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ABSTRACT  With the rapid development of information technology, all sectors of society rely on it more and more, and one of the important scenarios is the recognition of users' handwritten information into computer systems, and a common recognition element in this scenario is the recognition of handwritten numbers. Traditional methods have difficulty in accurately identifying handwritten numbers, and deep learning is computationally intensive, so it is proposed that handwritten numbers are analyzed using machine learning methods such as decision tree, random forests and SVM. Experimental results show that machine learning methods can accurately and quickly identifying a variety of handwritten digits while keeping the computational effort small, and can be used as an effective means of identifying handwritten digits.

INDEX TERMS  Machine learning; Decision tree; Handwriting digit; SVM; Random forests

I. INTRODUCTION

With the rapid development of information technology in recent years, the impact of information technology on all sectors of society is increasing day by day, bringing great convenience and new challenges to people's production and life. Nowadays, more and more industries are advocating a 'paperless' and 'information-based' office and life, recording all kinds of information in computer systems, which makes office and life more convenient and environmentally friendly. One of the key scenarios is the accurate recognition of machine font numbers and handwritten numbers by computer systems and their reading into counting machine systems. This need has a wide range of application scenarios in many fields such as finance, education and science, and is very practical, so how to accurately identifying these numbers has become one of the difficult and hot issues in the current relevant research at home and abroad.

Compared to handwritten numbers, machine font numbers have a clear The handwritten numbers are more difficult to identify because of the different habits of people and the randomness of their writing. For example, the same number "7" can be written in a number of different styles as Figure 1.
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FIGURE 1.  Handwritten number“7”in different styles. 

As can be seen from the diagram, not only is there a wide variety of handwriting styles and patterns that are difficult to identify, but one person's handwritten numbers may look very similar to other numbers written by another person, or even one handwritten number may look more like another number. For example, the second “7” from the left in Figure 1. looks closer to the number “9”. These characteristics obviously make it more difficult to recognize handwritten numbers, so the proposed method focuses on how to accurately and quickly recognize these different styles of handwritten numbers.

Traditional methods struggle to accurately identifying the variable style of handwritten digits, and therefore have a low recognition accuracy. The current common method for identifying handwritten numbers is to use deep learning methods, which have high recognition accuracy, but the disadvantage is that they are computationally intensive, time-consuming and require a high computing platform. To this end, a machine learning-based approach is proposed for the recognition of handwritten digits. The experimental results show that the machine learning method can accurately and quickly identifying various handwritten numerals while keeping the computational effort small, and can be used as an effective means of identifying handwritten numerals.

II. RELATE WORK
The common methods currently used in machine learning are decision trees, random forests, SVM, etc.

Decision Tree 
As a typical method in machine learning, decision trees are used in a wide range of applications due to their ease of implementation and high classification performance. The decision tree classification method works as follows. A tree-shaped classification model is obtained from the training data, which consists of internal nodes and leaf nodes. Each internal node has an attribute label and a threshold value, while the leaf nodes represent a classification. When using the decision tree model, the classification process starts from the root node, compares the attribute value of the attribute label of the corresponding node with the threshold value, and selects the corresponding child node based on the comparison result until it reaches the leaf node to obtain the final classification result. The above classification process can be summarized as follows: using the attribute values of the data to find a path from the root node to the leaf node in the decision tree, the classification corresponding to the leaf node is the final classification result of the data.

Decision trees are an important concept in random forests because it is the unpruned decision tree that is the base classifier of a random forest, and the decision tree is the base unit of a random forest. Numerous decision trees together make up a random forest, and the set of different decision trees is utilized in a random way, thus making these decision trees random decision trees. In a random forest, each random decision tree is not connected to each other in any way. The random forest introduces the data to be tested, which is then essentially a classification of the random decision trees, and finally the decision tree that yields the most output as the final result. In summary, the random forest consists of a number of decision tree sets bilayer, the essence of the decision tree is a method of dividing the hyperplane of the space, in that each time the decision tree is divided, it divides the space into two parts .

