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Introduction and related work
Arabic numerals are the only symbols that are used worldwide, and there is no substitute for them in all walks of life. With the development of technology, more and more data information needs to be entered into computers for subsequent processing, and the method of manually recognising numbers on paper is no longer suitable for the recognition of large amounts of data due to its low efficiency.[1]
Handwritten numeral recognition, a branch of optical character recognition technology, focuses on the use of computers to automatically recognise handwritten Arabic numerals on paper. There are usually two ways of doing this. The first does not require a specific input device, but only a dataset of existing written text or digital images to be uploaded in a local machine, which only takes up a certain amount of local space and is recognised locally, and this does not have an excessive requirement for speed. The second type is the real-time recognition of written numbers, which requires a specific input device to record information such as the order of the strokes, such as a digital tablet or a live camera uploaded to an embedded device, which requires a higher speed. Compared to the former, the recognition accuracy is higher because more information is available. However, the recognition speed is slow. The impact of handwritten digital recognition technology on the development of various industries is also increasing. Bank notes, financial statements, postal codes, etc. can all be identified digitally through handwritten numeric recognition, thereby increasing efficiency and saving a great deal of manpower, material and financial resources. At the same time, because handwritten numeral recognition is relatively simple to implement, it can be used as a touchstone for other complex problems and complex algorithms. Although Arabic numerals have only 10 digits from 0 to 9 and relatively simple strokes
However, due to the differences in handwriting habits between countries and people, and the small differences between numbers, handwritten number recognition is not very versatile. In addition, Arabic numerals are often used in banking and finance, which places a high demand on their accuracy. As a result, the recognition of handwritten numerals in an accurate, efficient and low rejection rate has been one of the hot issues in the research field.[2]
In this assignment, handwritten characters from 0-9 are recognised using a plain Bayesian classifier and a Support Vector Machine (SVM). The code is written in MATLAB and the dataset is the MNIST handwritten numeric character dataset from the National Institute of Standards and Technology (NIST). The Mnist dataset consisted of a total of 60,000 training sets and 10,000 test sets. The training set consisted of 250 handwritten digits 0-9 from different people, 50% of whom were high school students and 50% were Census Bureau workers, while the test set had the same source and proportion of handwritten digit data.

Method
Bayesian：
Bayesian theory is a pattern recognition technique based on statistical methods and is used in many fields due to its simplicity and efficiency. Bayesian classifiers are classifiers based on Bayesian theory Classification using Bayesian decision calendar theory requires two conditions to be met. 
(1) The distribution of the probability density function associated with each class is known. That is, the prior probability P (ω) and the probability density function P (X|ω) for each class of samples are known or can be computed. 
(2) The number of categories to be classified for decision making is known
The above process can be simplified to the following case Suppose an object has m attributes F1, F2, F3...Fm now has n classes C1, C2, C3...Cn. Now it is necessary to determine which class a new object belongs to The Bayesian classifier works by selecting the class with the highest probability i.e. maximizing the formula.

 
Where P(F1, F2, F3...Fm) is the same for the same body or object, the whole process is reduced to solving P(F1, F2, F3...Fm|C)P(C) is the same as other classifiers used in data mining or pattern recognition, the process of classifying objects or data with a Bayesian classifier can be divided into two steps:
The first step is the training of the model, i.e. learning from the sample data; the second step is the classification of the data or object using the trained model. The complexity of the model computation in the training process and the subsequent recognition process affects the efficiency of the computation and the results for Bayesian classifiers.[3]
	As seen above, calculating the conditional probability of each division is a key step in plain Bayesian classification. When the feature attributes are discrete, it is easy to count the frequency of occurrence of each division in each category in the training sample, which can be used for estimation. When the attributes are continuous, the values are usually assumed to follow a Gaussian distribution (also known as a normal distribution). Therefore, the mean and standard deviation of the feature can be calculated for each category of the training sample and which can be substituted into the formula to obtain the desired estimate. Another issue that needs to be discussed is what to do when P(x|yi) = 0 when a feature term is not present in a category, which can significantly reduce the quality of the classifier. To solve this problem, the Laplace calibration can be introduced. The idea is simple: the number of all categories under each category increases by 1. In this way, as long as the training sample set is large enough, the training results will not be affected, which can solve the embarrassing situation of zero frequency mentioned above.
	As can be seen, Bayesian classifiers, with their simple and easy-to-understand structure, are highly efficient in learning; the Spatio-temporal overhead in the classification process is small. But again, simple models, in general, do not generally classify too well, and Bayesian algorithms are predicated on the assumption of independence (conditional feature independence) between independent variables and normality of continuous variables, which can lead to algorithmic accuracy being compromised to some extent
SVM：
Support vector machines (SVMs) were first introduced in 1995. Due to its advantages in spatial classification, SVM shows many unique advantages in solving small sample sizes, nonlinearities and high-dimensional pattern recognition, which can be applied to other machine learning problems, for example, function fitting and cluster. The Support Vector Machine approach is based on the VC dimensionality theory of statistical learning theory and the principle of structural risk minimisation, and achieves optimal generalisation (or generalisation ability) based on the complexity of the model (i.e. learning accuracy given a training sample) and the ability to learn based on limited sample information (i.e. no samples are misidentified).
The SVM binary classification model, a maximum interval classifier, transforms this process into an optimisation problem by learning samples to find the classification interval boundary. It is well known that the classification interval is determined by the small number of samples that are closest to the classification decision boundary, while the large number of samples that are further away from the classification decision boundary than these do not affect the optimal weight vector, and these very specific samples, known as "support vectors", indicate that they support the linear Only the support vectors determine the hyperplane; other data points do not affect the determination of the hyperplane.
This is a very good property. Suppose there are a million data points and 100 support vectors, we would only need to use these 100 support vectors for computation! This will greatly improve the performance of storage and computation. This is why this algorithm is called a "Support Vector Machine" .
In the case of linear separability.[4]
SVMs are classified by intervals. The classification function is then expressed quantitatively as follows.



