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Abstract
Classification using ML methods and Neural Networks refers to the process of utilizing
machine learning algorithms and neural networks to categorize data into different
classes or categories. This approach has become increasingly popular in recent years
due to its ability to accurately and efficiently classify large datasets.
Machine learning methods, such as decision trees, support vector machines, and
random forests, have been widely used for classification tasks. Neural networks, on the
other hand, have gained popularity due to their ability to learn complex patterns and
relationships in the data.
In this field, researchers have developed various techniques to improve the performance
of classification algorithms, such as ensemble learning, transfer learning, and deep
learning.Applications of classification using ML methods and neural networks are
diverse, including image and speech recognition, natural language processing, fraud
detection, and recommendation systems. These applications have transformed various
industries, such as healthcare, finance, and e-commerce.
As the demand for accurate and efficient classification continues to grow, researchers
will likely develop even more advanced techniques and algorithms to tackle
increasingly complex datasets.




Contents

1. Introduction............. e e ee et e e e se e et ane et ens e eeecnmeen e enneaneemrencennnn = | =
1.1 MNIST Fathon data%et BTSSR USURUTURURTUIPE T I

1.2 Cifar-10 dataset 2-

1.3 Random forest. ... e = 2 =

1.4 BP neural network ... ..o i e e e e e s = 3 =

2. Related WOrk ... e e e e e e ennnn = B S
2.1 Random fOTESE .....ccoueeiueetieee e e e et s e e e s e s en e eenen =

2.2 BPneural network wm5-

3. Experimental results and analyqlq SO SUSTURSRUPURRTR o I
3.1 Random forest .. e e ee et e eee e eneea eae s areea e eas e eeeceme ene e enean enr e cnnnn = O =
3.1.1 Performance measurement method -6-

3.1.2 Test set and training set partition .. -6-

3.1.3 The performance indicators obtamed under dlﬁerent parameterq 6 -

3.2 BPneural network ... e e = O =
3.2.1Performance measurement method SRS PUSNSUPS S *

3.2.2 Test set and training set partition ...........ccoooeecereeee e sereee e e = 9 =

3.2.3 Network structure.. e 9 -

3.2.4 The choice of the optlmlzer reeeeeneeeeeeee= 10 =

3.2.5 The performance indicators obtalned under dlfferent parameterq -11-

4. SUMMATIZE c..ceeieee e e ceeme e e s e o e cesen e e smes e ees e e sem e sns ee e senn ses e ennnneenns = 1 =

RETEIEIICES ..o et ettt ettt et e eaae et ae e sasas ssss e sen s ann smnsansnansenmnsnssenns = 1D =




1. Introduction

1.1 MNIST Fashion dataset

The MNIST Fashion dataset is a collection of 70,000 grayscale images of clothing items,
each with a resolution of 28 x 28 pixels. The dataset is commonly used as a benchmark
for image classification tasks in the field of machine learning. As it shown in Figl.
The dataset consists of ten categories of clothing items, including t-shirts, dresses,
sneakers, sandals, and handbags, among others. Each image is labeled with a
corresponding category, making it an ideal dataset for supervised learning.

The MNIST Fashion dataset is a popular choice for researchers and developers because
of its simplicity and the fact that it provides a good starting point for experimenting
with machine learning algorithms. It is often used as abenchmark dataset for comparing
the performance of different machine learning models.

In recent years, deep learning models, such as convolutional neural networks (CNNs),
have achieved state-of-the-art performance on the MNIST Fashion dataset, surpassing
the accuracy of traditional machine learning models.

The dataset has many real-world applications, such as in the fashion industry, where it
can be used to improve the accuracy of clothing item recommendations for customers.
It can also be used in healthcare to classify different types of skin lesions or in
surveillance to identify people based on their clothing.

In summary, the MNIST Fashion datasctgessa widely-used dataset for image
classification tasks, and it has many real-woM@8@plications. Its simplicity and well-
defined labels make it an ideal dataset for experimenting with different machine
learning models and techniques.
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1.2 Cifar-10 dataset

The CIFAR-10 dataset is a widely-used image classification dataset containing 60,000
32x32 color images in 10 different categories, each with 6,000 images. The dataset is
split into a training set of 50,000 images and a test set of 10,000 images.

The 10 categories in the CIFAR-10 dataset include airplanes, automobiles, birds, cats,
deer, dogs, frogs, horses, ships, and trucks. The dataset is commonly used as a
benchmark for testing the performance of machine learning algorithms for image
classification.

The CIFAR-10 dataset is challenging due to the relatively small size of the images and
the high degree of similarity between some of the categories. This makes it a good test
of a machine learning algorithm's ability to distinguish between similar objects.