The decision tree is similar in shape structure to a tree and can be seen as a simple tree-like structure. The decision tree contains leaf nodes, intermediate nodes and root node S parts. Each class of nodes in this structure will have different bifurcations indicating different paths, illustrating the difference in attributes. The starting point of the decision tree is the root node, and the path through the intermediate nodes and finally to the different leaf nodes represents the entire decision tree. The different paths indicate different rules and the decision tree shows a combination of rules determined by conditions. The decision tree has unique rules from the root node to the leaf nodes, through which the rules produce a unique output, and can therefore w achieve classification and prediction of relevant data.

Decision trees coincide with single classifiers for classification and decision making. The following problems exist in decision tree classification:
1) Cumbersome classification rules. Due to the use of local greedy method, decision tree in the rule classification process of only one attribute as the chemical data to build a decision tree, so the decision tree related classification rules may be very cumbersome, which requires optimization of the decision tree, for the send kind of situation usually take the pruning way to achieve the simplification of the decision tree. The pruning of decision trees has become one of the most important tasks to compensate for the shortcomings of decision trees.

2) The possible results are locally optimal solutions. Some decision tree algorithms lack the process of multiple choice comparison analysis in the retrieval process, so some decision trees may have a local optimal solution, but not the overall one W optimal solution.

3) The existence of overfitting problems. In decision trees for classification and decision making, because of the large number of classifiers and rules, it is possible that the decision tree learning process is overly influenced by noise and produces overfitting.

Random Forests
An important foundation for the existence and development of random forests is the integrated learning approach. Integrated learning methods are a relative concept, as opposed to relatively simple machine learning. Integrated learning methods are often used for a wide range of function spaces, where a candidate set of functions is found by suitable methods, and any candidate function in the candidate set can be treated as a corresponding single learning machine, and then the candidate functions in the function set are connected by methods such as concatenation to synthesise a function-like organism, where the simulated function organism is similar to the real function f. Here, we assume that the real function f exists and that the function is treated as a strong learning machine. We can think of this process as a fit to f. Decision trees, neural network models, etc. belong to the category of models with single classifiers. Integrated learning combines several single classifiers in certain ways when solving a problem, and uses ladder-like filtering when selecting and classifying samples. classification by integrated learning methods is better than single classifiers. the Bagging algorithm and the Boosting algorithm both belong to integrated learning methods.

Kjaams and Valiante used a natural recognition correct rate of 50% as a threshold, with algorithms with an error rate higher than 1/2 being called weak learning algorithms and those with an error rate lower than 1/2 being made strong learning algorithms. In 1990, using a polynomial algorithm, Schapire first demonstrated that it was possible to combine weakly learned classifiers into strong classifiers in some way, an idea that informed the Boosting algorithm. In the following year, 1997, Freund and Schapire worked on the AdaBoost.M1 algorithm, which has a wide range of applications in fields such as object recognition, and it has an important role in solving problems such as classification and regression, and it is currently the most widely used method.

The meaning of random forests was first proposed by Tin Kam Ho, who initially applied random forests mainly to the field of classification decisions, and Tin Kam Ho proposed random decision forests in 1995. Before he proposed the random decision forest, the academic community already existed using decision tree models to solve classification problems, but the decision tree model is not very stable in the case of classification anomalies for multiple data objects, and it belongs to the category of single-learning models, and the model itself has certain limitations that are likely to cause fitting phenomena in the model. Compared to decision tree models, random decision forests have a larger number of decision trees, and the output of a random decision forest is a collection of results from each individual decision tree model. In addition, the stochastic decision forest differs from the decision tree model in the way each decision tree grows, each decision tree is not subject to growth conditions, and the stochastic forest is a random selection of node feature vectors, making it more versatile in its application.

Random Forest is an ensemble classifier that selects a number of samples as target samples from an initial sample by bootstrap repetitive sampling. It then builds a decision tree model based on the characteristics of each sample, and the decision trees of the samples form an ensemble that uses voting to calculate the results of the sample's classification type. Many theoretical and experimental studies have shown that the random forest algorithm has a high accuracy rate in classifying and predicting results, and that it has a good tolerance to noise and outliers and few overfitting problems.

