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Chapter 1

Introduction

Cancer is the leading cause of death worldwide, accounting for nearly 10 million deaths in
2020, or almost one in six deaths(37). The most common cancers are breast, lung, colon,
rectum, and prostate cancers. Lung cancer is a type of cancer that develops in the tissues of
the lungs, most commonly in the cells lining the airways(6). It is the leading cause of cancer
death among men and the second leading cause of cancer death among women worldwide(32).
More than 2.2 million new lung cancer cases were reported in 2020 alone(3). According to
the National Cancer Institute of America (15), lung cancer is responsible for 51.6 percent of
cancer-related deaths among males and 34.4 percent of cancer-related deaths among women

in the United States. It demonstrates that lung cancer patients had the highest mortality rate.

1.1 Problem Statement

Pulmonary nodules are the first signs and symptoms of lung cancer. Pulmonary nodules are
frequently discovered due to regular examination or CXR imaging for reasons unrelated to
lung cancer. Nevertheless, long before clinical symptoms or any indicators appear(4), a chest
radiograph (CXR) can reveal them, and chest radiography is the most common radiological
exam globally. Although CXR can detect early-stage lung cancer, radiologists face a challeng-
ing task due to the various sizes of lung nodules(7). Furthermore, the density of pulmonary
nodules varies significantly across the human body. As a result, CXR is crucial in correctly
identifying nodules in the quest for early lung cancer diagnosis(4). Additionally, bones and or-
gans frequently conceal lung nodules(4). Simultaneously, as the number of new cases grows,
The danger of inaccuracy in detecting malignant nodules is a very complex undertaking. Thus
CXR interpretation can quickly become complicated for radiologists(4). To detect the char-
acteristics of lung nodules on CXRs, researchers devised a computer-aided detection (CADe)

technique.

1.2 Motivation

Accurate early discovery of a malignant lung nodule can considerably improve the patient’s

chances of survival; yet, detection of early-stage lung cancer has been a serious concern for
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the previous several decades. The ability to diagnose pulmonary nodules rapidly and reliably
is critical in treating lung cancer(33). X-rays are often used to diagnose lung cancer(34). The
motivation behind this work was to use X-rays to detect malignant nodules, which will help

with better lung cancer diagnosis and treatment.

1.3 Goals and Objectives

Lung cancer is a high-risk disease that affects people worldwide, and lung nodules are the most
common symptom of early lung cancer. Early lung nodule recognition decreased radiologists’
effort and the risk of misdiagnosis and missed diagnoses. We propose accurately detecting

cancerous lung nodules from chest X-rays using deep learning techniques discussed below.

1.4 Importance in countries like Bangladesh

Detecting lung nodules from the chest using medical imaging has been used for a long time.
Primarily, lung nodules are detected on a chest using a medical imaging technique called
computerized tomography (CT) scan(7). CT scan creates images of a cross-section of the
patient’s body using X-rays and computers(1). It takes photos of patients’ bones, muscles,
organs, and blood arteries in very thin slices, allowing healthcare providers to observe the
patient’s body in incredible detail(2). X-rays are one kind of radiation called electromagnetic
waves(1). X-ray imaging creates pictures of the inside of one (1). As X-rays travel through
the body, they are absorbed in different amounts by different tissues(1). Higher density tissue
creates a whiter image than other tissues against the black background of the film. X-rays
produce 2D images. X-rays are less detailed and less powerful than CT scans(5). Compared
to CT scans, X-rays are more extensively utilized and less expensive. An X-ray is easily
accessible and cheaper than a CT scan in countries such as Bangladesh, where medical services

are not as good as in the United States or Canada.

1.5 Detection Approaches

Deep learning techniques have been widely used for object detection from images. Previously
researchers have used deep learning to detect cancerous nodules from CT scans (14). Because
nodule detection is done using CXR images in this study, it is far more difficult than nodule
detection from CT scan slices. This work proposes using state of the art object detection
models to detect cancerous nodules from CXR images. Initially, we tried to detect nodules
using the Faster R-CNN model, which has shown to be one of the states of the art object
detection model(24). Along with Faster-RCNN, Mask-RCNN (16), and You only look once
(YOLO) (23) models are also used for detection. These object detection models generate
bounding boxes around target objects, allowing them to be located in an image or video. These

models typically use an encoder that takes an image and passes it through a series of blocks and
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layers that learn to extract statistical information that can be used to find and classify objects.
The encoder’s outputs are then given to a decoder, which predicts each object’s bounding boxes
and labels.

