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Abstract

Thoracic CT scans are used for detection of various pulmonary diseases. Two types of scans are used

to detect problems with the lungs, scans in the inspiration phase and in the expiration phase. However,

often, the phase information is missing or misclassi�ed in these scans because of human error. This thesis

introduces a 3D convolutional neural network (CNN) architecture to classify between these respiration

scans. The model takes 3D full volumes of the scans as an input to the 3D model, which reaches a �nal test

classi�cation accuracy of 96.5%. The most important biomarkers or features which the model pays attention

to are also visualised, providing information about how the model reaches the classi�cation results. These

visualisations can be explained well, that is, a trustworthy AI has been constructed. Due to a gap in literature,

the proposed model acts as a benchmark for classi�cation between phases of respiration using deep learning

methods.

Keywords: thoracic CT scans, inspiration, expiration, 3D Convolutional Networks
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1 Background

Breathing occurs in two phases, inspiration (breathing in and holding air in the lungs) and expiration

(expelling air from the lungs). As shown in �gure 1, currently, the lab technician who performs the CT scan

will classify the thoracic (chest)CT scans by manually entering information of the phase of respiration along

with other patient information. inspiration and expiration scans, which are then used for the diagnosis

of different diseases. There are misclassi�cations sometimes, or this data is not entered alongside other

important information like patient IDs, and series numbers. There is no automation done to identify the

phase of respiration. When these misclassi�ed scans reach automated software to detect different pulmonary

diseases, unnecessary or improper scans are taken as input, affecting the �nal diagnostic accuracy. As

seen in �gure 2, this thesis aims to automate the classi�cation of respiratory phases using deep learning

architectures.

Figure 1: Current setup for classi�cation of inspiration and expiration scans

A vital step before detection of diseases- Inspiration scans are used to detect a lot of pulmonary diseases,

while expiration scans are also important for detection of problems with the trachea (windpipe). This step is

currently done by humans, and with humans, there come a lot of errors. Often, this vital information is

missing from the data associated with the scans, or in some cases, misclassi�ed. (images taken from

basicphysiology.com/ and freepik.com)

Figure 2: Proposed deep learning system to classify inspiration and expiration scans

The human will be replaced by an arti�cially intelligent system capable of classifying inspiration and

expiration scans automatically and instantly, �agging any improper scans in the automated system used to

detect diseases. (cnn image taken from Ciaburro, 2020)

To explain this process, the thesis will �rst look at the anatomy of lungs, the process of respiration and
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various pulmonary diseases which affect respiration, the use of computer tomography (CT) for scanning

lungs and the traditional methods of pulmonary disease detection, the use of deep learning in conjunction

with CT scans to diagnose diseases and the problems associated with deep learning in section 1. This section

also describes recent relevant works associated with deep learning and chest CT scans. Then, section 2 will

discuss the data, and motivations for using 3D data and architectures, preprocessing, model architecture and

performance evaluation metrics, as well as the validation of the model. Section 3 will detail results from the

constructed model as well as the explainability of the model. Section 4 will lend more details to the methods

and results, and detail the clinical applications, future scope and challenges of this project.

1.1 The anatomy of lungs

The lungs are the most important organ in the respiratory process. The trachea, or windpipe, responsible for

carrying oxygen into the body and carrying carbon dioxide outside the body, is connected to the right and

left bronchi of the lungs. The lungs are housed by the diaphragm, a �at, dome-shaped muscle. The left lung

has a cardiac notch, a small indentation to host the heart. Compared to the right lung, the left lung is longer,

but sleeker, whereas the right lung has a higher volume. The right lung is responsible for 55% of lung activity

(Kelly, 2020). The lung is further subdivided into sections called lobes; the right lung has superior, inferior

and middle lobes, while the left lung is divided into the superior and inferior lobes. The lobes are further

subdivided into bronchopulmonary segments- the anatomical, functional, and surgical units of the lungs.

Some diseases of the lungs typically affect one or more bronchopulmonary segments, and in some cases, the

diseased segments can be surgically removed with little in�uence on neighbouring segments (Kelly, 2020) .

The complete anatomy of lungs is shown in �gure 3.

Figure 3: Complete anatomy of the lungs

(image taken from Kelly, 2020)
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1.2 Respiration and problems with respiration

The process of breathing in organisms involves two steps- inspiration and expiration. The process of

breathing air in (inspiration) helps get oxygen to the tissues in the body, while the process of breathing out

(expiration) expels carbon dioxide from the body. When inspiration takes place, the diaphragm �attens,

and the ribs and sternum are elevated. As air �lls the lungs, the lung volume also increases. During passive

expiration, the diaphragm goes back to the relaxed state, while the ribs and the sternum are depressed. As

the air leaves the lungs, the volume of the lungs also shrinks (Pandirajan, 2021). This is the process of normal

ventilation. The process is brie�y explained in �gure 4. The differences in the structure of the lungs during

inspiration and expiration are detailed in table 1.