The idea of random forest is to transform the features of a single classifier of a decision tree into the result of combining multiple single classifier items, that is, to transform a decision tree into multiple classes of decision trees to make classification decisions together, and finally to generate classification decisions for all decision trees, and then to aggregate the information of the "voting" results of each decision tree, sending is like citizens in the election The final voting results need to be compared and analyzed, which is the basic idea of random forest, to achieve the transformation from a "tree" to a "forest". The process of forming a random forest is based on the following four steps:
(1) Assume that the number of samples is n. These samples are randomly drawn by means of a put-back process, which identifies a set of samples that are used to train the decision tree and determine the samples of the root node of the decision tree.

2) Assume that the number of attributes for each coincidence is I. When the decision tree undergoes node splitting, i attributes (i < I) are randomly drawn from I. A certain way is used to select I of these attributes from the i attributes as the node splitting rule.

(3) In the decision tree generation procedure, each node is split by the second step above until the node can no longer be split, at which point the decision tree is formed.

4) The first to third steps are repeated repeatedly to generate many random decision trees, which together form the random forest.

SVM
Support Vector Machine (SVM) is a class of classifier (method) for binary classification of data in a supervised learning manner, whose decision boundary is the maximum margin partition hyperplane of the solved training samples. There are three types of support vector machines: hard interval support vector machines, soft interval support vector machines and kernel function support vector machines. The hard interval support vector machine is suitable for data sets without noise or outliers, and its loss function does not exist and the loss value is 0. The soft interval support vector machine allows the sample set to have certain classification errors, i.e. there are some noise or outliers, and its optimization function consists of two parts, one is the interval distance from the support vector to the segmentation hyperplane, and the other is the number of losses for misclassification. The kernel function support vector machine is suitable for non-linear part of the data set, for the data in N-dimensional space linearly indistinguishable, in N +1 dimension or higher dimensional space and become linearly divisible, where the common kernel function is (RBF) Gaussian kernel function, Gaussian kernel function can extend the dimension to infinite dimensional space. The following are the characteristics of SVM:
(1) Unlike algorithms based on mean square error such as neural network algorithms, SVM solve quadratic programming problems and focus on the problem of minimizing the structural error of the training set, in order to achieve a reasonable upper bound based on the minimum false recognition rate, which can then be generalized and extended.

(2) The output of the support vector machine is a set of support vectors that reflect the differences between the different categories, which are usually found around the boundaries of the different categories, and the support vectors are combined to obtain the boundaries of each category, which are different from the centroids and associated distribution features obtained by the mean square error-based training algorithm. In addition, the support vector machine output is highly correlated with the classification of the input training samples, whereas in other algorithms such as neural network algorithms there is no need to use sample classification, other algorithms would use other information such as the underlying statistical information of the samples.

(3) Support vector machines use inner product operations to transform the original non-linear transformation into a process of seeking the optimal classification surface in a high-dimensional space. The computational process in transforming the non-linearity into a high-dimensional space is relatively simple, and the algorithm does not add complexity to the process. In contrast, in other algorithms, the non-linearisation has a significant impact on the computation.

The following are the disadvantages of SVM:
1) The biggest shortcoming of SVM is the slow training speed. In the process of solving quadratic programming problems by support vector machines, the speed and dimensionality of the function changes exponentially, and the dimensionality of the matrix of planning functions is decisively factorized by the number of training samples to ensure that the number of dry training samples is constrained to a large extent, which also leads to the key reason why support vector machines cannot be used on a large scale in many fields.

(2) Support vector machine kernel function selection still lacks research and basis, and there are no mature standards, for the time being, the kernel function selection problem is still to a certain extent restricted by SVM.

(3) In the study of many problems, SVM suffer from slow training speed and lack of basis for the selection of kernel functions.

