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Abstract. Cancers have become one of the deadliest diseases in the world, and early diagnosis
becomes vital for a patient's survival. As deep learning advances, YOLO has become an attractive
tool as it supports real-time interactions. Thus, YOLO is expected to be applied in cancer diagnosis.
A technical study of a YOLO-based computer aid diagnosis system for chest cancers is presented
in the paper. Four kinds of the image in cancer diagnosis, histopathological images, mammograms,
CTs, and Low-dose CTs, are introduced. Three issues of implementing a computer aid diagnosis
system (CAD) are discussed and analyzed, including the usage of handcrafted features, the high
false positive rate in clinical practice, and difficulty in detecting irregular nodules in spiral CTs. In
discussion, the drawback of handcrafted features in the region of interest (ROI) extraction can be
addressed by applying extra architectures like ResNet50 as extractors. A trained network can serve
as a non-nodule filter to reduce the false positive rate in diagnosis. Image data can be categorized
based on morphological features in data preprocessing to train a more sensitive model, then
irregular-shape nodules can be detected by CAD.
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1. Introduction

In recent decades, modern medicine and pharmacy went through big progress, and many formerly
deadly diseases have become curable. At the same time, chest cancer remains one of the deadliest
diseases in the world. Due to the nature of cancer, the most challenging and important part of a
patient’s survival is early diagnosis. Cancer diagnosis depends on images such as histopathological
images, mammography, and computed tomography (CT). Diagnosis is hence drawn based on
handcrafted features summarized in the prior experience. However, the high variation of appearance
and subtle differences in features make it a tough job to classify or determine the lesions in an image.

As technology advances, convolutional neural networks (CNN) emerge and have proven their
potential in image classification and feature detection. CNN can extract more hierarchical features in
images, thus attracting a lot of attention with a promising application in cancer diagnosis. It is
integrated into the computer-aided diagnosis (CAD) system, which aims to provide an essential
second opinion for physicians. You Only Look Once (YOLO), as a new CNN architecture, has
become a hit in cancer diagnosis since YOLO integrates object detection and classification in the
same CNN architecture, and it supports real-time interactions. Nevertheless, several issues prevent
applying YOLO-based CAD in actual practice.

Though CNN has proved its power in many image classification tasks, it encounters difficulties in
the medical field due to the lack of available data, and CNN cannot extract hierarchical features as
other tasks. In data preparation, image data are labeled based on handcrafted features summarized
from prior experience, while more hierarchical features are hardly discovered. The high variance of
appearance and subtle differences in handcrafted features make handcrafted features not useful in
image classification. Although the YOLO algorithm can detect ROI in the image automatically, all
ROIs are extracted manually based on handcrafted features in training. The uncertainty and
complexity of image morphologies lead to low accuracy and reliability in the extraction of ROI.

In actual practice, CAD structures also suffer from multiple factors. In clinical practice, CAD is
designed to detect all true positives, but it also leads to an increase in false positives and low accuracy
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in prediction. Though CAD only serves as a second opinion, it can mislead physicians. In lung nodule
detection for lung cancer diagnosis, CAD suffers in detecting nodules with an irregular shape and
thus has difficulties finding nodules on lung walls, which irregular shape is caused by the attachment
between nodules and lungs.

The application cannot be promising without addressing these issues properly. In this paper, these
drawbacks are discussed and analyzed. The potential solution includes applying extra architectures
like AlexNet and ResNet to extract ROI before the YOLO detector, applying reduced IOU and non-
nodule filter in architecture to reduce false positives, and training the model with generated nodule
models.

The paper is organized as follows: first, the structure of CNN and steps for YOLO are introduced,
then three kinds of medical image data are introduced, and the role of YOLO in processing these data
is also presented. The challenge in the application is shown in section 2 and discussed deeper in
section 3. Suggested solutions for these issues are presented in section 4. Finally, the conclusion of
the work is in section 5.

2. Case Description

2.1. YOLO Architecture

YOLO is a newly emerged CNN structure that integrates object detection and object classification
in the same deep learning structure. Conventional CNN structures stack several convolutional and
pooling layers after the input, several fully connected layers following the convolutional blocks, and
a softmax function output in a general image classification model. Fig 1 [1] shows a CNN structure
using DarkNet Architecture and return a tensor with coordinates and class probabilities of detected
objects.
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Figure 1. A CNN structure

YOLO architecture, as shown in Fig 2 from [2], enables CNN to detect and classify objects at a
speed of more than 45 frames per second and hence supports real-time interactions. YOLO performs
the following steps in image classification. In detection, first, run a sliding window on the image. The
information in each window is turned into a tensor of information, including the coordinates of the
window and probabilities of each class to be detected, then determine the coordinates of the bounding
box, which contains the largest probability. The size of the bounding box is constrained by
intersection over union (IOU). Then, CNN classifies the objects in the bounding boxes and returns
the result of the classification.

