The report of Using KNN classifier and decision tree classifier to classify the Fashion-MNIST dataset

Abstract-The Fashion-MNIST dataset contains 10 categories of images, namely: t-shirt, trouser, pullover, dress, coat, sandal, shirt, snorker, bag, and ankle boot. We will use two classical machine learning algorithms to classify the Fashion-MNIST dataset. We will use KNN classifier and decision tree classifier to classify the dataset respectively, and compare the advantages and disadvantages of the two classifiers. The results of data processing by the two classifiers are shown in charts and forms.
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Ⅰ Introduction

Fashion-MNIST: a Novell Image Dataset for Benchmarking Machine Learning Algorithms. The important point is the method of data production: the original image is a JPEG image with a light gray background and the resolution is 7621000. Then it passes through the resampled color image to 5173. Fashion-MNIST is not an abstract symbol, it is a more concrete human necessity - clothing.
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Picture 1  The image of the Fashion-MNIST dataset

Ⅱ.KNN Algorithm 

Classification is an important technology in the field of data mining. It is to find classification models from a group of known training samples, and use this classification model to predict the samples to be classified. It is very necessary to establish an effective classification algorithm model and finally process the samples to be classified. At present, the commonly used classification algorithms mainly include Naive Bayes, Support Vector Machines, k-Nearest Neighbors, NNet, DecisionTree, etc

Nearest Neighbor Algorithm (KNN algorithm): When judging an unknown object, you can observe several samples closest to it, which is the method of KNN. In short, KNN can be seen as: there is a pile of data that you already know the classification. When a new data enters, it starts to calculate the distance from each point in the training data, and then selects the K points closest to the data to see what type of K points belong to, and then classifies the new data according to the principle that the minority is subordinate to the majority.

Supervised learning refers to the process of using a group of samples of known categories to adjust the parameters of the classifier to achieve the required performance, also known as supervised training or teacher learning.Supervised learning is a machine learning task that infers a function from labeled training data. The training data includes a set of training examples. In supervised learning, each instance is composed of an input object (usually a vector) and a desired output value (also known as a supervised signal). The supervised learning algorithm is the function of analyzing the training data and generating an inference, which can be used to map out new instances. An optimal solution will allow the algorithm to correctly determine the class labels of those invisible instances. KNN algorithm is a kind of the Supervised learning model
    The idea KNN algorithm is:As shown in the figure, there are two different types of sample data, which are represented by small blue squares and small red triangles, while the data indicated by the green circle in the middle of the figure is the data to be classified.

If K=3, the nearest three neighbors of the green dot are two small red triangles and one small blue square, and the few belong to the majority. Based on the statistical method, the green point to be classified belongs to the red triangle category.

If K=5, the nearest five neighbors of the green dot are two red triangles and three blue squares, or the minority is subordinate to the majority. Based on the statistical method, it is determined that the green point to be classified belongs to the category of blue squares.
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Picture 2  The explanation diagram of KNN algorithm 

Algorithm steps

1. The initialization distance is the maximum value;

2. Calculate the distance dist of unknown samples and each training sample;

3.The maximum distance maxdist among the K nearest samples is obtained;

4. If dist is less than maxdist, take the training sample as K-nearest neighbor sample;

5.Repeat steps 2, 3 and 4 until we know the distance between all samples and all training samples is calculated;

6. Count the number of occurrences of each class label in K-nearest neighbor samples

7.Select the class label with the highest frequency as the class label of the unknown sample.

Three basic elements of the algorithm: selection of K-value, distance measurement, and decision rules.

First, the value of k is usually determined by cross test. Cross validation (Spliting the sample data into training data and validation data according to a certain proportion. For example, we can choose 60 percent as the training data and choose 40 percent as the validation data) starts with selecting a smaller value of K, increases the value of K, and then calculates the variance of the validation set to finally find a more suitable value of K.

When k is increased, the general error rate will decrease first, because there are more samples around to learn from, and the classification effect will be better. But note that when the K value is higher, the error rate will be higher. It is easy to understand. For example, you have 35 samples in total. When your K increases to 30, KNN is basically meaningless.

So when selecting K point, you can select a larger critical K point. When it continues to increase or decrease, the error rate will rise.

The calculation of the distance between two points is also crucial to the KNN algorithm. The distance between two points is closer, The two points belong to the same category will have a greater possibility . Euclidean distance and Manhattan distance are often used for distance calculation. Different distance measurement methods will affect the selection of the nearest K sample points, thus affecting the results. In practical analysis, Euclidean distance is generally used.
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Picture 3  Euclidean distance and Manhattan distance

Euclidean distance:

The Euclidean distance between two points a(x1,y1) and b(x2,y2) on the two-dimensional plane is:
d12  = 
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The Euclidean distance between two points a(x1,y1,z1) and b(x2,y2,z2) in the three-dimensional space is: 

d12  = 
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Manhattan distance is the:
dman(x,y) = 
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Decision rule:
1.K=1 The nearest neighbor with closer distance determines the final classification.
2.If k is greater than 1, according to the majority-voting rule, the unknown instances are classified as the most majority of the K nearest samples.
3.Voting decision: the minority is subordinate to the majority, and the most points in the nearest neighbor will be divided into this category.

4.Weighted voting method: according to the distance, the nearest neighbor's votes are weighted. The closer the distance is, the greater the weight is (the weight is the reciprocal of the square of the distance)

Ⅱ. Decision Tree Algorithm 

The decision tree is a tree structure, in which each internal node represents a test on an attribute, each branch represents a test output, and each leaf node represents a category. The decision tree learning adopts a top-down recursive method. Its basic idea is to construct a tree with the fastest entropy decline based on information entropy. The entropy value to the leaf node is zero, and the instances in each leaf node belong to the same class. Decision tree learning is case-based inductive learning, and one of the basis of decision tree division is information gain.
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Picture 3  Example of the decision tree

Information entropy is an index used to measure uncertainty, it is also the probability of discrete random events. The situation is more chaotic , The information entropy is stronger. The situation is more orderly , the information entropy is smaller.Calculation formula of information entropy is:
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The “p” represents probability, "X" represents the set of information entropy calculation, “N” represents the number of categories, and “Pk” represents the proportion of category K in the subset.

We can also use gini coefficient as an index to measure the decision tree. The solution formula of gini coefficient is：


[image: image9.wmf]å

å

=

=

-

=

-

=

K

k

K

k

k

k

k

p

p

p

x

G

1

1

2

)

(

1

)

1

(

)

(


Ⅳ.Implementation method

The programming software we used the jupyter notebook. Next we will explain the code how to work. 
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