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Abstract— Pneumonia is one of the most commonly seen 
illnesses in the world and its diagnosis needs some expertise. 
Computer aided diagnosis methods are used extensively in a lot of 
fields like health care. This study uses Inception-ResNet-v2 deep 
learning architecture. Classification is done by using this 
architecture. ReLU activation function seen in network 
architecture is changed with LeakyReLU activation function and 
classification task is done. After that, all of the maxpooling layers 
seen in network architecture is changed with avepooling layers 
and again classification task is done. Lastly, this seperate changes 
done in network architecture is combined in one network and 
again classification task is done with new network architecture. 
Four experiments are done in total and their results are compared. 
The best case with a sensitivity value of 93.16% and with a 
specificity value of 93.59% is obtained in Inception Resnet V2 with 
together application of LeakyReLU and Averagepooling. 
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I.  INTRODUCTION  
Pneumonia, which is seen widely, is an illness of the lungs 

resulting from inflammation occurence in one or two lungs by a 
bacterium, virus and other germs. Chest X-ray images are used 
widely to clinically diagnose this commonly seen illness in the 
world [1]. For a good diagnosis, true reading of lungs X-rays and 
their good interpretations both take too much time and need an 
expert knowledge. It is very hard to diagnose this illness in the 
regions having no radiologists. In time and accurate diagnosis of 
pneumonia may be life saving. 

 Pneumonia is seen as one or more opacity regions in lungs 
X-ray images [2]. Since appearance of this region is commonly 
uncertain, it is very hard both to see it correctly and to diagnose 
it. Different approaches are needed for examination of images to 
diagnose lungs illnesses correctly. Machine learning and deep 
learning, computer aided diagnosis (CAD) systems are used in a 
number of regions in addition to health area. Studies have shown 
that deep learning algorithms achieve the same or even better 
success rates compared to human experts[3]. In the first stage of 
a study to diagnose lungs cancer by using chest X-ray images, 
region of interest is minimized by using image processing 
methods and noise is eliminated. After that, by using  pixel based 

and feature based techniques seperately, accuracy rates of 96% 
and 88% are acquired respectively [4]. Pranav Rajpurkar and his 
friends have formed ChexNet architecture by using a deep 
learning architecture, named as DenseNet-121, to classify 14 
different illnesses. As a result of this study, obtained F1 metric 
suggests that performance of the architecture is better than some 
radiologists [3]. In a study done to diagnose of pneumonia in 
babies using radiographic images, Naive Bayes, K-Nearest 
Neighbor(KNN), Support Vector Machines(SVM), Multi Layer 
Perceptron(MLP), Decision Tree algorithms are used and Naive 
Bayes method gives the best result with 96% accuracy rate 
compared to others [5]. In another study, to classify pneumonia 
and normal X-ray images Xception and VGG16 deep learning 
algorithms are used and accuracy rates of 82% and 89% are 
obtained respectively [6]. 

 In this study, a classification using a dataset containing 
pneumonia and normal lungs X-ray images is aimed. To do this, 
Inception-ResNet-v2 network and its architecture is used. Four 
experiments are done in total and one of these is done by using 
Inception-ResNet-v2 and the other three experiments are done 
by changing Inception Resnet V2 network structure. It is aimed 
to obtain a more reliable network and increase the resulting 
classification accuracy rate by changing network architecture.  

 

 
a)normal b)pneumonia

Figure 1. Examples of  dataset image 
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Figure 2. Architecture of Inception-ResNet-v2 network [7]

II. MATERIAL AND METHOD 

A. Methodology 
In this study, we use Inception-ResNet-v2 network 

architecture [7]. Inception-ResNet-v2 architecture is given in 
Figure 2. This network architecture contains 164 deep residual 
layers in total.  Architecture is formed by combining some 
blocks. These blocks are Input, Stem, 10 x Inception-ResNet-A, 
Reduction-A, 20 x Inception-ResNet-B, Reduction-B, 10 x 
Inception-ResNet-C, Average Pooling, Dropout, and Softmax 
blocks. Inception-Resnet blocks have some different scale 
factors which scales the outputs of each block in different 
ranges. Network takes images having dimensions of 299x299x3 
as input. Here 299 shows width and height of each input image. 
As can be understood from third element of this input dimension, 
we have RGB images at the input. 