(4) There are some special points in the training set of the support vector machine, such as the discrete points of the training set, which can have a great impact on the output results of the support vector machine. The presence and variation of the special points can cause differences in the SVM training results. In particular, the addition and subtraction of points at or around the edges of the classification boundaries can have a large impact on the results.

III. HANDWRITTEN DIGIT RECOGNITION
A.  MNIST Handwritten Datasets
The MNIST datasets (Mixed National Institute of Standards and Technology database) is a large database of handwritten digits compiled by the National Institute of Standards and Technology from 250 different people, with 70,000 images, a training set of 60,000 examples and a test set of 10,000 examples.

B.  Image Pre-processing

As can be seen from Figure 1, recognising numbers in a picture is essentially a matter of identifying the changes in colour values at different locations in the picture and determining how many numbers are in the picture based on the characteristics of the changes in colour values. The OCR method is therefore first used to convert from image files to text files, i.e. the files are converted into a matrix of colour values according to the order of the image pixels. As the numerical values of handwritten numbers are colour independent, the gray scale values of the pixels in the MNIST sample images are extracted as numerical features. The sample images are all 28 pixels long and wide, so a digital image can be converted into a standard 28*28 matrix of gray values as shown in Figure 2.

The digital image is then digitally normalized to improve the classification accuracy of the training model during the subsequent training process. Since the number of the image is a value from 0 to 255, the simplest way to normalize the image is to divide it by 255, and the image sample pre-processing is complete.
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FIGURE 2.  The gray chart obtained after processing
C. Feature Extraction

Feature extraction is a very important aspect in handwritten digit recognition. It is the process of mapping or transforming the features of a digital image from a high dimension to a low dimension. There are two general methods of feature extraction: structural feature extraction and statistical feature extraction. Structural features are obtained by analysing character strokes and are more effective in distinguishing local features, such as stroke density, intersections, breakpoints, contours, etc. Statistical features are obtained using statistical methods, including point density estimation, feature areas, moments, etc. Among the specific methods are coarse grid features and stroke density features. Coarse grid features are obtained by dividing the image into n*n grids after pre-processing and counting the number of black pixels in each grid to obtain a numerical grid feature; stroke density features are obtained by scanning the figures in different directions and counting the number of times the scan lines intersect the strokes.

IV. RESULTS AND ANALYSIS

Three algorithms, decision tree, support vector machine and random forest, were used in the experiments for handwritten digit recognition. The samples were selected from the training set in the MNIST datasets, where the thickness and shape of each character stroke varied and was representative. The comparison of the experimental results of each algorithm is shown in follow figures.
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FIGURE 3.  Confusion matrix for decision trees
In Figure 3, we can see that the performance of the individual decision tree is not particularly good, with an accuracy of only 90.26%. The lowest precision for a single digit is the digit "8", which is only 84%,  this may be due to the fact that digits such as "3" and "5" have similar characteristics to the digit "8". Similarly, digits "3" and "5" are also easily misidentified as the digit "8".

The random forest classifier is made up of multiple decision trees, and the final result is influenced by the voting results of these multiple weak classifiers. The number of trees in a random forest is a major factor in the training results. Experiments were conducted to test the training results of a random forest with numbers ranging from 1 to 500, and the results of the test error variation are shown in Figure 4.
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FIGURE 4.  The effect of the number of trees in the forest on the results 

As can be seen, the number of trees in the random forest varies considerably from 1 to 100, while after 100 the effect of the number of trees is no longer significant, and after 300 there is basically no effect. There is also a significant increase in training time as the number of trees gets larger. This suggests that as the number of trees grows, the amount of system memory used and the time spent on training and prediction will also grow accordingly, with diminishing marginal benefits, so the largest number possible should be chosen within the maximum amount of memory and training time that the system can afford.

As can be seen in Figures 5 and 6, when the number of trees is 100, the accuracy of the random forest obtained is 95.05%. And, when the number of trees is 500 the accuracy is 95.41%. The comparison shows a mere 0.36% improvement in accuracy. In addition to this, the recognition accuracy for some individual numbers is a little higher for the tree number of 100 than for the tree number of 500.