36



Highlights in Science, Engineering and Technology CDMMS 2023

Volume 41 (2023)

I | T Additional
Output YOLO Layers
= s ana
2 Convolutional
T T Layers
Dstecion voLo
Layer

'
' '
T '
' '
' '
' '
' '
n ] '
' i l '
.................................................
S~
Convolution Layers | Convolution Layers Convolution Layers Cony Conv
and and SPP Module and 72 Concat 2
Skip Connections Skip Connections Skip Connections

Input 0 208x208x64 52x52x128 52x52x256
416x416x3

15

Darknet 53 YOLO YOLO YOLO
Added SPP Module Detection Detection Detection

Layer Layer Layer

Output Output Output

Conv Conv Conv.

13“3. - . 52)(52.

Figure 2. A YOLO Architecture

In medical practice, YOLO is usually assembled in CAD in chest cancer diagnosis. As a method
of image detection and classification, YOLO has been applied to diagnose the existence of cancer
from various data sources such as histopathological images, mammograms, CT, and low-dose CT
scans (LDCT). With the huge advances in deep learning, CAD can capture and detect more
hierarchical features in images, thus providing more reliable predictions. As the cancer rate increases,
the work of diagnosis for physicians becomes overwhelming, and CAD provides an essential second
opinion as a reference for physicians, optimizing the treatment plans.

2.2. Histopathological Images

Histopathological images are microscopic photos of tissue samples fixed and stained onto slides
(Fig 3 from [3]). In the context of breast cancer, histopathological samples are collected by Fine
Needle Aspiration Cytology (FNAC). Pathologists collect sample tissue from the breast using a
narrow-gauge needle. The fixed and stained sample is then examined under the microscope and
diagnosed by a cytopathologist. For CAD, YOLO detects ang classifies h lsiQns in ROL.
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Figure 3. Histopathological Image !
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2.3. Mammograms

Mammography is a common method of diagnosing breast cancer and has been widely used in
breast screening and detecting masses at an early stage (Fig 4 from [4]). It involves a low-energy X-
rays inspection of the breast to detect abnormal tumors. As the breast cancer rate increases and
mammography is advocated in breast cancer screening tests, the work of breast cancer diagnosis
becomes overwhelming for radiologists. YOLO is applied to detect tumors in mammograms and is
also utilized to classify benign and malignant masses.

Figure 4. Mammogram

2.4.CT and LDCT

CT scans are the most common data source for cancer inspection (Fig 5 from [5]). People without
any symptoms will include CT in the routine of physical examination. Meanwhile, CT is at low cost
and available in most medical institution, making CT the first tool for cancer diagnosis. Chest CT
scans are widely used in clinical examination to detect lung nodules and evaluate the risk of having
lung cancer. YOLO algorithm serves as an object detection method and classifier for multiple lung
lesions.

Like standard CT scans, LDCT is also a CT scan but applies lower-level X-ray when inspecting
patients. LDCT is also widely used in screening detection of lung nodes and evaluating the
malignancy of lesions. This method is more preferred by patients than standard CT because of less
radiation exposure, which is beneficial to patients’ health. YOLO serves as object detection and
classifier as it does in regular CT. In lung lesion detection, LDCT has proven to be comparable to
standard dose CTs [6].

Figure 5. Computed Tomography (CT)
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2.5. Challenges in Applying CAD

The application of CAD in chest cancer diagnosis improves efficiency and accuracy. However,
the application of handcrafted features makes classification and extraction challenging tasks. In
mammography, CAD suffered due to the similarity of breast tissues using only handcrafted features.

Other issues come from lung nodules detection. In CT lung nodules detection, it is hard to detect
lung wall nodules. In clinical practice, nodule detection suffers a large number of false positives.

3. Analysis

For an automated diagnosis system, extraction, detection, and classification are three necessary
stages for diagnosis, where classification and detection are usually integrated with YOLO architecture
for YOLO-based CAD.

In extraction, handcrafted features limited the extraction of ROI. For instance, the common ROI
of histopathological images is mitotic cells. Conventionally, in data preparation for training the model,
ROIs are manually extracted based on handcrafted features by trained pathologists [7]. This work is
tiresome and time-consuming. As a result, the size of the training data set is limited. What's more, in
image data like histopathological images, the high variation in appearance and texture leads to a high
risk of the wrong diagnosis. In detection and classification, a set of handcrafted or semi-automated
features is needed to describe the difference between different classes of lesions or to classify the
malignant and benign lesions. Handcrafted features are not applicable enough for classifying similar
tissues in images, especially in mammography [8]. Thus, CAD suffered low accuracy.

In actual practice, CAD has to guarantee all true positives can be detected, but this also leads to
increases in false positives. Though CAD only provides a second opinion for physicians, it can cause
malpractice by misleading physicians into making the wrong diagnosis, which has been the most of
medical malpractice according to a survey [9].
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Figure 6. Lung Nodules and Lung Wall Nodules in CT

In lung nodule detection in spiral chest CTs, CNN uses convolutional blocks that assume lung
nodules have circular, cylindrical, or spherical shapes, while most of the actual nodules have an
irregular appearance. For nodules on the lung wall, the irregular shape can be caused by the attaching
force between the nodule and pleural surface (Fig 6 from [10]). Hence, the CNN model is not good
at detecting lung wall nodules, which reduces the accuracy of diagnosis.

