in the data set  to the segmented hyperplane is  
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We define the interval (Margin)  as the shortest distance from all samples in the entire data set  to the partitioned hyperplane:  
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If the interval 𝛾 is larger, the partition of the two data sets by the partition hyperplane is more stable and is not easily affected by noise and other factors.  The goal of support vector machines is to find a hyperplane so that 𝛾 is maximum, 
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Because at the same time zoom  and  will not change the sample the distance to the hyperplane segmentation, we can limit the formula (3.5) is equivalent to  
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Data set all meet  sample points, are called Support Vector 
For a linearly separable data set, there are many partitioned hyperplanes, but the hyperplane with the largest interval is unique.  Figure 3.2 gives an example of the maximum interval segmentation hyperplane of a support vector machine, where the sample points with thickened contours are support vectors.  
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Fig 3.2 an example of Support vector machine
3.3 Bagging and Random Forest
3.3.1 Bagging principle and process
Bagging's weak learners do not have the same connection as Boosting.  It features "random sampling".  Random sampling (Bootsrap) is to collect a specific number of samples from the training set. The each fetched sample will be put back.  In other words, samples previously fetched may continue to be fetched after being put back. For our Bagging algorithm, we generally randomly collect samples with the same number as the training set sample number m.  In this way, the number of samples fetched is equal to that of the training set, but the contents of them are different.  If we do  times random samples in training sets having m samples, then each sample sets of T will be different because of randomness.  
Notice that this is different from the GBDT subsample.  The subsampling of GBDT is a no-put sampling, while the subsampling of Bagging is a put back sampling.  In random sampling, when fetched a sample from a training set which has m samples, the probability of being fetched each time is  .  The probability of not being fetched is .  The probability of not being sampled is .  When ,
                                           (3.7) 
It means that about 36.8% of samples in the training set will not be fetched in every round of random sampling of Bagging. We always call these not fetched samples as Out of Bag data(OOB). As a result, these data can be used to test the generalization ability of the model because they don’t relate to fitting of the training set model.
As same as Adaboost, Bagging don’t limit to weak learners. But the most common ones are decision trees and neural networks. Bagging's strategy of aggregation is simple. For classification problems, simple voting is often used, with the category or one of the categories receiving the most votes being the final output of the model.  For regression problems, simple averaging method is usually used. Arithmetic averaging will be used to figure out the regression results obtained by  weak learners for sake of obtaining the final model. Since bagging algorithm takes samples every time to train the model, it has strong generalization ability and plays a vital role in decreasing the variance of the model. However, the degree of fitting for the training set will be worse to some extent, that is, the model bias will be larger.  The bagging algorithm flow is as follows:  
Input is sample set , weak learner algorithm, weak classifier iteration times .  
The output is the final strong classifier 
(1) For   
(a) Random sampling is performed on the training set for the -th time, and a total of  samples are collected , fetching a sampling set having  samples  
(b) Train the t th weak learner  with sampling set 
(2) If it is the prediction of classification algorithm, the category or one of the them which get the most votes by the  weak learners is the final one.  If it is a regression algorithm, the final output model will be obtained through arithmetic average of the regression results got from  weak learners.
3.3.2 Random Forest
Random forest[8] is a supervised learning algorithm.  As you can see from its name, it creates a forest and makes it random in some way.  The "forest" built is an integration of decision trees and is mostly trained with a "bagging" approach.  Bagging methods, bootstrap Aggregating, involve randomly placing selected training data, building classifiers, and finally combining the learned models to increase overall performance. 
A random forest builds multiple decision trees and merges them together for more accurate and stable predictions. They can be used for both classification and regression problems. It is one of the great advantages of random forests. These two types of problems are exactly what most current machine learning systems face. How random forests can be used for classification problems will be focused on. To some extent, classification is sometimes considered a cornerstone of machine learning. A random forest of two trees can be seen on Figure 3.3 
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Fig 3.3 Random Forest(two trees)
Except a few exceptions, random forest classifiers use all of the decision tree classifiers as well as the bagging classifier's hyperparameters to control the overall structure.  Compared to using the Bagging classifier and passing it to the decision tree classifier, using the random forest classifier class directly is much more convenient and optimized for the decision tree. The regression problem also has a random forest regressor corresponding to it. 
The growth of trees in random forest algorithms brings more randomness to the model.  Differ from decision trees, each node is segmented into the best feature with minimized error, and the best segmentation is constructed from randomly selected features.  Thus, in random forest, only the random subsets used to divide nodes are considered, and it is even possible to make the tree more random by using random thresholds on each feature, rather than searching for the optimal threshold as in a normal decision tree.  This process yields a wide variety and often leads to better models. 
In general, random forest is simple. And it is easy to implement with low computational cost. It is regarded as "a method representing the counting level of ensemble learning".  As you can see, random Forest has made only minor changes to Bagging.  The diversity of Bagging is only due to the randomness of samples. The diversity of the base learner of random forest comes not only from this, but also from the randomness of attributes.  When the number of learners increases, the random forest always converges to a lower generalization error. 
3.4 Neural Network
LeNet-5[9] is a very successful neural network model, although it was proposed earlier.  A handwritten digit recognition system based on LeNet-5 was used by many American banks in the 1990s to identify handwritten digits on checks. The network structure of LeNet-5 is shown in Figure 3.4. 
[image: A picture containing text, toiletry, cosmetic

