Abstract
Given how quickly science and technology are developing in today's society and the gradual popularization of the Internet, people have invented many methods in order to use information more efficiently. Machine learning, a subset of the emerging class of artificial intelligence, has advanced quickly among them. When employing machine learning, learners just need to directly collect a sizable amount of information and utilize the developed software to realize it. They do not need to use any reasoning or understanding of other knowledge. With the rapid development of information media technology, there are more and more pictures and video information in the society, and picture recognition technology has also developed rapidly. Fashion MNIST is an image dataset that replaces the MNIST collection of handwritten digits. This article uses two machine learning methods, k-Nearest Neighbors and Decision Trees. First, I did an exploratory analysis of this dataset, informed myself about the classification of the dataset and then preprocessed the images so that the data from the model could be better used, and then performed parameter adjustment work to make the two models both achieve good results, and finally we compare the two models.
1 Introduction
A fundamental issue in the study of computer vision is the issue of image classification. Its goal is to minimize classification error while differentiating between various image kinds based on the semantic content of the image. Giving a label to an image from a certain categorization set is the required specific activity. Image classification is used in many fields, such as medical imaging, object detection in satellite images, traffic control systems, brake light detection, machine vision, etc. After the advent of deep learning, combined with powerful AI hardware and GPU, it has shown excellent performance in image classification tasks. As a result, deep learning has achieved great success across the entire field of image recognition, face recognition and image classification algorithms, achieving superhuman performance and real-time object recognition. However, this paper uses two relatively simple machine learning models, KNN and decision tree. These two models are simple in structure and do not rely on advanced hardware conditions. They can still achieve good results on small data sets.
In the experiment of this article, I choose the Fashion MNIST dataset, The classic MNIST dataset contains a large number of handwritten digits. For more than ten years, this data set has been used as one of the standards for testing algorithms by researchers in the domains of deep learning, machine learning, artificial intelligence, and machine vision. This dataset can be found in a lot of conferences and scientific articles. The MNIST dataset has actually evolved into one of the benchmark datasets for algorithm developers. Fashion-MNIST is identical to MNIST in terms of format, category, data volume, train division, and test. The purpose of creating this dataset is to replace MNIST as a good "detector" for machine learning algorithms to evaluate different machine learning algorithms. 
	In this article, I first use Keras to get the dataset and split the training set and the test set, and then perform preprocessing to convert the data into an acceptable input format for boy and decision trees. First, use the non-matched model to predict the results, then use the grid search to match the parameters of the two models, use the obtained optimal parameters to retrain the model and record the results, and finally combine the best KNN model and the best performance Compare good decision tree models to find the optimal model.
2 Related work in literature
There are many works on data sets, among which there are many attempts based on traditional machine learning models, such as variants of SVM. There is a classify fashion products with HOG feature descriptors and a multi-class SVM classifier. OCR (Optical Character Recognition) uses this type of classification. One of the most well-liked and successful feature descriptors in pattern recognition and computer vision is HOG, which Dalaland Triggs first developed in 2005 for human recognition. According to one of the studies Ebrahimzadeh and Jampour presented, they used a powerful HOG descriptor in combination with a multiclass SVM to achieve extremely high accuracy in HDR (Automatic Handwritten Digits Recognition). One of the earlier papers proposed by Khan, H.A. (2017) introduces a new MCS approach (Multiple-Cell Size) to effectively conduct the classification of handwritten digits using HOG functions and multiclass SVM. The best classification accuracy was attained by completing the HOG analysis and determining the HOG characteristics using the MCS technique. KNN algorithm has also been improved. Due to its high time complexity and low efficiency, its practical application is severely limited. Some scientists have proposed a new algorithm to optimize KNN through thinking. Through analysis, the effectiveness of KNN algorithm is limited to the need to compare the samples to be predicted with each training sample one by one. When there are too many pixels in a sample or the training sample set is too large, the time utilization efficiency will be very low. To solve this problem, we can also record the number of matches in the sample category and the total statistics of a single pixel when checking the sample and use the general matching statistics as the pixel weight. When a pixel value is given, the corresponding value is multiplied by the weight of the corresponding pixel and used as the matching degree between the prediction sample and the training sample. Obviously, the higher the matching degree, the closer they are. Therefore, just modify the fourth step of KNN algorithm to select the upper limit k of the minimum value and calculate most attributes. 