1.6 Report Layout

The rest of the paper is arranged as follows: Part 2 discusses important papers, Part 3 discusses
recommended techniques, and Section 4 discusses the experimental setup for all models. The
evaluation metrics used to evaluate the works are discussed in Chapter 5. Chapter 6 contains
the results, analysis, and debate. Model deployment is described in detail in Chapter 7. Finally,

Chapter 8 concludes and discusses the future works.



Chapter 2

Literature Review

The study of detecting lung nodules from images has been ongoing for a long time to make
lung nodule detection faster and more accurate. Their works (28) use faster R-CNN to de-
tect lung nodules from CT images in their works. They show a comparative analysis between
RCNN vs Fast R-CNN vs Faster R-CNN and how faster R-CNN performs better in detect-
ing lung nodules. (38) It proposes a computer-aided automated pulmonary nodule detection
method based on 2D CNN, which is composed of nodule candidate detection and false-positive
reduction.(25) proposed a deep neural network-based automated lung cancer detection frame-
work in their works where 3D lung CT image was analyzed for the presence of malignant
nodules. (8) presents a deep learning framework to segment lung fields on clinical chest X-ray
images for the first time. They propose an architecture which uses a simple seven-layer (six-
layer for the fixed-scale) network that gives a state of the art result in segmenting lung fields
from CXR images at that time. In their works, (10) proposes a CADe scheme that detects
Pulmonary nodule on chest radiographs using a balanced convolutional neural network and
classic candidate detection. This scheme includes segmentation of the lung parenchyma using
the M-ASM algorithm, nodule enhancement techniques, watershed segmentation of lung nod-
ules, synthetic training images, and transfer-learning methods for nodule classification. (19)
develops three CNN Frameworks and an E-CNN model for detecting lung nodules in CXRs.
They constructed three CNN models labelling them as CNN1, CNN2, and CNN3 and an en-
semble model using the E-CNNs for the detection task. An adaptive loop filter was utilized
to detect a tumour’s candidate site in the method (36). They chose an ideal feature from 210
features to discriminate between normal and abnormal regions. Smooth loop filters were em-
ployed to smooth other tissues, and a wavelet-snake approach was used to extract and input
geometry and data into the neural network for nodule classification by (17). (29) devising
a multi-resolution massive training artificial neural network image processing technique that
helps suppress rib and clavicle contrast in CXRs. Many studies have focused on decreasing
false positives based on the classification premise.(39) suggested a way to reduce the FP’s in
the system by reducing the effects of rib features on lung nodule detection by employing the
symmetry principle of the left and right lung regions. To increase the detection rate of nod-
ules of various sizes (26) proposed a multiscale technique. The K-nearest neighbour classifier
extracted features from the candidate regions using Gaussian filter banks of multiple sizes.
In our works, we propose to train and build a deep learning-based model that will both de-
tect and classify cancerous nodules from CXR using Faster R-CNN(24), YOLOv5(23) and
EfficientDet (31) model. We will compare the models’ performance and use the best.



2.1 Summary

2.1

Summary

Authors

Work

Results

Ying Su

uses faster R-CNN to detect lung nodule from CT images.

When compared to existing networks for detecting

lung nodules, the optimized and upgraded approach
suggested in their research enhances detection accuracy
by more than 20%

Hongtao Xie

Computer-aided automated pulmonary nodule detection method based

on 2D CNN

Extensive tests using the LUNA16 dataset revealed

that the sensitivity of nodule candidate detection is 86.42
percent. At 1/8 and 1/4 FPs/ scan, the sensitivity for

false positive reduction was 73.4 percent and 74.4 percent,
respectively. This demonstrates that the proposed approach
accurately detects lung nodules.

Jun Sang

A deep neural network based automated lung cancer detection

The proposed approach outperformed existing methods

in terms of sensitivity (94 percent), specificity (90 percent),
and area under the receiver operating curve (0.99)

when tested on the LIDC-IDRI data set.

Mohammad R Arbabshiran

a deep learning model with an architecture that uses
a simple seven-layer(six-layer for the fixed-scale) network

In comparison to manual segmentation, the suggested system
achieved an IOU of 0.96 on the testing dataset.

