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Abstract

The coronavirus disease (COVID-19) has taken the entire world under its influence, causing a worldwide health crisis. The most
concerning complication is acute hypoxemic respiratory failure that results in fatal consequences. To alleviate the effect of COVID-
19, the infected region should be analyzed before the treatment. Thus, chest computed tomography (CT) is a popular method to
determine the severity level of COVID-19. Besides, the number of lobe regions containing COVID-19 on CT images helps
radiologists to diagnose the findings, such as bilateral, multifocal, and multilobar. Lobe regions can be distinguished manually by
radiologists, but this may result in misdiagnosis due to human intervention. Therefore, in this study, a new tool has been developed
that can automatically extract lobe regions using artificial intelligence-based instance-aware semantic lobe segmentation. Convolution
neural networks (CNNSs) offer automatic feature extraction in the instance-aware semantic lobe segmentation task that extracts the
lobe regions on CT images. In this paper, CNN-based architectures, including DeepLabV3+ with VGG-16, VGG-19, and ResNet-50,
were utilized to create a benchmark for the instance-aware semantic lobe segmentation task. For further improvement in segmentation
results, images were preprocessed to detect the lung region prior to lobe segmentation. In the experimental evaluations, a large-scale
dataset, including 9036 images with pixel-level annotations for lung and lobe regions, has been created. DeepLabV3+ with ResNet-50
showed the highest performance in terms of dice similarity coefficient (DSC) and intersection over union (I0U) for lobe segmentation
at 99.59 % and 99.19 %, respectively. The experiments demonstrated that our approach outperformed several state-of-the-art methods
for the instance-aware semantic lobe segmentation task. Furthermore, a new desktop application called LobeChestApp was developed
for the segmentation of lobe regions on chest CT images.

Keywords: Artificial Intelligence, Deep Learning, Instance-Aware Semantic Lobe Segmentation, COVID-19, Convolutional Neural
Network.

Akciger Bilgisayarh Tomografi Goriintiillerinde Yapay Zeka Tabanh

Ornege Duyarh Semantik Lob Segmentasyonu

Oz

Diinya gapinda saglik krizine neden olan Koronaviriis hastaligi (COVID-19) tiim diinyay1 etkisi altina almistir. Oliimciil sonuglara yol
acan akut hipoksemik solunum yetmezligi en ¢ok endise verici komplikasyondur. COVID-19'un etkisini hafifletmek i¢gin tedaviden
once enfekte olan bolge analiz edilmelidir. Bu nedenle gogiis bilgisayarli tomografi (BT), COVID-19'a ait siddet diizeyini belirlemek
icin kullanilan yaygin bir yontemdir. Ayrica BT goriintiilerinde COVID-19 igeren lob bdlgelerinin sayisi radyologlarin bilateral,
multifokal ve multilobar gibi bulgular1 teshis etmesine yardimei olur. Lob bolgeleri radyologlar tarafindan manuel olarak ayirt edilir,
ancak bu uzun caligma saatleri nedeniyle yanlis teshislere neden olur. Bu nedenle lob bolgelerini otomatik olarak ¢ikarabilen yeni
araglara olan ihtiya¢ artmustir. Evrisim sinir aglart (CNN'ler), BT goriintiilerinde lob bolgelerini ¢ikaran, 6rnege duyarli anlamsal lob

segmentasyon gorevinde insan hatalarini en aza indirmek icin otomatik bir yaklasim saglar. Bu makalede, 6rnege duyarli anlamsal lob
bolitleme gorevinde bir kiyaslama olusturmak icin VGG-16, VGG-19 ve ResNet-50 kullanan DeepLabV3+ gibi CNN tabanlt
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mimariler kullanildi. Boliitleme sonuglarini iyilestirmek i¢in lob boliitlemesinden 6nce akcigeri ¢ikarmada goriintiilere 6n igleme
uygulandi. Deneysel degerlendirmeler igin akciger ve lob bolgelerini piksel diizeyinde etiketli 9036 goriintii i¢eren biiylik dlgekli bir
veri seti olusturulmustur. ResNet-50 kullanan DeeplLabV3+, lob boliitlemede sirasiyla zar benzerlik katsayisi (DSC) ve Jaccard
benzerlik katsayisi (IOU) agisindan en yiiksek basarimi sirasiyla ile % 99.59 ve % 99.19 olarak gosterdi. Deneyler, yaklagimimizin,
ornege duyarli anlamsal lob boliitleme gorevi igin birkag¢ son teknoloji yontemden daha iyi performans gosterdi. Ayrica, gogiis BT
gorintiilerinde lob bolgelerinin boliitlenmesi i¢in LobeChestApp adli yeni bir masaiistii uygulamasi gelistirilmistir.

