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Abstract
Purpose Pneumonia detection is usually done by specialized highly trained specialists through the review of chest radiographs combined with vital signs, laboratory exams, and medical history. Though the presence of pneumonia in images
appears in the form of areas of high opacity in the lungs which is difficult to differentiate from opaque areas caused by other
conditions. The medical diagnosis of pneumonia is a very costly and time-consuming process. The motivation of this work
is to automate the diagnosis process of pneumonia through image processing. In this paper, an automated pneumonia detection system is proposed using improved deep residual networks (ResNet) architectures, which are tested on the dataset of
30,227 DICOM Chest X-rays. Dataset was divided into 80% training and 20% testing, with 20% of the 80% used for training
dedicated to validation.
Methods Two residual network models were used (Version 1 & Version 2), and results were also compared with three different CNN models as well as methods found in recent literature.
Results The overall results indicate that the proposed ResNet (Version 2) method achieves higher accuracy than convolution
neural networks and other recently proposed methods (Table 5). The proposed ResNet network of a depth of 110 and a batch
size of 16 with epochs 80 achieved an average accuracy of 88.67%.
Conclusion An automated method is proposed and implemented in this work for the proper diagnosis of pneumonia using
images of the DICOM chest X-rays dataset. The proposed method in this paper outperforms other methods from recent
literature.
Keywords Lung opacity · Pneumonia detection · Residual networks · CNN · Chest X-ray

1 Introduction
The human lungs are an integral part of the pulmonary system as well as waste disposal for the body. They are complex
organs that are formed by a collection of different cells and
tissues; each is specialized in carrying out certain functionalities. Lungs can be affected by a range of diseases that
vary from mild to fatal according to symptoms that distort
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the lungs' behavior. Lung infections can be either acute or
chronic and are caused by bacteria, viruses, or fungi. Pneumonia is an acute lung tissue inflammation caused by germs
bypassing the nose and entering the lungs. Such germs cause
fluids in the air sacs in the lungs with symptoms such as
cough, fever, and breathing problems. Pneumonia is the
leading killer disease among children under the age of five,
causing the death of around 880,000 children in 2016 [1].
Chest radiograph or CT (computed tomography) scan helps
healthcare professionals diagnose lung infections and examine lung structure.
Chest X-Rays are primarily used to examine some body
organs, such as the lungs and heart. CT scan is one of the
commonly performed medical tests as it provides lungs,
airways, blood vessels, spinal bones, and chest imagery.
It is also used to diagnose and evaluate the treatment of
some lung infections, such as pneumonia [2]. X-rays pass
through any matter, although some objects absorb it heavily whilst some allow the radiation to pass through them.
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Correspondingly, air appears black, soft tissues appear grey,
and bones are white in the X-Ray image.
Chest X-Rays are used for diagnostic purposes to provide
doctors with a clear visualization of the case. The symptoms of pneumonia are similar to those of a regular fever,
which may lead to inaccurate diagnosis. However, the lungs
opacities that are the X-Ray findings of pneumonia have an
unclear boundary making it more challenging to detect by
the radiologist. Therefore, the proposed algorithm will help
in detecting lung opacities that result in the lungs, as there is
no clear border where the infection of pneumonia will stop.
Moreover, this algorithm will reduce the possibility of the
misdiagnosis and allow the radiologist to detect pneumonia faster. Hence, employing machine learning techniques
to detect such a disease will enhance the diagnosis process
and help radiologists achieve better results. Early diagnosis
means early medical intervention, which results in a higher
probability of treatment and a higher survival rate. The
automation of medical diagnosis using image classification
and segmentation is an area of research explored in recent
literature, for example, in [3, 4]. Different image processing techniques are proposed to detect and classify Diabetic
Retinopathy, Skin Lesions, and Glioma Brain tumors [5–7].
But these are just a few examples of a whole emerging field
of automatic medical diagnosis research.
The objective of this work is to provide a solution that
enhances the detecting of pneumonia disease using supervised machine learning techniques. The contribution of the
work presented is in proposing two Residual Network Deep
Learning Architectures (Version 1 & Version 2) for the
specific use of automatic pneumonia diagnosis using Chest
X-ray images while solving the problems of overfitting and
network degradation. Two Deep Residual Networks were
proposed and referred to as "Version 1" and "Version 2". The
proposed versions were thoroughly tested using the Chest
X-ray DICOM images dataset consisting of 30,227 images.
The testing was repeated for three conventional CNN models. The results were compared with those obtained from
methods proposed in recent literature. Parameter manipulation was also used to arrive at the best architecture for the
proposed ResNet Networks, including batches and epochs.
The rest of the paper is organized as follows: Sect. 2
details the literature review, Sect. 3 details the dataset,
Sect. 4 describes the Residual Networks and proposed models. Sections 5 and 6 discuss the experimental results and
discussions. Finally, Sect. 7 concludes the paper.

