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ABSTRACT

The diagnosis of pneumonia by X-rays is a widespread practice in the early detection of the disease and initiation
of timely treatment. Automatic classification models using convolutional neural networks (CNN) have proven to
be an effective and accurate tool in the diagnosis of this disease. A model that detects pneumonia in a set of chest
X-rays, using two CNNs: ResNet50 & VGG16 is proposed in this work. The method consists of preprocessing and
classifying the set of radiographs available in the Kaggle repository that contains 2,224 records classified by an
expert and segmented into two divisions: training set (1,600 images with 800 normal and 800 pneumonia) and
test set (624 images with 234 normal and 390 pneumonia). This model achieves 97% accuracy by classifying the
set of chest images into two categories: normal and pneumonia. The performance of the automatic classification
scenario is robust and proves to be effective in the classification of chest X-rays to detect pneumonia.

Keywords: Pneumonia Diagnosis; Convolutional Neural Networks; Automatic Classification Model; Chest X-rays

Abbreviations: CNNs: Convolutional Neural Networks; HOG: Histograms of Oriented Gradients; SVM: Support
Vector Machines; VGG: Visual Geometry Group; SVM: Support Vector Machines; TP: True Positives; FN: False

Negatives; FP: False Positives; TN: True Negatives; OCT: Optical Coherence Tomography

Introduction

Convolutional Neural Networks (CNNs) are a type of deep learn-
ing algorithm used to analyze images. These networks are based on
machine learning, where a computer learns to recognize patterns
in the input data, in this case, chest X-ray images [1]. In pneumonia
detection, CNNs can analyze specific image features that indicate the
presence of disease, such as lung opacity, lung tissue consolidation,
and inflammation [2]. In other words, CNNs are trained to identify
specific patterns in images as edges, shapes, and textures [3]. By do-
ing this, the network learns to extract relevant characteristics of in-
terest from the image. The accuracy of CNNs in the detection of pneu-
monia on chest X-rays has been evaluated in several studies and has
been shown to represent a solid auxiliary tool in the diagnosis of the
disease [4-6]. They can analyze enormous amounts of images quick-
ly and automatically, helping clinicians make informed decisions and

improve diagnostic efficiency. Although CNNs are powerful tools for
image classification, they may still face some difficulties in doing so,
including [7,8]:

a) Variability: Images can vary in size, quality, lighting, orien-
tation, and other factors, which can make accurate classification
difficult.

b) Overlapping Classes: In some cases, there can be similar-
ities between different classes, which can make it difficult to dif-
ferentiate them.

c) Classification System: The CNNs contain an integrated
classification section that allows them to be evaluated, however,
being integrated makes it difficult to modify parameters or re-
place the section with other advanced classification algorithms.
In this paper, a model is proposed that solves the challenges to
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generate a scenario for the automatic classification of chest X-rays
to identify pneumonia optimally and accurately [9]. Instead of us-
ing CNNs as a complete and closed system, as is used in a wide
range of computer vision and machine learning applications, they
are used as feature extractors, allowing a model to be created
consisting of three blocks: image preprocessing, feature extractor,
and classification system [10]. This allows for taking advantage of
each section in a better way, without affecting the complete sys-
tem, to influence competitive classification values [11]. The main
contributions of the work can be summarized as follows:

1.  An automatic classification model is proposed to detect
pneumonia in a set of chest radiograph images, using CNN as fea-
ture extractors.

2. The images go through a preprocessing that standardizes
the set of radiographs with the same size (224X224) and filters:
2D convolution, low pass, high pass, Gaussian, median, and histo-
grams of oriented gradients (HOG), which enhance the character-
istics of lung opacity, suggesting the presence of pneumonia.

3. The dataset found in the Kaggle repository contains 2,224
chest X-rays. In addition, they are previously classified by ex-
perts and labeled into two classes: normal and pneumonia, which
makes it possible to differentiate between both classes.

4.  Two classification scenarios are proposed in the model:
training/test set and crossvalidation that make up the classifi-
cation system with support vector machines (SVM) as classifier
algorithm and model evaluation metrics: Accuracy, Precision, F1
Score, and Recall.

The rest of this document is organized as follows. Section 2 pres-
ents relevant research and lists existing methods and models. In Sec-
tion 3, the proposed model is explained in detail, including the image
preprocessing, the CNNs used as feature extractors, and the classifi-
cation system. In Section 4, the proposed model is evaluated, the ad-
vantages of our method are evaluated through experiments, and the
results are reported. Section 5 concludes this work and forecasts our
future work.