As a comparison, if we use the Bagging algorithm, we will get a better performing recognition model. When the number of trees is 100, Bagging achieves an accuracy of 98.02% and when the number is set to 500, the accuracy can reach 98.14%. Similar to the random forest, the increase in the number of trees from 100 to 500 has a very small effect on the accuracy, only 0.12%.

In summary, Bagging with 100 trees is a better handwritten digit recognition model in terms of training time and recognition efficiency.
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FIGURE 5.  Confusion matrix for Random_Forests_100
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FIGURE 6.  Confusion matrix for Random_Forests_500
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FIGURE 7.  Confusion matrix for Bagging_100
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FIGURE 8.  Confusion matrix for Bagging_500

Compared to the other three methods, SVM outperforms decision trees and random forests, achieving 96.65% recognition accuracy. However, it is about 1.5% lower than Bagging, probably because the kernel function used is not the optimal solution. It is well known that the optimisation of the parameters of SVM has been a headache. If the parameters can be set appropriately, the recognition accuracy will be improved, perhaps surpassing Bagging.
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FIGURE 9.  Confusion matrix for SVM
V. CONCLUSION

For the recognition of handwritten digits, machine learning algorithms such as Decision Tree, Random Forest, Bagging and SVM are proposed to analyse digital images. These methods can accurately recognize different handwritten digits while maintaining relatively small computational effort and fast computation, and can better complete the recognition of handwritten digits on a less-configured system, which makes it run on most platforms and easy to promote. From the experimental results, it can be seen that the accuracy of the method in recognizing handwritten digits in the training set has exceeded that of manual recognition, reaching 98.14%, and can correctly recognize most handwritten digits that are difficult to distinguish with the naked eye. In addition, as high performance devices become more common in the future, the use of deep learning methods will lead to better performing models.
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APPENDIX

Code for decision trees, random forests and Bagging:
clear 
close all 
clc
% Load training and test data using |imageDatastore|.
Training_Dir = fullfile(toolboxdir('vision'),'visiondata','mnist','train');
Testing_Dir = fullfile(toolboxdir('vision'),'visiondata','mnist','test');
% imageDatastore recursively scans the directory tree containing the
% 
trainingSet = imageDatastore(Training_Dir,'IncludeSubfolders',true,'LabelSource','foldernames');
testingSet = imageDatastore(Testing_Dir,'IncludeSubfolders',true,'LabelSource','foldernames');
%% Show pre-processing and Feature Extraction results
exTestImage = readimage(testingSet,37);
Gray_IM=im2gray(exTestImage);
Binary_IM = imbinarize(Gray_IM);
figure;
subplot(1,3,1)
imshow(exTestImage)
subplot(1,3,2)
imshow(Gray_IM)
subplot(1,3,3)
imshow(Binary_IM)
% Extract HOG features from image
img = readimage(trainingSet, 206);
cellSize = [4 4];
[hog_4x4, vis4x4] = extractHOGFeatures(img,'CellSize',cellSize);
figure
plot(vis4x4); 
%% Extracting HOG Features
% HOG features from each image in training set.
hogFeatureSize = length(hog_4x4);
numImages = numel(trainingSet.Files);
trainingFeatures = zeros(numImages,hogFeatureSize,'single');
for i = 1:numImages
img = readimage(trainingSet,i);
img = im2gray(img); %convertign the specified truecolor The RGB Images to a grayscale intensity image 
img = imbinarize(img); % pre-processing step to conver the Imges into black & white
trainingFeatures(i, :) = extractHOGFeatures(img,'CellSize',cellSize); 
end
% similar procedure will be used with testing set.
numImages_test = numel(testingSet.Files);
testingFeatures = zeros(numImages_test,hogFeatureSize,'single');
for i = 1:numImages_test
img = readimage(testingSet,i);
img = im2gray(img); %convertign the specified truecolor The RGB Images to a grayscale intensity image 
img = imbinarize(img); % pre-processing step to conver the Imges into black & white
testingFeatures(i, :) = extractHOGFeatures(img,'CellSize',cellSize); 
end
%% 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;
predictedLabels = predict(tree, testingFeatures);
% Tabulate the results using a confusion matrix.
cm = confusionchart(testLabels,predictedLabels,'RowSummary','row-normalized','ColumnSummary','column-normalized');
%confMat = confusionmat(testLabels, predictedLabels);
%% Testing Bagging, RF, AdaBoost classifier
clc
close all 
%Create decision tree template; MaxNumSplits is the number of splits
%per tree 
t = templateTree('MaxNumSplits',100,'Reproducible',true); %50可改
% the number of trees in the classifier
numTrees = 100; %350可改
Mdl_Bagging = TreeBagger(numTrees,trainingFeatures,trainingLabels,'Method','classification');
predictedLabels_Bagging = predict(Mdl_Bagging, testingFeatures);
figure
confusionchart(testLabels,categorical(predictedLabels_Bagging),'RowSummary','row-normalized','ColumnSummary','column-normalized','Title','Bagging');
%%
%Method — Ensemble aggregation method (training)
%'Bag' | 'Subspace' | 'AdaBoostM1' | 'AdaBoostM2' | 'GentleBoost' | 'LogitBoost' | 'LPBoost' | 'RobustBoost' | 'RUSBoost' | 'TotalBoost'
% Random Forest 
Mdl_RF = fitcensemble(trainingFeatures,trainingLabels,'Method','Bag','Learners',t,'NumLearningCycles',numTrees);
predictedLabels_RF = predict(Mdl_RF, testingFeatures);
figure
confusionchart(testLabels,predictedLabels_RF,'RowSummary','row-normalized','ColumnSummary','column-normalized','Title','RF');
figure
plot(loss(Mdl_RF, testingFeatures,testLabels,'Mode','Cumulative'))
hold on
xlabel('Number of trees')
ylabel('Test classification error')
Code For SVM

