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Abstract— This report implements two classifiers (a kNN classifier and a decision tree classifier ) to classify images on the fashion mnist dataset, tuning the parameters to obtain the best classifier performance. The performance of the classifiers is tested by evaluating metrics (confusion matrices, recall, precision, F1 score and classification accuracy etc.) And finally the advantages and disadvantages of both classifiers are analysed.

Keywords—KNN,Decision tree, fashion mnist
[bookmark: _GoBack]
1. Introduce
Problems in artificial intelligence are roughly divided into two categories, regression problems and classification problems, with classification problems being a major class of problems in artificial intelligence research. There are many common machine learning classification models, such as kNN models, decision tree models, logistic models, SVM models and currently neural network models that have good performance in classification problems. Each of these models has different effects in a particular problem, so it is necessary to investigate the different models in classification problems. This report investigates and compares the performance of KNN models and decision tree models in the classified Fashion mnist dataset.

2. Related preparatory work
2.1 Data sources
For the classification problem, we will use the open Fashion MINIST clothing classification dataset, which contains 70,000 grayscale images of 28 x 28 size, each of which is one of the 10 clothing categories. The first 60,000 images were used as the training set and the last 10,000 images were used as the test set to check the accuracy of the model. The 10 items of clothing are T-shirt/top, Trouser, Pullover, Dress, Coat, Sandal, Shirt, Sneaker, Bag and Ankle boot. Our task was to construct different Artificial Intelligence algorithms to recognise a given image of an outfit and determine which of the 10 categories it belonged to. The results are analysed to compare the performance of the different models on this problem.
2.2 Development environment
The system built in this paper to classify MNIST fashion datasets was developed in PyCharm using the Anaconda managed runtime environment, based on the TensorFlow framework and the Keras deep learning library. The versions used are: Anaconda3, TensorFlow2.3.0, Keras2.4.3.

TensorFlow is an open source software library for numerical computing, with high flexibility, good portability, unified RNNs, unified optimizer and other features. Its predecessor is Google's neural network algorithm library DistBelief.TensorFlow has a multi-tier structure and can be deployed on all kinds of servers, PC terminals and web pages and supports GPU and TPU high performance numerical computing, and is widely used in various machine learning (ML) algorithm programming implementation and various fields of scientific research.

Keras is a deep learning library written in Python, providing a high-level neural network API that can run with Tensorflow, CNTK or Theano as a backend. keras integrates the underlying deep learning language, providing a simple API that is more flexible and easier to learn and use.

The above AI environment is easily installed via Anaconda, an open source Python distribution that contains more than 180 scientific packages and their dependencies for conda, Python, etc., with good compatibility for windows and 1inux. conda (the package manager) can be used for different Python versions, and provides good support for installing, managing, uninstalling and updating packages.

Generally speaking, no matter which programming language you use, you need to choose a convenient, flexible and fast IDE programming environment, this classification system uses the popular PyCharm, which comes with a set of tools to help users improve their efficiency when developing in Python language, such as debugging, syntax highlighting, project management, code jumping, smart hints PyCharm comes with a full set of tools to help make your development in Python more efficient, such as debugging, syntax highlighting, project management, code skipping, smart hints, auto-completion, unit testing, version control and more.

