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[bookmark: _GoBack]Abstract: This paper uses MATLAB to realize handwritten number recognition. K nearest neighbor and naive Bayes algorithm are used to classify and verify the SkLearn handwritten data set. The results show that the handwritten digit recognition accuracy is high, and the experiment shows that the handwritten digit recognition based on K-nearest Neighbor algorithm has good application effect and research value.
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1. Introduction:
MNIST dataset (Mixed National Institute of Standards and Technology) Database is a large handwritten digital database collected and organized by the National Institute of Standards and Technology (NIST), containing 60,000 sample training sets and 10,000 sample test sets. MNIST data set is composed of 0 ~ 9 handwritten digital images and digital labels, and each sample is a 28 * 28 pixel gray handwritten digital image.
Artificial intelligence is an important method and means in the current big data processing. Many mature and effective machine learning algorithms have been developed in image classification processing technology, among which K nearest Neighbor algorithm (KNN) and naive Bayes algorithm are simple, intuitive and theoretically mature, which are widely used machine learning methods.
Shallow learning directly extracts various text attributes from the original text to train the initial classifier. Because it attaches importance to attribute extraction and classifier design, it has obvious advantages in accuracy and stability. Moreover, shallow learning methods learn from data. For small data sets, under the limitation of computational complexity, shallow learning models usually show better performance than deep learning models. However, the effectiveness of shallow learning method is limited by attribute extraction to a large extent. Before training classifier, it is necessary to master the knowledge and a lot of experience to extract attributes from the original text.
Deep learning integrates feature engineering into the model fitting process by learning a set of nonlinear transformations directly into the output, avoiding too much manual intervention and prior knowledge, and automatically providing semantically meaningful representations for text mining. However, deep learning is composed of multiple hidden layers in neural networks, which is of higher complexity. Moreover, deep learning technology is a data-driven approach, which usually requires a large amount of data to achieve high performance. At the same time, deep learning is a black box model, the training process is difficult to reproduce, and the implicit semantics and output interpretability are poor.
Although both shallow and deep learning methods have shown their usefulness in text classification, many possible improvements remain to be explored. This paper focuses on KNN algorithm and Naive Bayes algorithm in shallow learning methods.
2. Related work:
2.1 knn
Machine learning is an important technology for processing big data. There are many mature and effective algorithms in image classification, such as SVM (support vector machine), KNN (K-nearest Neighbor classification algorithm), BP neural network, Bayesian classification algorithm, CNN algorithm (convolution neural network algorithm), etc. Literature [1] proposed a k-nearest neighbor graph based on image deformation model to achieve local deformation improved sample base and improve the recognition rate. Literature [2] uses structured dictionary learning method based on Sparse representation Fisher criterion to classify images. Literature [3] proposed large edge domain transmission algorithm to jointly reduce the mismatch of distribution between training set and test set. Hongfang Zhou et al. [4] used modes to replace means and proposed an improved K-modes algorithm. It assigns new measures to the objects in each cluster so as to improve the classification accuracy. Le Cun et al. [5] established the modern structure of convolutional neural network in 1990, and Lenet-5 was first applied to handwriting recognition classification at the industrial level. Luo Wei et al. [6] proposed the use of convolutional sparse autoencoder for image classification and achieved certain results. Literature [7] uses convolutional neural networks of different regions to classify hyperspectral images.