3 Methodology 
	KNN is a well-known classification algorithm that Cover and Hart proposed in 1968. It has been widely used in numerous domains, including image recognition, natural language processing, and many others because of its straightforward implementation and excellent classification accuracy. The KNN algorithm is also called the proximity algorithm, which is one of the simpler and easier-to-understand methods in the data mining classification technology. The so-called K nearest neighbor refers to selecting the k most similar samples in the sample set as the prediction basis. The core idea of the KNN algorithm is that the samples to be predicted should approach the attributes or categories that most of the k nearest neighbor samples belong to in terms of their categories or attributes. This algorithm relies on a limited sample range for judgment, so when the sample set overlaps or the sample. When the intersection of sets is more complex, the KNN algorithm works better. The idea of the KNN algorithm is as follows: As shown in Figure 1, the central circle is the sample to be predicted, and the surrounding triangles and squares are equivalent to the learned samples. The KNN algorithm compares the samples to be predicted with the learned samples and calculates the degree of difference. Then sort the differences, select the sample range by giving the k value (that is, the inner and outer thick solid line circles in the figure), and give the prediction. As shown in Figure 1, when the k value is given as the outer thick line circle, the square inside the circle occupies 3/5, triangles account for 2/5 squares, and the samples to be predicted are judged to be squares. The use of the KNN algorithm is not limited to classification but can also be used for regression. The algorithm finds out k learning samples and assigns the average value of their attributes to the samples to be predicted as attributes. In practice, we often attach specific weights to the attributes of each sample, so that the results are closer. Through the above description, the focus of the algorithm is on the selection of k value. 
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Figure 1: KNN classification
Decision tree is a relatively classic data mining method. For solving classification problems, this algorithm has certain advantages. It displays the decision/classification process in a tree structure, which is simple and intuitive, and has strong interpretability. It is also called classification number or regression number, because the target variable to be solved can be either a categorical variable or a continuous variable. The origin of the decision tree is the ID3 algorithm proposed by Quinlan in 1986. Its principle is very simple to classify the data in a sample, and the classified data is led to the next judgment module for judgment, and the cycle repeats until the conclusion is reached and then the operation can be terminated. A tree structure used for classification is referred to as a decision tree. The internal nodes indicate tests of particular attributes, the edges the results of those tests, and the end nodes a particular class or distributed class. (1) To generate a tree, first find all possible partition conditions that each independent variable can be used as a classification variable, then compare the differences between the two branches obtained by each independent variable under each partition condition, and then select a branch. The division condition with the largest difference (the measurement criteria include information entropy, information gain and the Gini index introduced below) is the best division of independent variables; Then the difference between the two branches is obtained under the best division for each independent variable. To compare, select the variable with the largest difference as the node classification variable and accept the best division of the variable. To the end. (2) In the process of tree generation, there is no stop condition for pruning the tree, and the resulting spanning tree may be relatively large, so it is particularly easy to cause over-fitting. In order to ensure the generalization ability of the decision tree (also known as Roberts, that is, stability), the complexity of the tree must be controlled, that is, reasonable pruning. There are two main methods of pruning: pre-pruning and post-pruning: 1) pre-pruning: as the name implies, pre-pruning is to prune the tree by pre-constructing the tree stop condition. Then, the conditions or methods for stopping the tree usually include: a) setting the height of the tree in advance, and stopping the tree splitting immediately after reaching the height during the tree generation process. b) Determine the threshold (possibly information entropy, information gain, information gain rate, Gini index, etc.). When the splitting result is lower than the threshold, the tree will stop growing. 2) Post pruning: After pruning, a full decision tree should be built from the training data, and the test data should be used to examine the non-profitable nodes from the bottom to the top. If the final node can enhance the performance and accuracy of the summary and replace the subtree corresponding to the node, then replace the subtree with the final node.
4 Experiments
4.1 Fashion-MNIST Dataset
Fashion-MNIST consists of 60.000 training set pictures, 10.000 test set pictures and corresponding captions Each image is a grayscale image with a resolution of 28 x 28, including 10 Categories: T-shirts, pants, sweaters, dresses, coats, sandals, shirts, sneakers, bags, ankle boots. Examples for each class is shown in Figure 2. After obtaining the data set, we need to perform corresponding preprocessing, use the matrix to store pixels and divide each pixel by 255.
