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Abstract. This paper presents a neural network approach for pneumonia image classification.
Utilizing thousands of actual X-ray images from both pneumonia patients and healthy
individuals, a classification model is developed. This neural network model, a prevalent machine
learning technique, is employed as an adjunct tool to aid pneumonia diagnosis and pre-screening.
The algorithms utilized in the study are comprehensively analyzed and detailed. Through an
examination of the network's architecture, several effective methods for enhancing the model are
proposed, leading to improved model structure and classification performance. The novel model
structure proposed in this study is demonstrated and evaluated. The final training accuracy
exceeds 95%, demonstrating the model's proficiency in learning from the training data. Moreover,
the test accuracy hovers around 92%, indicating the model's robust performance in generalizing
to unseen data.
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1. Introduction

The global COVID-19 pandemic has had a profound impact, infecting over 600 million people and
claiming the lives of 6.5 million individuals. As an acute respiratory infectious disease, it has
significantly affected worldwide development and human safety.

Given the urgency of the situation, there's a crucial need to explore automated diagnostic methods.
Notably, COVID-19 manifests distinct imaging features. Upon invasion of the lungs by the novel
coronavirus, it propagates along alveolar pores, resulting in the formation of ground glass shadows.
These shadows exhibit a dispersed pattern, spreading from a central point in multiple directions, owing
to reduced obstruction by lobules and interconnectedness in the middle, thus creating a diffuse pattern.

The primary objective of this paper is to validate the diagnosis of patients with COVID-19
pneumonia through the analysis of CT images. Additionally, it delves into the development of a COVID-
19-assisted diagnostic analysis method leveraging convolutional neural networks. This involves

© 2024 The Authors. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
(https://creativecommons.org/licenses/by/4.0/).

155



Proceedings of the 2nd International Conference on Software Engineering and Machine Learning
DOI: 10.54254/2755-2721/76/20240581

constructing and pre-processing a CT image dataset of COVID-19 pneumonia and extracting image
features using convolutional neural networks.

Utilizing an open-source COVID-19 CT dataset curated by researchers at the University of California,
San Diego, Petuum, which includes 275 CT images confirmed positive for COVID-19, this paper aims
to facilitate the application of deep learning techniques in CT image analysis for COVID-19 diagnosis.

The paper meticulously outlines the methodology employed, rationale behind the proposed approach,
and validates its efficacy across various application scenarios. Subsequently, it draws pertinent
conclusions based on the findings.

2. Methodology

In the realm of computer vision, convolutional neural networks (CNNs) have emerged as the
predominant approach, with notable examples including recent models like GoogLeNet, VGG-19, and
Inception. A significant milestone in CNN history is the introduction of the ResNet model, which
enables the training of deeper CNN architectures, leading to enhanced accuracy. Conversely, the
DenseNet (Densely connected convolutional networks) model, shares a foundational concept with
ResNet but establishes dense connections between all preceding and subsequent layers, hence its
moniker. Notably, DenseNet facilitates feature reuse across channels, allowing it to surpass ResNet's
performance while utilizing fewer parameters and computational resources.

The primary drawback of deep learning studies is their susceptibility to overfitting, wherein the
model may perform well on training data but struggle to generalize to unseen data. This limitation
underscores the crucial role of training data quality and diversity in ensuring robust generalization.[1]
Despite its simpler architecture compared to other CNN designs with numerous layers and parameters,
SqueezeNet can achieve comparable levels of accuracy.[2]
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Figure 1. The structure of the network

2.1. Data pre-processing

Having reviewed the success of the reported applications, the existing studies on COVID-19
classification also show some limitations and challenges. [3]This paper employs the
ImageDataGenerator class from Keras to conduct preprocessing directly. The ImageDataGenerator,
residing in the keras.preprocessing.image module, serves as an image generator capable of augmenting
each batch of sample data to expand the dataset and improve the model's generalization ability. Three
augmentation techniques utilized in this experiment include horizontal and vertical offset images,
horizontal and vertical flipped images, and rotated images.
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Figure 2. Characteristics of COVID

2.2. Densenet design methods

A DenseNet architecture comprises two key elements: Dense Blocks and Transition Layers. The number
of Bottleneck Layers within a Dense Block varies, resulting in different DenseNet configurations.
Positioned between two Dense Blocks, the Transition Layer employs 1x1 convolutions to halve the
number of channels and reduce the feature map size through maximum pooling.

