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1 Abstract

This study presents a comparison between a neural network and a ran-
dom forest classifier for image classification tasks using the fashion-mnist
and cifar-10 datasets. The hyperparameters of the models were optimized
based on a literature review, and the performance of the models was eval-
uated using various metrics, including accuracy, F1 score, precision and
confusion matrix. The experimental results show that the neural network
classifier outperforms the random forest classifier in each evaluation index
in these two classification tasks. Furthermore, the confusion matrix analysis
reveals that the neural network model achieves better classification perfor-
mance across all classes. Overall, This study proves that neural networks
are more effective than random forests in image classification tasks, and
provides insights on how to select appropriate machine learning models for

similar classification tasks.

2 Introduction

2.1 Neural Network Introduction

The concept of neural networks was proposed inspired by the human
neural structure. Fukushima, K[1] was the first person to apply animal

neural networks to computers. He proposed a neural network structure that




includes convolutional layers and pooling layers, which laid the foundation
for subsequent artificial intelligence research. Hecht-Nielsen|[2] proposed the
backpropagation function, which is typically used to train neural networks.
This algorithm updates model parameters, including the weight and bias
values of each neuron, based on the error between the model output and
the true label. Each layer of neurons in a neural network converts input
signals to output signals and passes them on to the next layer. These
neurons use non-linear activation functions to achieve this transformation.

Some important functions and formulas in neural networks are:

1
Tre—

Neuron output formula (Sigmoid): f(x) = where x is the weighted
sumn of neuron inputs.
Neuron output formula (ReLU): f(x) = max(0, x) where x is the weighted

sumn of neuron inputs.

Neuron output formula (tanh): f(x) = tanh(x) = % where x is the
weighted sum of neuron inputs.
Softmax function: softmax(x;) = =— The softmax function maps the

S
input vector X to a probability distribution.

Loss Function: The loss function is used to measure the difference
between the model output and the actual label. It includes mean square
error, root mean square error, and others. The cross entropy loss function
used in this article is:

Cross-entropy loss function: L = -3, y;log ¥, where y is the true label

and y is the predicted label.

2.2 Random Forest Introduction

The random forest model was proposed by Leo Breiman [3]in 2001, and
is an integrated learning method that combines multiple decision trees to
improve prediction accuracy and generalization ability. Randomness is in-
troduced in the random forest model, including random sampling of samples
and random selection of features, to generate multiple decision trees under
different randomness and combine them to obtain the final prediction re-
sult. In constructing decision trees, random forest randomly selects a certain

number of samples and features for training each time from the training set,




so that the training sets of each decision tree are not completely the same,
thereby reducing the risk of overfitting. At the same time, the decision tree
splitting process also increases the randomness of the model, making the
decision trees more diverse, further improving the model’s robustness and
generalization ability.

The definitions of two hyperparameters used in this article are as fol-
lows: n estimators is the number of trees; random state is a random seed
used to control the randomness in each run of the random forest. If the same
seed is specified, the results will be consistent across runs. If not specified,

the results will vary across runs.

3  Related work in the literature

Martin Abadi et al[4] described the TensorFlow system and some
TensorFlow-based models, and demonstrated how models compiled with
TensorFlow can be used for high-performance training. TensorFlow has
made rapid progress in machine learning and is widely used by researchers
due to its large user base and many pre-existing models. In this study, I
will use two classifiers, namely, random forest and neural network, to clas-
sify the Fashion-Mnist and Cifarl0 image datasets, respectively, and their
accuracies were evaluated. Samia et al.[5] used deep learning and machine
learning methods to classify the Fashion mnist dataset, and evaluated the
performance of algorithms using machine learning algorithms such as Sup-
port Vector Machine, random forests, KNN, and deep learning modles such
as CNN. They used accuracy and confusion matrix as evaluation metrics
and obtained good results. Similarly, in this study, these two metrics were
used to evaluate the performance of the two models. Ertam and Aydin[6]
conducted a classification task on the mnist dataset using TensorFlow and
tested the accuracy of the classifier by selecting different activation functions
on the system, including ReLu, tanH, and sigmoid. They used SoftMax as
the classifier function, and their conclusion was that the ReLu function had
the highest accuracy. In this study, these three activation functions were