By a large margin, the proposed methodology

outperforms state-of-the-art registration-based segmentation.

proposes a CADe scheme that detects Pulmonary nodule

The CADe technique demonstrated high performance of the
published literatures (a sensitivity of 91.4% and 97.1%,

Sheng Chen on chest radiographs using balanced convolutional neural respectively, with 2.0 false positives per image (FPs/image) and
network and classic candidate detection 5.0 FPs/image) for nodule cases using the Japanese
Society of Radiological Technology database.
In a five-fold cross-validation test, the suggested Ensembled-CNNs
Chaofeng Li ensembled 3 CNN models for the detecting lung nodules at?hleve a sensiivity of 94 percelnlt and 84 percen?, respectively,
with an average of 5.0 false-positives (FPs) per picture and
2.0 FPs per image, which greatly beats the state of the art.
The best feature set achieves a low number of false positives
Jun Wei Utilizied adaptive loop filter to detect a tumor’s candidate site per image of 5.4 per image, with an 80 percent
true positive detection rate.
. The combined features resulted in a significant decrease
. . used a wavelet-snake approach to extract and input geometry . . L ;
Bilgin Keserci . P in false positives, resulting in high performance in
data into the neural network for nodule classification IR o
distinguishing between true and false positives.
) ) . L . When this technique was applied to non-training
Proposed a multi-resolution massive training artificial neural N o
" . N N N N chest radiographs, the visibility of nodules and
Keniji Suzuki network image processing technique that helps suppress rib

and clavicle contrast in CXRs

lung vessels was significantly reduced but the visibility
of ribs and clavicles was maintained.

Hiroyuki Yoshida

Proposed a way to reduce the FPs in the system by reducing the
effects of rib features on lung nodule detection

by employing the symmetry principle of the left

and right lung regions

The method proved efficient in eliminating normal
anatomic structures and minimizing the frequency

of false detections in the CAD scheme for lung nodule
detection when applied to clinical chest radiographs.

Arnold MR Schilham

Proposed a multi-scale technique to increase the detection rate
of nodules of various size

Accepting an average of two false positives per image,

the highest performance results in the identification of 51%

of all nodules. This rises to 67 percent after four false positives.
This is similar to the radiologists’ previously reported detection
rate of 70%.
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Chapter 3
Proposed Methodology

This section discusses the methods and the algorithms used to accomplish the goal of the
project discussed in this paper. The aim is to detect cancerous lung nodules from chest radio-
graphs using an object detection model. For this, three states of the art object detection model
are chosen. They are Faster RCNN with a Resnet50 backbone with a Resnet50 backbone (24),
You only look once version 5(Yolov5) (23) and EfficientDet (31).

3.1 Faster RCNN with Resnet 50

Refined Bounding Box

Region Proposal Network ‘6

7]

7]

(9]

c g

2 5 g

© 8 > o
o 19} ©
s N = = 4
L -0 54 : o o
o 0 e [~4 ! Proposed Region by < s 9
o ~© H = 9]
2 ] : & B @
@ _—> X : RPN — © E
& = 2 w S
~ > a c Q