Mladeni et al. [8] carried out weighted feature selection by combining perceptron and linear SVM and other linear classifiers. Literature [9] uses the weighted local linear KNN model for image recognition, and uses the iterative algorithm with convergence proof to minimize the weighted sparsity of the model. Zhang Hongbin et al. [10] proposed a feature selection method using tabu search algorithm to select optimal subsets from large feature sets and verified its superiority through comparative experiments. Literature [11] introduces the design of various classifiers, as well as the best Bayesian classifier and its variants. Reference [12] based on hybrid multi-peak fusion, pair domain independent multimedia clustering method. Literature [13] proposed a multimedia image data projection clustering fusion optimization algorithm based on improved particle swarm optimization algorithm to solve the problems of poor processing effect of existing multimedia image clustering fusion algorithm on multimedia image data projection and scattered fusion results. Literature [14] proposed a Image fusion algorithm based on fuzzy clustering and semantic markup. Cheng Mingming et al. [15] introduced the layered feature selection method for efficient image segmentation. Literature [16] studies feature evaluation and selection in image classification tasks based on decision tree learning. Therefore, in view of the above research status, this paper mainly studies the feature classification algorithm of image processing technology, and the specific research algorithm is KNN classification algorithm. KNN classification algorithm is a non-parametric classification method, which was first proposed by Covert and Hart in 1968 [17]. Because of its good classification effect, it has been widely applied and become a research hotspot. In order to improve the KNN algorithm and improve the classification accuracy and efficiency, scholars at home and abroad have made a lot of improvements to the algorithm and put forward different improved algorithms. Literature [18] put forward the compressed nearest neighbor method, believing that most samples close to the category center in the training set are not useful for classification decision making. This part of samples can be deleted to reduce the amount of computation and storage, and only the category boundary samples can be retained to construct classifiers. Literature uses editing programs to reduce the number of pre-classified samples.
2.2 Naive Bayes
Naive Bayes has been gradually improved and applied in various application fields, especially in medical field. The CGCNB-MRM method proposed by Melingi Sunil Babu et al. is based on probability index table and posterior probability of data.
With the popularization of naive Bayes, its application field has gradually expanded and deepened. Zhou Hongyu et al. proposed a vehicle-mounted capacity-pool network routing algorithm based on semi-Naive Bayes Classifier (semi-Bayes Classifier, SBC), according to the independent dependence strategy, the algorithm solves the periodic movement mode such as vehicle delay tolerance. Meanwhile, in order to provide a more accurate classification model, the algorithm focuses on the dependency relationship between attributes, and improves the generalization performance of high-order dependency relationship between attributes. The research results of this paper provide ideas for the research of vehicle delay tolerant network routing protocol and have good research value and application prospect. Route army men such as proposed a method based on naive bayes and D - S, in order to solve the power distribution equipment sampling period in the Internet of things different problems, at the same time, the method of different place and time of the sensor data, in order to be able to overcome the lack of reliability distribution problem with naive bayesian reliability distribution, Finally, the experimental results show that the proposed d-S method combined with naive Bayes can effectively evaluate the state of the system compared with other machine learning algorithms. Bao Kaili et al. proposed a parallel algorithm of naive Bayes classification algorithm and coordinated filtering takeaway recommendation algorithm to solve the problem of data sparseness in traditional coordinated filtering algorithm. At the same time, the parallel naive Bayes algorithm was used to analyze the sentiment of takeout reviews. Liang Huali commented on the numerical structure of sentiment values and established a comprehensive scoring model for takeout reviews. Finally, the experimental results show that the recommendation algorithm has a certain good acceleration ratio in the recommendation accuracy, so it is feasible and effective to apply the algorithm to personalized takeaway recommendation.
Each data sample was classified, and three indicators, accuracy, sensitivity and specificity, were used to evaluate the performance of the proposed CGCNB-MRM method, achieving 80.7% accuracy, 84.5% sensitivity and 76.9% specificity, thus proving the effectiveness of NB classification in big data. Ali Liaqat et al. [10] proposed to improve model classification performance in stages.
3. Methods
3.1 k nearest neighbor
The classification decision rule of KNN algorithm model is based on the simple idea of minority obeying majority, that is, each category and quantity of the nearest K sample points are counted, and the label of the target point to be classified is classified into that category which has the largest number of tags. In reality, the classification decision of majority voting is usually used to judge the classification of new samples in feature space.