Our study consists of four experiments in total. In the first 
experiment, Inception-ResNet-v2 is used. In the second 
experiment, we use LeakyReLU [8] activation function instead 
of all ReLU [8] activations in network architecture. 
Convolutional blocks which are named as conv_2d in network 
structure have an argument named as 'activation' specifying 
which activation function is selected. This argument is changed 
to 'LeakyReLU' from 'relu' to change the activation type. 
Activation functions are added to each neuron in network 
architecture, and in this manner they determine the output of 
network by doing some mathematical operations on input of 
each neuron. Neuron activation is done by this function 
according to the relevancy of any input for the prediction of 
model. Also, each neuron output can be normalized to a specific 
interval by this function. ReLU activation function gives output 
only when the input value is positive. Otherwise, it gives zero 
value. When input is zero or negative, backpropagation cannot 
be done and in this case network cannot learn. On the other hand, 
LeakyReLU gives output even when input is zero or negative. 
This is the difference between these two activation functions. 

In our third experiment, we change all the max pooling layers 
to average pooling layers. When the given network architecture 
in Figure 2 is examined, max pooling layers can be seen in green 
color. All these seen green colored max pooling layers are 
changed to average pooling. In our last experiment, we decide to 

use average pooling and leakyrelu together after seeing the 
benefits of these changes in our before experiments. We 
combined the changes applied in our first and second 
experiments in one network and started training 

B. Dataset Description 
Our dataset is obtained from Kaggle website which is a 

public site [9]. Some example images from our dataset are given 
in Figure.1. Figure 1(a) shows normal type image example, and 
Figure 1(b) shows pneumonia type image example.   Dataset 
used in this study consists of three parts which are train, 
validation and test. Each of these parts has two classes which are 
normal and pneumonia. Our train part has 1341 normal samples 
and 3875 pneumonia samples. Test part has 234 normal samples 
and 390 pneumonia samples. Lastly, validation part has 8 
normal samples and 8 pneumonia samples. All of these images 
are Chest X-ray images. And these Chest X-ray images are 
selected from retrospective cohorts of pediatric patients of one 
to five years old from Guangzhou Women and Children’s 
Medical Center, Guangzhou. All chest X-ray imaging was 
performed as part of patients’ routine clinical care.  

III. EXPERIMENTAL RESULTS  
The aim of this study is to classify Chest X-ray images more 

accurately than existing methods. To reach this aim four 
classification tasks are realized in 20 epochs.  

Our first classification task is done by using Inception-
ResNet-v2 network architecture with no change. When Table 1 
given above is examined, a sensitivity value of 87.18%, and a 
specificity value of 96.67% is acquired. In normal class, 204 out 
of 234 images are correctly estimated. And, in pneumonia class, 
377 out of 390 images are correctly estimated. This result shows 
us that our first classification task is not reliable because of a big 
gap between sensitivity and specificity values.  

As a result of our second classification task done by 
changing all ReLU layers with LeakyReLU layers in network 
architecture, sensitivity and specificity values increase. So, 
resulting classification accuracy increases. As can be seen in 
Table 1, when the new network architecture is tested on test part 
of our dataset, a sensitivity value of 87.61%, and a specificity  
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a) Inception-ResNet-v2 b) Inception-ResNet-v2 with Leakyrelu 

c) Inception-ResNet-v2  with Averagepooling d) Inception-ResNet-v2 with Leakyrelu and Averagepooling 
Figure 3. Accuracy and loss graph.

value of 97.44% is acquired. According to this, 205 out of 234 
images in normal class and 380 out of 390 images in pneumonia 
class are correctly estimated. This result shows us that although 
resulting an accuracy increase, our second classification task is 
not also reliable because of a big gap between sensitivity and 
specificity values.  

Our third classification task is done by changing all the 
maximum pooling layers with average pooling layers in network 
architecture. According to the results given in Table 1 obtained 
by testing our new network model on test part of our dataset, a 
sensitivity value of 94.02%, and a specificity value of 91.79% is 
reached. Resulting accuracy value is obtained as 92.63%. 
According to this, 220 out of 234 images in normal class and 358 
out of 390 images in pneumonia class are correctly estimated. 
This classification test result shows us that by using only average 
pooling in network, we can close the gap between sensitivity and 
specificity values.  

After the examination of our second and third classification 
task, we see that together usage of LeakyReLU and average 
pooling in one network architecture may both increase the 
resultant classification accuracy and close the gap between 

sensitivity and specificity values. For this aim, we realize our 
fourth experiment with the mentioned changes in network 
architecture. Once Table 1 is examined, a sensitivity value of 
93.16% and a specificity value of 93.59% is acquired by testing 
the new obtained network model on our dataset’s test part. So a 
resultant classification accuracy rate of 93.43% is obtained. 
According to this, 218 out of 234 images in normal class and 365 
out of 390 images in pneumonia class are correctly estimated.  

