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1 Introduction

Handwritten digit recognition is a traditional research field of pattern recognition. It
mainly studies how to use computer to automatically recognize handwritten Arabic
numerals. It is divided into offline handwritten digit recognition and online
handwritten digit recognition. This paper mainly studies the offline handwritten digit
recognition. Arabic numerals are widely used and are common international symbols,
and often involve strict and sensitive fields such as finance and finance " . Therefore,
it is of great significance to improve the accuracy of recognition and reduce the rate of
misrecognition and rejection. posed a huge challenge.

Machine learning is an important approach to pattern recognition, which can be
regarded as different aspects of the same field. The scientific process of each
disciplinary field has its own characteristics, but observation, creation of hypotheses,
testing based on decisive experiments or observations, and models or theories that can
be tested intelligibly are common to all disciplines, and every aspect of its abstraction
process , and machine learning have developed accordingly, leading to the proper,
partial automation of all aspects of the scientific method, from hypothesis generation
and model construction to decisive experiments.

Using effective machine learning methods, the observed data can be converted into
models, which can solve many practical problems such as network data, financial data,
biological data, meteorological data, seismic observation data, classified data, etc.
intelligent.

This paper designs a handwritten digit recognition system by using two algorithms,
Naive Bayes classification and KNN classification, and introduces the steps, results

and characteristics of these two algorithms.

2 Introduction to the training set

Yann LeCun used NIST (National Institute of Standards and Technology's
handwritten digit library to build a subset MNIST that is convenient for machine
learning research. MNIST consists of 70,000 handwritten digits (0~9) pictures
(grayscale images), which are composed of many different Written by people, of
which 60,000 are the training set and the other 10,000 are the test set, each image is
28 x 28 pixels in size, and the number is 20 x 20 in the center of the image.



3 Naive Bayes

3.1 Naive Bayes classification model

NBC is the simplest model in the Bayesian classification model. It is a tree structure
composed of a parent node and multiple child nodes. The schematic diagram of the
structure is shown in Figure 1. It assumes that when the class attribute variables are
known, each condition attribute variable is independent of each other. However, in
real life, the assumption that attributes are independent of each other does not hold in
many cases, that is, when there is a strong dependence between attributes, this
assumption will have a negative impact on the classification accuracy of NBC, but on

the other hand, it will greatly affect the classification accuracy of NBC P! . It
simplifies the complexity of building a Bayesian classification model, so NBC has the
characteristics of simplicity and efficiency, so it is widely used.

Figure 1 Naive Bayes Model
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Due to calculate the value of P(X |C,) is complex,Assuming that attribute variables

are independent of each other:



PX|CH=]]P(1C) (1-2)
i=1
Since P(X) is a constant ,just maximize P(X |C,)P(C,) , the NBC is obtained

according to the maximum posterior hypothesis as:

C(X)=argmax P(C)[ [ P(x, | C,) (1-3)

Ck eC i=1

The probability and specific calculation formula of P(C,) & P(x,|C,) are as

follows:

D 58(C,,C)+1

P(Ck): j=1 (1-4)

n+|C|

D 8(x,,x,)8(C;,C)+1
P(x,|C)=""— (1-5)
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where n is the number of training instances, C,is the class label of the j instance, and

x;; represents the value of the column i and row j training instance, where:

1j=i
5CCI=1y 4 (1-6)

The specific implementation process of NBC can be represented by the following
figure 2*):

The implementation of the entire NBC is mainly divided into three steps:

Step 1 Data preprocessing. The purpose of this process is to pave the way for the
classification of NBC, convert all the acquired data into numerical types, and fill in
the missing data. If it is continuous data, it needs to be discretized. Finally, the data It
is divided into two parts: training data and test data.

Step 2: Construct the classification model. The task of this process is to learn the

classification model, and then count the frequency of occurrence of each category in



the training instance and the conditional probability value of the conditional attribute
variable in each category. The input is the training sample, and the output is the
classification model.