x is the feature vector, w is a vector which has the same dimension as the feature vector x, and w is also called the weight vector. When f(x) = 0, the expression is the classification boundary of the SVM, which is the hyperplane y, the class into which the SVM is divided, can be 1 or -1 (unlike logistic regression, not 1 and 0). points with f(x) greater than 0 correspond to data with y = 1, and points with f(x) less than 0 correspond to data with y = -1. The function interval, denoted by γ^.
The larger the value of |f(x)|, i.e. the larger the value of yf(x), the further the data point is from the hyperplane and the more certain we can be that this data belongs to one of the categories. One problem, however, is that this interval is affected by scaling; if the hyperplane is fixed, when w, b are multiplied by 2 at the same time, this interval is expanded by a factor of two. To express the spacing as unaffected by changes in the scaling of the parameters, another definition can be introduced:γ~.

Suppose x is a point outside the hyperplane, its distance from the hyperplane is γ, w is the normal vector to the hyperplane, and x0 is the projection of x onto the hyperplane. Then x = x0 + γw||w||, where ||w|| is the parametric number, understood in elementary mathematics as the length of the vector, also called the mode of the vector. In the hyperplane, f(x0)=0,the two sides of the equation are multiplied by wT and a bias b is added to give γ=wTx+b||w||=f(x)||w||. This γ is positive or negative, and to obtain the absolute value, multiplying by a corresponding category y defines the geometric interval (denoted by γ~).

This γ~ is unaffected by parameter scaling. The objective function of our SVM is maxγ~. The corresponding condition needs to be satisfied as well.
Our goal is to determine the hyperplane, which can be fixed in terms of irrelevant variables. There are two ways to fix it: one is to fix ||w||, and when we find the optimal γ~ γ^ is fixed with it; the other is to fix γ^ in the opposite direction, when ||w|| can also be obtained based on the optimal γ~. For the purpose of convenient derivation and optimisation, the second one is generally chosen, such that γ^ = 1.
When linearly inseparable.
We need to add some features to map the data points to a higher dimensional space and he becomes a linearly divisible point set. In fact, mapping any linearly indivisible point set to a higher dimensional space always can turns out to be a linearly divisible case. Only the higher the dimensionality, the more computationally intensive it becomes. When the dimensionality goes to infinity, it is a disaster. To do mapping in two dimensions, you need five dimensions, to do mapping in three dimensions, you need 19 dimensions, and the number of dimensions is exploding. At infinity, it is simply impossible to compute. This is when the kernel function is needed, the mapping is only an intermediate process, what we need is to calculate the inner product. If there was a way to compute the inner product directly in the feature space. This would be a good way to avoid the dimensional catastrophe, and such a direct calculation is called a kernel function method.

A kernel function is a function k, for all x1, x2, satisfying
Here 〈-〉 denotes the vector inner product,ϕ is the mapping from x to the inner product feature space F.
The kernel functions have many different types such as Gaussian, polynomial and linear kernels. The nature of the kernel functions is to solve the problem of the computational explosion of converting features from low to high dimensions, and the kernel functions are computed in advance in the low dimensions, while the substantive classification effect is expressed in the high dimensions, thus avoiding the complex computation directly in the high dimensional space as mentioned above.
Noise:
Taking together the principles presented earlier we can see that SVM is in general used to deal with linearly divisible problems. However, it can also handle linearly divisible problems. In order to deal with non-linear data, we simply need to transform the original data into a linearly divisible problem by mapping it to a high-dimensional space using kernel functions. However, it is not to say that the data itself is non-linearly structured, but simply that it is noisy. For such data points that deviate far from their normal position, we call them outliers. The hyperplane itself consists of only a few support vectors, and the presence of outliers in the support vectors can have serious implications. To deal with this situation, we can allow the data points to deviate from the hyperplane to some extent, which will provide some robustness to having some buffer space to provide some robustness to the algorithm. The distance corresponding to the solid black line is the distance from which the outlier deviates, and if it is moved back, it falls just above the original hyperplane without distorting the hyperplane. Specifically, the original constraint becomes.[5]
where ξi ≥ 0 is called the slack variable and corresponds to the amount of the function interval from which data point xi is allowed to deviate. For general data (not support vectors, nor outlier), this value is 0. If ξi is arbitrarily large, then any hyperplane is compliant. So, we add a term to the original objective function such that the sum of these ξi is also minimized