Description automatically generated]
Figure 3.4 LeNet-5 network structure (image based on [LeCun et al., 1998])
LeNet-5 has 7 layers, accepts input image size of 32 × 32 = 1024, and outputs scores corresponding to 10 categories.  The structure of each layer in LeNet-5 is as follows:   
(1)  C1 layer is the convolution layer. Six 5×5 convolution kernels are used to obtain six groups of feature maps with a size of 28×28 = 784.  As a result, there are 4704 (6 × 784) neurons in C1 layer. There are 156 (6 × 25 + 6) trainable parameters. And the connection number is 156 × 784 = 122 304 (including bias, the same below).  
(2)  S2 layer is aggregation layer, sampling window is 2 × 2, average aggregation is used, and a nonlinear function. There are 1176 (6 × 14 × 14) neurons,  12 (6 × (1 + 1)) trainable parameters, and 5880 (6 × 196 × (4 + 1)) connections.  
(3) C3 layer is the convolution layer.  LeNet-5 uses a connection table to define the dependence between input and output feature maps, as shown in Figure 3.4.  A total of sixty 5 × 5 convolutional kernels are used to obtain 16 groups of feature maps with a size of 10 × 10.  The ere are 1600 (16 × 100) neurons , 1156 ((60 × 25) + 16) trainable parameters, and 151 600 (100 × 1 516) connections.  
(4) The S4 layer is an aggregation layer, and the sampling window is 2 × 2, and 16 characteristic reflections of 5 × 5 size are obtained. There are 32 (16 × 2) trainable parameters and 2000 (16 × 25 × (4 + 1)) connections.  
(5) C5 layer is a convolution layer. 120 groups of 1 × 1 feature maps are obtained by using 120 × 16 = 1 920 5 × 5 convolution kernels.  There are 120 neurons in C5 layer , 48 120 (1 920 × 25 + 120) trainable parameters and 48 120 (120 × (16 × 25 + 1)) connections.  
(6) F6 layer is a fully connected layer. There are 84 neurons and 10164 (84 × (120 + 1))  trainable parameters.  The number of connections is as same as that of trainable parameters, 10164.  
(7) Output layer: The output layer is composed of 10 Radial Basis functions (RBF).  
Each output feature map of the convolution layer depends on all input feature maps, which is equivalent to a fully connected relationship between the input and output feature maps of the convolution layer.  In fact, this fully connected relationship is not necessary.  We can make each output feature map dependent on a few input feature maps.  Define a Link Table 𝑇 to describe the connection between input and output feature maps.  In LeNet-5, the basic setup of the join table is shown in Figure 3.5.  The 0-5 feature mapping of C3 layer depends on every 3 consecutive subsets of the feature mapping group of S2 layer, the 6-11 feature mapping depends on every 4 consecutive subsets of the feature mapping group of S2 layer, and the 12-14 feature mapping depends on every 4 discontinuous subsets of the feature mapping group of S2 layer.  The 15th feature map depends on all feature maps of S2 layer.  
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Figure 3.5 Join table of C3 layer in LeNet-5 (Image source: [LeCun et al., 1998])
If the output feature map  th depends on the input feature map  th,  = 1, otherwise 0.   for  
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 is a connection table of   size. Assume the connection table  nonzero number for 𝐾, the magnitude of each convolution kernel is , so need parameters in all.  
4 Results and discussion
In this paper, four methods (KNN,SVM,RF and LeNet-5) were used to recognize MNIST. All methods are realized by MATLAB. And the code can be seen in the appendix.
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Fig 4.1 Recognition results based on KNN
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Fig 4.2 Recognition results based on SVM
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Fig 4.3 Recognition results based on Random Forest
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Fig 4.4 Recognition results based on LeNet-5
It can be seen from Figure 4.1-4.4 that the identification accuracy based on Lenet-5 is the highest (99%), followed by the method based on SVM (98.14%), the method based on random forest (97.2%) and the method based on KNN (96.91%).  But the LeNet-5-based approach also took the longest time.  The above recognition accuracy is not a definite value, which may be affected by many factors, including but not limited to the choice of kernel function, k value, number of trees, etc.  
5 Conclusion
In recognition of handwritten numerals task, based on the traditional machine learning method (including KNN and SVM, RF) a small amount of calculation, the calculation time is shorter, but the method based on neural network precision is higher, although it seems only a two percent, however, as the character recognition task difficulty ascending (from optical character recognition, text recognition to the natural scene), The drawbacks of traditional machine learning methods will be exposed. With the improvement of computing power, some of the increased computation is no longer the first factor to be considered in non-real-time tasks, but accuracy is the primary factor. With the emergence of various neural networks, character recognition has reached an unprecedented height, although accompanied by model degradation, model is too complex and other problems, but also appeared Residual Network[10], model pruning and other solutions. In general, in the field of character recognition, methods based on deep learning have become the mainstream and have been widely used in the society.
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Essential Resources