Step 3 Test the classification model. The task of this process is to use the
classification model to classify the test data set, its input is the classification model
and the test data set, and the output is the classification result of the test data set.

[ Traning data set ] [ Testing data set J

~—

P(C))

P(x, |C,) _ﬁ[ P(X|CP(C,)

N

[ Classification result
J

Figure 2 Flowchart of the Naive Bayes classification model

3.2 Design steps

Step 1: Convert the dataset to mat data.
(1). Convert the image to mat data.



function imgsmat = gzimgs2mat(fn)
fp = fopen('D: \WFFLA SN FAEIRFE\BUR 2o \Artificial
Intelligence\t10k-labels.idx1-ubyte', 'rb'");

assert(fp ~= -1, ["ZXHLEEITH', fn, '']);

ma = fread(fp,1, 'uint32');

assert(ma == 2051, ['ZHEHHE ', fn, "'1);
imgsNum = fread(fp, 1, 'uint32', 9, 'ieee-be');
rows = fread(fp, 1, 'uint32', 0, 'ieee-be');
cols = fread(fp, 1, 'uint32', @, 'ieee-be');
imgs = fread(fp, inf, 'uint8');

imgs = reshape(imgs, rows, cols, imgsNum);

imgs = permute(imgs,[2 1 3]);

imgs = reshape(imgs, size(imgs, 1) * size(imgs, 2), size(imgs, 3));
imgs = double(imgs) / 255;

fclose(fp);

save train_images.mat imgs

(2) Convert the labels to mat data

function labelsmat = gz2mat(filename)

fp = fopen('D:\W 74 AR\ 70 AR URFE \ /R £ \Artificial
Intelligence\t10k-labels.idx1-ubyte', 'rb');
assert(fp ~= -1, ["ZXfFIiE4TI)F", filename, ''1);

ma = fread(fp,1, 'uint8');
assert(ma == 2049, ['@HH4E ', filename, '']);

numLabels = fread(fp, 1, 'uint8', @, 'ieee-be');

labels = fread(fp, inf, 'uint8');

assert(size(labels,1) == numLabels, '{451 label %' );

fclose(fp);

save test_labels.mat labels

end




Step 2:
Convert mat data to vector

% mat2vector.m

function [data ]= mat2vector(data,num)
[row,col,~] = size(data);
data_ = zeros(num,row*col);
for page = 1:num
for rows = 1:row
for cols = 1:col
data_(page,((rows-1)*col+cols)) =
im2double(data(rows,cols,page));
end
end
end
end

Step 3:

Process the data once. The Bayesian classifier requires that the variance of a feature in
the same category in the input data cannot be 0. We can know from the formula that
when calculating the posterior probability, if all the features in a column are the same,
then the posterior probability is calculated. When the denominator will become 0, in
order to avoid this situation, the data needs to be processed in advance. data_proc.m is
a preprocessing function for image data, mainly to solve the problem that all the
column vectors in the training sample feature space are zero, so that There are cases
where the denominator is zero when calculating the posterior probability.



% data_proc.m
function [output,position] = data_proc(data,label)
position = cell(1,10);

fori=0:9
temp = [];
pos =[];
for rows = 1:size(data,1)
if label(rows)==i
temp = [temp;data(rows,:)];
end
end
for cols = 1:size(temp,2)
var_data = var(temp(:,cols));
if var_data==0
pos = [pos,cols];
end
end
position{i+1} = pos;
data(:,pos)=[1;

end

Step 4:

The processed data can be put into model training, using the matlab naive Bayes
model fitcnb function.

nb_model = fitcnb(data_train,train_labels1(1:train_num));

3.3 Results

The results are as follows:
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Figure 3 Running results

3.4 Algorithm Features

Advantages of Naive Bayes:

1) The principle of the naive Bayesian model comes from the mathematical ideas in
mathematical statistics, and the classification effect of this model is relatively stable.
2) It works well on a small number of data sets, and the naive Bayes model can also
be used to handle multi-classification tasks. For example, when the amount of data
exceeds the upper memory limit of the machine, the data can be divided into the
model. Do incremental training.