also compared to ensure that the neural network model had the highest




accuracy. Huang et al.[7] used convolutional neural networks via Tensor-
Flow to recognize handwritten digits in the MNIST dataset. They varied
hyperparameters such as dropout rate, epochs, and different numbers of
neurons in the experiment, with the highest detection accuracy of 0.2 and
50 periods, respectively. It is worth noting that the dataset used in this
paper is more complex than the MNIST dataset, so more epochs may be
needed. Zeng et al.[8] designed a gesture recognition framework based on
TensorFlow. Although the convolutional neural network used in their study
differs from the research topic of this paper, in one of their chapters, they
emphasized that using GPU mode can speed up the running time. Similarly,
this study was also conducted in GPU mode and found that the running
efficiency was greatly improved compared to before. For the literature re-
view on random forest models, I searched for a paper on the application
of random forest in classification models, and found Shaik, A.Bs [9] sur-
vey, which compared the performance of various random forest models and
introduced the advantages of random forest classifiers, including their fast
construction and prediction speed, not requiring any cross-validation, and
being fully parallelizable. This article will focus on the part related to neu-
ral network models, as the random forest model uses a relatively simple

structure, which will not be further elaborated.

4 Methodology

4.1 Establish neural network model

This study uses the anaconda3d environment and a non-convolutional
neural network model based on TensorFlow. The specific steps are as fol-
lows, and the code parts are shown in Figl and Fig2.

1. Import necessary modules and libraries, including TensorFlow, NumPy,
Scikit-learn, etc.

2. Load the Fashion-MNIST dataset, which includes a training subset
and a test subset, and all images are a 28x28 pixel grayscale images. Define
category names, namely the names of the 10 categories in the Fashion-
MNIST dataset.




3. Split the imported Fashion Mnist training set into training sets
and validation sets, and normalize the pixel values to values between (0 and
1. Normalized preprocessing of data helps neural network models better
learn features while improving model performance. Then, perform one-hot
encoding on the target labels for use during model training.

4. Define a NN model with two fully connected layers. The first layer
is a Flatten layer that flattens the image into a one-dimensional vector.
The second layer is a fully connected layer with 256 neurons, using the
sigmoid activation function. The third layer is a fully connected layer with
2() neurons, using the softmax activation function.

5. Compile the model, choose the Adam optimizer, use sparse categor-
ical cross-entropy loss function, and accuracy metric.

6. Using the NN model to train the training dataset, with 30 iterations
in total. In each iteration, use batch gradient descent algorithm to update
the model parameters.

7. Evaluate the performance of the model on the test set, output the
loss and accuracy on the test set. Predict on the test set and calculate

evaluation metrics.




Fig 1: Neural network model

Fig 2: Neural network model

4.2 Establish random forest model

This study utilized the anaconda3 environment and implemented a ran-
dom forest model based on TensorFlow. The specific steps are as follows,

with corresponding code shown in Fig3.




1. Import necessary libraries, including TensorFlow, the random forest
classifier from sklearn, functions for evaluating Common evaluation indi-
cators for machine learning, and a function for computing the confusion
matrix.

2. Load the fashion MNIST dataset and normalize the training and
test images to the range [0, 1J.

3. Train a classification model using the random forest classifier from
sklearn, using the image features and labels from the training dataset as
inputs.

4. Make predictions on the test images and obtain the predicted labels,
v pred.

5. Ewaluate the performance of a model on the Fashion-mnist and
Cifar-10 datasets by calculating various machine learning evaluation metrics

including precision, and then output the results.

Fig 3:

4.3 Modify the parameters and improve the model

Through learning relevant literature and the course content, there are
many hyperparameters that can be modified to improve the accuracy of a

NN model. Through this study, the following modifications were made to




the model. It is worth noting that some attempts actually reduced accuracy
and further research and adjustments are needed.