SVM is a maximum spacing classifier. In the linearly divisible case, its objective function is min12|w|2s.t., yi(wTxi+b)≥1,i=1,...,n. In the linearly indivisible case, the basic idea is to map a low-dimensional linearly indivisible problem to a high-dimensional divisible one. This is achieved by using a kernel function that operates in the low-dimensional space while representing the substantial classification effect in the high dimension. Considering the possible interference of noise in the data points, it is necessary to add slack variables to the objective function while the idea and method of solving remains unchanged.
The SVM classification algorithm considers this problem from a different perspective. The idea is to obtain a large number of handwritten digits, often called training samples, and then design a system that can learn features from these training samples. We can then use this SVM system to obtain features and use these samples to automatically infer rules for recognising handwritten digits. As the number of samples increases, the algorithm learns more about handwritten digits and is thus able to improve its accuracy.

Experiment
1）Bayesian.
The downloaded data is not in a format that can be read directly as mat files or images etc. but is encoded as a binary file, so to facilitate data processing, some pre-processing is required, and it is only necessary to operate in the reverse direction according to the encoding method to decode the image files or mat files that can be easily processed. I first decoded the four encoded files (training set, training set label, test set, test set label) into 20 .mat packets, named according to numbers and categories: the first 10 are train0.mat-train9.mat, representing the training set of numbers 0-9; the last 10 are test0.mat-test9.mat, representing the test set of numbers 0-9. test set. The final step is to convert the data entries in these .mat packets into images one by one. Each .mat is a two-dimensional matrix of several rows x 784, with the number of rows representing the number of data entries and the number of columns 784 being the square of 28, i.e. the number of pixels in a digital handwriting image (each digital handwriting is a 28x28 grey-scale image). The training model was next obtained from the mat file read from the dataset, which contains ten types of handwritten features, see the appendix for a detailed code interpretation, and the final steps were used to validate the model, yielding the following results. 
Judgment rate of Class 0 is 90.51%
Judgment rate of Class 1 is 95.59%
Judgment rate of Class 2 is 82.56%
Judgment rate of Class 3 is 83.56%
Judgment rate of Class 4 is 80.96%
Judgment rate of Class 5 is 70.29%
Judgment rate of Class 6 is 88.83%
Judgment rate of Class 7 is 84.73%
Judgment rate of Class 8 is 77.82%
Judgment rate of Class 9 is 83.55%
Judgment rate of all Classes is 84.13%
Elapsed time is 33.147141 seconds.
The confusion matrix is：
[image: ]

SVM：
SVM models can be created using the open-source toolkit libsvm, the open-source library libsvm, download the zip file in the download module and unzip it to matlab/toolbox/.
Model training.
model=svmtrain(label, data,'libsvm_options');
Introduction to options parameters:

-s SVM type : set type of SVM (default 0)
-t kernel function type : set type of kernel function (default 2)
u, v are two samples from the dataset and the corresponding parameters of the kernel function are elaborated.
linear kernel function, no parameters specifically needed to be set
polynomial kernel function with three parameters. 
-d is used to set the maximum number of this item in the polynomial kernel function, that is, d in the formula, the default value is 3. -g is used to set the gamma parameter setting in the kernel function, which is gamma in Eq. The default value is 1/k (k is the number of categories).
-r is used to set the coef0 in the kernel function, the default value is 0.
RBF kernel function with one argument.
-g is used to set the gamma parameter setting in the kernel function, the default value is 1/k (k is the number of categories).
The sigmoid kernel function, with two arguments.
-g is used to set the gamma parameter setting in the kernel function, the default value is 1/k (k is the number of categories).
-r is used to set coef0 in the kernel function, the default value is 0.
-d degree: set degree in kernel function (default 3) set degree in the kernel function, the default value is 3
-g gamma : set gamma in kernel function (default 1/num_features) set function in kernel function (default 1/ k)
-r coef0 : set coef0 in kernel function (default 0) set coef0 in kernel function, default 0
-c cost: set the parameter C of C-SVC, epsilon-SVR, and nu-SVR (default 1) (penalty factor) set the parameter C of C-SVC, e-SVR, and n-SVR from penalty factor C, default 1
-n nu : set the parameter nu of nu-SVC, one-class SVM, and nu-SVR (default 0.5) set the parameter nu of nu-SVC, one-class-SVM, and nu-SVR, default 0.5
-p epsilon: set the epsilon in loss function of epsilon-SVR (default 0.1) kernel width, set e in loss function of e-SVR, default 0.1
-m cachesize: set cache memory size in MB (default 100) Set cache memory size in MB (default 100)
-e epsilon: set tolerance of termination criterion (default 0.001) set tolerable deviation in termination criterion, default 0.001
-h shrinking: whether to use the shrinking heuristics, 0 or 1 (default 1)
-b probability_estimates: whether to train a SVC or SVR model for probability estimates, 0 or 1 (default 0) whether to compute probability estimates for SVC or SVR, optionally 0 or 1, default 0
-wi weight: set the parameter C of class i to weight*C, for C-SVC (default 1) weight the penalty factor C for each class of samples, default 1
-v n : n-fold cross validation mode n-fold cross validation mode
-q: quiet mode (no outputs) output value quiet mode
option -v randomly splits the data into n parts and calculates cross validation accuracy/mean squared error on them.