Disadvantages of Naive Bayes:

1) From the model principle of Naive Bayes, its correct rate should be significantly
higher than other classification methods. But this is not the case in this experiment.
The accuracy rate is significantly lower than that of the KNN algorithm. The reason
may be that the X, Y... attributes in the assumption of the Naive Bayes model are
independent of each other, and it is difficult to have completely independent
properties in real life. thing. When the independence between attributes is weak, the
classification effect is not good, and when the independence of attributes is strong, the
performance of Naive Bayes is the best.

2) The prior probability needs to be known, and the prior probability often depends on
the hypothesis. There can be many kinds of hypothetical models, so in some cases, the
prediction effect will be poor due to the hypothesized prior model.

3) Since we determine the probability of the posterior through the prior and data to

determine the classification, there is a certain error rate in the classification decision.



4) It is very sensitive to the expression form of the input data.

4 KNN algorithm

4.1 Introduction to KNN Algorithm

KNN is a relatively simple algorithm in classification algorithms, both in principle
and understanding, and it is also widely used. The KNN algorithm is a supervised
learning algorithm. In short, it needs to know the answer and do the question at the
same time, which is essentially different from the unsupervised learning algorithm
K-means.

For distance calculation, if you want to measure the distance of the midpoint of the
space, there are several measurement methods, such as the common Manhattan
distance calculation, Euclidean distance calculation, etc ! . However, the Euclidean
distance is usually used in the KNN algorithm, here is just a brief introduction, take
two Taking the 2D plane as an example, the formula for calculating the Euclidean

distance between two points in a 2D space is as follows:

p:\/(xz_x1)2+(y2_y1)2 (2-D

Extending to multi-dimensional space, the formula is:

4 ) = )+ (5= 12 ot (=) =Y (=) (2:2)

4.2 Design steps

Step 1:



(1) Convert the images dataset to mat data.

function imgsmat = gzimgs2mat(fn)

fp = fopen('D: \BFFLA SR \BF A AL IRFE\BUR 2o \Artificial
Intelligence\t10k-labels.idx1-ubyte', 'rb');
assert(fp ~= -1, ["ZXHLEITH', fn, '']1);

ma = fread(fp,1, 'uint32');
assert(ma == 2051, ['ZB#EL4E ', fn, '']);

imgsNum = fread(fp, 1, 'uint32', 0, 'ieee-be');
rows = fread(fp, 1, 'uint32', 0, 'ieee-be');
cols = fread(fp, 1, 'uint32', 0, 'ieee-be');
imgs = fread(fp, inf, 'uint8');

imgs = reshape(imgs, rows, cols, imgsNum);

imgs = permute(imgs,[2 1 3]);

imgs = reshape(imgs, size(imgs, 1) * size(imgs, 2), size(imgs,
imgs = double(imgs) / 255;
fclose(fp);

save train_images.mat imgs

end

3));

(2) Convert the labels data set to mat data




function labelsmat = gz2mat(fn)

fp = fopen('D: \BFFLASCHRN\BF A AL IRFE\BUR 2o \Artificial
Intelligence\t10k-labels.idx1-ubyte', 'rb'");
assert(fp ~= -1, ["ZXHLEEITH', fn, '']);

ma = fread(fp,1, 'uint8');
assert(ma == 2049, ['ZB#HEL4E ', fn, ''1);

numLabels = fread(fp, 1, 'uint8', @, 'ieee-be');

labels = fread(fp, inf, 'uint8');

assert(size(labels,1) == numLabels, 'Hi4&1¥) label HEN");

fclose(fp);

save test_labels.mat labels

end

Step 2:
Convert mat data to vector

% mat2vector.m

function [data_]= mat2vector(data,num)
[row,col,~] = size(data);
data_ = zeros(num,row*col);
for page = 1:num
for rows = 1:row
for cols = 1:col
data_(page,((rows-1)*col+cols))
im2double(data(rows,cols,page));
end
end
end
end




Step 3:

(1) Select parameter K

(2) Calculate the distance between the unknown instance and all known instances
(Euclidean distance)

(3) Select the most recent K known instances

(4) According to the majority-voting rule, the unknown instance is classified into the

category with the most number among the K nearest neighbors..