1. Increase the number of training epochs: Initially, the model was
trained for 10 epochs, but the accuracy was low. After increasing the num-
ber of epochs to 30, there was a significant improvement in accuracy, but
the training time also increased significantly. The code was modified from
"epochs=10" to "epochs=30".

2. Adjust the learning rate: The learning rate is a hyperparameter in
the Adam optimizer that can be adjusted in the model.compile() function.
It is worth noting that Adam has a default learning rate, and it can dynam-
ically adjust the learning rate. A smaller learning rate can make the model
converge more stably, but it may require more training time. A larger learn-
ing rate can speed up the training process, but it may cause the model to
fluctuate near the optimal point. Adam optimizer was used in this study,
s0 no adjustments were made.

3. Change the number of neurons: Adding or removing fully connected
layers in each layer can affect the model’'s complexity and capacity. Increas-
ing the number of neurons can improve the model’s representation ability,
but it may also lead to overfitting. Decreasing the number of neurons can
reduce the risk of overfitting, but it may also lead to underfitting. In this
study, the hidden layer parameter is set to 256 and the output layer param-
eter is set to 20.

4. Use different activation functions: Changing the activation function
in the model can affect the model’s ability to extract nonlinear features.
ReLU is a preferred activation function based on previous literature reviews,
but other activation functions, such as tanh or sigmoid, can also be tried.
The code was modified from "activation="relu’” to "activation="tanh’” and
"activation="sigmoid’".

5. Add regularization: Adding regularization to the model, such as L1
or L2 regularization, can help control the model's complexity and reduce
the risk of overfitting. In this study, regularization was first added by using
the kernel regularizer parameter to add regularization to each layer. L2

regularization was used, and the regularization strengths were set to (.01




and 0.05 for comparison. The accuracy was slightly reduced compared to
before, and the training time was increased. One reason is that the L2
parameter selection was not accurate enough, and the other reason is that
the type of regularization was not used properly.

For the random forest model, the main adjustments were made to the
number of trees and the randomness of the model. In this study, the pa-
rameters were set to n estimators=500 and random state=42 to ensure that

the model could run properly.

4.4 Ewvaluation Methods

Accuracy refers to the proportion of the correct prediction of the model

results to the overall prediction, and its formula is as follows:

TP+TN
TP+TN+FP+FN

Precision refers to the proportion of true positive samples among those

Accuracy =

predicted as positive by the model:

TP
TP+FP

Recall refers to the proportion of true positive samples among all pos-

Precision =

itive samples in the dataset:

TP
TP+ FN

The F1 score is a weighted harmonic average of accuracy and recall.

Recall =

Since precision and recall are often in a trade-off situation, F1 score can be
considered as the balance point between the two.
Fl=2 Precision X Recall
- X Precision + Recall
Here, TP represents true positive, which is the number of samples cor-
rectly classified as positive by the model; TN represents true negative, which
is the number of samples correctly classified as negative by the model; FP
represents a false positive, which is the number of samples that are incor-

rectly classified as positive by the model; FN represents false negative, which




is the number of samples incorrectly classified as negative by the model. The
range of these values is from 0 to 1. If the value is close to (), it indicates
that the model’s performance is poor. If it is close to 1, it indicates that
the model’s performance is good.

“onfusion Matrix is a two-dimensional table used to evaluate the per-
formance of a classification algorithm, typically in supervised learning. It
presents the classification results of samples in four categories: true pos-
itives (TP), false positives (FP), true negatives (TN), and false negatives

(FN), with the actual class as rows and the predicted class as columns.