2 Literature Review
In [8], the authors developed an algorithm that can detect
pneumonia symptoms at a level that exceeds the radiologist's level. The model ChexNet presents a convolutional
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neural network that contains 121-layers that inputs chest
radiographs and produces an output of the localized areas
that indicate the presence of pneumonia. The dataset used
is Chest X-ray 14, which contains over 112,000 chest X-Ray
images of more than 30,000 different patients [9]. Then the
results of the model are compared with the radiologist's
performance of pneumonia diagnosis. Results show that
ChexNet performance has a significant improvement over
the radiologist's performance. In [10], the paper introduces
the detection of lobar pneumonia statistically while using
digitized chest radiograph films. It essentially proposes to
have different targeted regions labeled by a vector of wavelet texture measures multiplied by an orthogonal matrix.
Moreover, discriminant analysis was used to estimate the
existence of any false classification probabilities. Based on
results, the paper suggests detecting pneumonia by constructing a discriminant function through the employment
of maximum column sum. The method results in a lower
misclassification rate with only a 15% error rate.
In [11], the authors propose a method consisting of three
main phases. First, apply preprocessing techniques to adjust
the display of the image and remove unwanted regions. Second, extract four main features based on specific criteria
that involve a shape descriptor, body size ratio, image profile, and histogram pyramid. Then images are classified as
frontal/lateral during the training phase using the supervised
classifier called support vector machine (SVM). In [12], the
proposed research aims to enhance the classification performance of medical images and reduce the required time
for training and testing. For images to be classified, the
wavelet-based center symmetric local binary pattern (WCSLBP) features are extracted during training. Next, based on
a decision tree, a random forest is used to test the image
and classify it into the corresponding category. The dataset
used includes CLEF-Med2007 images, and the experimental results showed significant improvement in classification
performance. In [13], a semi-supervised learning algorithm
is used to classify tuberculosis chest X-rays. The research
proposes a method containing labeled and unlabeled data
through either self-training, co-training, and tri-training,
then classifies according to the majority vote. The suggested
algorithm has shown its efficiency with nonparametric statistical tests and proved that the utilization of limited-number
labels could be maximized in favor of unlabeled data.
In [14], the proposed method used deep feature fusion to
reduce the probability of false-positive results in lung nodule diagnosis. Three modules were proposed to obtain more
accurate results. The first module suppresses ribs from chest
X-rays to provide a more visible display of the lungs. In the
second module, lungs are segmented to locate the region of
interest, which is indicative of the abnormalities in the lungs.
The third module applies the Laplacian of Gaussian (LoG)
to classify suspicious nodules. The modules were tested on
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the Japanese Society of Radiological Technology (JSRT)
dataset. The results conclude that the preprocessing phase,
consisting of the three modules, significantly improves the
chest X-ray analysis. With regards to the evaluation of deep
convolutional neural networks (DCNN) for the detection of
illnesses on chest radiographs for automated classification
[15], a total of four datasets that contain 1007 chest radiograph images were used. The applied method partitioned
the datasets into training, validation, and test. In cases of
disagreements, an experienced radiologist was asked to
interpret images and determine any potential cases. As a
result, DCNNs were able to classify chest X-rays with an
Area Under Curve (AUC) of 0.99, an immense improvement
in the accuracy was obtained by consulting a radiologist for
false classification cases. Given the importance of the early
detection of Cancer, in [16], the authors proposed a method
for the classification of lung CT scan images using an artificial neural network. By segmenting the lung from CT
images, parameter calculations were done for the segmented
part. Feedforward and feedforward backpropagation neural
networks are used in the classification process to provide
higher accuracy. The first function showed a classification
accuracy of 93.3% and a mean square error of 0.998, while
the second function showed an accuracy of 93.3% with a
mean square error of 0.0942.
Convolutional neural networks (CNN) are widely used in
image classification and image recognition due to their high
efficiency and accuracy. In [17], the authors proposed classifying frontal chest x-rays using CNNs given an efficiently
large data set. GoogleLeNet was used as the CNN and
accordingly trained with the help of 3 GPUs for automatic
classification of radiographs as either normal or abnormal.
The evaluation of the network's overall performance was
tested using 2443 radiograph images. The method achieved
an integral of 0.964 and specificity of 91%. In [18], the
authors used geometric feature descriptors to classify lung
abnormalities, such as nodules, and further lower false positives in low-dose computed tomography. Through creating modules for lung nodules then applying the detection,
descriptors are applied in the last step; hence, being able
to detect possible candidates. The result of the proposed
method is an enhancement of 2% for the detection of nodules. In [19], the authors proposed an algorithm that aims
to identify abnormalities in chest x-rays. The algorithm utilized supervised machine learning techniques on two types
of images classified as normal and abnormal and trained to
predict the probability of abnormalities in the radiographs.
The algorithm used a data set that consists of 514 abnormal
and 431 normal CXRs. Results indicated an increased accuracy in identifying abnormalities in chest X-Rays.
In [20], the authors proposed a method for detecting
infectious pulmonary tuberculosis (TB) from chest x-rays
through segmentation using the hybrid information-oriented