4.3 Results

The results are as follows:
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Figure 4 Running results

It can be seen that when the k value is 10, the accuracy rate is the highest, reaching
91%.

4.4 Algorithm Features

The advantages of the KNN algorithm: the principle is simple and clear, it is easier to
understand, the model training speed is fast, the computer configuration requirements
are not high, and the prediction results are highly accurate as well.

However, the disadvantages are also obvious: higher memory requirements, because
the algorithm stores all training data. The prediction stage may be slow. Sensitive to



irrelevant features and data size.

5 Performance comparison

A better way to evaluate the performance of a classifier is a confusion matrix. The
general idea is to count the number of times an instance of class A is divided into class
B. For example, to know how many times the classifier confused the number 3 and

the number 5, just pass the confusion matrix Look at row 5, column 3.

Naive Predicted
T F
Actual T 847 161
F 181 811
Accuracy= 1658/2000=0.829

KNN Predicted
T F
Actual T 937 86
F 98 879

Accuracy = 1816/2000 =0.908

6 Conclusion

By comparing the two methods for 2000 data, it is found that the accuracy of the
KNN algorithm is higher than that of Naive Bayes.

When using the KNN algorithm, there is no need for additional processing of the data
set, which means that it has a high degree of adaptation to the data, which can greatly

save the cost of use. There are also many options for distance calculation. This



experiment uses Euclidean distance. However, although the KNN algorithm does not
need to preprocess the data, the accuracy of the KNN algorithm can be higher for
samples without extreme data.™ .

The naive Bayesian method has higher requirements for data and more preprocessing

processes, so it is still applicable to the case of less data.
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appendix

%Naive Bayesian.m

clear

clc

%test_images=load ('./test_images.mat');
%test_labelsl=load ('./test_labels.mat');
%train_images=load ('./train_images.mat');
%train_labelsl=load ('./train_labels.mat');
train_num = 2000;

test_num = 200;

%I 2R EHfs

% P18 e 1)

data_test = loadMNISTImages('D:\Wo LA\ LA RFE\BUR £ \Artificial
Intelligence\mnist\t10k-images.idx3-ubyte');

data_train = loadMNISTImages('D:\W7 LA\ AL A RFE\BUR 1 \Artificial
Intelligence\mnist\train-images.idx3-ubyte');

test_labelsl = loadMNISTLabels ('D: \MF 704 AR \BF 7E A RFE\ )R - \Artificial
Intelligence\mnist\t10k-labels.idx1l-ubyte');

train_labelsl = loadMNISTLabels('D:\HF7 4= ST\ W70 AL AR \ JE/R 1
\Artificial Intelligence\mnist\train-labels.idx1-ubyte');

%data_train = mat2vector(train_images(:,:,1:train_num),train_num);

% X HUHR AT — OB . DU BT 2 SRR R A A P R 2 h — MR I 5 ZE AN BE

e
% HARIATTCARIE, THEGIAMRE, R — SR E AR, B4 GRS
B4 N o,

% N T RERAZAEDL, T BN HE ST SR AT AL B
[data_train,position] =
data_proc(data_train,train_labels1(1:train_num)"');
% XUISREHE AT AR5, [N I HEA T (R R ) Ak 2
for rows = 1:10

data_test(:,position{1,rows})=[];

end

BRIy

% ESHAET T BOME, HWREZER, RN RME, mRAETES, NitH
NG H S ) 1) A

% &% nb_model BRI\ Pl HI iS4

nb_model = fitcnb(data_train,train_labels1(1:train_num));




B ZRAR Y

%A £ R

result = predict(nb_model,data_test);
result = result.';

fprintf (' TUMEER: ');

result(1:20)

%I 20 T EHSRXS B
fprintf (' KL ");
test_labels1(1:20)