Anahtar Kelimeler: Yapay Zeka, Derin Ogrenme, Ornege Duyarli Anlamsal Lobe Béliitlemesi, COVID-19, Evrisimsel Sinir Aglar1.

1. Introduction

Millions of people suffer from lung diseases, such as asthma, bronchitis, accumulation of water in the chest, shortness of breath,
hydatid cyst, pleurisy, tuberculosis, and pneumonia, and four million people die from these diseases every year (Cruz, 2007). In
addition, a new lung disease called COVID-19 has recently spread all over the world. To diagnose COVID-19,the real-time reverse
transcription-polymerase chain reaction (RT-PCR) test detecting viral RNA via nasopharyngeal swabs has been used during this
period (Wang et al., 2020). However, these tests have several drawbacks, such as requiring high-cost laboratory
equipment with specialists and providing a high response time with a low detection rate. To mitigate the aforementioned issues,
several approaches have been developed for diagnosing COVID-19, including biosensors, serology-based tests, and medical imaging
(Giri et al., 2021). Among the approaches, medical imaging, involving X-rays, magnetic resonance imaging (MRI), and computed
tomography (CT), become dominant due to their advantages in the diagnosis of COVID-19. X-rays supply poor-quality imaging,
while CT and MRI offer a more detailedimage in analyzing the disease. CT is a more preferred imaging technique than MRI due to its
low cost. Therefore, CT imaging has been widely used in the diagnosis of COVID-19. Over the past ten years, several studies have
shown that CT imagingis necessary to assess the progress of diseases like COVID-19 (Miiller, 1991). Moreover, CT imaging is
considered the gold standard for analyzing morphological changes in the airways and lung parenchyma (Davis, Brody, Emond,
Brumback, & Rosenfeld, 2007; Davis, Fordham, et al., 2007).

Human lungs are anatomically and functionally dividedinto five distinct sections called lobes. The left lung has two lobes, while
the right lung has three lobes, as shown in Figure 1. The pulmonary lobe with the COVID-19 region on the CT image provides
information about the level of the disease. However, manual identification of lobe regions is prone to human intervention leading to
misdiagnosis. Therefore, an automatic system that can detect lobe regions on CT images is requiredto help radiologists during the
diagnosis of COVID-19. To address this problem, artificial intelligence-based approaches, including machine learning and deep
learning, have been proposed to segment lobe regions on lung images (Soomro et al., 2022). While machine learning methods are
generally trained using small-scale datasets, deep learning methods, used for more complex tasks such as image classification and
segmentation, require relatively large datasets to improve predictive performance (Liu & Lang, 2019).Features are manually extracted
in machine learning, however, deep learning automatically extracts the features of an image. The fact that deep learning automatizes
the feature extraction process leads to being preferred for medical imaging tasks (Suzuki, 2017). Deep learning utilizes neural network
architectures, including convolutional neural networks (CNNs) (Akosman, Oktem, Moral, & Kilig, 2021; Cayli, Kilic, Onan, & Wang, 2022;
Dogan, Isik, Kilig, & Horzum, 2022; Dogan & Kilig, 2021; Keskin, Moral, Kili¢, & Onan, 2021; Kilic, Dogan, Kilic, & Kahyaoglu, 2022; Mercan &
Kilg, 2020; Mercan, Kilig, & Sen, 2021; Sen et al., 2022; Yiizer, Dogan, Kili¢, & Sen, 2022), autoencoders (Palsson, Sveinsson, & Ulfarsson,
2022), recurrent neural networks (RNN) (Aydm, Cayl, Kilig, & Onan, 2022; Fetiler, Cayli, Moral, Kili¢, & Onan, 2021; Keskin,
Cayli, Moral, Kili¢, & Onan, 2021; Kilig, 2021; Mercan & Kilig, 2020; Palaz, Dogan, & Kilig, 2021). Among these architectures,
CNNs offer promising performance forimage segmentation.