Bayesian classification approach. The method also utilizes
other techniques, such as the gradient inverse coefficient of
variation (GICOV) that serves as a classification detector
and confirmer of a true case of TB cavities. Results indicate
high accuracy and a low false-positive rate compared with
other non-hybrid approaches. In [21], the authors proposed
a method to enhance the active shape model (ASM) with an
automatic lung field segmentation approach. Improvement
in the performance, with both normal and abnormal chest
X-rays, was observed with a 3–6% accuracy enhancement
compared to previous ASM techniques. In [22], the authors
proposed the use of deep classification techniques of Convolutional neural networks (CNN) to identify abnormalities
in chest x-rays. The method used ImageNet for CNN models, pre-trained, and feature extraction performed using a
classification approach. The data used for algorithm testing
consists of 433 images. Results demonstrate that chest x-rays
can be analyzed using the training phase on non-medical
images, which introduces a new approach to lung disease
detection.
In [23], researchers used the RSNA dataset (21,684
images for training, 2000 images for validation, and 3000
images for testing) employed deep ResNet and Mask-RCNN
networks achieving 85.6% accuracy. Donthi et al. [24] broke
down the RSNA dataset to 26,000 images for training and
3000 images for testing and employed a CNN to achieve
78.9% accuracy. Sirazitdinov et al. [25] used an ensemble
of two networks, RetinaNet and Mask-RCNN, achieving a
precision of 0.883 and 0.652 recall. In [26], CNNs were
trained with 21,152 images and tested with 4532 images to
reach an accuracy of 86.38%.

3 Materials and Methods: Residual Neural
Networks
The accuracy of deep neural networks is expected to improve
with deeper networks, at least in theory. One problem with
deep neural networks with hundreds of layers is that the
training error and accuracy drop as the number of network layers increases, reaching a minimum then starting to
increase for even larger numbers of layers. This problem
is commonly referred to as the neural network degradation problem. This means that deep neural networks cannot
grow in depth indefinitely with more non-linear convolution/
ReLU layers. ReLU refers to a rectified linear unit, which
applies the function g(x) = max(0, x), that removes negative values from an activation map by setting them to zero.
Another problem is that before ResNet, it was difficult for
the network to approximate the identity mappings of added
non-linear layers.
ResNet was a breakthrough in deep learning and solved
the above problems allowing much deeper networks to be
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Fig. 1  Simple notation of ResNet block