Related Work

Detection of pneumonia using artificial intelligence is a constantly
evolving area of research, and numerous studies have explored the use
of the machine and deep learning techniques, using neural networks
to improve the accuracy and effectiveness of detection of this disease.
P. Rajpurkar, et al. [12] develop a model to detect pneumonia from

chest Xrays using a CNN. The authors evaluated the neural network’s
performance with 420 radiologist-labeled images, and it scored 95%
on its evaluation metric, compared to the radiologists’ 95% accuracy,
demonstrating that the trained and labeled deep learning algorithm
previously, achieve high precision in the detection of the disease. The
authors suggested that using CNN models could potentially be used
to assist radiologists in clinical settings, improving the speed and ac-
curacy of pneumonia diagnosis. T. Rahman, et al. [4] present four dif-
ferent methodologies using four CNNs, through transfer learning. The
pre-trained networks analyze a total of 5,247 chest images consisting
of three labels: normal, viral, and bacterial. The accuracy of their mod-
el to classify the three labels was 93.3%, so the authors propose the
model as a useful and rapid study for the diagnosis of pneumonia in
the three corresponding classes. The computer-aided diagnostic tool
can significantly help the radiologist to take more clinically useful im-
ages and identify pneumonia with its type immediately after acquisi-
tion. T. B. Chandra, et al. [13] expose a method for early and automatic
detection of pneumonia in segmented lungs using machine learning.

The authors focus on the pixels of the region of interest that con-
tribute to the extraction of relevant features of the confined area. The
proposed model is examined with five classifiers on a data set of a
total of 412 chest X-ray images divided into 206 normal cases and 206
with pneumonia, thus representing a binary classification model. The
experimental results show that the method proposed by the authors
achieves a significant precision of 95.63% with the best-modeled
classifier, thus, it has surpassed existing conventional methods. These
studies demonstrate the efficacy of CNNs and machine learning in de-
tecting pneumonia on chest radiographs and their potential applica-
tion in clinical settings.

Proposed Method

A model consisting of three sections is proposed: preprocessing,
feature vector, and classification system. Figure 1 illustrates this mod-
el. As can be seen, the data set is previously labeled into two classes:
normal and pneumonia; We proceed to pre-process the size, quality,
and lighting of the set using machine learning techniques. Once the
first section has been completed, the images enter two pre-trained
convolutional neural networks using transfer learning: ResNet50 and
VGG16, both well-known for classifying chest images. However, the
CNNs in the model work as extractors to obtain the feature vector
from their convolutional bases, which represents an essential part of
the method. By obtaining the vector of characteristics of the set of
radiographs, the binary classification system is finally introduced to
evaluate the method and obtain its performance.
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Figure 1: Schematic diagram of the proposed model.

Dataset Preparation

Chest X-ray images used in this article were obtained from the
Kaggle repository, a modified version of Paul Mooney [14], it is con-
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Figure 2: [llustration of the chest imaging set used in this work.

Preprocessing

The performance, of the neural architectures, is affected by the
quality of the input images, so six filters are proposed for the origi-
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nal image to improve the characteristics of the set. In addition, Res-
Net50 and VGG16 are pre-trained networks with an input dimension
of 224x224, so the set of images is resized to that size. Figure 3 shows
the corresponding preprocessing.
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Figure 3: Results of the preprocessing of the original image whose output is the input to the neural architectures.

Convolutional Neural Networks

ResNet50: ResNet50 is a deep convolutional neural network
model used for object recognition and image classification tasks. It
was developed by Microsoft researchers in 2015 and has 50 layers
[15]. The name “ResNet” refers to the residual connections used in
its architecture (Figure 4). These connections allow data to move di-
rectly from one layer to another, avoiding gradient fading problems

W
—+
H}

and improving the ability of the network to learn and generalize from
training data. ResNet50 is widely used in machine vision applications
and has demonstrated high performance in image classification tasks
on large and complex data sets [16,17]. The notation (k k, n) in each
convolutional layer (conv) block denotes the size of the square matrix
k and n channels, below each stage represents the repetition of each
unit, the penultimate layer FC 1000 is the fully connected layer with a
thousand neurons. Finally, 1xn represents the feature vector.

|
|
|

Figure 4: Structure of the ResNet50 network.

VGG16: VGG16 is a convolutional neural network model used
for image classification tasks. It was developed by researchers at the
Visual Geometry Group (VGG) at the University of Oxford in 2014
and has 16 layers [18]. The VGG16 architecture is characterized by
having very deep convolutional layers and small 3x3 convolution fil-
ters, which allows better feature extraction in high-resolution images
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(Figure 5). The model is trained on large and complex data sets, such
as ImageNet, and has shown high performance in image classifica-
tion tasks [19]. It is widely used in machine vision applications and
has served as the basis for the development of other convolutional
neural network models [20]. The input of the first convolution lay-
er (Conv2D) is an image of size 224X224. For all convolution layers,
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the convolution kernel is 3X3 in size. The layers are accompanied by
Max-Pooling layers (MaxPool) that reduce the size of the filters during
training. At the output of the convolution and pooling layers, there are

three layers of fully connected neurons: Dense, Dense, and softmax to
determine the image class.
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Figure 5: Structure of the VGG16 network.