2.3 Evaluation criteria
2.3.1 Confusion matrices
Confusion matrix is a summary of the predictions for a classification problem, using numerical values to summarise the number of correct and incorrect predictions, broken down by each category. It is the most basic, intuitive and simple way to measure the accuracy of a classification model.
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Taking the simplest binary classification model as an example, TP (True Positives) indicates the number of true positive samples correctly classified as positive samples, TN (True Negatives) indicates the number of true negative samples correctly classified as negative samples, FP (False Positives) indicates the number of true negative samples incorrectly classified as positive samples, and FN (False Negatives) indicates the number of true positive samples incorrectly classified as negative samples. (False Positives) denotes the number of true positive samples misclassified as negative samples, and FN (False Negatives) denotes the number of true positive samples misclassified as negative samples. For the multiclass classification problem, a confusion matrix based on multiclass labels can also be obtained.
2.3.2 Accuracy
Accuracy usually describes the performance of the model on all categories, and is used when all categories are equally important, indicating the ratio between the number of correct predictions and the total number of predictions.The formula is as follows.
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2.3.3 Precision
precision is the ratio of the number of samples correctly classified as positive to the total number of samples classified as positive (correct or incorrect) . precision measures the accuracy with which the model classifies samples as True.The formula is as follows.
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When the model makes many incorrect positive classifications, i.e. there are more "false positives", this means that the denominator increases, making the accuracy smaller. The model is more accurate when: it makes many correct positive classifications (maximising true positives); it makes fewer incorrect positive classifications (minimising false positives).

2.3.4 Recall
Recall measures the ability of the model to detect True samples and is calculated as the ratio between the number of positive samples correctly classified as True and the total number of positive samples . The higher the recall, the more True samples are detected.The formula is as follows.
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2.3.5 F score
By calculating the weighted summed average of accuracy and recall, the following F scores can be obtained.
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where β is a weighting parameter. In particular, when β = 1, the F score is the F1 score widely used in the field of natural language processing.The formula is as follows.
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3. Two classifier methods
3.1 KNN classifier
3.1.1 Principle of the algorithm
The K-Nearest Neighbour algorithm is a simple and effective algorithm for machine learning that is part of the classification and logistic regression algorithm. After a new unclassified data is input, the computer extracts the features of the data and compares them with the features in the dataset, using a distance calculation formula, such as the Euclidean distance, to rank all the obtained distances and find the K data with similar features. KNN is supervised learning because of the need to use the analogy of the sample data.

3.1.2 Algorithm steps
General steps of the K-nearest neighbor algorithm:
(1) Obtain the training data set and extract its features.
(2) Use part of the dataset as training data and part as test data for validation.
(3) Select a K value and use the training and validation sets to select the optimal K value.
(4) Calculate the K sample instances that are closest to the K value.
(5) Determine the accuracy by testing the sample set.
(6) Modify the K-value and skip to step (3) to select a more accurate K-value.

3.1.3 Selection of K values
If a smaller K value is chosen, the set of training examples will be smaller and the approximation error will be smaller, and the training data will be similar to the new input data in order to have an effect. Choosing a larger K value will result in larger training instances and a larger approximation error. If the training data is not correlated with the new input data, it will also have a different effect, making the model simpler and more likely to have underfitting problems. Therefore, in general, the data is divided into a training set and a test set to select the optimal k-value.

3.1.4 Realization method
In our Fashion mnist classification problem, we have a total sample of 70,000 fashion images, of which 60,000 are selected as the training set and mapped onto the feature space. Then, we use the Euclidean distance formula to calculate the distance between each image and all the images in the training set, and then select the nearest k distances and use equal-weight voting.

A method for implementing the Fashion-mnist dataset classification using a KNN model in the Tensorflow framework is shown below.
(1) Load the Fashion mnist dataset. Download the Fashion mnist dataset from Moodle, including the training set (fashion-mnist_train) and the test set (fashion-mnist_test) for subsequent data processing.
(2) Data pre-processing. The read-in data is processed so that it meets the data specification of the Tensorflow framework. Compress X to a number between 0 and 1 to make it easier for the subsequent optimisation algorithm to converge.
(3) Model training. The open source machine learning package sklearn was used, and the kNN algorithm was used to train the model using the training set data by continuously changing the value of K to determine the appropriate size of K.
(4) Model evaluation. The accuracy of the model recognition is verified using the test set data. The confusion matrix and accuracy equivalents are generated.