trained with satisfactory accuracies [27]. ResNet is built
with several ResNet blocks, where a ResNet block is displayed in Figs. 1 and 2. A ResNet block is built from 4 layers: A Weights layer (Zn + 1 = Wn + 1 Xn + Yn + 1); the
ReLU layer (non-linear, Xn + 1 = H(Zn + 1)), followed by
another Weights layer (Zn + 2 = Wn + 2 Xn + 1 + Yn + 2);
the combination of these 3 layers takes an input Xn and
outputs F(Xn). Note that these variables represent matrices,
and the variable's subscript denotes the layer number. Then,
instead of applying ReLU on F(Xn) (= Zn + 2), to produce
Xn + 2 = H(Zn + 2) as non-residual networks do, ResNet
applies ReLU (4th layer) on F(Xn) (= Zn + 2) to produce
Xn + 2 = H(Zn + 2 + Xn). In other words, a skip or short cut
link bypasses the three layers and passes Xn to an adder,
which adds F(Xn) = H(Zn + 2) to Xn before it goes through
a second ReLU layer to finally generate Xn + 2.
The X input to the adder is referred to as the shortcut or
skip connection. If X is required to be passed as-is from
one layer to another, the skip connection allows a residual
learning network to learn that F(X) is 0, which, when added
to X, gives X a simple task to perform. Without such skip
connection, the network would have to learn that the Weights
layer is equivalent to (multiplying X by) the Identity matrix,
a more difficult task than teaching the network that F(x) is
the 0 matrix. When X does not need to be passed from one
Fig. 2  Detailed notation of
ResNet block

Fig. 3  ResNet Version 1 and Version 2 blocks

13

G. Latif et al.

layer to another, the network would learn the F(x) value as in
normal neural networks using backpropagation. In that case,
if the desired output of a layer is D(x), then it would be easier to train F(x) to be the ""residual":" D(X)-X, which after
being added to X (via the skip connection) yields the desired
D(X). As the skip connection does not involve weights, the
gradient value will not change, and the problem of vanishing
gradients occurring in the early layers of very deep networks
is avoided.
A ResNet architecture puts several ResNet blocks together
in a sequence to build deeper neural networks with good
accuracy and low training error. Some of these blocks may
be pooling blocks as when some Convolution or Weights
layers generate an F(X) matrix of different size as the X
matrix, in order to add F(X) to X, where X is resized to
match the size of the F(X) matrix. This process is achieved
by adding F(X) to (W. X), where W is a matrix zero-padded
in the rows and columns missing in the original X.

3.1 ResNet Version 1
In this paper, two versions of ResNet, which we refer to
as simply "version 1" and "version 2" are proposed. Figure 3 shows the differences between version 1 and version
2 at the block level. Figure 3.a depicts the detailed architectures used in ResNet version 1. ResNet does not suffer from overfitting since it does not introduce additional
parameters. This means that ResNet is efficient for deep
learning with hundreds of network layers. ResNet Version 1
was designed such that the feature map is divided by two at
the beginning of each step using a convolutional layer, and
the filter size is doubled such that the convolutional layer,
batch normalization layer, and ReLU layer are mapped to
32 × 32 × 16, 16 × 16 × 32, 8 × 8 × 64, respectively. The batch
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normalization block adjusts the input layer to enhance the
deep network's performance.
ResNet Architecture Version 1 receives an input image
dimension of (48 × 48x3) that is input to the architecture.
Each layer in the architecture consists of a convolutional
{conv}, Batch Normalization, and Rectified Linear Unit
(ReLU).

3.2 ResNet Version 2
Figure 3b depicts the detailed architectures used in ResNet
version 2. In version 2, again, the feature maps are halved
at the beginning of each stage while doubling the number
of filter maps. The stages in version 2 are; convolutional:
32 × 32 × 16, step 1: 32 × 32 × 64, step 2: 16 × 16 × 128, and
step 3: 8 × 8 × 256. Epochs sizes were varied to include:
10,20,40, and 80, while batch sizes were chosen to be 16
and 32, respectively.
Note that in both versions 1 and 2, after concatenating multiple blocks together, the same sequence "Weights
– Batch Normalization (BN)- ReLU" gets repeated. However, versions 1 and 2 differ as follows:
Initially both versions are identical for the initial sequence
of convolution (weights) followed by Batch Normalization
followed by an Activation block. Then the two versions differ in the sequences that follow. A major difference between
them is that in version 1, the following block sequence is in
this order: a convolution block is followed by a Batch Normalization block which is, in turn, followed by an Activation
block. In ResNet version 2, the block sequence following the
initial block sequence is in this order: a Batch Normalization
block is followed by an Activation block, which, in turn, is
followed by a convolution block. Thus, version 1 supports
post-activation, while version 2 supports pre-activation.
ResNet version 1 adds the second ReLU non-linearity after
adding x and F(x), while ResNet version 2 has deleted this
last ReLU non-linearity (refer to Fig. 3b). This change helps
ResNet version 2 pass the output of the addition of the identity mapping and residual mapping with no changes to the
next block.
Furthermore, during backpropagation, version 2 of
ResNet allows the gradient value at the output layer to be
passed back, as is, to the input layer. This step succeeds in
eliminating the vanishing gradient issue in deep learning
networks with hundreds and even a thousand layers, reduce
their training errors, and improve their performance.
The ResNet Version 2 model introduces bottleneck connections whose filter size is calculated, as shown in Fig. 4.
In ResNet Version 2, the block size of the shortcut connections is increased to three. The three layers inside a residual
function block are convolutional layers of size 1 × 1, 3 × 3,
and 1 × 1. The 1 × 1 layers are responsible for decreasing and