There are several important parameters in the trained model. model.nr_class indicates how many classes there are, in this case, ten classes; model. Label indicates the label, in this case, 0, 1; model.totalSV indicates the total number of support vectors; model.nSV indicates the number of support vectors per class of samples, corresponding to model. Label corresponds to model.

Model prediction.
[predicted_label,accracy]=svmpredict(label_test,data_test,model, 'libsvm_options');

options:
-b probability_estimates: whether to predict probability estimates, 0 or 1 (default 0); for one-class SVM only 0 is supported

The model was validated with Options=' -t 2 -c 4 -g 0.015625 -q' after several debugging sessions. The best results were obtained.
Judgment rate of Class 0 is 99.29%
Judgment rate of Class 1 is 99.47%
Judgment rate of Class 2 is 98.26%
Judgment rate of Class 3 is 98.61%
Judgment rate of Class 4 is 98.57%
Judgment rate of Class 5 is 98.21%
Judgment rate of Class 6 is 98.96%
Judgment rate of Class 7 is 97.86%
Judgment rate of Class 8 is 98.05%
Judgment rate of Class 9 is 97.22%
Judgment rate of all Class is 98.46%
Elapsed time is 341.155435 seconds.
The confusion matrix is：
[image: ]


Discussion and conclusion
This assignment used two methods to perform detection experiments on the mnist dataset, a plain Bayesian classifier and a support vector machine. The results of both models gave good results on the validation set, and in the Bayesian experiments, I found that the smaller the frame size, the better the recognition when building a model on the images, within a certain range. When the frame size is 1x1, i.e., pixel by pixel, the recognition rate is the highest, reaching about 84%, and within a certain range, the larger the training set, the better the recognition. As the frame size gradually decreases, the correct recognition rate improves more and more slowly. This is to be expected, as there is an upper limit to the improvement of a single factor on the final result, and the improvement becomes less and less effective. Comparing the two sets of data from different sizes of the training set, there is a clear difference in the final results, which reminds us that we must be aware of the problems that numerical calculations, and especially probabilistic concatenation, can cause when using Bayesian plain classifiers.
It is clear to see that the test time overhead of the SVM model is ten times greater than that of the Bayesian model. And in terms of performance, the Bayesian classifier achieves 84.13% classification accuracy for handwritten numbers, while the SVM model achieves 98.46% accuracy, but in fact s these two sets of data seem to work well, but if you test them one by one with your handwritten images you will find that the correct rate does not reach this figure at all. What is the reason for this? I think it is probably because there is so much training data that the trained model has so much "personality" that it overshadows the "commonality" or "abstraction" that we want it to have. ". I have used CNNs to do MINIST, and the final validation set was 99% correct, but this problem was inevitable in the final test.
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Appendices:
Bayesian：
train:
close all;clear;clc;

% parameter setting
lPiece = 1; % lPiece^2 pixels per slice
nPiece = 28; % nPiece^2 slices per image

% Create an array of cells, each element is a structure
img_list = cell(10,1);
prefix=('C:\Users\smallblue\Desktop\bayse\train-images\');
for i=1:10
    img_list{i}=dir([prefix,'train',num2str(i-1),'_*.png']);
end

% The number of each number in the training set 0-9 is stored in the array testlen_vec
testlen_vec = zeros(10,1);
for i=1:10
    testlen_vec(i) = length(img_list{i});
end