The results of running are as follows.
[[3560   11   64  162   17    1  757    0   12    1]
[   1 3808    2   24    5    0    3    0    0    0]
[  73   29 3257   32  355    2  480    0   66    1]
[  84  104   28 3446   93    3   71    0   24    1]
[  29    9  366  155 3153    0  306    0   38    0]
[   0    0    0    0    0 3113    0   13    2    5]
[ 210   27  329  103  384   31 2354    1   48    4]
[   1    0    1    0    0  473    1 3882   28  114]
[  36    2    9    7    9   17   32    0 3723    0]
[   0    0    0    0    0  292    1  207    5 3903]]
TRAINING ACCURACY = 0.854975
[[893   7  11  49   8   0 198   0   4   0]
[  1 985   0  11   2   0   2   0   0   0]
[ 12  12 736   6 113   0 151   0  16   0]
[ 26  14  10 885  40   1  18   0   9   1]
[  5   1 101  35 713   0  65   0  12   0]
[  0   0   0   0   0 824   0   1   1   1]
[ 72   6  83  23 114  10 541   1  17   2]
[  0   0   0   0   0 132   0 887   9  32]
[  6   0   4   2   5   4  12   2 965   1]
[  0   1   0   1   0  89   0  57   1 941]]
VALIDATION ACCURACY = 0.837
precision    recall  f1-score   support

0       0.75      0.86      0.80      1000
1       0.99      0.95      0.97      1000
2       0.74      0.77      0.75      1000
3       0.91      0.87      0.89      1000
4       0.77      0.79      0.78      1000
5       0.99      0.76      0.86      1000
6       0.62      0.56      0.59      1000
7       0.83      0.92      0.88      1000
8       0.97      0.94      0.95      1000
9       0.86      0.96      0.91      1000

accuracy                           0.84     10000
macro avg       0.84      0.84      0.84     10000
weighted avg       0.84      0.84      0.84     10000

The results show that when k is 19, the accuracy on the test set is 83.7%, which is a good result for this problem. In fact, since our training set contains a total of 60,000 costume images and the test set contains a total of 10,000 costume images, the kNN algorithm runs slowly, mainly because the similarity distance between each image and the 60,000 images in the training set has to be calculated for each prediction. This greatly limits the use of the kNN algorithm for large dataset classification problems. Therefore, other more efficient models are needed to cope with large dataset classification.

3.2 Decision tree classifier
3.2.1 Principle of the algorithm
Decision trees are one of the most common techniques in data mining, first appearing in CLS (Concept Learning System) systems, where a model can be learned from a given training dataset to classify emerging, unpredictable new examples to obtain a final decision result.

A decision tree consists of a root node, several internal nodes and several leaf nodes: the root node is the initial node, which includes all the samples; the internal nodes are various tests of attributes, which branch down through the internal nodes, which can be either internal or leaf nodes, but are eventually recursively distributed hierarchically to obtain the leaf nodes; and the leaf nodes are the decision results corresponding to the classification of these attributes. The leaf nodes are the decisions corresponding to the classification of these attributes.
3.2.2 Realization method
Classification using decision trees is a two-step process.
(1) Using the training set to build and refine a decision tree to build a decision tree model. This process is actually a machine learning process that acquires knowledge from the data.
(2) Classify the input data using the generated decision tree. The input sample to be tested is tested from the root node by recording the attribute values of the sample to be tested until it reaches a leaf node, thus finding the class of the sample to be tested. Decision trees are fast, relatively low computational effort, and have high classification accuracy. However, the decision tree approach also suffers from a lack of scalability in handling large training sets with high additional algorithm overhead, which reduces the accuracy of the classification.