The common methods of k-nearest Neighbor algorithm are as follows:
(1) Attribute nearest neighbor method. By finding K nearest neighbors of an unknown attribute sample (the K neighbor attributes are known) and assigning the average value of the K neighbor attributes to the sample, the attribute of the sample can be obtained.
(2) Distance nearest neighbor method. The K neighbors closest to an unclassified labeled sample are collected, and most of the K neighbors belong to a certain category, so the unclassified labeled sample is assigned to this category;
(3) Weighted nearest neighbor method. Different weights are given to the influence of the labeled data set and the data sample to be labeled, and the sample belongs to the majority of the K samples with the largest weight coefficient in the labeled data set. For the weighted nearest neighbor method, there are separate weighted nearest neighbor method (distance is inversely proportional to the weight column, the greater the weight is regarded as closer), and also the weight and distance can be combined, such as the weight is distance multiplied by the reciprocal of the weight.
KNN algorithm is the simplest machine learning method and has the following advantages:
(1) KNN algorithm is intuitive, simple and easy to implement;
(2) Because the algorithm selects K neighboring values to judge classification, it has a high tolerance to outliers and a strong tolerance to noise, that is, noise has little effect on the classification algorithm;
(3) New sample data can be directly added into the sample data set without retraining because it is an "online" technology without complex training process;
(4) Support multiple classification, and high accuracy, can also solve the problem of non-linear regression;
(5) In the classification process of KNN algorithm, the relationship between samples is directly used, so the influence of improper selection of category features on classification results is reduced, and the error term in the classification process can be reduced to the greatest extent.
Although KNN algorithm has the advantages of simple principle, good classification effect, easy to implement and understand. However, the algorithm also has some shortcomings, which are summarized as follows:
(1) Large storage capacity. Because k-nearest neighbor classification algorithm is a lazy learning algorithm, classifiers need to be constructed according to training samples, and all training samples are stored first. When classification is needed, temporary calculation and processing can be performed. That is, the algorithm needs to store all the training samples.
(2) Large amount of calculation and slow speed. Because each sample to be classified needs to calculate its distance to all known samples, then the K neighbors of the sample can be obtained. At present, the commonly used solution is to preprocess the sample data, cutting the known sample points first and removing the samples that have little effect on classification. The algorithm is suitable for automatic classification of large sample data. However, it is not suitable for the class domain with small sample size, because the training sample may not be complete after cutting useful data, thus affecting the classification effect.
3.2 The choice of k
Another key element in building a classification algorithm model is the selection of K value. In the classification of sample data by KNN algorithm, the selected K value is crucial to the accuracy of the model. If K value is relatively small in the prediction, the overall model will become complex, and the estimation error of classifier will increase, while the approximate error will decrease, and overfitting is easy to occur. As K value is very small, there are few reference samples used to judge the category of samples to be tested, which is equivalent to using the training sample data of the small neighborhood of samples to be tested to predict the samples to be tested. This will lead to the prediction result is particularly sensitive to the selected nearest neighbor training sample. If the selection point close to the sample to be tested happens to be an error, it will lead to the prediction error. If the K value is large, the model will be too simple, and the estimation error of the classifier will also decrease, while the approximate error will increase, which is prone to under-fitting. For K value is very big, is equivalent to use the sample under test larger neighborhood around the training sample data to predict the sample treatment, which can cause and sample is not high similarity of sample under test (distant neighbors) will participate in the judgment of category, reduced the useful samples for classification, the classification of the treated samples have an adverse effect, resulting in a classification error. In the application, a small K value is usually selected first, and then an optimal K value is selected by cross verification method.
Handwriting recognition by KNN algorithm can achieve 97.06% performance when K=3. As shown in table 1:
	k
	Performance