Appendix
(1)KNN
clear
load MNIST_digit_data
whos

rand('seed', 1);
inds = randperm(size(images_train, 1));
images_train = images_train(inds, :);
labels_train = labels_train(inds, :);

%train_size = 1000; %%%%%vary this to change training size
inds = randperm(size(images_test, 1));
images_test = images_test(1:1000, :);
labels_test = labels_test(1:1000, :); 
k = 1;
a = size(labels_test);
index = 14;
% A(images_train, labels_train, images_test(index,:), k, 60000); %A
B(images_train, labels_train, images_test, labels_test, k); %B
%AvgAcc = C(images_train, labels_train, images_test, labels_test, k, 1); %c
% D(images_train, labels_train, images_test, labels_test, k) %D
%E(images_train(1:1000, :), labels_train(1:1000, :), images_train(1001:2000, :), labels_train(1001:2000, :)) %E

function E(images_train, labels_train, images_test, labels_test)
    
    for k = 1:10
        [acc, avv_Acc(k)] = kNN(images_train, labels_train, images_test, labels_test, k, 1000);
        ki(k) = k;
    end
    display(avv_Acc);
    figure;
    bar(ki, avv_Acc);
    xlabel('values of k')
    ylabel('Average Accuracy')
    
end

function D(images_train, labels_train, images_test, labels_test, k)
    ki = [1,2,3,5,10];
    for i  = 1:5
        acc_i = C(images_train, labels_train, images_test, labels_test, ki(i), 0);
        for j=1:10
           acc(i,j) = acc_i(j); 
        end
    end
    display(acc);
    train_size = logspace(log10(30),log10(10000),10);
    figure;
    plot(train_size, acc(1,:), train_size, acc(2,:), train_size, acc(3,:), train_size, acc(4,:), train_size, acc(5,:));
    legend('k(1)','k(2)','k(3)','k(5)','k(10)')
    xlabel('Training Data')
    ylabel('Accuracy')
end


function avv_Acc = C(images_train, labels_train, images_test, labels_test, k, disp)
    train_size = logspace(log10(30),log10(10000),10);
    avv_Acc = zeros(size(train_size));
    for i = 1:10
        [acc, avv_Acc(i)] = kNN(images_train, labels_train, images_test, labels_test, k, int16(train_size(i)));
    end
    %display(avv_Acc);
    if disp == 1
        figure;
        bar(train_size, avv_Acc);
        plot(train_size, avv_Acc);
        xlabel('Number of training data 30 to 10000')
        ylabel('Average Accuracy')
    end
end

function B(images_train, labels_train, images_test, labels_test, k)
    [Accuracy, Avg_Accuracy]= kNN(images_train, labels_train, images_test, labels_test, k, 60000);
    display(Accuracy);
    display(Avg_Accuracy);
end

function A(images_train, labels_train, image_test, k, train_size)
    [I, predict_num] = fitkNN(images_train, labels_train, image_test, k, train_size);
    show_img(predict_num, image_test);
end