% Pre-allocate memory for array of structures (training set)
CPattern = repmat(struct('digital',0,'num',0,'feature',...
    zeros(nPiece^2,max(testlen_vec)),...
    'feature_prob',zeros(nPiece^2,lPiece^2+1),'mean',zeros(nPiece^2,1),...
    'var',zeros(nPiece^2,1),'prob',0),10,1);
for i=1:10
    CPattern(i).digital = i-1;
    CPattern(i).num = testlen_vec(i);
    CPattern(i).feature = zeros(nPiece^2,testlen_vec(i));
end

% For a total of 10 numbers from 0-9
for A1=1:10
    % how many samples of each number
    len = length(img_list{A1,1});
    % Determine the number of sample training (learning) samples
    for A2=1:len
        img_name = img_list{A1,1}(A2).name;
        im = imbinarize(im2double(imread([prefix,img_name])));
        Piece = 1;
        for A3=1:lPiece:29-lPiece
            for A4=1:lPiece:29-lPiece
                temp = im(A3:A3+lPiece-1,A4:A4+lPiece-1);
                % Assign the value directly to the feature vector
                CPattern(A1).feature(Piece,A2) = sum(sum(temp));
                Piece = Piece+1;
            end
        end
    end
    
    % Get the probability that each dimension of the feature vector takes the values 0,1,... ,17 with probability
    % each row, e.g. 7x7=49 rows
    for A2=1:nPiece^2
        % each column, number of training samples
        for A3=1:testlen_vec(A1)
            % account is the number of white pixels in the frame (e.g. 4x4 size) and takes values from 0,1,... ,17
            account = CPattern(A1).feature(A2,A3);
            CPattern(A1).feature_prob(A2,account+1) = CPattern(A1).feature_prob(A2,account+1) + 1;
        end
        % +1 is to avoid 0 probability
        CPattern(A1).feature_prob(A2,:)=(CPattern(A1).feature_prob(A2,:)+1)/(testlen_vec(A1)+1);
    end
        
    % Get the mean and variance of the values taken for each dimension of the feature vector
    for A2=1:nPiece^2
        CPattern(A1).mean(A2,1) = mean(CPattern(A1).feature(A2,:));
        CPattern(A1).var(A2,1) = var(CPattern(A1).feature(A2,:));
    end
    CPattern(A1).prob = testlen_vec(A1)/sum(testlen_vec);
    fprintf('Calss %1d:%5d images are written to mat.\n',A1-1,testlen_vec(A1));
end

% Store the Pattern values in the current directory under the data package Pattern2000.mat
preaddr = 'C:\Users\smallblue\Desktop\bayse\models\';
save([preaddr,'CPatternsmaller.mat'],'CPattern');

test:
close all;clear;clc;
tic;
preaddr = 'C:\Users\smallblue\Desktop\bayse\models\';
load([preaddr,'CPatternsmaller.mat']);
%28x28
% Parameter setting
lPiece = 1; % lPiece^2 pixels per slice
nPiece = 28; % nPiece^2 slices per image

prefix = ('C:\Users\smallblue\Desktop\bayse\test-images\');
% Create an array of tuplets, the elements of which are the file paths of the test set from 0-9
% Read the validation set
img_list = cell(10,1);
for A1=1:10
    img_list{A1} = dir([prefix,'test',num2str(A1-1),'_*.png']);
end



% Create a tuple array to hold the validation set data
% The core is im=imread(xxx); read to the appropriate location and then proceed in sequence: slice (frame) - calculate the posterior probability separately - the one with the highest probability is the recognition result - compare the label to determine whether the recognition is correct or not - calculate the recognition Correctness rate
% For each type of number (0-9)
correct_num_all = 0;
% Create confusion matrix
confusion_matrix = zeros(10);
for A1=1:10
    % number of samples per test for each number
    len = length(img_list{A1});
    % set a correct amount for each number from 0-9
    correct_num = 0;
    % For each test sample of a number
    for A2=1:len
        img_name = img_list{A1}(A2).name;
        im=imbinarize(im2double(imread([prefix,img_name])));
        % split the processing for each im
        fe = zeros(nPiece^2,1);
        piece=1;
        for A3=1:lPiece:29-lPiece
            for A4=1:lPiece:29-lPiece
                temp=im(A3:A3+lPiece-1,A4:A4+lPiece-1);
                fe(piece)=sum(sum(temp));
                piece = piece+1;
            end
        end
        
        % The feature sequence fe of a test sample is obtained, and the next step is to identify the sample and calculate the 10 conditional probabilities using the Bayes classifier method, i.e. P(X|wi),i=0,1,...,9 and P(X|wi)=∏(k=1,49) P(xk|wi) can be interpreted as the following P(A2|A1)
        % using the multipartite (0,1,... ,lPiece^2+1) method
       