=z c s kel

E =] = >

s} o ° 8 3 5

= g 2

2 =

(2}

g @

o fo

O

Object or Background

Figure 3.1: Faster RCNN with Resnet 50 model architecture
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Fig 3.1 is a simple demonstration of the Faster-RCNN model used to detect cancerous
lung nodules. The node21 dataset contains CXR images. Thus images should be converted
to tensors at first to be loaded into GPU and then passed through a Convolutional Neural
Network(CNN)(18).CNN such as VGG or ResNet can be chosen as the backbone feature ex-
traction model. This algorithm implies a ResNet50 CNN model for feature extraction from
CXR pictures, resulting in feature maps that are subsequently given to a Region proposal net-
work (RPN). This RPN layer proposes areas where the object can be possibly found. As soon
as the area where the cancerous lung nodule is located is detected, that area is labeled as a
foreground class. The image area where the cancerous lung nodule is not present is labeled
as a background class. The area labeled as foreground class will be passed to the next stage
of the algorithm. This can be achieved by generating anchor boxes by the RPN layer. An-
chor boxes are some set of predefined bounding boxes. Different sizes of anchor boxes are
generated to detect objects of different sizes. In order to label an area as a foreground class,
the RPN needs to calculate Intersection over Union(IOU). Here the images will have actual
boxes to denote the cancerous nodule, and the RPN will generate some predicted boxes. The
IOU is simply the overlapping area between the actual box and the predicted box. If the IOU
value is greater than or equal to 0.5, the area will be labeled as a foreground class, otherwise a
background class. The algorithm will learn from the particular area where the IOU is greater
than 0.5. So for this purpose, the feature maps produced from the ResNet layer are simply
passed to a CNN layer with a kernel size of 3x3 and output channel 512. The output of this
convolutional layer is passed to two layers known as the classification layer and the regression
layer. The classification class classifies the foreground class and background class, while the
regression layer is used to generate the bounding boxes containing the area where the object
is located. The areas or anchor boxes labeled as foreground class will move to the next layer
known as the region of interest pooling layer(ROI). The output of the RPN layer will be in the
form of feature maps of those anchor boxes labeled as foreground class. The RPN produces
different sizes of feature maps which are reduced to the same size by the ROI layer. It takes
the feature map for each region proposal to produce a fixed-size feature map of the region pro-
posal using Max pooling. So the feature maps of all the region proposals will be of the same
size. This is done because the region proposed containing the cancerous nodules needs to be
flattened and passed to a fully connected layer. The ROI layer takes two inputs, the region of
interest or the region proposal, and the feature maps produced by ResNet used to produce fea-
ture maps before passing to the RPN layer. The output of the ROI layer is flattened and then
passed to fully connected layers. The output of these layers is then passed to a Classifier layer
and a Regressor layer. The classifier gives the object class, and the Regressor will form and
adjust the bounding boxes as the final output. Faster-RCNN uses a loss function called RPN

loss which is given by:

L({pi} At:}) = 5 XiLets (i, P})
+l%g2ip;kl‘reg (l‘,',l‘;k>.
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In equation 3.1, The classification loss over two classes is the first term (There is an object or
not). The second term is the regression loss of bounding boxes only when there is an object

(l.e.pi*=1).

3.2 YOLOv5

This section discusses the internal architecture of Yolov5. The algorithm of YOLO examines
an image only once and finds all of the items there and their locations. Yolo outperformed
many of the object detection algorithms such as RCNN, Fast-RCNN, Faster-RCNN, and slid-
ing Window Object detection in the recent past. How Yolo works in order to detect cancerous
lung nodules from chest radiographs is discussed below. In the given dataset, there are coor-
dinates of the bounding boxes in the image and class probabilities such as 0 and 1, where O
means no cancerous lung nodule in the image and 1 means cancerous lung nodule present in
the image. In the given data set, the x and y coordinates determine the coordinate of the centre
of the bounding box, and the width and height determine the width and height of the bound-
ing box. In order to find the coordinate of the width and height, the values given in the dataset
should be added to the value of x and y, which can be used to draw the bounding box in the
image. Images containing no cancerous lung nodule have a value of O for the coordinates of x,
y, height and width. These values of the coordinates are normalized before using it for train-
ing. A separate text file is created containing the normalized coordinates of the centre of the
bounding boxes, the height and width, and the class probabilities. For each image, there might
be multiple cancerous lung nodules, so for a specific image, all the coordinates of the cancer-
ous lung nodule are given in one text file, and the text file is used as a label to train the model.
The model used to achieve our goal is the large YOLOVS model YOLOvSL. YOLOvVSL con-
tains a lot more parameters than other small YOLO models(23). YOLO uses a Convolutional
neural network(CNN) to extract features from image data. It works by dividing photos into a
grid, and each grid cell identifies a single object. For each grid cell, a vector is created that
contains the grid cell coordinates and the class probability of whether a cancerous lung nod-
ule is present in the grid. If a center coordinate is located in a particular grid cell, that grid
cell is used to identify the cancerous lung nodule. In order to determine the accuracy of each
prediction, the grid cells predict all of the bounding boxes and assign a confidence score to
each of them. For each cancerous lung nodule, many bounding boxes can be created. Here
the concept of IOU is used where IOU means intersection over the union. Here, the algorithm
takes the original bounding box and the other bounding boxes and calculates the IOU to find
the overlapping area. IOU is calculated by dividing the intersection area of two bound boxes
by the union of areas of the two bound boxes, and so the value will be between 0 and 1. For
all the bounding boxes generated for a cancerous lung nodule, we find the IOU value of all the
bounding boxes with the original bounding box and keep only that bounding box with a maxi-

mum value of IOU. Getting these unique bounding boxes are known as Non-max suppression.
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Following these procedures, the algorithm creates a single bounding box containing a single

cancerous lung nodule.
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Figure 3.2: YOLOvS5 model architecture