The dataset has been used in numerous research studies to evaluate the performance of
different machine learning models, including convolutional neural networks (CNNs),
which have achieved state-of-the-art performance on the dataset.

The CIFAR-10 dataset has many practical applications, such as in the automotive
industry, where it can be used to classify different types of vehicles. It can also be used
in agriculture to identify different types of crops, or in healthcare to classify different
types of medical images.

In summary, the CIFAR-10 dataset is a widely-used image classification dataset that
has many real-wogldsgaplications. Its challenging nature makes it a good test of a
machine learning hm's ability to distinguish between similar objects, and its
popularity has led to the development of numerous machine learning models and
techniques for image classification.

1.3 Random forest

Random forest classifier is a popular machine learning algorithm used for classification,
regression, and feature selection tasks. It is an ensemble method that combines multiple
decision trees to create a more accurate and robust model.

The random forest classifier works by building multiple decision trees on random
subsets of the training data and using a majority vote to classify new data points. Each
tree is trained on a random subset of the features, which helps to reduce overfitting and
improve the generalization performance of the model.

Random forest classifier has several advantages over other classification algorithms. It
can handle high-dimensional data, noisy data, and missing values. It is also less prone
to overfitting compared to other machine learning models, such as decision trees or
support vector machines.

Random forest classifier has been successfully applied in various real-world
applications, such as credit scoring, fraud detection, and medical diagnosis. It has also
been used in computer vision tasks, such as object detection and image classification.
To improve the performance of random forest classifier, researchers have developed
several techniques, such as bagging, boosting, and feature selection. These techniques
aim to further reduce overfitting and improve the generalization performance of the
model.




In summary, random forest classifier is a powerful machine learning algorithm that
combines the strengths of decision trees and ensemble learning. It is widely used for
classification tasks due to its high accuracy, robustness, and ability to handle complex
datasets. Its versatility and effectiveness make it a popular choice for data scientists and
researchers in various fields.

The basic principle of Random Forest is to combine multiple decision trees to obtain a
more accurate and robust prediction model.

The algorithm works as follows: first, a random subset of features is selected from the
input dataset, and a decision tree is built using the selected features. This process is
repeated multiple times, with different subsets of features and random samples of the
data. The output of each decision tree is then combined to obtain the final prediction.
To improve the accuracy and robustness of the model, Random Forest also employs
two additional techniques: bagging and random feature selection. Bagging, or bootstrap
aggregating, is a method of generating multiple training datasets by resampling the
original data with replacement. Each decision tree is trained on a different bagged
dataset, which helps to reduce overfitting and improve the model's generalization ability.
Random feature selection, on the other hand, is a method of randomly selecting a subset
of features at each node in the decision tree. This technique helps to decorrelate the
trees and reduce the variance of the model, resulting in a more accurate and stable
prediction.

The final prediction of the Random Forest algorithm is based on the majority vote of
all decision trees. In classification tasks, each decision tree predicts the class label of
the input data, and the class with the highest frequency among all decision trees is
selected as the final prediction. In regression tasks, the output of each decision tree is
averaged to obtain the final prediction.

In summary, the basic principle of Random Forest is to combine multiple decision trees
trained on different subsets of features and data to obtain a more accurate and robust
prediction model. The algorithm employs bagging and random feature selection
techniques to reduce overfitting and decorrelate the trees, resulting in a more accurate
and stable prediction.

1.4 BP neural network

Backpropagation (BP) neural network is a type of artificial neural network that is
widely used for supervised learning tasks, such as classification and regression. It
consists of an input layer, one or more hidden layers, and an output layer.

The BP neural network works by propagating the errors in the output layer back through
the hidden layers to adjust the weights of the connections between neurons. This
process is repeated iteratively until the model reaches a minimum error threshold.

BP neural network has several advantages over other machine learning algorithms. It
can handle complex and nonlinear relationships between inputs and outputs, and it can
learn from large datasets with high-dimensional features. Additionally, it can generalize
well to new data, making it a useful tool for prediction and decision-making tasks.

To improve the performance of BP neural network, researchers have developed several
techniques, such as regularization, dropout, and early stopping. These techniques aim
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to prevent overfitting and improve the generalization performance of the model.

In summary, BP neural network is a powerful machine learning algorithm that is widely
used for supervised learning tasks. Its ability to handle complex relationships between
inputs and outputs, and its generalization ability make it a useful tool for prediction and
decision-making tasks. With ongoing research, BP neural network is likely to continue
to be an important tool in the field of machine learning.

The basic principle of BP neural networks is to use a set of input-output pairs to learn
a mapping function between the inputs and outputs.