As a result of four experiments, accuracy/loss graphics of 
models are given in Figure 3. Figure 3(a) shows accuracy/loss 
graphics of Inception-ResNet-v2. When this graphic is 
examined, accuracy values of train and validation steps reach 
saturation after 15 epochs. And at that moment decreases of train 
and validation losses stop. Figure 3(b) shows the accuracy/loss 
graphics of Inception-ResNet-v2 with LeakyReLU. According 
to Figure 3(b), train and validation accuracies reach saturation 
after 15 epochs. Train loss starts to decrease linearly after 10 
epochs. And validation loss starts to also decrease linearly after 
15 epochs. 

TABLE I.  CLASSIFICATION RESULTS 
Network Sensitivity Specificity Accuracy Normal Predicted Pneumonia Predicted 

Inception-ResNet-v2 0.8718 0.9667 0.9311 204 377 

Inception-ResNet-v2 with Leakyrelu 0.8761 0.9744 0.9375 205 380 

Inception-ResNet-v2 with Averagepooling 0.9402 0.9179 0.9263 220 358 

Inception-ResNet-v2 with 
Leakyrelu and Averagepooling 

0.9316 0.9359 0.9343 218 365 
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Figure 3(c) shows the accuracy/loss graphics of Inception-
ResNet-v2 with averagepooling. When this figure is examined, 
train and validation accuracies reach saturation after 15 epochs. 
Decrease of train loss stops after 5 epochs. Validation loss 
continue to decrease with ups and downs after 10 epochs. Figure 
3(d) shows the accuracy/loss graphics of Inception-ResNet-v2 
with LeakyReLU and averagepooling. According to Figure 3(d), 
while train accuracy reaches saturation after 10 epochs, 
validation accuracy doesnot reach to saturation. While, train loss 
is constant after 15 epochs, validation loss continues to decrease 
with ups and downs after 15 epochs. 

IV. CONCLUSION 
In this study, we try to find a more reliable network model for 
the classification of Chest X-ray images. According to the 
results obtained from the networks with partial structural 
changes, the combinational application of them is guessed to 
give a more reliable classification task. As we guess, at the end 
of training of our new network model, we close the gap between 
sensitivity and specificity values. Therefore, a more reliable 
network is acquired. In addition to this, we get a better accuracy 
value at the end of testing of our new network compared to 
original Inception-ResNet-v2 model. 

REFERENCES 
[1] Davies, H. D., Wang, E. E.-L., Manson, D., Babyn, P. and Shuckett, B. 

"Reliability Of The Chest Radiograph In The Diagnosis Of Lower 
Respiratory Infections In Young Children", The Pediatric Infectious 
Disease Journal, vol. 15, no. 7, pp. 600-604, 1996. 

[2] Tomás, F. "Imaging of Community-acquired Pneumonia", Journal Of 
Thoracic Imaging vol. 33, no. 5, pp. 282-294, September, 2018. 

[3] Pranav Rajpurkar, Jeremy Irvin, Kaylie Zhu, Brandon Yang, Hershel 
Mehta, Tony Duan, Daisy Ding, Aarti Bagul, Curtis Langlotz, Katie 
Shpanskaya et al. "Chexnet: Radiologist-Level Pneumonia Detection On 
Chest X-Rays With Deep Learning", 2017. 

[4] Udeshani, K. A. G., Meegama, R. G. N., and Fernando, T. G. I.,  
"Statistical feature-based neural network approach for the detection of 
lung cancer in chest x-ray images", International Journal of Image 
Processing (IJIP), vol. 5, no. 4, pp. 425-434, 2011. 

[5] Sousa, R. T. et al., "Evaluation of Classifiers to a Childhood Pneumonia 
Computer-Aided Diagnosis System," 2014 IEEE 27th International 
Symposium on Computer-Based Medical Systems, New York, pp. 477-
478, 2014. 

[6] Ayan, E., and Ünver, H. M.  "Diagnosis of Pneumonia from Chest X-Ray 
Images Using Deep Learning, " 2019 Scientific Meeting on Electrical-
Electronics & Biomedical Engineering and Computer Science (EBBT) " ,  
Turkey, pp. 1-5, 2019. 

[7] Szegedy, C., Ioffe, S., Vanhoucke V. and Alemi, A. A. "Inception-V4 
Inception-Resnet And The Impact Of Residual Connections On Learning", 
2017. 

[8] Bing, Xu et al. "Empirical Evaluation Of Rectified Activations In 
Convolutional Network", 2015. 

[9]    Web address: https://www.kaggle.com/paultimothymooney/chest-xray-
pneumonia , Date of access: 05.08.2020. 

 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 

 
 
 