Figure 3.2 describes the network architecture of YolovS. It is constructed in three parts.
The first part shows the backbone network, which is CSPDarknet. The second part contains
Neck: PANet and the final part contains the main Yolo Layer. Firstly input data goes through
CSPDarknet for feature extraction. Then these data are fed to PANet for feature fusion. Lastly,
the Yolo Layer gives detection results such as class, score, location, size etc. For loss com-
putation of class probability and object score, YOLOVS uses PyTorch’s Binary Cross-Entropy

with Logits Loss function. The Binary Cross entropy loss function is given by:

— (ylog(p) + (1 —y)log(1—p)) (3.2)

In equation 3.2, log refers to the natural log, y is the binary indicator (0 or 1) if class label
c is the correct classification for observation o and p is the predicted probability observation o

is of class c.

3.3 EfficientDet

EfficientDet(31) is an object detection model developed by the Google research team in 2020.
Despite the fact that various models, such as the AmoebaNet-based NASFPN(40) detector,
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reaches a state of the art accuracy for object detection, it comes with a high cost of computa-
tion and latency. On the other hand, a large amount of work has been done to develop more
efficient detector architectures, such as one-stage detectors like the Single Shot detector (22)
and Yolo (23), which come with a sacrifice of accuracy. EfficientDet claims to solve this prob-
lem by using a systematic approach to finding an efficient multiscale feature fusion, model
scaling and Multiscale Feature Representation. EfficientDet introduces an efficient bidirec-
tional cross-scale connection and weighted feature fusion (BiFPN) to deal with the multiscale

feature fusion problem.
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Figure 3.3: EfficientDet model Architecture

Figure 3.3 illustrates the EfficientDet architecture. Unlike FasterRCNN(24) and Retinanet(20)
and many other models, which traditionally use the ResnetX (18,32,50). Architecture as the
backbone network, EfficientDet uses EfficientNetB0-B6 (30) as the backbone network. The
backbone network is followed by the introduced BiFPN network and the box/class prediction
network. In our work, we use a PyTorch implementation of Efficient- Det. We convert our
data to coco format and use the default image resolution to feed them into the network. We use
the pre-trained D-2 version of weights that are trained on Imagenet for 80 classes. The model
tries to learn and detect bounding boxes from the images and predict them when a new image

is given as an input to the model. EfficientDet uses Focal Loss, which is given by:

Cc=2

FL=— Z (1 —s,-)ytilog (S,') (33)
i=1

In equation 3.3, (1 si) is a modulating factor, with the focusing parameter >= 0, to limit the
influence of correctly identified samples in the loss. Focal Loss is the same as Binary Cross
Entropy Loss when = 0.



Chapter 4

Experimental Setup

4.1 Dataset

2135 frontal chest x-ray images are used in training all 3 models. These CXR images are
taken from the Node 21 dataset (28). Frontal chest radiographs with annotated bounding boxes
around nodules make up the dataset(4). It comprises of 4882 frontal chest radiographs, with
1134 CXR images (1476 nodules) marked with bounding boxes around nodules, and the re-
maining 3748 images representing the negative class. The images in this set come from pub-
lic databases that we can alter and share. They are gathered from JSRT (27), PadChest (9)
,Chestx-ray14 (35), Open-I(11).

4.2 Training environment and Machine configuration

On a Google Colab Pro environment with a p100 GPU and 16 GB of RAM, all three models
are trained for 62 epochs. Pytorch support for Google Colab has been added, allowing GPU
training. The google colab environment is run on the google chrome browser on a computer
with a Core 15 architecture based CPU.