clear;clc;
%% Load training and test data using 
% lab1;
%load 'MNIST_subset.mat';
tr_feats = loadMNISTImages('train-images');
tr_label = loadMNISTLabels('train-labels');
te_feats = loadMNISTImages('t10k-images');
te_label = loadMNISTLabels('t10k-labels');
%% train data 
svmstr = sprintf('-t 1 -d 5 -r 1 -g 3 -c 2 -b 1'); 
model = svmtrain(tr_label,tr_feats,svmstr);
%% testing
classid = unique(te_label);
[predictlabel,accuracy,dec_values] = svmpredict(te_label,te_feats,model,'-b 1');
%[predictlabel,accuracy,dec_values] = svmpredict(te_label,Ktest2,model,'-b 1');
t_label = sort(te_label);
te_count = hist(t_label,unique(t_label));

pre_count = te_count;

for i = 1:size(te_feats,1)
if te_label(i) ~= predictlabel(i)
pre_count(te_label(i)+1) = pre_count(te_label(i)+1)-1;
end
end
for i = 1:length(classid)
fprintf('Classifying for Digit : %i \n', classid(i));
fprintf('accuracy on %i : %.2f%% (%i/%i) \n',classid(i),pre_count(i)*100/te_count(i),pre_count(i),te_count(i));
end
figure
confusionchart(te_label,predictlabel,'RowSummary','row-normalized','ColumnSummary','column-normalized','Title','SVM');
Data classification scripts

f_txt = open('F:/Blr/handwritten/test-lable.txt', 'r')
f_train =

'D:/MATLAB/R2021b/toolbox/vision/visiondata/mnist/test/0'

context = list(f_txt)
for i in range(10000):
    if context[i] == '0\n':
        i = i + 1
        imagename = str(i) + '.bmp'
        imagepath = 
'F:/Blr/handwritten/10000testdata/' +  
imagename
        shutil.copy(imagepath, f_train)
        os.remove(imagepath)
    else:
        i = i + 1
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