Difference Inspiration Phase Expiration Phase

Trachea shape Round/elliptical crescent moon

Lung shape Appears fuller Appears de�ated

Area Increase in cross sectional area Decrease in cross sectional area

Diaphragm position Lowered due to contraction Raised due to relaxation

Table 1: Differences between inspiration and expiration scans as seen on scans

Figure 4: Differences between inspiration and expiration scans

(image taken from Pandirajan, 2022)

This process, however, is obstructed severely because of various pulmonary diseases like emphysema,
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chronic bronchitis, and other chronic obstructive pulmonary diseases (COPD). The major symptom of these

diseases is the limitation of air�ow due to airway or other abnormalities (Alvar et al., 2021)- due to which

patients cannot inspire well. These diseases normally affect the trachea, or airway, by either causing a

narrowing or blocking. The recent SARS-CoV-2 (COVID-19) virus is also known to cause the development of

�brotic-like radiographic abnormalities (McGroder et al., 2021). Pulmonary �brosis and sarcoidosis cause

scarring or in�ammation of lung tissue, causing the lungs unable to expand fully, thus causing issues with

inspiring. Some other diseases also affect lung circulation- by infecting blood vessels, leading to clotting,

scarring, or in�ammation of the blood vessels. These diseases thus affect the ability of the lungs to inhale

oxygen during inspiration (Hadjiliadis and Harron, 2020). The detection of these diseases can be done using

thoracic computer tomography (CT) scans, which is detailed in section 1.3.

Most of these diseases can be detected on thoracic CT scans taken in the inspiration phase. Detection

of pneumothoraces and pulmonary nodules is also done using inspiratory thoracic scans. In patients

with obliterating bronchiolitis, the amount of soft tissue in and around the bronchioles is relatively small

(Gaeta et al., 2013). This means that inspiratory scans cannot detect bronchiolitis easily. An expiration scan,

however, can be used to detect air trapping in the trachea (Tanaka et al., 2003). Similarly, the diagnosis of

tracheobronchomalacia is made on an expiratory scan which demonstrates the collapse of the trachea and/or

large bronchi (Gaeta et al., 2013). This shows that both- the inspiration and expiration phases of ventilation

are used in thoracic scans, and are both important for the detection of various pulmonary diseases. However,

some COPD screenings still do not acquire expiratory scans (Vestbo et al., 2008). Table 2 summarises the

different pulmonary diseases and their symptoms detected with inspiration and expiration phase scans.

Disease Detected by Inspiration Phase Disease Detected by Expiration Phase

Emphysema Bronchiolitis

Gas trapping due to emphysema mosaic perfusion due to airway abnormality

emphysema, chronic bronchitis mosaic perfusion due to vascular abnormality

chronic obstructive pulmonary diseases (COPD) bronchopneumonia, hypersensitivity pneumonitis, sarcoidosis

tumours concomitant airway obstructive and in�ltrative lung diseases

Table 2: Different diseases diagnosed with inspiration and expiration scans

1.3 Detecting Respiratory Problems using Computer Tomography

Computer tomography is a diagnostic X-ray imaging procedure used to produce detailed images of internal

organs, tissues, bones and blood vessels. A CT scanner shoots x-rays at a patient in the scanner; these rays

are collected at the opposite end of the scanner after passing through the patient's body. These rays are used

to reconstruct the image of the regions of interest inside the patient's body. One of the main challenges of

using CT imaging is the acquisition time. Since patients are exposed to radiation, it is necessary to keep the

acquisition time short, however, there is always a trade-off between acquisition time and image quality. The

balance of image quality and keeping the radiation dose low is often complicated by many factors like body

structure and different sizes and differences between soft tissues and fat among many other factors (Brady

et al., 2021). CT scans also suffer from various artefacts like noise, motion artefacts caused by respiration

and heartbeats, beam hardening or large dark streaks with bright streaks around them between two high

attenuation objects like metal and bone, and helical and multi-planar reconstruction artefacts (Cuete, 2013).