Fig. 4  ResNet Version 2 (conv layer filter size)

increasing the input dimensions while 3 × 3 layer becomes
the bottleneck with smaller dimensions.

4 Experimental Data
The National Institutes of Health Clinical Center provides
a publicly accessible large dataset of Chest X-ray DICOM
images [28]. An overall of 30,227 CXR 1024 × 1024 size
images divided into three classes will be used. The input
images are classified into three distinct classes shown in
Table 1 which are: A (Normal), B (Pneumonia), and C
(Abnormal), along with the number of images of each class
within the dataset. Since this study concentrates on diagnosing pneumonia, the dataset will be reduced to two classes:
Normal combined with No Lung Opacity (No Pneumonia)
and Lung Opacity (Pneumonia).

5 Experimental Results
The experiments were all performed on power computing
machines with Graphical Processing Unit (GPU) Nvidia
GTX 1080, Central Processing Unit (CPU) of 3.7 GigaHertz i7, 32 Gigabyte Random Access Memory (RAM),
and using the Windows Server 2016 operating system. The
programming of the experiments was done using Python.
All phases from preprocessing, classification, and recognition were done using Python 3.7. The experiments are
performed using 30,227 CRX images, from which 20%
are used for testing, and the rest of the images are further
divided into 80% training and a further 20% for validation.
As shown in Table 2, ResNet version 1 was implemented
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Table 1  Summary of chest
X-ray dataset used for
experiments

Type

Normal

Lung opacity (pneumonia)

No lung opacity

Target label
Images
Sample image

0
8851

1
11,821

0
9555

Table 2  Experimental results based on different ResNet version 1 with different models
ResNet blocks

Network depth

Total parameters

Batch size

Epochs

Training Acc (%)

Training loss

Testing Acc (%)

Testing loss

3

3 × 6 + 2 = 20

274,946

16

10
20
40
80
10
20
40
80
10
20
40
80
10
20
40
80
10
20
40
80
10
20
40
80

86.30
86.61
87.23
89.45
81.54
82.41
83.02
83.78
86.02
86.55
87.26
87.69
85.98
86.50
86.97
87.74
85.71
86.54
86.92
87.75
85.51
86.03
86.70
87.22

0.390
0.352
0.323
0.280
0.484
0.413
0.393
0.379
0.378
0.347
0.315
0.296
0.376
0.344
0.319
0.301
0.404
0.360
0.320
0.301
0.384
0.349
0.332
0.315

83.60
84.20
86.33
87.67
78.68
80.48
82.30
83.54
85.07
84.80
86.20
85.47
82.07
85.60
87.07
86.80
84.20
86.73
85.67
84.53
85.73
85.67
85.60
86.13

0.462
0.391
0.377
0.332
0.484
0.450
0.410
0.389
0.396
0.375
0.349
0.343
0.484
0.354
0.328
0.322
0.424
0.361
0.351
0.383
0.365
0.349
0.324
0.345

32

5

5 × 6 + 2 = 32

470,722

16

32

12

12 × 6 + 2 = 74

1,155,938

16

32

The bold values indicate the highest accuracy for each model

with a depth of 20, 32, and 74 with 3, 5, and 12 number
blocks, respectively. The batch sizes were varied between
two values, 16 and 32. For each experiment, Epochs of
10, 20, 40, and 80 were used. There is no overfitting as
the accuracies rise and losses drop with increasing epochs.
With a ResNet Version 1 network depth of 20, the smaller
batch size of 16 resulted in better validation and testing
accuracies as well as lower validation and testing losses.
As the network depth is increased to 32 with about 470 K
parameters and a batch size of 32, the validation and testing accuracies are worse than for a network depth of 20,
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batch size of 16 with 275 K parameters. The results keep
worsening with a higher network depth of 74, batch size
of 16, and 1.15 M parameters.
In ResNet V1, each block consists of 6 layers in addition to two layers at the end of the network (Flatten layer
and Dense Layer). In ResNet V2, each block consists of 9
layers in addition to two layers at the end of the network
(Flatten Layer and Dense Layer). Therefore, in the experimental setup, the combination of networks are chosen
according to the same number of blocks but will produce
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different depths. The depths of the network are calculated
as follows:

