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【1】. 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【2】.

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【3】. 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【4】.
    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【5】.

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【6】.

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【7】.

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【9】. 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：
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【10】
Ⅳ.Implementation method

The programming software we used the jupyter notebook. Next we will explain the code how to work. 
First of all, we need to import and partition data sets, and dividing training set and verification set. Then let's build the confusion matrix, which is also called the possibility matrix or error matrix. confusion matrix is a visual tool for supervised learning. In the image accuracy evaluation, it is mainly used to compare the classification results with the actual measured values. The accuracy of the classification results can be displayed in a confusion matrix. The structure of confusion matrix is generally shown in the following figure.
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Picture 4  confusion matrix

Each column of the confusion matrix represents the prediction category, and the total number of each column represents the number of data predicted for that category;

Each row represents the true category of data, and the total number of data in each row represents the number of data instances of that category; The value in each column represents the number of real data predicted【11】.

We can get more advanced classification indicators from the confusion matrix: Accuracy, Precision, Recall, Specificity, Sensitivity.

1.Accuracy【12】
Accuracy is the most commonly used classification performance indicator. It can be used to represent the accuracy of the model, that is, the number of correct models/the total number of samples. Generally, the higher the accuracy of the model, the effect is better for the model.

Accuracy = (TP+TN)/(TP+FN+FP+TN)

2.Precision

Precision represents the proportion of samples which are truly positive in the samples identified by the model as positive. Generally, the higher the precision, the better the effect of the model.

Precision = TP/(TP+FP)

3.Recall

Recall shows how much the classifier can predict in the actual positive sample.

Recall = Sensitivity（rue Positive Rate，TPR）

It represents the ratio of the number of positive samples correctly identified by the model to the total number of positive samples. In general, the higher the Recall, the more positive samples are predicted correctly by the model, and the effect is better for the model.

Recall = TP/(TP+FN)

4.Specificity

Specificity refers to the number of samples identified as negative by the model, which is the ratio of the total number of negative samples.False Positive Rate ( FPR,the calculation formula is: FPR=FP/(TN+FP)). It calculates the proportion of negative samples that are identified as positive by model errors to all negative samples. Generally, the Specificity is lower that we can think it is a better model.

Specificity = 1 - FPR

After building the confusion matrix, we set the category labels in the dataset, divide Fashion-MNIST into 10 categories ("T-shirt/top", "Trouser", "Pullover", "Dress", "Coat", "Sandal", "Shirt", "Sneaker", "Bag", "Ankle boot"), and then divide the training set and detection set, and print the training set and detection set. The output result is shown in the picture【12】.
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Picture 5  output of the training set and detection set

Then looking at sample 0 and make it visible:
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Picture 6  The digital category label of the picture is' 7 ', and the category is' Sneaker

Then we print some samples from the overall data set, we can get the figure like the picture 1. After that, we will normalize the data. We know that the images in the Fashion MNIST dataset are three-dimensional. We need to convert the three-dimensional images into two-dimensional images.The final result is obtained like the picture 7.
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Picture 7 final result

When a 3D image is converted to a 2D image, because the range of pixel values is different, so it needs to be normalized to the range of pixel values of the 2D image. The code of 3D image  converted to a 2D image is:

# data normalization

x_train = x_train.astype('float32')

x_valid = x_valid.astype('float32')

x_test = x_test.astype('float32')

x_train /= 256.0

x_valid /= 256.0

x_test /= 256.0

After data normalization, we will build KNN model, and adjusting parameters and select the relatively optimal KNN model. We fit the training set and predict the verification set. After completing these steps, we can get the confusion matrix, recall rate, accuracy, F1 score and classification accuracy. Finally, we print the model report and the analysis generated by different parameters

The code of the Model :

def KNN_choice(parameter_list, n_neighbors=None):

    KNN_model = []

    KNN_accuracy_history = []

    KNN_f1_score_history = []

    #Adjust parameters to generate performance indicators

    for p in parameter_list:

        # Establish KNN model

        if n_neighbors is None:

            KNN = KNeighborsClassifier(n_neighbors=p)

            out_str = f"k={p}"

        else:

            KNN = KNeighborsClassifier(n_neighbors=n_neighbors, weights=p)

            out_str = f"k={n_neighbors}, weights={p}"

        # Fit training set

        KNN.fit(x_train, y_train)

        KNN_model.append(KNN)

        # Forecast the validation set

        KNN_y_pred = KNN.predict(x_valid)