        % Conditional probability
        cond_prob = 2*ones(10,1);
        % posterior probability
        post_prob = zeros(10,1);
        % For 10 numbers
        for A5=1:10
            % for each digit of the number to be determined 1:49
            for A6=1:nPiece^2
                cond_prob(A5)=cond_prob(A5)*CPattern(A5).feature_prob(A6,fe(A6)+1)*sqrt(2);
            end
            % posterior probability
            post_prob(A5) = cond_prob(A5)*CPattern(A5).prob;
        end
        % Take the probability of the largest
        [~,I]=max(post_prob);
        % The number I-1 is the result of the confusion and needs to be compared with the real number A1-1
        confusion_matrix(I,A1) = confusion_matrix(I,A1) + 1;
        if I==A1
            correct_num = correct_num+1;
        end
    end
    correct_rate = correct_num/len;
    correct_num_all = correct_num_all+correct_num;
    fprintf('Judgment rate of Class %1d is %.2f%%%\n',A1-1,100*correct_rate);
end

% 100*correct_num_all/10000
fprintf('Judgment rate of all Classes is %.2f%%%\n',correct_num_all/100);
% Plot the confusion matrix
plotConMat(confusion_matrix)
toc

Functions and Auxiliary procedures:
% Function: Dumps the data from the files t10k-images-idx3-ubyte, t10k-labels-idx1-ubyte,
% train-images-idx3-ubyte, train-labels-idx1-ubyte into .mat packets

close all;clear;clc;

image_train_file = 'train-images.idx3-ubyte';
label_train_file = 'train-labels.idx1-ubyte';
image_test_file = 't10k-images.idx3-ubyte';
label_test_file = 't10k-labels.idx1-ubyte';

tr1=fopen(image_train_file,'rb'); % 'rb':read in binary
assert(tr1 >= 3, 'File %s failed to open',image_train_file);
tr2 = fopen(label_train_file,'rb');
assert(tr2 >= 3, 'file %s failed to open',label_train_file);
te1 = fopen(image_test_file,'rb');
assert(te1 >= 3, 'file %s failed to open',image_test_file);
te2 = fopen(label_test_file,'rb');
assert(te2 >= 3, 'file %s failed to open',label_test_file);

% is 2 32-bit integers for the label file and 4 32-bit integers for the image file, so we need to move the file pointers for each of these two files to point to the correct location.
p1 = fread(tr1,4,'int32');
p2 = fread(tr2,2,'int32');
p3 = fread(te1,4,'int32');
p4 = fread(te2,2,'int32');

% First create these .ascii files, 'w': write, if the file does not exist, it will be created automatically, fids: array of file handles, the first 10 are training set handles, the last 10 are test set handles
fids = zeros(1,20);
for i=0:9
    fids(i+1) = fopen(['train',num2str(i),'.ascii'],'w');  
    fids(i+11) = fopen(['test',num2str(i),'.ascii'],'w');  
end

% Because of the large file size, the 1000 images are read block by block for memory reasons
% training set train - 60,000, test set test - 10,000
n = 1000;
times_train = 60; % 60*1000 = 60,000
times_test = 10; % 10*1000 = 10,000

% Training set
% read in 60 times, 1000 images each, and each image is 28*28 pixels
for i = 1:times_train
    rawimages = fread(tr1, [28*28,n], 'uchar');
    rawlabels = fread(tr2, n, 'uchar');
    % In each read of 1000 image blocks
    for j = 1:n
        % write image data, '%3d': 3-digit signed decimal integer
        fprintf(fids(rawlabels(j)+1),'%4d',rawimages(:,j)); 
        fprintf(fids(rawlabels(j)+1),'\n'); % line feed
    end
end
% Finally, save the .ascii file as a .mat file
for i = 0:9
    % load(filename,'-ascii') treats filename as an ASCII file, 
    % regardless of the file extension.
    Data_train = load(['train' num2str(i) '.ascii'], '-ascii');
    fprintf('Train: %5d digits of class %1d\n', size(Data_train, 1), i);
    save(['train' num2str(i) '.mat'], 'Data_train', '-mat');
    fclose(fids(i+1));
end

% Test set
% read in 10 passes, 1000 images each, and each image is 28*28 pixels
for i = 1:times_test
    rawimages = fread(te1, [28*28,n], 'uchar');
    rawlabels = fread(te2, n, 'uchar');
    % In each read of 1000 image blocks
    for j = 1:n
        % write image data, '%3d': 3-digit signed decimal integer
        fprintf(fids(rawlabels(j)+11),'%4d',rawimages(:,j)); 
        fprintf(fids(rawlabels(j)+11),'\n'); % line feed
    end
end
for i = 0:9
    % load(filename,'-ascii') treats filename as an ASCII file, 
    % regardless of the file extension.
    Data_test = load(['test' num2str(i) '.ascii'], '-ascii');
    fprintf('Test:%5d digits of class %1d\n', size(Data_test, 1), i);
    save(['test' num2str(i) '.mat'], 'Data_test', '-mat');
    fclose(fids(i+11));
end