Classification System

Cross-validation and the train/test set are two common tech-
niques for evaluating the performance of a machine learning model.
Both methods are used to assess a model’s ability to generalize to un-
seen data, but they differ in the way the data is partitioned for evalua-
tion [21]. Cross-validation is a method that involves dividing the data
set into k folds. The model is trained k times, each time using k 1 folds
for training and the remaining fold for evaluation. Performance scores
are calculated for each fold and averaged to get an overall measure of
model performance. Cross-validation helps to reduce model evalua-
tion scarcity and to obtain a more accurate estimate of model perfor-
mance. The training/test set, on the other hand, involves dividing the
data set into two exclusive sets: a training set and a test set. The model
is trained on the training set and evaluated on the test set. The perfor-
mance score is calculated based on the model’s ability to generalize
data not seen in the test set. In general, crossvalidation is used when
you have a limited data set and you want a more accurate estimate of
model performance, while a train/test set is a faster and easier tech-
nique used when you have a large data set, and a rapid evaluation of
the model is desired. From 2,224 images in the X-ray set, the training
and testing scenario was divided into 80% and 20%, respectively. For
the case of cross-validation, k = 20 folds were performed on the entire
data set. The machine learning algorithm, Support Vector Machines
(SVM) was used for the binary classification of the ensemble. The SVM
classifier has had favorable and relevant results to separate two data
classes using a hyperplane in high-dimensional feature space [22,23].

Confusion Matrix and Evaluation Metrics

A confusion matrix is an evaluation tool used in machine learning
and statistics to assess the accuracy of a classification model. The con-
fusion matrix shows the number of times the test samples are clas-
sified correctly and incorrectly, relative to the true class labels. The
confusion matrix is a 2x2 table showing four possible outcomes of the
classification [24]:

¢ True Positives (TP): The model correctly classified the pos-
itive samples.

¢ False Negatives (FN): The model incorrectly classified the
positive samples.

¢ False Positives (FP): The model incorrectly classified the
negative samples.

e True Negatives (TN): The model correctly classified the
negative samples.

From these results, the model evaluation metrics are calculated:
Accuracy, sensitivity, specificity, and the F1 score [25]. Accuracy is de-
fined as the number of true predictions divided by the total number
of predictions made. Sensitivity (also known as the true positive rate)
is defined as the number of true positives divided by the total number
of true positives and false negatives. Specificity (also known as the
true negative rate) is defined as the number of true negatives divid-
ed by the total number of true negatives and false positives. The F1
score is a measure that combines precision and sensitivity in a single
measure. The confusion matrix is an especially useful tool for eval-
uating the quality of the classification model and provides valuable
information about the performance of the model in terms of its ability
to correctly classify the test samples into the true classes.

Results

Normal chest X-ray images and those with the presence of pneu-
monia were preprocessed as shown in Figure 3. These, in turn, were
the input to the CNNs, pre-trained deep learning neural networks are
opaque, which means that, although they can make useful and skillful
predictions, it is not clear how or why a given prediction was made. In
our model, the CNNs function as feature extractors from their convo-
lutional basis, to obtain the feature vector that is passed to the classi-
fication system discussed above. However, it can inspect the two-di-
mensional filters of the convolutional layers to understand exactly
which features were detected from a given X-ray input.
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Characteristic Maps of a Chest X-ray with the Presence of
Pneumonia

ResNet50 and VGG16 architectures are part of the proposed mod-
el, which are a fundamental part of the prediction and detection of
pneumonia in a set of chest images. Both deep neural networks are
constituted by convolutional blocks (convolutional bases) so feature
maps were generated at the end of each block, to inspect the detection
characteristics of the CNNs. In Figures 6 & 7, the results are shown.
The result, of applying the filters, in the first convolutional layer of
each neural network is many versions of the chest X-ray image with
the presence of pneumonia with different highlighted features, for ex-
ample, some highlight lines, while others sharpen the background or

alols|alals|elalc

NN )N ooy

==l ==z = = =

SEEEEEEEE

OOEOOEQOO

Qo (S QIO

a v
EEEEIEER EEER
EEEEEERER s A EHER
EEEEEEER sEEEE
EfaEdEEERM sEHER
EEEEEEREN EEEER
EEEEENERN EEEER
EEEREEENER EEER
EEEEEEERN EEEN