V1 Network Depth: # of Blocks × 6 + 2
V2 Network Depth: # of Blocks × 9 + 2
Therefore, if we assume three blocks are used, the
network depth for V1 and V2 will be 20 and 29, respectively. Thus, the best ResNet version 1 network results
are achieved for a depth of 20, batch size of 16, and about
275 K parameters. Average testing accuracy of 87.67%
was achieved for epochs of 80, and the validation accuracy
was also the highest, achieving 89.45%.
ResNet version 2 network depth was implemented with
depth 29, 47, 110, and 245, as shown in Table 3. The
batch sizes were varied between two values, 16 and 32.
Each experiment was done with epochs 10, 20, 40, and
80. There is also clearly no overfitting as the accuracies
rise and losses drop with increasing epochs. With a ResNet
Version 2 network depth of 29, 47, or 110, and a batch size
of 32, acceptable validation and testing accuracies, as well
as lower validation and testing losses, were obtained. The

best results were achieved with a ResNet version 2 network
of the depth of 110, batch size of 16, and about 3.32 M
parameters. The average accuracy of 88.67% was achieved
with a validation accuracy of 87.23%.
Convolutional neural networks (CNNs) with 9, 10, and
12 layers which included input and output layers, were then
explored with batch sizes of 16 or 32, as shown in Table 4.
The details of these three models are presented in [5]. For
each experiment, Epochs of 10, 20, 40, and 80 were used.
Overfitting was detected in the validation results starting at
80 epochs as the validation accuracies drop and validation
losses rise as we move from 40 to 80 epochs. This indicates
that a CNN with 20 or, in some cases, 40 epochs are sufficient, and the validation should not advance beyond 40
epochs.
As to the testing accuracy and loss, for most CNN models
tested, 80 epochs are required to obtain the best accuracy and
loss. CNN model 2, with ten layers, and a batch of 16, result
in the highest testing accuracy and the second-best testing
loss among the CNN models tested. The average accuracy of
81.24% was achieved with a validation accuracy of 80.13%.
Table 5 shows the confusion matrix for the proposed
ResNet V2 with 12 blocks (110 network depth) which

Table 3  Experimental results based on different ResNet version 2 with different models
ResNet blocks

Network depth

Total parameters

Batch size

Epochs

Training Acc (%)

Training loss

Testing Acc (%)

Testing loss

3

3 × 9 + 2 = 29

851,042

16

10
20
40
80
10
20
40
80
10
20
40
80
10
20
40
80
10
20
40
80
10
20
40
80

86.21
86.09
86.78
87.51
79.93
80.54
81.16
83.05
85.58
86.21
86.77
87.44
85.43
86.03
86.36
86.87
85.47
85.56
86.48
87.23
79.50
80.20
80.95
83.34

0.374
0.347
0.321
0.307
0.474
0.445
0.426
0.385
0.385
0.347
0.326
0.309
0.406
0.366
0.338
0.324
0.473
0.404
0.352
0.327
0.480
0.449
0.433
0.382

85.87
84.67
85.80
86.87
79.37
80.03
80.20
82.47
87.00
86.47
86.27
85.80
83.87
84.47
85.53
86.07
83.07
84.80
87.27
88.67
78.40
80.80
82.63
82.83

0.373
0.380
0.348
0.319
0.468
0.447
0.429
0.410
0.367
0.348
0.353
0.340
0.429
0.408
0.368
0.355
0.534
0.418
0.334
0.319
0.489
0.445
0.425
0.419

32

5

5 × 9 + 2 = 47

1,400,866

16

32

12

12 × 9 + 2 = 110

3,325,250

16

32

The bold values indicate the highest accuracy for each model
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Table 4  Experimental results
based on three different CNN
models

CNN model

Net. depth

Batch size

Epochs

Val. Acc (%)