4.3 Training on Faster-RCNNResnet50

CXR images are trained using the Faster-RCNNResnet50 model, and annotations provided
by the dataset are used. Annotations are given in a CSV file with the image name, class
label, and the x,y and height and width coordinates of the nodules’ positions. Images with no
cancerous nodules contain the image names only, and everything else has a value of 0. 1922
images are used for training, and 213 images are used for validation. The input image shape
1s (1024x1024x3). We trained the model for 62 epochs with the following parameters. The
initial learning rate is set to 0.005. Stochastic gradient descent(SGD) is used as the optimizer
with a weight decay of 0.005 and momentum of 0.9. All the images files are in the native .mha

format as collected from the node21 dataset.
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4.4 Training on Yolov5l

To train CXR images on the YOLOVS model the given annotations are converted into YOLO
annotation format. 1922 images are used for training, and 213 images are used for validation.
The input image shape is (1024x1024x3). Images have 1024 pixel height and width with a 3
channel input. For Yolov5l, we trained the model for 62 epochs with the following parame-
ters. The initial learning rate is set to 0.01. Stochastic gradient descent(SGD) is used as the
optimizer with a scaled weight decay of 0.0005 and momentum of 0.937. Image files for the
model are converted from .mha to .png format as .png format is more compatible with existing

model architecture and provided reliable detection. detection.

4.5 Training on EfficientDet

To train CXR images on the EfficientDet model the given annotations are first converted into
COCO annotation format. 1922 images are used for training, and 213 images are used for
validation. The input image shape is the same as used for the YOLO models. For EfficientDet,
we trained the model for 62 epochs with the following parameters. The initial learning rate is
set to 0.0001. Adam (Adam) is used as the optimizer with a scaled weight decay of 0.0005 and
momentum of 0.9. All the image files are converted to .png format as it is more compatible
with the existing model architecture.



Chapter 5

Evaluation Metrics

This section discusses the metrics used to evaluate the performance of the trained
model. We used 4 standard evaluation metrics: Precision, recall, F1 score and mean
Average Precision.

5.1 Precision

Precision is a popular evaluation metric used for classification task. Formula for Preci-
sion for a classification task is given as

TP
Precision = —— (5.1)
TP+ FP
TP = True Positive FP = False Positive

True positive refers to an outcome where the model correctly predicts the positive
class. False positive refers to an outcome where the model incorrectly predicts the
positive class. Precision talks about how precise/accurate a model is out of the predicted
positive, how many of them are actual positive.

5.2 Recall

Recall is another popular evaluation metric used in object detection. Formula for recall
for a classification task is given as

TP
Recall = ———— (5.2)
TP+FN

TP = True Positive FP = False Negative

True positive refers to an outcome where the model correctly predicts the positive
class. False Negative refers to an outcome where the model incorrectly predicts the
negative class. By designating a model as Positive, Recall calculates how many of the
Actual Positives it captured as (True Positive).
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5.3 F1 score

The F1 score is made up of two components: precision and recall. The F1 score aims
to combine the precision and recall measurements into a single number. At the same
time, the F1 score is created to operate well with data that is unbalanced.

Fle2x precision X recall

(5.3)

precision+ recall

5.4 mean Average Precision

Although Precision, Recall and F1 score are good metrics for evaluating a object de-
tection model, recently another metric called mean Average Precision(mAP) is widely
used too. Especially popular datasets like COCO(21) and PASCAL VOC(13) uses
mAP to evaluate the performance of the model. To calculate mAP first we need to find
the Average precision. Finding the area under the precision-recall curve is the general
definition for the Average Precision (AP). The formula for average precision is given
by

AP = Z(Rn_Rn—l)Pn (5.4)

Mean average precision is said to be the average precision for all classes. For-
mally,the mean average precision (mAP) of a set of queries is defined by

Z,?: | AveP(q)
o

where Q is the number of queries in the set and AveP(q) is the average precision
(AP) for a given query, q.

mAP = (5.5)



Chapter 6

Results and analysis

6.1 Results

All 3 models were trained for 62 epochs and evaluated using Precision, Recall,f1 and mean
Average precision metrics. According to this (12), as the input for images containing no can-
cerous nodules was provided with no annotation, we consider all the scores for images with no

cancerous nodules to be 1. The average score of both classes 0’ and *1° is shown in the table

below.
Model Epochs | Precision | Recall | mAP | F1 score
FasterRCNN-Resnet50 | 62 0.75 0.18 0.17 | 0.29
EfficientDet 62 0.65 0.567 | 0.18 | 0.63
Yolov5l 62 0.83 0.82 0.81 | 0.82

Table 6.1: Validation Results of all the object detection models in detecting lung nodules from X-rays

6.2 Result Analysis and Comparison

Figure 6.1 illustrates the comparison of the results that were achieved after testing the 3 trained
models. Between the 2 Yolo models, YOLOvSI was chosen for comparison as it gives more
accurate detection than YOLOvSs on the training and validation set. Although all 3 models
achieved decent Precision, but YOLOvVSI seems to give a significant better recall and mean
average precision score than the other two models. Both YOLO models predict the bounding
boxes with high accuracy during validation. FasterRCNN-Resnet50 backbone predicts the
bounding boxes with decent Precision but comes short in recall and mean Average Precision.
EfficientDet gives a very poor mean average precision score but has an average recall score.