% Delete .ascii format file
dos('del *.ascii');         


close all;clear;clc

prefix=('C:\Users\smallblue\Desktop\bayse\matdata\');
d=dir([prefix,'*.mat']);
for i=1:10
    a(i)=load([prefix,d(i+10).name]); % a-training set
    b(i)=load([prefix,d(i).name]); % b-test set
end

% training set 0-9 number cycles, size(a,2)=10, then i=1:10
for i = 1:size(a,2)
    % number of rows i.e. number of each number
    for j = 1:size(a(i).Data_train,1)       
        pic = a(i).Data_train(j,:); % read row by row
        Pic = reshape(pic,28,28); % image size is 28*28  
        Pic = Pic';
        % Name and save
        sc_test=strcat('C:\Users\smallblue\Desktop\bayse\train-images\',...
            sprintf('train%d_%d',i-1,j));
        sc_test=strcat(sc_test,'.png');
        imwrite(Pic,Sc_test);
    end
    fprintf('Train: Class %1d has been converted to PNG.\n',i-1);
end

% Test set 0-9 number cycle, size(a)=10, then i=1:10
for i = 1:size(b,2)
    % number of rows i.e. number of each digit, if 980 zeros, then j = 1:980
    for j = 1:size(b(i).Data_test,1)       
        pic = b(i).Data_test(j,:); % read row by row
        Pic = reshape(pic,28,28); % image size is 28*28   
        Pic = Pic';
        % Name and save
        sc_train=strcat('C:\Users\smallblue\Desktop\bayse\test-images\',...
            sprintf('test%d_%d',i-1,j));
        sc_train=strcat(sc_train,'.png');
        imwrite(Pic,Sc_train);
    end
    fprintf('Test: Class %1d has been converted to PNG.\n',i-1);
end



SVM：
Main：
Close all;clear;clc;
% Load the dataset
train_images=LoadMNISTImages('train-images.idx3-ubyte');
test_images=LoadMNISTImages('t10k-images.idx3-ubyte');
train_labels=LoadMNISTLabels('train-labels.idx1-ubyte');
test_labels=LoadMNISTLabels('t10k-labels.idx1-ubyte');
 
% After transposition, each row is transformed into a matrix of number*pixel
train_images = train_images';
train_images = sparse(train_images); % after transformation to a sparse matrix, speed up a lot 5.41/7.79 approximate speed
test_images = test_images';
test_images = sparse(test_images);
 
% linear SVM
% timing
tic;
% set training parameters
options='-t 2 -c 4 -g 0.015625 -q'; 
% train the data to get the model
model=svmtrain(train_labels(1:60000), train_images(1:60000,:), options); 
% Predict using the model
[y_predict,accuracy,prob_estimates]=svmpredict(test_labels, test_images, model); 
% Calculate the confusion matrix
confMat = confusionmat(test_labels, y_predict);
% Plot the confusion matrix
plotConMat(confMat)
% Get the classification accuracy for each class
for A1=1:10
    fprintf('Judgment rate of Class %1d is %.2f%%%\n',A1-1,100*confMat(A1,A1)/sum(confMat(A1,:))));
end
fprintf('Judgment rate of all Class is %.2f%%\n',100*sum(diag(confMat))/sum(confMat(:))));
% End timer, automatically displaying the time taken in seconds
toc 

Functions:
function labels = LoadMNISTLabels(filename)
% Read the labels from the data
% filename is the name of the labels dataset, labels is the returned image's label value
% is a matrix of the number of images * 1

% Read the file as a binary
fp = fopen(filename,'rb');
% The value of fp is -1 if there is an error opening the file
assert(fp~=-1,['Could not open',filename,'']);

% Read data from binary file
magic = fread(fp,1,'int32',0,'ieee-be');
% read an element from fp into magic with int32 (32-bit integer type) precision
% The bytes to be read are arranged in b,i.e. 'ieee-be', i.e. the lower bytes are emitted at the high end of memory and the higher bytes are emitted at the low end of memory
assert(magic==2049,['Bad magic number in',filename,'']);
% In MNIST tag dataset, magic value is 2049, error if not 2049

% Read the same way as magic to get the number of labels
numlabels = fread(fp,1,'int32',0,'ieee-be');
% Read all the remaining labels in "unsigned char" precision and store them in the column vector labels
labels = fread(fp,inf,'unsigned char');

 
assert(size(labels,1)==numlabels,'Mismatch in label count');

% Close the file
fclose(fp);
 
end

function images = LoadMNISTImages(filename)
% Retrieve the image data from the data
% filename is the name of the image dataset, images is the returned image set, and
% is a two-dimensional matrix of (28*28)*number of images
 
% Read the file as a binary
fp = fopen(filename,'rb');
% The value of fp is -1 in case of an error opening the file
assert(fp~=-1,['Could not open',filename,'']);