The instance-aware semantic lobe segmentation task, which labels each lobe region by enumerating between °1° and ‘5’,
provides information about COVID-19 findings, includingbilateral, multifocal, and multilobar (Simpson et al., 2020). Therefore, several
approaches have been proposed for the instance-aware semantic lobe segmentation task. He et al. proposed a multitask multi-instance
deep network (M2UNet) that can classify COVID-19 and segment the lobe regions. Ferreira et al. introduced a fully regularized V-
Net (FRV-Net) to perform the instance-aware semantic lobe segmentation task on pulmonary CT images. Tang et al. employed V-Net
architecture for the instance-aware semantic lobe segmentation task that lung regions are extracted by threshold-based approaches.

(b)

Figure 1: The lung CT image is shown in (a), while the instance-
aware semantic segmented lobe CT image is given in (b).
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The approaches in (X. Chen, Zhang, & Yan, 2019; Kelei He et al., 2021a) are used a threshold-based lung extraction process before
the instance-aware semantic lobe segmentation. However,the threshold-based algorithms show low performance on CT images with
dense tissue.

A few datasets (Sajid, 2020; Yang et al., 2020a) are publicly available for COVID-19 segmentation or classification, however, these
datasets do not contain images with lobe labels. Thus, a new dataset with pixel-level annotations for lung and lobe regions has been
created. After the original images have been overlapped with corresponding lung annotations, CNN architecture was trained
separately via both the original and overlapped images to analyze the effect of lung extraction on lobe segmentation. Besides, our
approach has been integrated into a new user-friendly desktop application called LobeChestApp that performs the instance-aware
semantic lobe segmentation task.

In summary, a new dataset has been collected and carried out pixel-wise annotation for lung and lobe regions on CT images.
Besides, the performance of CNN architectures has been compared based on the experiments using the lung segmented and original
images. Finally, our approach has been employed to develop a new desktop application called LobeChestApp to specify lobe
regions during the diagnosis of COVID-19.

2. Methods

CNN architectures perform feature extraction through convolution or fully connected layers. The first layers allow CNN
architectures to learn simple features in the image, while the last layers extract more complex features of the image. Popular CNN
architectures, such as DeepLabV3+, VGG-16, VGG-19, and ResNet-50, for segmentation tasks were utilized to extract simple and
complex features in the image. Besides, a backbone extracting simple features of the image is used in CNN architectures to increase
the predicted performance.

2.1. DeepLabV3+

CNN-based DeepLabV3+ consists of encoder and decoder structures used for segmentation tasks (L.-C. Chen, Zhu, Papandreou,
Schroff, & Adam, 2018). The encoderextracts the features of images, while the decoder reconstructs the feature maps based on the
connection between two structures. The encoder extracts multi-scale features via dilatedconvolutions, which produce the feature map
by adjusting the distance between kernel pixels (L.-C. Chen, Papandreou, Kokkinos, Murphy, & Yuille, 2017). To extract the features
at different levels, the convolutions have different dilation rates, including 1, 6, 12, and 18. Each dilated convolution employs batch
normalization and rectified linear units (ReLU). Afterthe outputs of dilated convolutions are concatenated, a 1x1 convolution and
an upsampling by four sequentially followto obtain the low-level feature maps. In the decoder, a 1x1 convolution is applied to the
low-level backbone feature maps extracted via CNN, like VGG-16, to reduce the number of channels. The convolution output and the
feature map suppliedby the encoder are concatenated to connect two structures. Next, a 3x 3 convolution and upsampling by four
are usedto produce the output feature map of DeepLabV3+. CNN architectures, including VGG-16, VGG-19, and ResNet50, canbe
utilized as a backbone of DeepLabV3+ to extract low-level features.