the foreground. The feature maps closest to the input of the network
architecture capture a great deal of fine detail from the original im-
age, as the network progresses the feature maps show less and less
detail. This pattern was to be expected since features are abstracted
into more general concepts that are used to perform the classification.
Although the x-ray image is not clear in the final block, the ability to
interpret these deeper feature maps is lost, but they are an essential
part of generating the feature vector. From the previous result that
was applied to the original image of the two available classes: nor-
mal and pneumonia, we proceeded to obtain the feature vectors for
the filters, in the two classification scenarios and the binary classifier,
Tables 1 & 2 show the values obtained from the proposed model with
the corresponding considerations (pages 10 and 11).
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Figure 6: Feature maps of VGG16 with 224x224x64, where it is shown at the end of each convolution block of the network, where the 64 two-

dimensional images are plotted as an 8x8 image square.
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Figure 7: Feature maps from ResNet50, where the number of feature maps displayed is limited to 64 for consistency, on 8x8 image sub-traces, at

the end of the last convolution layer of each scenario.
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Table 1: Results of the evaluation of the model with ResNet50.

Training/Test Set Scenario Cross-validation Scenario
Images Filter Accuracy Sensitivity Specificity F1 Score Accuracy Sensitivity Specificity F1 Score
Original 0.91 0.91 0.9 0.9 0.95 0.95 0.95 0.95
Conv2D 0.92 091 0.9 091 0.95 0.95 0.95 0.95
High pass 0.63 0.71 0.69 0.62 0.93 0.93 0.93 0.93
2,224 Low pass 0.92 0.92 0.9 091 0.96 0.96 0.95 0.95
Gaussian 0.91 0.91 0.9 0.9 0.95 0.95 0.95 0.95
Median 0.89 0.9 0.86 0.87 0.94 0.94 0.94 0.94
HOG 0.88 0.87 0.86 0.86 0.91 0.91 0.91 0.91
Table 2: Results of the evaluation of the model with VGG16.
Training/Test Set Scenario Cross-validation Scenario
Images Filter Accuracy Sensitivity Specificity F1 Score Accuracy Sensitivity Specificity F1 Score
Original 0.93 0.93 0.92 0.93 0.94 0.94 0.94 0.94
Conv2D 0.93 0.94 0.92 0.93 0.94 0.94 0.94 0.94
High pass 0.92 0.93 0.9 091 0.96 0.96 0.96 0.96
2,224 Low pass 0.95 0.94 0.94 0.94 0.97 0.97 0.97 0.97
Gaussian 0.92 0.92 0.9 091 0.94 0.94 0.94 0.94
Median 0.92 0.92 0.9 0.91 0.94 0.94 0.94 0.94
HOG 0.92 0.92 0.9 091 0.94 0.94 0.94 0.94
Discussion Conclusion

The proposed model obtained optimal and competitive values
with the state of the art. Image preprocessing acquires an important
relevance to generate an efficient and accurate evaluation that man-
ages to classify the classes with 97% in the best classification sce-
nario. From the results obtained from the previous tables, the model
improves its evaluation in all filters in the training/test set classifica-
tion technique with the convolutional basis of VGG16, with its coun-
terpart ResNet50 in the same technique. While in the cross-validation
technique, it is the other way around, ResNet50 slightly outperforms
VGG16 in most filters. However, it is observed that by applying the
low-pass filter to the data set, it is possible to obtain the highest val-
ues in both techniques and architectures, respectively. The model
generates the best evaluation with 95% accuracy in the training/test
set and 97% in the same evaluation metric in cross-validation with
the VGG16 convolutional base. Although both architectures are pop-
ular in computer vision and are used for similar tasks with differing
architectural depth, the VGG16 network has slightly significant per-
formance for classifying and detecting pneumonia in a set with two
classes: normal and pneumonia, from chest radiographs, applying
preprocessing to the images and classifying with SVM in the classifi-
cation system. The results show that there is a high-reliability index
in the proposed model.

The evaluation of the automatic pneumonia classification model
from a set of chest X-rays was optimal, precise, competitive, and effi-
cient, having values of 95% accuracy in the training/test set classifi-
cation scenario with preprocessing and low pass filter and 97% under
the same conditions in the cross-validation scenario, with the VGG16
convolutional neural network. The choice of a deep learning model
for a specific task depends on several factors, including the size and
complexity of the data set, the availability of computational resourc-
es, the experience of the developer, and the model’s performance on
different metrics. In the specific case of pneumonia classification on
chest radiographs, it has been shown that VGG16 may perform better
than ResNet50, despite being a shallower model. This is partly be-
cause VGG16 was designed specifically for image classification, while
ResNet50 was originally designed for more general object detection
and classification tasks. Furthermore, VGG16 has a simpler and more
uniform architecture than ResNet50, which can make it easier to
train and optimize. It is also possible that the data set used to train
the models is not large or complex enough to take full advantage of
the additional depth of ResNet50. In conclusion, the choice of a deep
learning model depends on several factors, and it is not always nec-
essary to use the deepest model to achieve the best performance on
a specific task. It is important to evaluate different models and select
the one that best suits the specific needs of the project.
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