        # Get confusion matrix, recall rate, accuracy, F1 score and classification accuracy

        KNN_accuracy = metrics.accuracy_score(y_valid, KNN_y_pred)

        KNN_f1_score = metrics.f1_score(y_valid, KNN_y_pred, average= "weighted")

        KNN_accuracy_history.append(KNN_accuracy)

        KNN_f1_score_history.append(KNN_f1_score)

        KNN_cm = metrics.confusion_matrix(y_valid, KNN_y_pred)

        print(f"-----------------K({out_str})-nearest neighbors Report---------------")

        print_report(KNN_accuracy, KNN_f1_score, KNN_cm, y_valid, KNN_y_pred)

    return KNN_model, KNN_accuracy_history, KNN_f1_score_history
（k = 1）
F1 score: 0.8488858818710165

Accuracy score: 0.8486666666666667

Confusion matrix: 

[[ 964    2   28   41    4    0  155    0    8    0]

[   5 1187    2   15    0    0    8    0    1    1]

[  18    0  945   11  121    0  108    1    1    0]

[  57   16   11 1019   44    0   34    0    3    0]

[   4    1  138   44  890    0  120    0    5    0]

[   0    0    0    2    0 1045    4   84    2   74]

[ 187    1  147   29   96    0  748    0   10    0]

[   0    0    0    0    0    7    0 1091    0   61]

[   8    0   11    6   11    2   17    4 1134    4]

[   0    0    0    0    0    3    0   39    0 1161]]
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Picture 7  Plotting confusion matrix of KNN
In the next step, we will test the verification set, and we can get F1 score and Accuracy score results.

   F1 score: 0.8528579339416831

Accuracy score: 0.8527
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Picture 8  value of K for KNN
We can see that there is no significant difference between the final results of the verification set and the test set, which shows that the KNN algorithm is effective for the classification of Fashion MNIST data sets.

After completing the classification of Fashion MNIST data set by KNN algorithm, we will continue to study the classification of Fashion MNIST data set by decision tree algorithm. First, we build a decision tree mode.

It is consistent with the construction of KNN model. We first adjust the parameters and select the relatively optimal decision tree model. The second step is to adjust the parameters and generate corresponding performance indicators. The third step is to establish the Decision Tree model and fit the training set. Then the verification set is predicted and the confusion matrix, recall rate, accuracy, F1 score and classification accuracy are obtained. Finally, we test the set.

Our indicators are as follows（depth = 10）：

F1 score: 0.8016704275193082

Accuracy score: 0.8025833333333333

Confusion matrix: 

[[ 973    5   36   63   12    2  102    0    6    3]

[  12 1130   10   56    1    0    7    0    1    2]

[  10    2  828   18  240    0  100    0    7    0]

[  65   12   15  972   79    3   25    0   11    2]

[   6    3  131   54  861    1  134    0   11    1]

[   3    2    1    4    1 1063    2   84   14   37]

[ 241    5  178   36  136    1  606    1   13    1]

[   0    0    0    0    0   57    0  993    4  105]

[  14    0   24   10    9   13   17   11 1098    1]

[   1    0    1    4    0   30    3   51    6 1107]]

Plotting confusion matrix: 
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Picture 9  Plotting confusion matrix of decision tree
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Picture 10  value of depth for decision tree

After checking the test set, we get the following data:

F1 score: 0.8120833651002048

Accuracy score: 0.8114

Confusion matrix: 

 [[776   4  22  36  10   2 138   0  12   0]

 [  8 940   4  29   3   1  13   0   2   0]

 [ 21   2 685  11 183   0  87   0  11   0]

 [ 41  15  20 809  65   3  45   0   2   0]

 [  4   3 135  34 724   3  91   0   6   0]

 [  1   1   0   1   1 890   2  66  10  28]

 [155   3 133  41 100   3 549   0  16   0]

 [  0   0   0   0   1  24   0 924   0  51]

 [  9   0  13   8  14   4  31   6 913   2]

 [  0   1   0   2   2  18   3  68   2 904]]

Plotting confusion matrix: 
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Picture 11  test set

Finally, we get the result that in the KNN model, when the parameter n_ When neighbors is 6 and weights is distance, the relatively optimal model is obtained. In the Decision Tree model, when the parameter depth is 12 and the criterion is gini, the relatively optimal model is obtained. In KNN relative optimal model and Decision Tree relative optimal model, the performance of KNN model (the accuracy in the test set is 0.8527) is better than that of Decision Tree model (the accuracy in the test set is 0.8114).
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