2.1.1. VGG-16 as backbone:

VGG-16 architecture is structured with five blocks containing 13 convolution layers with a 3x3 filter (Simonyan & Zisserman,
2014). After each convolution layer, a ReLu activation function exists to ensure non-linearity, which avoids acting like a single layer
for sequential layers. The last layer in each block involves a 2x2 max-pooling that decreases the spatial resolution of feature maps
(Das, Fime, Siddigque, & Hashem, 2021). The filters of each convolution in the blocks are 64, 128, 256, 512, and 512. After the
blocks, three fully connected layers perform classification tasks. However, the five blocks of VGG-16 supply low-level features for
semantic segmentation architectures.

2.1.2. VGG-19 as backbone:

VGG-19 architecture containsfive blocks with 16 convolution layers and has a small receptivefield of 3x3 (Das et al., 2021). Each
convolution layer follows a ReLuactivation function, while a max-pooling is used in the last convolution layer of each block. After the
last convolution layer, three fully connected layers follow for classification problems, but they are removed to perform the
segmentation task.

2.1.3. ResNet-50 as backbone:

In the encoder of DeepLabV3+, ResNet-50 architecture can be utilized as a backbone to extractlow-level features of images.
However, the fact that ResNet-50 is deep compared to VGG-16 and VGG-19 causes a performance decrease called the degradation
problem. The residual network, which involves the identity connection between the input and output of the residual blocks, is
utilizedin ResNet-50 to avoid the problem (Kaiming He, Zhang, Ren, & Sun, 2016). The residual blocks with three convolution layers
supply more connection betweenthe layers to improve the performance of ResNet-50. Thisincreases the effect of the deep layers
during backpropagation. ResNet-50 contains three fully connected layers later in thelast convolution block for classification, but
these layers were removed to feed the DeepLabV3+.

2.2. Instance-Aware Semantic Lobe Segmentation

A lung, shown in Figure 1, involves five lobes, including upper left, middle left, lower left, upper right, and lower right. The
instance-aware semantic lobe segmentation task performs pixel-based classification for the lobes and background. The number of
infected regions on each lobe provides information about the COVID-19 findings, which assists to decide the proper treatment. The
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lobe segmentation task employs both original lung images and extracted lung images as input to CNN architectures. The extracted
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Figure 2: LobeChestApp after the instance-aware semantic lobe segmentation task.

lung image increases attention to lung pixels and ignores the non-lung region, so this improves the performance of the instance-aware
semantic lobe segmentation task (X. Chen et al., 2019). To perform the instance-aware semantic lobe segmentation task, DeepLabV3+
with VGG-16, VGG-19, and ResNet-50 has been trained with the collected dataset described in Section 3.1.

2.3. Interface: LobeChestApp

An artificial intelligence-based desktop application called LobeChestApp, given in Figure 2, was developed running
DeepLabV3+ with ResNet-50 to assist radiologists in lobe segmentation during the diagnosis of COVID-19. LobeChestApp has a
login screen allowing users to log in with a password to avoid unauthorized access. The main screen in LobeChestApp enables to
upload of CT images belonging to patients via the add button. The right or left side of the main screen has an area to settle the images,
such as coronal, sagittal, or axial, so all images in CT images can be analyzed through the index slider. Since the instance-aware
semantic lobe segmentation task was performed on axial CT images, the segmentation process can be started after uploading them.
Next, a new red button, which can display the lobe masks produced by CNN architectures, appears for analyzing lobe regions on
corresponding images. The lobe masks and their corresponding images can be overlapped for better analysis of the lobe regions.
Besides, the lobe masks and images can be placed on the right or left side to compare them. After visual detection of COVID-19 in the
image, the users benefit from the lobe mask to specify the number of infected regions on each lobe and COVID-19 findings.