The results of running are as follows.
[[5981    4   11   18   12    2   59    0    6    0]
[   0 5996    4    7    3    3    3    0    4    1]
[   0    0 5931    7   33    1   69    1    9    1]
[   0    0    0 5957   12    0   15    0    8    0]
[   0    0   29   11 5896    1   36    1    4    0]
[   0    0    0    0    0 5989    0   21    1    4]
[  19    0   25    0   44    0 5818    1   14    2]
[   0    0    0    0    0    3    0 5968    3   14]
[   0    0    0    0    0    0    0    0 5951    2]
[   0    0    0    0    0    1    0    8    0 5976]]
[[744   3  35  48   5   0 143   0  18   0]
[  7 950   7  17   6   2   5   1   1   0]
[ 18   8 661  25 151   2 116   0  19   0]
[ 45  27  19 810  40   1  46   0   7   0]
[  9   5 157  50 667   0  92   0  11   1]
[  1   1   0   1   1 893   3  40  14  22]
[164   5 115  40 123   0 571   0  24   0]
[  0   0   0   0   0  59   0 902   5  63]
[ 12   1   6   9   7  11  23   4 897   5]
[  0   0   0   0   0  32   1  53   4 909]]
precision    recall  f1-score   support

0       0.75      0.74      0.75      1000
1       0.95      0.95      0.95      1000
2       0.66      0.66      0.66      1000
3       0.81      0.81      0.81      1000
4       0.67      0.67      0.67      1000
5       0.91      0.89      0.90      1000
6       0.55      0.57      0.56      1000
7       0.88      0.90      0.89      1000
8       0.92      0.90      0.91      1000
9       0.91      0.91      0.91      1000

accuracy                           0.80     10000
macro avg       0.80      0.80      0.80     10000
weighted avg       0.80      0.80      0.80     10000

The results show that the trained decision tree model achieves an accuracy of 80% and achieves good results for this image classification problem.
4. Analysis of the two methods
Intuitively, the computational results show that both algorithms have an accuracy of 80% and above. Of the two algorithms, the kNN algorithm has a slightly higher computational accuracy than the decision tree algorithm. In terms of running time, the decision tree is slightly faster than the KNN.

The K-nearest neighbor algorithm is a simple and effective classification algorithm with obvious advantages, as new data sets can be computed directly without retraining, the algorithm is also relatively simple, easier to implement than other algorithms, more accurate, insensitive to outliers, and more tolerant. In image recognition, the recognition is accurate and the errors are small. However, there are some drawbacks in some aspects, one is that the K-nearest neighbour algorithm cannot extract features accurately due to the high dimensional characteristics of the image and the complexity of the operation, and usually it is disturbed; secondly, there is a certain amount of error if there are enough verification numbers. When this algorithm is executed, its training time complexity is O(n), which is low compared to algorithms such as support vector machines. However, in this report, the algorithm has to do a large number of distance operations on the test vectors, which leads to high computational complexity and low operational efficiency. When there are too many samples, the computation of distances from the new data to all points can be too large. Alternatively, the K-neighbourhood algorithm can be weighted so that distant points are weighted less and nearer points are weighted more, which will improve the accuracy of the classification. In terms of space complexity, the algorithm must save all the training data and also reserve additional storage space for test samples, which will occupy a lot of memory if there are too many sample data, making the space complexity high.

Decision tree is also easy to understand and implement. People are capable of understanding the meaning of a decision tree after it has been explained. With decision trees, the preparation of the data is often simple or unnecessary. Other techniques often require the data to be generalised first, for example by removing redundant or blank attributes. Decision tree can produce feasible and effective results for large data sources in a relatively short time. In addition, decision trees are efficient, requiring only one construction, and can be used repeatedly, with the maximum number of calculations per prediction not exceeding the depth of the decision tree. However, decision tree models tend to produce an overly complex model, which can perform poorly in generalising to the data. This is known as overfitting, and strategies such as pruning, setting the minimum number of samples needed for a leaf node or setting the maximum depth of the number are the most effective ways to avoid this problem.
5. Conclusion
In this paper, kNN model and Decision tree model are used for this problem based on the open dataset "fashion mnist" for clothing classification. Good results were achieved with 83.7% and 80% accuracy on the 10,000 test set images respectively. Finally, the two models are further compared and their respective advantages and disadvantages are analysed.
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