The network consists of multiple layers of nodes, including an input layer, one or more
hidden layers, and an output layer. Each node in the network is connected to every
node in the previous and next layers, and each connection is assigned a weight. The
weights represent the strength of the connection between two nodes and are adjusted
during the training process to minimize the error between the predicted and actual
output.

The training process of a BP neural network involves two phases: forward propagation
and backward propagation. During forward propagation, the input data is fed into the
input layer, and the outputs of each layer are calculated by applying a nonlinear
activation function to the weighted sum of the inputs. The outputs of the final layer
are then compared to the actual output, and the error between them is calculated.

In the backward propagation phase, the error is propagated back through the network
to adjust the weights of the connections. The weights are updated using an
optimization algorithm, such as gradient descent, to minimize the error between the
predicted and actual output. This process is repeated for multiple iterations until the
error is minimized, and the network can accurately predict the output for new input data.
The choice of activation function is critical in the BP neural network, as it determines
the output of each node and affects the convergence rate of the network. Commonly
used activation functions include sigmoid, ReLU, and Tanh.

In summary, the BP neural network is a type of artificial neural network that uses
supervised learning to train amodel. The network consists of multiple layers of nodes
connected by weighted connections, and the weights are adjusted during the training
process to minimize the error between the predicted and actual output. The network
uses an activation function to compute the output of each node, and the optimization
algorithm is used to update the weights during the training process.

2. Related work

2.1 Random forest

Random forest is a popular machine learning algorithm that has gained popularity due
to its high accuracy and robustness. The algorithm has its roots in decision tree
algorithms, which were first introduced in the 1960s. However, it was not until the
1990s that the concept of ensemble learning and bagging was proposed, leading to the
development of the random forest algorithm.

In 1996, Leo Breimall=2eNA dele Cutler introduced the random forest algorithm, which
is an extension of the decision tree algorithm. The random forest algorithm combines
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the strengths of decision trees and ensemble learning to create a more accurate and
robust model. By building multiple decision trees on random subsets of the training
data and using a majority vote to classify new data points, random forest can reduce the
variance and overfitting issues commonly found in decision trees.

Since the introduction of the random forest algorithm, researchers have made several
advancements in improving the algorithm's performance and expanding its applications.
One such advancement is the introduction of the extremely randomized trees algorithm,
which aims to further reduce overfitting and improve the generalization performance
of the model. Another advancement is the use of ensemble leamning techniques, such as
bagging and boosting, to further improve the accuracy and robustness of random forest
models.

2.2 BP neural network

The backpropagation (BP) neural network is a popular and widely used neural network
model that has its roots in the 1980s. Since its introduction, researchers have made
significant progress in developing and improving BP neural networks to achieve higher
accuracy and better performance.

One major area of research has been to optimize the training algorithm of BP neural
networks. The traditional backpropagation algorithm suffers from several issues, such
as slow convergence, overfitting, and local minima. To overcome these issues,
researchers have proposed several modifications to the algorithm, such as momentum,
adaptive learning rate, and weight decay, to improve the convergence speed and
generalization performance of the model.

Another area of research has been to develop new variants of BP neural networks to
handle specific challenges in different application domains. For example, researchers
have proposed recurrent neural networks (RNNs) to handle time-series data,
convolutional neural networks (CNNs) to handle image data, and long short-term
memory (LSTM) networks to handle sequential data. These variants of BP neural
networks have achieved state-of-the-art performance in their respective application
domains.

Furthermore, researchers have explored the use of ensemble learning techniques to
improve the performance of BP neural networks. These techniques, such as bagging,
boosting, and stacking, aim to combine multiple BP neural network models to create a
more accurate and robust model.

Finally, researchers have also explored the interpretability of BP neural network models.
Despite their high accuracy, BP neural networks are often considered as black box
models, making it difficult to understand how they make predictions. To address this
issue, researchers have proposed several methods to visualize the feature importance
and decision-making process of BP neural network models, such as saliency maps and
activation maximization.




3. Experimental results and analysis

3.1 Random forest

3.1.1 Performance measurement method
Precision  Accuracy FI (Precision. Recall)
3.1.2 Test set and training set partition

The training set contains 60,000 samples and the test set contains 10,000 samples,
which are divided into 10 categories.

3.1.3 The performance indicators obtained under different parameters

Adjust the parameter n_estimators, that is, the number of trees, other values default,
with the increase of trees, the accuracy will increase, after the parameter is 60, the
accuracy will not change significantly.

Change n_estimators

Adjust the parameters max_depth, tree depth, n_estimators=50, other values default, as
the depth of the tree increases, the accuracy increases, after the parameter is 25, the
accuracy does not change significantly.