Dense connections are fundamental to DenseNet, revolutionizing network training by establishing
connections between layers, ensuring efficient utilization of feature information, and mitigating the issue
of gradient vanishing. Additionally, DenseNet incorporates Bottleneck Layers, Transition Layers, and
growth rate parameters, which dictate the number of output channels in each layer of the Dense Block.
This integration allows for the regulation of channel counts, leading to notable reductions in
computational overhead and parameter count, while effectively addressing the challenge of overfitting.
In contrast, traditional neural networks often lack such intricate connections and optimization
mechanisms, making them less efficient in handling complex tasks:

X = Hi(Xi-1)
ResNets:
X =H(X-1) + X4
DenseNets:
X1 = Hi([Xo, X1 ..., Xi-1])

The above H stands for non-liear transformation, which is a combination of BN(Batch
Normalization), ReLU, Pooling and Conv operations.

network structure:
® DenseBlock

a. Each "dot" within the DenseBlock signifies the combination of a Batch Normalization (BN) layer,
Rectified Linear Unit (ReLU) activation function, and a convolutional layer with a kernel size of
3x3.

b. Assuming the input layer's feature layer has kO channels, each convolution within the DenseBlock
produces k feature maps. Consequently, the number of channels in the feature map for the Lth
layer input is calculated as kO + (L - 1)k.

c. To address the potential issue of large input channel sizes in subsequent layers, DenseBlock
offers an extended version known as DenseBlock B, which incorporates bottleneck layers.

® Transition

The primary function of the Transition layer is to link two adjacent DenseBlocks and reduce the size
of the feature map. This layer typically consists of a 1x1 convolution followed by a 2x2 average pooling
operation. The Transition layer's main role is to compress the model by reducing the number of features.

The Transition layer can output a reduced number of features denoted by [xm], where x represents
the compression factor. When x=1, there is no compression, and the number of features remains
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unchanged after the Transition layer. However, when x is less than 1, compression occurs, resulting in
a reduced number of output features. This configuration is referred to as DenseNet-C, with a commonly
used compression factor of x=0.5.

3. Model Compilation

Most of scientific papers are about COVID-19 disease detection rather than severity assessment. [4] In
this section, we discuss the impacts and practical considerations of model iterations. Throughout the
model training process, we meticulously track accuracy and loss rates. The effectiveness of model
training depends on several factors, including image input size, sample size, and iteration frequency. To
mitigate overfitting risks, we control the model's iteration epochs and reserve 20% of the training dataset
as validation data in advance. This validation set serves as a benchmark for evaluating the model's
performance. By monitoring accuracy on the validation dataset, we adjust training epochs to prevent
overfitting.

After data preprocessing, the network undergoes training on the dataset. Positive images are assigned
a label of 0, while negative images are labeled as 1. In our experiment, we employ the cross-entropy
loss function, CrossEntropyLoss, as the primary metric for evaluating the model's performance. This
loss function effectively quantifies the disparity between predicted and actual class labels.

Furthermore, we utilize the Adam optimizer, which is renowned for its efficiency and effectiveness
in optimizing deep learning models. The Adam optimizer is configured with a learning rate (Ir) of 0.003
and betas of (0.9, 0.999). These parameters govern the rate at which the model's parameters are updated
during training.

During the training process, the learning rate dynamically adjusts to optimize model convergence.
We set the initial parameters to factor=0.70, patience=5, verbose=1, and min_Ir=1e-4. Specifically, the
learning rate adaptation strategy involves reducing the learning rate by 70% (factor=0.70) if no
improvement in the validation loss is observed for a consecutive number of epochs specified by the
patience parameter. The verbose parameter controls the verbosity of the training process, while min_Ir
sets the minimum allowable learning rate.