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Figure 2: dataset example

4.2 k-Nearest Neighbor
First, I expand the matrix so that the image information can become the input of the KNN model, expanding 28*28 into 1* 784. I then ran KNN on the data. The crucial hyperparameter for KNN is k, which denotes how many neighbors are used in each calculation. I initially set K as the default value of 5, which had an accuracy of roughly 0.854. Then, as seen in Figure 3, I created the chaos matrix's heat map. In Table 1, the experimental findings are displayed.
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Figure 3: confusion matrix of untuned KNN
Table 1: result of untuned KNN
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However, this is obviously not the best performance of the algorithm, so I use cross validation and grid search to find the optimal parameters of the optimal model. I use the GridSearchCV method, use 5fold cross-validation on the training set. KNN is time-consuming to train and is limited by experimental equipmentand, I used the K value of 1-10 to record and compare the performance of each K value. These results are shown in Fig. 4.
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Figure 4: accuracy of different K
The accuracy of 0.857, which is better than the earlier results, was obtained after I changed the value of k to 4 in accordance with the experimental results. With the hyperparameter set to 4, we obtained the best parameters and KNN model performance, yielding the findings displayed in Figure 5 and Table 2.
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Figure 5: confusion matrix of tuned KNN



Table 2: result of tuned KNN
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4.3 Decision Tree
To find the classification rules implicit in the data, the decision tree method builds a decision tree. The fundamental idea behind the decision tree algorithm is how to build a decision tree with high precision and compact scale. Building a decision tree just requires two steps. The construction of the decision tree, which entails creating one from the training sample set, is the initial stage. In general, the training sample data set is a set of data that is used for data processing and analysis and has a history and a specific level of comprehensiveness based on actual demands. The act of testing, mending, and improving the decision tree created in the previous stage is termed "pruning the decision tree," and it is done primarily utilizing a new sample data set (called the test data set) The data is used to validate the initial rules produced during the decision tree creation process, and branches that have an impact on the precision of the pre-balance are removed. The experimental results of the decision tree without tuning parameters are as follows. It has an accuracy of 0.791.
Table 3: result of untuned decision tree
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For the decision tree model, I also used the grid method, using five-fold cross-validation and grid search parameters to find the optimal model. The main parameters I mobilized were the maximum depth of the tree and the maximum number of features. The results of the grid search were respectively is 10 and 64. The prediction result of the decision tree model after using the optimal parameters is 0.793, which is slightly better than the original model. we can see the result in Table 4.
Table 4: result of tuned decision tree [image: 表格
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5 Conclusions
The image classification index based on knn and decision tree algorithm is obtained from the above two groups of experiments. After cross-validation and parameter adjustment of the two groups of models, two models with the best performance are obtained, and then the two algorithms are compared. We can see that different parameters have a great impact on the results of the two models. By comparing the two best performing models, we can see that the performance of the knn algorithm is better than the decision tree in this classification problem. The low accuracy of the decision tree algorithm is likely to be caused by the uncertainty of the feature attributes and the nonstandard pictures. It can be seen that some problems like the nonstandard pictures have far less impact on the knn algorithm than on the decision tree algorithm, which also reflects the advantage of the knn algorithm being insensitive to abnormal data. According to the analysis of the problem of fashion picture recognition, the advantages of KNN algorithm are simple and easy to operate, and can still draw more accurate conclusions for some non-standard figures in pictures, However, the drawback is that it takes a while. This makes the KNN algorithm superior for fashion image recognition, both in terms of accuracy and usability. Future work can further improve the KNN algorithm. Due to the limitation of computing resources, I have not conducted very detailed experiments on the parameters, so in the next step we can conduct more tests on the K value of KNN. On the other hand, we can improve KNN at the algorithm level, making the algorithm less complex and requiring less computing resources. Now deep learning has become the mainstream of image classification and recognition. CNN and many other network models have greater advantages in feature extraction of image models. Under the condition of sufficient computing resources, you can also try to use deep learning models for recognition. I It is believed that the upper limit of this method will be higher.
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