3. Experimental Evaluations
This section presents the collected dataset, evaluation metrics, and performance comparison of CNN architectures.

3.1. Dataset

The dataset is vital for CNN architectures to get a robust model. Although several datasets (Sajid, 2020; Yang et al., 2020b) used
on COVID-19 classification or segmentation problems are available, as detailed in Table I, they are not suitable for the instance-aware
semantic lobe segmentation task. To handle this issue, a new dataset has been created due to the lack of labeled images for the lobe
region. The dataset, which includes CT images belonging to 231 cases, 86 normal and 145 diagnosed with COVID-19, has been
collected with the approval of the ethics committee of Izmir Bozyaka Training and Research Hospital, Department of Radiology. The
technical specifications for CT images are a matrix size of 512x512, pixel spacing of 0.82 mm, and thickness of 5 mm. CT images,
which do not contain lung regions, have been ignored due to a performance decrease in CNN architectures. The lung and lobe regions
on 9036 images in the dataset have been labeled via MATLAB Image Labeler App for the instance-aware semantic lobe segmentation
task. The labels from ‘1’ to ‘5’ have been used for the five lobe regions in the images. Besides, the lung regions and background were
labeled with ‘1” and ‘0’ labels since the segmented lung images are employed in the instance-aware semantic lobe segmentation.
Before training the CNN architectures, the min-max normalization was used to normalize the images for the preprocessing
(Abdulkareem et al., 2021). Moreover, the dataset was split into training and validation subsets.

3.2 Evaluation Metrics

Metrics are essential to evaluate the segmentation performance between the output image of CNN architectures and the
corresponding ground truth. DSC and IOU are common metrics for analyzing the performance of segmentation tasks (Geng, Zhang,
Tong, & Xiao, 2019; Hofmanninger et al., 2020). The DSC indicating similarity between two binary masks, such as the output
image and ground truth, is definedas follows:
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Table I: COVID-19 public datasets. Table I1: The performance comparison for lobe segmentation.
Dataset Type Images/Cases Method 10U (%) DSC (%)
PLXR (Sajid, 2020) X-ray 98/70 DeepLabV3+ (VGG-19) 97.65 98.81
CTSeg (Yang et al., 2020b) CT 349/216 DeepLabV3+ (VGG-16) 97.86 98.92
COVID-CT (Yang et al., 2020b) CT 812/216 DeepLabV3+ (ResNet-50) 98.74 99.37
Ours CT 9,036/145
DSC — 2 xXTP @)

2 X TP+FN +FP

where TP denotes true positive, the common region between the output image and the ground truth. FP means false positive,
represented in the output image but does not include the region belonging to the object on the ground truth. True negative, the regions
outside the union of the output image andground truth, is denoted as TN. FN stands for false negative, representing a region included
within the ground truth but doesnot involve the pixels of the object in the output image. The 10U denotes the overlap ratio between
the output image and ground truth as:

TP 2

10U = 5 PN+ FP

The greater values of the metrics indicate higher similarity between the two sets in terms of the DSC and IOU scores,which
range from zero to one.

4. Results and Discussion

The CNN architectures DeepLabV3+, with ResNet-50, VGG-16, and VGG-19 as a backbone, have been trained and tested with
the dataset introduced in Section 3.1.

Performance comparison of CNN architectures, which use the images without extracting lung regions as input, for the instance-
aware semantic lobe segmentation with respect to DSC and 10U is given in Hata! Basvuru kaynagi bulunamadi.. The empirical
results demonstrate that DeepLabV3+ with ResNet-50 outperformed other architectures with respect to DSC and IOU scores with
99.37 % and 98.74 %, respectively. DeepLabV3+ with VGG-16, which is shallower relative to VGG-19, shows the second highest
result, and DeepLabV3+ (VGG-19) follows because of the degradation problem observed in deeper networks. Furthermore, the
labeled lung images have been used as input for CNN architectures to analyze the impact of removing lung regions on the
performance of the instance-aware semantic lobe segmentation task. The comparison of CNN architectures utilizing the labeled lung
images in terms of DSC and 10U is listed in The CNN architectures DeepLabV3+, with ResNet-50, VGG-16, and VGG-19 as a
backbone, have been trained. Based on the experimental results, DeepLabV3+ with ResNet-50 has shown higher performance with
respect to a DSC score of 99.59 % and an 10U score of 99.19 %. Moreover, DeepLabV3+ with VGG-16 outperforms DeepLabV3+
(VGG-19).