function [acc, acc_av] = kNN(images_train, labels_train, images_test, labels_test, k, train_size)
    correct = zeros(1,10);
    total = zeros(1,10);
    acc = zeros(1,10);
    for i = 1:size(labels_test)
        point = images_test(i, :);
        [I, predict_val] = fitkNN(images_train, labels_train, point, k, train_size);
        if predict_val == labels_test(i)
            index = labels_test(i)+1;
            correct(index) = correct(index)+1;
        end
        total(labels_test(i)+1) = total(labels_test(i)+1)+1;
    end
   	for i = 1:10
        acc(i) = 100*correct(i)/total(i);
    end
    acc_av =  mean(acc);
end

function [I, predict_val] = fitkNN(images_train, labels_train, image_test, k, train_size)
    dist = pdist2(image_test, images_train(1:train_size,:));
    max_bin = zeros(1,10);
    for i = 1:k
        [M,I] = min(dist);
        [a, b] = max(dist);
        dist(I) = a;
        max_bin(labels_train(I)+1) = max_bin(labels_train(I)+1)+1;
    end
    [a, predict_val] = max(max_bin);
    predict_val = predict_val-1;
end

function show_img(predict_num, image)
    close all
    im = reshape(image(:), [28 28]);
    imshow(im)
    title(num2str(predict_num));
   
end

(2)SVM
% install libsvm at first
clear;
clc;

for i=1:60000
    str  = strcat('./train_data/',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 = libsvmtrain(train_lable, train_image, '-s 0 -c 4.0 -t 2 -g 0.015625 -r 91.1 -d 3');
save('Model','model');

for i=1:10000
    str  = strcat('./test_data/',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] =libsvmpredict(test_lable, test_image, model);

(3)Random Forest
clear all;
clc;

for i=1:60000
    str  = strcat('./train_data/',num2str(i));
    name = strcat(str,'.bmp');
    name = char(name);
    current_img = imread(name);
    current_img = reshape(current_img,1,[]); 
    train_image(i,:) = current_img;
end
train_image=double(train_image);

for i=1:10000
    str  = strcat('./test_data/',num2str(i));
    name = strcat(str,'.bmp');
    name = char(name);
    current_img = imread(name);
    current_img = reshape(current_img,1,[]); 
    test_image(i,:) = current_img;
end
test_image=double(test_image);

lable_test = textread('test-lable.txt');
lable_train = textread('train-lable.txt');
% lable_train = lable_train(1:100);
% lable_test = lable_test(1:100);

model = TreeBagger(500,train_image,lable_train); % use train set to get a model

result = predict(model,test_image);  % predict based on the model 

result = cell2mat(result);  
 
sc=double(result) - lable_test; 
accuracy=sum(sc(:)==48)/100.0;     % calculate the accuracy
fprintf('Accuracy is %f\n',accuracy);

(4)LeNet-5
%load data
imageDim = 28;
numclasses = 10;
images = loadMNISTImages('train-images.idx3-ubyte');
images = reshape(images,imageDim,imageDim,[]);
labels = loadMNISTLabels('train-labels.idx1-ubyte');
labels(labels == 0) = 10;

%% initialparameters
lenet.layers = {
    struct('type','i')
    struct('type','C1','outputmaps',6,'kernelsize',5)
    struct('type','S2','scale',2)
    struct('type','C3','outputmaps',16,'kernelsize',5)
    struct('type','S4','scale',2)
    struct('type','C5','outputmaps',120)
    struct('type','F6','outputmaps',84)
    struct('type','Soft','num_classes',10)
};

lenet = initialParameters(lenet,images);

%% train the cnn
opts.alpha = 1;

opts.batchsize = 40;

opts.numepochs = 20;

lenet = cnnTrain(lenet,images,labels,opts);

%% test the cnn
testImages = loadMNISTImages('t10k-images.idx3-ubyte');
testImages = reshape(testImages,imageDim,imageDim,[]);
testLabels = loadMNISTLabels('t10k-labels.idx1-ubyte');
testLabels(testLabels == 0) = 10;

lenet = cnnff(lenet,testImages);

a = lenet.layers{8}.a;
[~,preds] = max(lenet.layers{8}.a,[],1);
preds = preds';

acc = sum(preds == testLabels) / length(preds) * 100%;
fprintf('Accuracy is %f\n',acc);
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