Val. loss

Test. Acc (%)

Test. loss

1

9 layers

16

10
20
40
80
10
20
40
80
10
20
40
80
10
20
40
80
10
20
40
80
10
20
40
80

94.68
95.80
94.95
81.33
98.58
99.23
98.93
80.00
85.57
86.15
85.64
80.13
92.96
93.40
96.61
80.97
88.83
87.16
89.32
84.71
96.54
97.00
97.56
79.44

0.1356
0.1102
0.1254
0.4004
0.0415
0.0225
0.0312
0.4242
0.3227
0.3110
0.3201
0.4277
0.1716
0.1647
0.0893
0.4184
0.2573
0.2924
0.2498
0.3435
0.0926
0.0812
0.0663
0.4368

77.32
78.41
78.49
80.88
76.38
78.51
77.12
78.75
80.08
79.86
81.20
81.24
77.93
77.34
78.23
78.67
78.93
79.37
76.92
79.63
78.19
76.18
78. 53
80.28

1.0540
1.0649
1.0503
0.4130
1.6959
1.6382
1.6053
0.4665
0.4934
0.4979
0.4853
0.4139
1.2705
0.9442
0.9053
0.4660
0.5800
0.5194
0.6070
0.4873
1.2163
1.1815
1.1118
0.4207

32

2

10 layers

16

32

3

12 layers

16

32

The bold values indicate the highest accuracy for each model
Table 5  Confusion matrix for the proposed ResNet V2 with 12
blocks (110 network depth)
Pneumonia

No pneumonia

1690
356

201
2589

Pneumonia
No pneumonia

achieved the highest accuracies. The confusion matrix is
based on the 20% of the randomly selected test images
from the dataset having a total of 4,836 images for two
classes. The confusion matrix shows that Pneumonia class
has slightly better classification as compared to the NoPneumonia class.
Among all the models proposed in this paper, ResNet
Version 2 achieves the highest Average testing (recognition) accuracy of 88.67% with a network of depth 110,
batch size 16, with 1,742,370 parameters, and 80 epochs.
Figure 5 shows the training and validation loss curve for
the proposed ResNet V2 with 12 blocks (110 network
depth), while Fig. 6 shows the training and validation
accuracy curve for the proposed ResNet V2 with 12
blocks (110 network depth) which received the highest
accuracy for the classification of pneumonia.
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Fig. 5  Training and validation loss curve for the proposed ResNet V2
with 12 blocks (110 network depth)

6 Discussion
LeCun's CNN architecture, named ConvNet, was inspired
by Hubel and 'Wiesel's work and resembled the basic
structure of 'primate's visual cortex [29]. CNN's went
through improvement phases culminating with AlexNet.
The improvements focused on optimizing the depth and
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Fig. 6  Training and validation
accuracy curve for the proposed
ResNet V2 with 12 blocks (110
network depth)

parameters to reduce the computational cost. With such
improved and modular CNNs with repeated architectural
stages, the need to find filter dimension, stride, paddings
in each network layered was eliminated, greatly cutting the
computational cost. Recent CNN advances, which added
skip connections and cross-layer channel connections,
greatly helped improve CNNs convergence rate. Moreover, parallel (not depth-wise) transformations also helped
tackle difficult problems. Recent efforts, e.g., GoogleNet,
have also targeted reducing CNNs high computational cost
and high memory demands.
ResNets allow the training of very deep neural networks with lower computational complexity than other
proposed networks [27]. ResNets fell under the categories
Fig. 7  Comparison between
accuracies of different
experimented ResNet and CNN
models

90.00%
89.00%
88.00%

88.67%
87.67%
87.47%
87.07%

87.00%
86.00%

ACCURACY

85.00%
84.00%
83.00%
82.00%

of multi-path CNNs and deep CNNs and introduced crosslayer connections to pass residual information and keep
identity shortcuts enabled. Such a shortcut connection
expedites the convergence of deep networks, thereby
avoiding the diminishing gradient issue of deep neural
networks. The ResNet Model produces better results than
CNN models and is considered an improvement to produce
reasonable results while cutting the computational cost
and memory demands. Based on the results, the ResNet
Version 1 and Version 2 both outperforms the 5 CNN models. Also, ResNet Version 2 outperforms ResNet Version
1, which leads to the conclusion that ResNet version 2
outperforms all the models tested in this research. Figure 7
shows the results for ResNet Version 1, ResNet Version 2,