	K=1
	96.91%

	K=3
	97.06%

	K=5
	96.87%

	K=7
	96.90%

	K=8
	96.69%


The performance is shown in Figure 1：
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Fig.1 (a) k = 1
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Fig.1 (b) k = 3
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Fig.1 (c) k = 5
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Fig.1 (d) k = 7
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Fig.1 (e) k = 8
As a simple and effective classification algorithm, k-nearest neighbor algorithm has obvious advantages. The new data set can be directly calculated without re-training. The algorithm is also relatively simple, and compared with other algorithms, it is easier to implement, with high accuracy, insensitivity to outliers and high tolerance. In handwriting digit recognition, the recognition is accurate and the error is small. However, there are also defects in some aspects. First, because the image has high dimensional features and the operation is complex, the K-nearest neighbor algorithm cannot accurately extract the features and will be interfered under normal circumstances. Second, if the verification number is enough, there will be a certain amount of error. When this algorithm is implemented, its training time complexity is O(n), which is lower than other algorithms such as support vector machine. In addition, weighting calculation can also be carried out for K neighboring points. The weight of distant points is small, while the weight of close points is significant, which will improve the accuracy of classification. K nearest neighbor algorithm is a kind of lazy learning method, which is inefficient in prediction. In terms of spatial complexity, the algorithm must save all the training data and reserve additional storage space for the test samples. If the sample data is too much, it will occupy a lot of memory and make the space complexity become high.
3.3 Naive Bayes
Naive Bayes is the simplest case in Bayesian network. If the dependence between random variables is ignored and the random variables are assumed to be independent from each other, the structure of Bayesian network evolves into naive Bayes, as shown in Figure 1. Naive Bayes firstly calculates the probability of each category, and then calculates the conditional probability of all attributes. When classifying, it finds the most possible category according to bayes' maximum membership principle. Therefore, the key to training naive Bayes is to estimate prior probability and conditional probability. As one of the classical machine learning algorithms, bayesian method is a classification method based on Bayesian theorem and independent assumption of feature conditions. The two most widely used classification models are Decision Tree Model and Naive Bayesian Model (NBM). Compared with decision tree model, Naive Bayes Classifier (NBC or Naive Bayes Classifier) originated from classical mathematical theory, has solid mathematical foundation and stable classification efficiency. At the same time, the NBC model requires few estimated parameters, is not sensitive to missing data, and the algorithm is relatively simple. Theoretically, NBC model has the lowest error rate compared with other classification methods.
Naive Bayes has faster training and prediction speed. When dealing with large-scale data sets, the training and prediction only use mathematical probability operation. It also has good performance in small-scale data processing and can handle multi-classification tasks, which is suitable for incremental training. In addition, the model is not easily affected by missing values. Because the algorithm is relatively simple, it is often used in text classification. Of course, naive Bayes also has some disadvantages. The characteristics of the sample set need to meet the assumption of independence, which is difficult for the features of the general data set to meet this condition. In addition, the expression of input data also affects the model.
Handwriting recognition by Naive Bayes algorithm can achieve acceptable performance, as shown in table 2:
	Algorithm
	Performance

	Naive Bayes
	83.65%


The performance is shown in Figure 2：
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Fig.2 Naive Bayes
4. Conclusion
K nearest neighbor algorithm technology and Naive Bayes algorithm are important image classification processing method. K nearest neighbor algorithm is a machine learning algorithm, is a relatively mature classification method in theory, it can not only be used for classification, but also can solve the regression problem, used in pattern recognition medium. Given a marked training data set, for the unmarked new sample, K samples closest to the sample are found in this training data set, and the majority of the K samples belong to which category, the unmarked new sample is divided into this class. K-nearest Neighbor algorithm was proposed by Cover and Hart in 1968 and has been widely concerned. After decades of research and development, k-nearest neighbor algorithm has made a lot of improvements and improvements in classification and recognition rate and operation efficiency, and many new improved algorithms have been proposed and achieved certain results. However, most researchers pay more attention to image dimension reduction to improve the efficiency of operation or more complex algorithm programs to improve the rate of classification and recognition. Few can improve the efficiency of operation without affecting the rate of classification and recognition or improve the rate of classification and recognition without affecting the efficiency of operation. With the popularization of computer and the development of performance, many algorithms applied to image can be realized. After analyzing the current k-nearest neighbor algorithm based on the current research status, this paper proposes a method based on k-value selection strategy, which improves the classification and recognition rate and operation efficiency of KNN algorithm to varying degrees.
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Codes in MATLAB:
KNN:
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Naive Bayes:
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2—  cle

3—  close all

4— load("train_x. mat”)

5— load("train_y. mat”)

6 % train x = train_x(1:2000, :);

7 % trainy = train_y(1:2000, :); %these codes are for test run
8

9 % Onehot to number

10 — train_label = vec2ind(train_y’)-1;

11

12 — class = {0°," 1

13

14 — Mdl = fitcknn(train_x, train_label, lNumleighbors’,4);
15

16 — load("test_x. mat”)

17 — load("test_y. mat”)

18 — test_label = vec2ind(test_y )-1;

19

20 —  predict = predict (Mdl, test_x);

21 — temp = predict-test_label’ ;

22—  mm=0

Bl= for i = 1:length(test_label)

24 — if (temp (1)==0)

25 — num=num+1;

26 — end

27— Lend

28 — accuracy_KNN = num/length(test_label)
29 — confusionchart (test label’. predict)
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