Medical datasets are saved in a format called Digital Imaging and Communications (DICOM). All in-

formation about the patient from the images- patient ID, study date, series date, acquisition date, phase
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of respiration (inspiration/expiration) is stored in a tag called DICOM tag. However, in many datasets, the

DICOM information regarding the phase of respiration is often misclassi�ed or absent, and thus cannot be

relied on. This became the motivation for the thesis, automated classi�cation of inspiratory and expiratory

thoracic scans.

For thoracic CT scans, in particular, a 3D volume is generated, which consists of multiple 2D images

(slices) of the scan throughout the thoracic area. These scans can be viewed in 3 views, the sagittal view, axial

view and coronal view. The differences between the views are explained by �gure 5. There exists a small gap

between successive slices, called the interslice distance. This determines the number of images in a volume.

In the CT, pixel spacing values indicate the real-world size or scale of each pixel in the 3D slice stack. The

depth pixel spacing, along the Z-axis, is usually measured in millimetres. Similarly, the X and Y spacing is

calculated in millimetres. Together, X, Y, and Z pixel spacing values help de�ne the size of a 3D voxel, or

volumetric pixel. The spacing values also indicate “resolution.” Smaller pixel spacing values indicate that

more �ne-grained details on the imaged object are likely to be well captured and resolved in the image stack

(MorphoSource, 2021). Slice spacing is the corresponding value to pixel spacing (in x,y plane) in z-direction

(scan direction) The slice thickness corresponds to the thickness of each successive image, which is usually

1.5mm ultimately determines the trade-off in image quality between spatial resolution (how clearly you can

differentiate small changes in the image) and image noise (the standard deviation of the image) (Charles,

2022).
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Figure 5: Reconstructed image from CT scan

The reconstructed image from the CT scanner can be viewed from three perspectives, the axial plane, sagittal

plane and coronal plane. The axial plan produces slices from a bottom-up perspective. We are able to view a

section of the lungs from the bottom of the body. The coronal plane produces slices from the front to back.

When viewed, we can see both lungs as if looking directly perpendicular to the body. The sagittal plane

produces scans from a sideways perspective. When looking at a scan, a section of one lung can be seen from

the side of the body. (image taken from

https://www.ipfradiologyrounds.com/hrct-primer/image-reconstruction/)

An example of a chest CT scan viewed from all three planes, coronal, axial and sagittal planes can be seen

in �gure 6
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Figure 6: The three views of a chest CT scan.

Top-right is the axial view, Bottom-right is the coronal view, while Bottom-left is the sagittal view. All three

views are useful for diagnosis, depending on the area and volume of the region of interest. For example. the

trachea can be best observed from the axial view, while the diaphragm and ribs are best seen in the coronal

and sagittal views.

Low dose chest CT 1 is routinely used for evaluation of acquired and congenital lung abnormalities, such

as pneumonia, interstitial lung disease or tumor evaluation . The radiologist decides the proper settings to be

used for the scan depending on the patient's medical problems and what information is needed from the CT

scan. The 3D reconstructed image from the scanner is then acquired. Each voxel (3 dimensional pixel) in this

image has a different intensity level based on the object present at that position. These intensities are stored

as Houns�eld Units (HU). The scale is a linear transformation of the original linear attenuation coef�cient

measurement into one in which the radiodensity of distilled water at standard pressure and temperature

(STP) is de�ned as 0 Houns�eld units the radiodensity of air at STP is de�ned as ¡ 1000 HU (Houns�eld,

1980). The Houns�eld Scale is given for relevant CT imaging in table 3.

1High dose CT is mainly used for abdomen and pelvis scans
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Substance HU

Air -1000

Parenchyma in Lungs -700 to -600

Lung -500

Fat -100 to -50

Water 0

Grey Matter 37 to 45

Blood 30 to 70

Liver 40 to 60

Soft Tissue on Contrast CT 100 to 300

Cancellous Bone 300 to 400

Cortical Bone 500 to 1900

Table 3: HU Scale

In a voxel with an average linear attenuation coef�cient ¹ the corresponding HU value is given by:

HU Æ1000¤
¹ ¡ ¹ water

¹ water ¡ ¹ ai r
(1)

Some inspiration and expiration scans are represented in �gures 7 and 8. As it is clearly visible in the

axial view, in inspiration scans, the trachea appears to be fully rounded, while in expiration scans, the trachea

shape appears to resemble a crescent moon. Similarly, inspiratory lungs appear fuller, while expiratory lungs

appear more de�ated. This is also evident in the other views.

Figure 7: Expiration and Inspiration scans (axial view) seen in CT

On the left is an expiration scan, with a crescent shaped trachea, and low lung volume, as compared to the

inspiration scan on the right. The full round shape and the increased lung volume can be clearly seen.

14
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