This comprehensive setup ensures effective model training by dynamically adjusting the learning
rate to navigate the optimization landscape efficiently and prevent premature convergence. These
settings dictate that if the validation set's loss function value does not improve after every 5 epochs, the
learning rate is reduced to 70% of its original value, with the minimum learning rate capped at le-4.
Finally, the trained model is saved in .h5 format for future utilization.
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Figure 3. Loss curve of training set and validation set during training
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Figure 4. Performance of the model on the validation machine during training

4. Model Evaluation

After the model training is completed, the model needs to be evaluated to ensure recognition in the
health domain as much as possible. In this paper, we use the commonly used binary classification
evaluation metrics. The experimental results are evaluated by calculating the accuracy, accuracy of the
classification results, recall, F1 value, and ROC/AUC. We explain the above concepts with the help of
confusion matrix for dichotomous classification.
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Figure 5. confusion matrix

Accuracy, a fundamental metric in classification tasks, is calculated as the proportion of correctly
predicted samples to the total number of samples, and its expression is shown in Equation. A higher
accuracy score typically suggests a superior classification performance. However, it's essential to
recognize that accuracy may not provide a comprehensive evaluation, especially in scenarios where
there is an imbalanced distribution between positive and negative samples. In such cases, relying solely
on accuracy to gauge the effectiveness of classification can lead to misleading interpretations.

TP+TN
TP+ FN+FP+TN

Precision is the ratio of the number of correctly predicted positive classes to the number of predicted
positive classes.

Accuracy =

TP
TP+FP

Precision =
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Recall represents the ratio of the number of correctly predicted positive classes to the number of
actual positive classes

TP
TP+ FN

The F1 score, also known as the F1 measure or F1 value, is a harmonic mean of precision and recall
rates. The F1 score represents a balance between precision and recall rates, as it takes into account both
false positives and false negatives. This makes it a more robust evaluation metric, particularly in
scenarios where there is an imbalance in the sample sizes of positive and negative classes.

Recall =

2 * precision * recall

precision + recall
modelname recall precision F1 accuracy AUC
DenseNet_medical.pt 0.714286 0.75 0.731707 0.729064 0.825073

DenseNet_medical_epoch100.pt  0.866667 0.722222 0.787879 0.758621 0.813897
DenseNet_medical epoch1000.pt  0.761905 0.733945 0.747664 0.73399 0.813071
DenseNet_medical_epoch1100.pt 0.790476 0.741071 0.764977 0.748768 0.816958
DenseNet_medical_epoch1200.pt 0.780952 0.725664 0.752294 0.73399 0.808163
DenseNet_medical_epoch1300.pt 0.742857 0.702703 0.722222 0.704433 0.770991
DenseNet_medical_epoch1400.pt  0.771429 0.743119 0.757009 0.743842 0.798591
DenseNet_medical_epoch1500.pt 0.8 0.724138 0.760181 0.738916 0.810253
DenseNet_medical_epoch1600.pt 0.771429 0.764151 0.767773 0.758621 0.834354
DenseNet_medical_epoch1700.pt  0.714286 0.773196 0.742574 0.743842 0.818902
DenseNet_medical epoch1800.pt 0.761905 0.784314 0.772947 0.768473 0.835277
DenseNet_medical_epoch1900.pt 0.790476 0.790476 0.790476 0.783251 0.862391
DenseNet_medical_epoch200.pt  0.809524 0.752212 0.779817 0.763547 0.833382
DenseNet_medical epoch2000.pt  0.847619 0.723577 0.780702 0.753695 0.809718
DenseNet_medical epoch300.pt 0.866667 0.784483 0.823529 0.807882 0.84655
DenseNet_medical_epoch400.pt  0.857143 0.725806 0.786026 0.758621 0.834354
DenseNet_medical epoch500.pt  0.609524 0.735632 0.666667 0.684729 0.815889
DenseNet_medical_epoch600.pt  0.704762 0.718447 0.711538 0.704433 0.797425
DenseNet_medical_epoch700.pt  0.761905 0.776699 0.769231 0.763547 0.843926
DenseNet_medical_epoch800.pt  0.733333 0.793814 0.762376 0.763547 0.850292

DenseNet_medical_epoch900.pt  0.838095 0.666667 0.742616 0.699507 0.798542

Figure 6. The performance of each model parameter

5. Conclusiion

This work focuses on the classification and recognition algorithm of CT images of neocoronary
pneumonia based on DenseNet model, and optimizes the DenseNet network model by training and
detecting CT images of neocoronary pneumonia through neural networks, analyzing and comparing the
technical principles, classification accuracy and other parameters. The improved DenseNet model
achieved 94.57% accuracy in the recognition and classification of CT images of neocrown pneumonia,
which was 2.26% more accurate than the cross-entropy loss function. The COVID-19 pandemic has
profoundly impacted various aspects of human life worldwide, encompassing social, physical, and
mental well-being.[5]
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