4. Suggestion

The direct result of using handcrafted images is low accuracy in trained CNN models. Though the
YOLO algorithm can detect and classify the lesion at the same time, applying an extra architecture
as an extractor is more efficient in improving accuracy. ResNet50 and Inception can serve as an
extractor for ROI extraction, and research comparing two architectures in extraction [7] has achieved
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an accuracy of 98.8% and 98.9%, respectively. Particularly, ROIs of histopathological images are
usually mitotic cells. Nair [12] implemented YOLO v4 in mitotic nuclei detection and achieved an
F1 score of 0.73 without nuclei segmentation. Zorgani [13] combined the YOLO v2 detector and
ResNet50 extractor in mitotic cell detection and achieved an F1 score of 0.839.

PR Curve On JSRT

07r
nodule detector
0.85 - non-nodule fllter
06 N\
\\-
=k Wy .
0.55 9
g 05 e,
2 0 \\- -
(S, o .
£ N
).4 e
0.35 Ry
\‘-.
0.3 b, T
0.25 N
™~
02 .
0.55 06 0.65 07 0.7 08 0.85 09
Recall
PR Curve On AUCM
07r
= nodule detoctor
= non-nodule MMier
ne .
06F
) N
. -
: =
N
7 N
g 0 o
&
[ \
N
™~
D3 I N
N\
L
)1
0.7 o8 0.85 08 095 1

Recall

Figure 7. P-R Curve for Different Dataset Before and After Non-nodule Filter

For a later version of YOLO, a study [14] compare the performance of YOLO v3 and YOLO v4
and shows that YOLO v4 has enhanced the detection result to 8%. Though YOLO proves its ability
to detect and classify objects, its low accuracy in classification is intolerable in medical diagnosis. In
the meantime, architectures like Inception and ResNet50 show better performance in classification.
Hence, models combine YOLO as a detector and other classifiers for better results.

The high volume of false positive predictions due to the guarantee of detecting all true positives
can be addressed by integrating a YOLO architecture with a reduced IOU and non-nodule filter. A
network applies to the output of the detection network. The network can be trained as a non-nodule
filter for nodule detector [11] and has presented an effective enhancement in suppressing false
negatives (Fig 7 from [11]). Multi-view CNN has proved its capability to reduce false positives [15]
in the comparison of competition performance metric (CPM) [16] score among different models and
provides more possibilities for the YOLO application in other fields [17-20].

The difficulty in detecting lung wall nodules is caused by the irregular shape of nodules, but
nodules can be classified into four deformable templates to isolate abnormalities that have common
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morphological features. The genetic algorithm (GA) template matching method can be applied to
model the shape of nodules into four categories. A study utilizing GA template matching presents
overall accuracy of 82.3% after applying false positive removing techniques [10].

The suggested solutions of issues discussed are summarized in Table 1.

Table 1. Summary of Issues and Solutions

Issues Solution
Applying ResNet50 or Inception as an extractor for ROI
Using handcrafted features extraction,
YOLO as detector and Inception as a classifier
Too many false positive Integrate Reduced IOU and Non-Nodule Filter
Difficulty in detecting Model nodules into categories with similar morphological
irregular nodules features and apply template matching algorithm.

5. Conclusion

The study presents the common image data categories for chest cancer diagnosis, including
histopathological images, mammography, and CTs, and introduces the application and challenges of
YOLO-based CAD in automatic diagnosis. Three issues are analyzed and discussed: low accuracy
due to the usage of handcrafted features, overwhelming false positives, and difficulty in detecting
irregular lung nodules in spiral chest CTs. Suggested solutions are presented for the above issues.
The low accuracy in ROI extraction due to the handcrafted features is addressed by applying extra
networks like Inception as an extractor or implementing later versions of YOLO with bounding boxes.
False Positive can be suppressed by reducing 10U in the model and applying extra architecture as
non-nodule detection. The difficulty in the detection of irregular-shape nodules is the limitation of
CNN kernels. Classifying nodules into categories with similar morphological features can construct
the template and apply a template matching algorithm, thus improving the sensitivity of detection.

The major limitation in optimizing YOLO-based CAD is the lack of available and applicable data.
Obiject detection and classification tasks in daily life are not so difficult as in the medical field. In
cancer diagnosis, image data are manually labeled by trained physicians and radiologists. Thus very
limited labor can contribute to the dataset. Meanwhile, the highly variant appearance of image data
and the subtle difference of handcrafted lesion features leads to the low efficiency and accuracy in
data classification. Privacy protection also constrains the collection and usage of data. The study
presents the analysis and solution to these problems under constraints of limited data and shows how
well these methods addressed the drawbacks.

Due to the diversity in application, the paper analyzes three cases in the application of YOLO-
based CAD, and most cases are not covered. Meanwhile, the research on each issue presented in the
paper is not abundant. More optimizations can be researched for these issues, and more cases can be
analyzed in future works.
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