The experimental results using the images with and without lung segmentation demonstrated that extracting the lung regions on
the input images for CNN architectures increases the performance of instance-aware semantic lobe segmentation. DeepLabV3+ with
ResNet-50 has shown higher performance with respect to a DSC score of 99.59 % and an IOU score of 99.19 %. Moreover,
DeepLabV3+ with VGG-16 outperforms DeepLabV3+ (VGG-19). The experimental results using the images with and without lung
segmentation demonstrated that extracting the lung regions on the input images for CNN architectures increases the performance of
instance-aware semantic lobe segmentation. Besides, DeepLabV3+ with ResNet-50 employing labeled lung images as input for CNN
architecture has been compared with recent instance-aware semantic lobe segmentation studies in terms of DSC and IOU scores in
Hata! Basvuru kaynagi bulunamada..

The study in (Ferreira, Sousa, Galdran, Sousa, & Campilho, 2018) employs a relatively small-scale dataset for 3D instance-aware
semantic lobe segmentation; this leads to a lack of generalization capability of the model. The fact that the approaches in (X. Chen et
al., 2019; Kelei He et al., 2021b) use threshold-based algorithms in the preprocessing step to segment lung images as input of the
architectures reduces the quality of lung region extraction due to dense tissue on the images. Therefore, this causes a degradation in
the model performance of the instance-aware semantic lobe segmentation.

Our approach has also been employed in LobeChestApp, which takes 4 seconds in roughly 230 chest CT images for the instance-
aware semantic lobe segmentation task. Thus, radiologists segmenting the lobe on CT images via LobeChestApp can decide which
lobe includes the infection region after manually detecting COVID-19.

Table I11: The experimental results of the instance-aware, Table IV: The comparison between our approach and state-of-the-art
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approaches for the instance-aware semantic lobe segmentation.

Method 10U (%) DSC (%) Method 10U (%0) DSC (%)

DeepLabV3+ 98.48 99.23 M2UNet (Kelei He et al., 2021b) - 78.50

(VGG-19) - - .
DeepLabV3a+ 98.98 99.49 FRV-Net (Ferreira et al., 2018) 93.00
(VGG-16) V-Net (X. Chen et al., 2019) - 94.17

DeepLabV3+ 99.19 99.59 2 n
(ResNet-50) PDV-Net (Imran et al., 2020) 95.00

RTSU-Net (Xie, Jacobs, 94.90 -
Charbonnier, & Van Ginneken,
2020)

Our approach 99.19 99.59

5. Conclusions

In the study, CNN-based architectures have been compared for the instance-aware semantic lobe segmentation task integrated into
the desktop application called LobeChestApp. Moreover, the impact of extracting the lung regions on the performance of the instance-
aware semantic lobe segmentation task using CNN architectures has been analyzed. A large-scale dataset containing labeled masks for
lung and lobe regions has been created using CT images with COVID-19 to train CNN architectures, including DeepLabV3+ with
VGG-16, VGG-19, and ResNet-50. The highest experimental performance for lobe segmentation was achieved via DeepLabV3+
(ResNet-50) with 99.59 % and 99.19 % in terms of DSC and 10U scores. The experimental results demonstrate that our approach,
which removes redundant pixels from the non-lung regions before the instance-aware semantic lobe segmentation task, is
advantageous compared to several state-of-the-art methods. Therefore, DeepLabV3+ with ResNet-50 architecture has been integrated
into LobeChestApp to segment lobe regions that assist in specifying COVID-19 findings. Thus, LobeChestApp, which can be used in
medical centers, has the potential to help radiologists during the diagnosis of COVID-19.
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