20 epochs

40 epochs

80 epochs

87.22%
86.13%

83.54%

10 epochs

84.53%

86.07%
85.80%

82.47%
82.83%
80.88% 81.24%

81.00%
80.00%

78.75%

80.28%
79.63%
78.67%

79.00%
78.00%
77.00%
76.00%

DEEP LEARNING MODEL
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Table 6  Training and testing computational cost for the proposed
models with their accuracies
Proposed model

Train time

Test time

Accuracy (%)

CNN model 1 (9 layers)
CNN model 2 (10 layers)
CNN model 3 (12 layers)
ResNet V1 (3 blocks)
ResNet V2 (12 blocks)

26.72 min
28.10 min
36.18 min
9.09 h
14.58 h

1.56 s
1.98 s
2.23 s
3.16 s
9.11 s

80.88
81.24
80.28
87.67
88.67

7 Conclusion

The bold value indicate the highest accuracy for each model

and the different CNN models. Clearly, the highest accuracies were obtained with 80 epochs. The ResNet Version 2 network with a depth of 110 and a batch size of 16
achieved the highest accuracy (88.67%), which is higher
than all other network models tested, taking advantage
of the deeper network architecture supported by ResNet.
This is followed closely by the ResNet Version 1 with a
depth of 20 and batch size of 16 (87.67%), and the ResNet
Version 1 with a depth of 110 and batch size of 16. The
CNN networks generally performed worse than the ResNet
networks.
Table 6 shows the training and testing computational
cost for the proposed models with their accuracies. The
models in the table are based on the best accuracies
achieved, which shows variations in the train time based
on the complexity of the model. Although the training
time is high for the ResNet V2, the test time is relatively
close to the other models. The proposed ResNet V2 with
12 blocks (110 network depth) which received the highest
accuracy for the classification of pneumonia, took 14.58 h
to train the model and 9.11 s to test the proposed model.
Table 7 shows the comparison between the results of
the proposed ResNet Model and other models from recent
literature. Our ResNet Version 2 network with a depth of
110 and batch size of 16 results outperforms all previously
Table 7  Comparison of
proposed method results with
recent literature

obtained accuracies published in the literature. All studies included in Table 5 are binary classification problems,
same as the one proposed in this study.

In this article, improved ResNet Architectures are proposed for the automated diagnosis of pneumonia from
chest X-rays. The algorithms proposed in this work are
based on using a modified deep ResNet architecture to
detect pneumonia in chest radiograph images. The modified networks are tested on the DICOM dataset detailed
in the paper. An average recognition rate of 88.67% was
achieved, which exceed other methods reported in the
recent literation shown in Table 5. Generally, ResNet networks tested performed better than CNN networks tested.
Future work in this area will include developing or
modifying more complex algorithms that automatically
detect pneumonia not only through image recognition but
also through a combination of image recognition, laboratory test, vital signs, and medical history. This will imply
the design of complete Artificial Intelligence (AI) based
system that can replicate the diagnosis, which is done by
medical doctors and practitioners to automate this process
without human intervention. The field of deep learning
machine learning algorithms and architectures is developing at a swift pace and is envisioned to continue growing
so that it is integrated into many fields for automatic recognition. We plan to keep pace or ahead of these developments to develop novel architectures that can detect and
diagnose pneumonia and other diseases using various
information in various formats to arrive at a diagnosis with
accuracy that can exceed that of trained human professionals. Future work will also include the use of the proposed
modified ResNet Architecture on other medical diagnosis
applications such as MRI brain tumor detection, Skin Cancer Detection, and others.

Source

Method

Dataset

Accuracy (%)

Proposed method
Al Mubarok et al. [23]
Donthi et al. [24]
Sirazitdinov et al. [25]

ResNet with 110 layers depth
ResNet and mask-RCNN
Convolutional neural networks (CNNs)
Ensemble of 2 CNNs

RSNA Dataset
RSNA Dataset
RSNA Dataset
RSNA Dataset

Tang et al. [26]
Wesley et al. [30]

Convolutional neural networks (CNNs)
Deep learning network

RSNA Dataset
5659 X-rays

88.67
85.6
78.9
Precision
0.883,
Recall 0.652
86.38
72

The bold value indicate the highest accuracy for each model
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