5 Comparison of models using datasets

5.1 Classification of Fashion MNIST Dataset

Fashion MNIST is a clothing image classification dataset based on the
MNIST dataset, used for machine learning and computer vision research. It
consists of 70,000 28x28 grayscale images in 10 clothing categories, including
T-shirts/tops, trousers, pullovers, dresses, coats, sandals, shirts, sneakers,
bags, and ankle boots. As previously mentioned, a NN model based on Ten-
sorFlow was used for classifying the Fashion-MNIST dataset, and after 30
training iterations, the accuracy was as follows. Compared to the random
forest model, the neural network model had more adjustable hyperparam-
eters, resulting in higher accuracy. Fig 4 and Fig 5 show the accuracy,
precision, F1 score, and confusion matrix for the NN model and the RF

model, respectively.
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Fig 5:

5.2 Classification of CIFAR-10 Image Dataset

Compared to Fashion-MNIST, the CIFAR-10 image dataset is more
complex. CIFAR-10 is an image classification dataset commonly used to
test various machine learning models consisting of 10 different classes, each
containing 6,000 32x32 color images from different angles and scales. The
dataset includes 50000 training images and 10000 test images. The cate-
gories in the CIFAR-10 dataset include real-world vehicles, animals, and the

images come from the network. Compared to the first task, this dataset is
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highly complex. Each image in each class was collected from the internet
and labeled by humans with its correct class. In this study, the accuracy
of the neural network model for CIFAR-10 was (.7, while the random for-
est model had a lower accuracy of only 0.48. Fig 6 and Fig 7 show the

comparison of the results for the two models.

Fig T:
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6 Results and discussion

In the first task, we employed neural network and random forest models
to classify the Fashion-mnist dataset. Results showed that the neural net-
work model achieved an accuracy of 0.8882, slightly higher than the random
forest model’s accuracy of 0.878. The neural network model also exhibited
a higher Precision of 0.8912, compared to the RF model Precision of 0.8769,
and a higher Recall of 0.8882, compared to the RF model Recall of 0.878.
The F1 Score for the NN model is 0.8887, slightly higher than the RF model
F1 Score of 0.8766.

Examining the confusion matrices of the two models revealed that they
both accurately classified most of the categories, but their performance de-
teriorated when dealing with more complex images. The neural network
model achieved the lowest accuracy in classifying category 2 (Pullover),
with a score of 0.746, while the random forest model achieved the lowest
accuracy in classifying category 6 (Shirt), with a score of 0.591. This implies
that the neural network model was more prone to misclassifying Pullovers,
while the random forest model was more likely to misclassify Shirts. More-
over, both models misclassified a substantial number of category 6 (Shirt)
samples as category 0 (T-shirt/top), with 91 and 149 instances, respectively.

In the second task, these two models were used for classifying the
CIFAR-10 dataset, which is more complex than the previous dataset, re-
sulting in less satisfactory performance. According to the data, the NN
model outperformed the RF model in classifying the CIFAR-10 dataset.
The neural network model achieved an accuracy of (.7157, while the ran-
dom forest model achieved an accuracy of 0.4872. In the confusion matrix
of the NN model, the classification performance is better than that of the
RF model for many categories. For instance, the classification of category ()
(airplane), the precision of the NN model is 0.79, while the precision of the
RF model is 0.557. In the classification of category 6 (frog), the recall of
the NN model is 0.839, wharecall of the RF model is 0.613. Therefore,
based on these indicators, ¥ be concluded that in the classification of
the CIFAR-10 dataset, neural network models perform better in the face of

more complex image classification problems, while the accuracy of random
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forest models is not accurate enough in the face of complex problems, pos-
sibly due to the lack of further optimization of the model and processing of
the dataset.

In conclusion, although both models performed well in classifying the
Fashion-MNIST dataset, there was a significant discrepancy in accuracy
when classifying the CIFAR 10 dataset. The results indicate that the neu-
ral network model has an advantage in processing more complex datasets.
However, the accuracy of the NN model in the second task was only 0.7157,
partly due to its relatively simple structure of only two fully connected lay-
ers. In subsequent experiments, [ will attempt to use a convolutional neu-
ral network (CNN) model, which typically outperforms non-convolutional
neural networks when processing spatial data such as images and videos,
as CNNs possess automatic feature extraction and learning capabilities for
image features. Secondly, the data preprocessing module needs further im-
provement. In adjusting the model, I attempted to use data augmentation,
but the accuracy was lower than before. In future experiments, I will con-

tinue to explore this issue.
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