% BEARIEM%

acc = 0.;

for i = 1:test_num

if result(i)==test_labelsi1(i)

acc = acc+l;

end

end

fprintf("FEHAEN: %5.2F%%\n", (acc/test_num)*100);

%Kknn.m
cle
clear variables

load ('../test_images.mat');

load ('../test_labels.mat');

load ('../train_images.mat');

load ('../train_labels.mat');

% LA E

train_num = 2000;

test num = 200;

data_train = mat2vector(train_images(:,:,1:train_num),train_num);% %% #: N 17 A

=]

==
data_test = mat2vector(test images(:,:,1:test num),test num);
Y% ZHUIM: knn ZORAE—MERE NIEBULEHEAR, INEEHETIES W
% HAMSHn AR, FEEAE OB, kR, SSAUESE.
% H ARG R AT MEIZ 1T /5 & kan_model R IEANU 5
knn_model = fitcknn(data_train,train_labels1(1:train_num),'NumNeighbors',10);
result = predict(knn_model,data_test);
acc=0.;
fori= l:test num

if result(i)==test_labels1(i)

acc = acc+l1;

end

end




% mat2vector.m

% N BUREEE GERE , AN

% REER: BE R ARNTIRERHAS, M7 R RN — K E R E
% th . FEAECE R B EREE RN AERE

function [data_]= mat2vector(data,num)

[row,col,~] = size(data);

data_ = zeros(num,row*col);

for page = 1l:num

for rows = 1l:row

for cols = 1:col

data_(page, ((rows-1)*col+cols)) = im2double(data(rows,cols,page));
end

end

end

end

% data_proc.m

% PRETRE: MR FEEHRRAE T T 208 0 HIRFES

% HN: AT R KRR

% i MIBRZZ 5 BEE LR 5 bR

function [output,position] = data_proc(data,label)
position = cell(1,10);

%EIE cell kBRSSPI ER B2 bR

for 1 = 0:9
temp = [];
pos = [];

for rows = 1:size(data,l1)
if label(rows)==1i
temp = [temp;data(rows,:)];

end

end

for cols = 1:size(temp,2)
var_data = var(temp(:,cols));

if var_data==0

pos = [pos,cols];
end

end

position{i+1} = pos;
data(:,pos)=[];

end

output = data;

end




function labelsmat = gz2mat(fn)

fp = fopen('D: \BFA ST N\BF 7 A RFE\BUR - \Artificial
Intelligence\t10k-labels.idx1l-ubyte', 'rb');
assert(fp ~= -1, ["ZXHEEITH', fn, ''1);

ma = fread(fp,1, 'uint8');
assert(ma == 2049, ['Z#HEH4E ', fn, ''1);

numLabels = fread(fp, 1, 'uint8', @, 'ieee-be');

labels = fread(fp, inf, 'uint8');

assert(size(labels,1) == numLabels, 'H4i[) label i N");
fclose(fp);

save test_labels.mat labels

end




function imgsmat = gzimgs2mat(fn)

fp = fopen('D: \WFFtA TN\ AERFE\BU/R 1-\Artificial
Intelligence\t10k-labels.idx1l-ubyte', 'rb');
assert(fp ~= -1, ["ZXXHLEIF, fn, "' 1);

ma = fread(fp,1, 'uint32');
assert(ma == 2051, ['ZHHHE ', fn, ''1);

imgsNum

rows
cols
imgs
imgs
imgs

imgs
imgs

= fread(fp, 1, 'uint32’',
fread(fp, 1, 'uint32', o,
fread(fp, 1, 'uint32', o,
fread(fp, inf, 'uint8');
reshape(imgs, rows, cols,
permute(imgs,[2 1 3]);

reshape(imgs, size(imgs,
double(imgs) / 255;

fclose(fp);

save train_images.mat imgs

end

0, 'ieee-be');
‘ieee-be');
‘ieee-be');

imgsNum);

1) * size(imgs, 2), size(imgs,

3));
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