% Read data from binary file
magic = fread(fp,1,'int32',0,'ieee-be');
% Read one element in unsigned character type from fp to magic, in int32 (32-bit integer type) precision
% The bytes to be read are arranged in b, i.e. 'ieee-be', i.e. the low bytes are placed at the high end of memory and the high bytes at the low end of memory
assert(magic==2051,['Bad magic number in',filename,'']);
% The magic value is 2051 in the MNIST image dataset, if it is not 2051 an error is reported

% Read the same way as magic to get the number of images
numimages = fread(fp,1,'int32',0,'ieee-be');
% read the number of rows of the image
numrows = fread(fp,1,'int32',0,'ieee-be');
% number of columns to read from the image
numcols = fread(fp,1,'int32',0,'ieee-be');
 
% Read all the remaining pixels in "unsigned char" precision and store them in the column vector images
images = fread(fp,inf,'unsigned char');
% The pixel values are stored row-first, whereas in matlab they are stored column-first, so they are reshaped into a 3D array in the order col, row, number
images = reshape(images,numcols,numrows, numimages);
% reshape the dimensions of the previous 3D array to get a 3D matrix of all the image data for 28*28*number of images
images = permute(images,[2 1 3]);

% Close the file
fclose(fp);
 
% Convert to a two-dimensional vector, with each column representing an image, and expand into a vector in column-first fashion, a matrix of pixel*example numbers
images = reshape(images,size(images,1)*size(images,2),size(images,3));

% convert to double and rescale to [0,1] Normalize
images = double(images/255);

 
end

image3.wmf
^

 

()||||||

~||

yfxww

gg

==


oleObject3.bin

oleObject4.bin

image4.wmf
()1,...,

^

i

i

nyiwTxiby

y

i

=

³

+=


oleObject5.bin

image5.wmf
(

)

(

)

(

)

(

)

(

)

(

)

1,21,21,21,2

kxxxxkxxxx

ffff

=áñ=áñ


oleObject6.bin

image6.wmf
12211221

minwCiniminwCini

xx

+å=+å=


oleObject7.bin

image7.png
I @ Figure 1
Ele Edit View Insert Tools Desktop Window Help

Dode (2|08 (K E

| Confusion Matrix L EO@ A
| 0 000%  teee 05 0206 258% 1A% 0M0%  eee 08k
1| oo O7E% 4w 0w 356 s 230%  238% 2%
2| o4 osew aa%  oam  o07ew s 13k 3% 0so%
3| 071% 0.44% 281% 0.00% 14.46% 0.21% 0.39% 7.80% 0.89%
] 2
. 24| 020% 0.00% 1.65% 0.00% 3.36% 1.36% 1.46% 1.75% 7.33%
i} o
) E
] S| 4% orew s 12w s aesn ook 22 o79%
4
| 6| 163% 0.53% 310% 0.89% 2.14% 179% 0.00% 0.72% 0.00%
5
7| oro%  oowe  1aew 4w oro% 0w  ooow oean 23
3 8| 224% 167% 5.33% 4.85% 2.34% 2.35% 0.63% 263% 2.38%
‘
9| 0.00% 0.09% 0.19% 257% 12.83% 213% 0.00% 7.00% 3.70%
] o 1 2 5 4 s . 7 s s

Target Class

S

B




image8.png
]

4 Figure 1

Fle Edit View

Dadée

a

Output Class

Insert Tools Desktop Window Help

0&8|rE
Confusion Matrix

[ 00.20% 0.00% 0.10% 0.00% 0.00% 031% 0.00% 0.10% 0.20%
1] 000% 0.18% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
2| o04s% 010% [T 0.00% 0.10% 0.00% 0.10% 0.58% 0.39%
3| 000% 0.00% 020% KRR 0.10% 0.20% 0.00% 0.30% 0.30%
4| o000% 0.00% 0.41% 0.00% 0.00% 0.20% 0.00% 0.00%
5| 022% 0.00% 0.00% 067% 0.11% 98.21% 0.34% 0.00% 0.22%
6| 031% 021% 0.00% 0.00% 021% 021% 0.00% 0.10%
7| 000% 0.20% 0.88% 0.19% 0.00% 0.00% 0.00% 0.00%
8| 031% 0.00% 021% 021% 021% 031% 0.10% 021%

9| o10% 0.20% 0.00% 0.40% 0.89% 0.30% 0.10% 0.59% 0.20%

0 1 2 3 4 5 6 7 8

Target Class

0.00%

0.00%

0.00%

0.30%

0.81%

0.22%

0.00%

0.78%

0.41%





image1.wmf
1,2,

1,2,

1,2,

(,....,|)()

(|,....,)

(,....,)

m

m

m

PFFFCPC

PCFFF

PFFF

=


oleObject1.bin

image2.wmf
()

T

fxwx

=


oleObject2.bin