The bounding boxes are likewise poorly predicted by EfficientDet.
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Figure 6.4: Yolov5l detection on validation set

6.3 Discussion

You only look once (YOLO) is known as one of the best object detection models and is proven
to be the stand out model in this study too. YOLO can detect and predict the cancerous nodules
for CXR images with high Precision. Also, the False-positive rate is very low, so YOLOVS is
reliable. YOLO is exceptionally good at object detection because of its complicated architec-
ture and ongoing bug fixes with incremental enhancements. Although Faster-RCNN is one of
the good early object detection models, it fails to detect small nodules from images in this ex-
periment. The Resnet architecture Faster-RCNN uses cannot extract enough features from the
training images as the nodules are oddly shaped and very small in size. Thus Faster-RCNN
cannot detect the nodules from the images as well as YOLO. Despite performing very well
for datasets like COCO(21) and Pascal VOC(13), EfficientDet can’t seem to detect the nod-
ules from CXR images in this study very well either. Training for higher epoch and choosing
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a different EfficientNet backbone to extract features could result in better nodule detection by
EfficientDet, but it is unlikely to surpass YOLO. One stage detector models like Single Shot
Detector(SSD)(22) and Retinanet(20) could be two other models that can be used for nodule
detection too. But they might produce similar results as EfficentDet as they already did in
COCO(21) and Pascal VOC(13) datasets.



Chapter 7
Deploying the model

The best results for this experiment were achieved using the YOLOvS models. Yolov5l is
chosen for deployment because of its more reliable detection of lung nodules on the training
and validation dataset. The best weights from the YOLOvV5I model were chosen to deploy on
a web server. Figure 7.1 illustrates the deploying process. Firstly, the dataset is trained using
the yolov5]1 model. Then, the best parameters were chosen, which are automatically saved in a
.pth file during training. For ease of use, a web app we created using Html, CSS and Javascript,
which has a simple interface. In the backend Flask and Pytorch were used to load the .pth files
and detect the cancerous nodules from images using the file parameters. Finally, the detection

results were shown on a webpage.

Showing the detection

Running detection
Webpage created g results in webpage

using himl css | js using Pytorch and flask

B =—0—%_—C

Figure 7.1: Deploying the model on a web server

AN

Upload an X-ray image to check
for cancerous nodules

Choose File | No file chosen Upload

Trained Yolovs model

Cancerous Nodule Detection Home Detect

Built using Yolov5 Pytorch and Flask.

Figure 7.2: User interface of the webapp
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Figure 7.3: Showing detection results on webapp



Chapter 8

Conclusion and Future Work

Lung cancer is one of the world’s most grievous cancers. It is the most common cancer-
related death worldwide. However, if caught early enough, it can be curable. The cure
rate for people with early-stage lung cancer can be as high as 80% to 90%. A lung nod-
ule (or mass) is a tiny abnormal spot. The earliest stage of primary lung cancer can be
cancerous nodules. It can be discovered during a chest CT scan or from chest radio-
graphs. CT scans take longer and are more expensive than X-ray imaging tests. X-rays
are cheaper than other forms of imaging testing due to the wide availability of tech-
nology and accessibility. So in this paper, we present the detection of cancerous lung
nodules from Chest radiographs. For this purpose, three object detection techniques are
used. We propose that these object detection models be improved and optimized. The
highest Precision, recall and mean average Precision was achieved with two versions
of YOLOvS. YOLO also predicts the bounding boxes with decent accuracy. Aside
from YOLO, Faster-RCNN and EfficientDet were unable to detect the nodules in the
chest x-rays accurately. In future, We want to use other object detection models like
Retinanet(20) and Single Shot Detection (22) for detecting cancerous nodules and com-
pare the results with the already used model in this study.
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