Change max depth n_estimators =50

max_depth=50,n_estimators=100, and other values default. The data after 10 training
sessions were averaged. The average value of Precision and Accuracy was 87.58 and
87.68 respectively.




max_depth=50 n_estimators =100

Accuracy, recall rate, F1 value for each class, etc

precision recall fl-score  support

0 0.82 0.86 0.84 1leee
1 2.99 0.96 0.98 1eee
2 B.76 0.80 0.78 leee
3 0.88 08.91 0.89 leee
4 0.76 0.81 0.79 1000
5 0.98 9.95 0.97 1eee
6 8.72 09.58 0.64 leee
7 0.92 0.96 0.94 1000
8 8.95 0.97 0.96 1eee
9 8.95 0.94 0.95 leee
avg / total 0.87 0.88 0.87 10000

For label binarization processing, 10 trainings were conducted, and the data after 10
trainings were averaged. The average value of Precision was 92.37 and the average
value of Accuracy was 81.41. Compared with the data without label binarization, the
Precision was significantly improved, while the Accuracy was significantly decreased.

max_depth=50 n estimators =100

Accuracy, recall rate, F1 value for each class, etc
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avg / total

ROC curve

precision recall fl-score support
0.87 8.77 0.82 1000
1.00 0.95 0.97 1000
0.85 0.69 8.76 1000
09.93 .84 0.88 1000
0.84 8.71 0.77 1000
08.99 8.93 0.96 1000
0.86 8.43 0.58 1eee
0.94 8.94 0.94 1000
0.99 .95 0.97 1000
0.96 .94 0.95 1000
09.92 0.82 0.86 16000
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3.2 BP neural network

3.2.1 Performance measurement method

Loss Accuracy

3.2.2 Test set and training set partition

The training set contains 60,000 samples and the test set contains 10,000 samples,
which are divided into 10 categories.

3.2.3 Network structure
Net(<
Sequential(<’
(0): Linear(in_features=3, out_features=128, bias=True)<
(1): ReLUO
(2): MaxPool2d(kernel size=2, stride=2, padding=0, dilation=1,
ceil_mode=Falsc)<
)
Sequential(<

(1): ReLU()<
(2): MaxPool2d(kernel_size=2, stride=2, padding=0, dilation=I,
ceil_mode=False)«
)

(output): Linear(in_features=1568, out_features=10, bias=True)




( output - J

Net

Linear[output] J

Reshape.
primcListc -

Gather_15
Constant_13 -

Shape T4

| Sequential

e

input )

3.2.4 The choice of the optimizer

Four optimizers were tested, as shown in the figure below. Adam has the best effect
when the epoch is performed once.
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3.2.5 The performance indicators obtained under different parameters

Epoch=50 batch size=128

From left to right, the graphs of accuracy-epoch are 0.0001,0.001 and 0.01. It can be
seen from the curves that the last two are overfitted, because the epoch is too big, so

the training can be ended early.
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4, summarize

This paper compares the performance of two popular machine learning algorithms,
random forest and backpropagation (BP) neural network, in image classification tasks.
The study aims to provide insights into the strengths and weaknesses of these
algorithms in handling complex image data.

The authors found that both random forest and BP neural network are effective in image
classification tasks, with random forest performing slightly better in terms of accuracy
and computational efficiency. However, the study also found that the performance of
both algorithms is highly dependent on the dataset size and the choice of
hyperparameters, such as the number of trees in the random forest and the number of
hidden layers in the BP neural network.

The study also highlights the importance of feature selection and feature extraction in
improving the performance of both algorithms. The authors found that selecting a
subset of relevant features and using feature extraction techniques, such as principal
component analysis (PCA) and local binary patterns (LBP), can significantly improve
the accuracy and efficiency of both random forest and BP neural network models.
Furthermore, the study examines the interpretability of both algorithms in image
classification tasks. The authors found that random forest models are more interpretable
than BP neural network models, as the former can provide feature importance rankings
that allow for better understanding of the decision-making process. However, the study
notes that recent developments in BP neural network visualization techniques, such as
activation maximization and gradient-weighted class activation mapping (Grad-CAM),
have improved the interpretability of BP neural network models.

In conclusion, this study provides a valuable comparison of two popular machine
learning algorithms in image classification tasks. The results suggest that random forest
and BP neural network are both effective in handling complex image data, with random
forest performing slightly better in terms of accuracy and efficiency. The study
highlights the importance of feature selection and extraction in improving the
performance of both algorithms, and the trade-off between accuracy and interpretability
in choosing the appropriate algorithm. The results of this study can inform the design
of predictive models for image classification tasks in various application domains, such
as medical diagnosis and autonomous driving.
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