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Abstract

Cancer is the disease that kills people the most worldwide, with the highest death rate. Among the most common
and deadly types of cancer are brain tumors, lung cancer, skin cancer, breast cancer, and many more. Millions of
people die from these severe and often fatal illnesses. Thus, a computer-assisted, automatic approach for early-stage
cancer diagnosis has to be proposed as a solution. The two main stages of cancer progression are benign, which
happens early in the disease, and malignant, which develops later in the disease and is more advanced with a
tendency to spread. This work investigates various machine learning (ML) and deep learning (DL) based cancer
detection techniques. Based on a variety of methodologies, features, datasets, and accuracy measured with the
suggested method, the study was carried out. In addition to recently published research, we have used a variety of
cancer types, such as brain tumors, skin cancer, breast cancer, and lung cancer. A cutting-edge table was also
employed in the study to compare the results of earlier and later investigations on cancer detection methods. Based
on the examination of various work types in relation to their degree of correctness, the analysis and comparison were
conducted.

Keywords: Cancer detection, Segmentation, Machine Learning, Deep Learning, Feature Extraction.

Introduction

When compared to a few decades ago, the incidence of cancer in Indian society is far higher today. What's the
difference? Why are chronic diseases like cancer becoming so common around the world? Does it make a difference
when people change their eating habits? When a scientist considers cancer as it currently exists in the human body,
he or she is likely to have many questions [1-5].

One of the deadliest illnesses of the 21st century is cancer, whose incidence has been startlingly high. It is
difficult to comprehend the severity of cancer, which ranks first or second in the world among 91 nations. In terms
of causes of death, cancer is ranked 172nd out of 172. One in four people now face the risk of developing cancer at
some point in their lifetime due to the rate at which new cases are being reported. While only 11 lakh new cases of
cancer are reported in India annually, 14 million new cases are diagnosed globally. Cancer is defined as the
uncontrolled proliferation of cells in the human body, which is the primary cause of the disease. Cancer can develop
in any part of the body, and depending on the circumstances, it may or may not spread to nearby cells. In general,
depending on the stage, it can be classified as either benign or malignant. The benign tumor or cancer is a type of
cancer that is in its early stages and does not spread to other parts of the body. Malignant tumors, on the other hand,
are extremely dangerous because they can spread to other parts of the body [6-10].

Cancer can be completely cured if detected at an early stage and treated appropriately; however, this is only
possible if the disease is recognized at an early stage. As a result, developing a method that can automatically
identify and segment cancerous tissue with high precision at an early stage is critical to ensuring that patients receive
the most effective treatment possible. The vast majority of skin cancer cases are successfully treated and cured
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through surgery. In a similar vein, radiation has been successful in treating and curing a number of people with
thyroid and laryngeal cancer [11-12].

Similar to this, if detected in their early stages, many other types of cancer may be treated. For example,
early-stage diagnosis accounts for about 70% of cases of breast cancer. As a result, there are numerous varieties of
cancer that can impact different body parts. The challenge is that, since there is no one-size-fits-all cancer treatment,
each of these malignancies needs to be treated differently. Certain cancer types have higher survival rates when
detected early. Prostate, skin, testicular, breast, cervix, and colon cancers are among the six types of cancer that have
a good prognosis. There is a problem in that different factors cause different types of cancer, so no single strategy
can prevent them all [13-15].

This work reviews the existing and forthcoming literature on the identification and classification of
different types of tumors using biomedical image datasets. A manuscript with the survey attached is given. Only
validated and benchmarked datasets that were used to identify and classify various tumors were used in the research
for this study. In addition, all forms of cancer are taken into account in this study, including those that affect the
brain, gastrointestinal system, skin, lungs, breast, and neck. It is not exclusive to any particular kind of cancer. This
study's analysis also focused on the different features, different approaches (such as deep learning and machine
learning), datasets utilized, type of cancer, and accuracy of classification and segmentation.

The article is arranged as follows after that: The research materials and methods, such as dataset types,
preprocessing, and classifier types, are covered in section 2. The study's results are compiled and conclusions are
drawn in Section 3. In Section 3, the essential elements of the cancer detection and segmentation algorithms utilizing
biomedical image datasets are deconstructed and showcased. A thorough analysis of the literature used to achieve
the analysis and research goals is presented in the fourth section. The final section, section 5, contains the
concluding remarks and the scope of work to come [16-20]

Material and Methods

Different forms of cancer can be identified and categorized using a variety of methods. Preprocessing techniques,
feature extraction techniques, classification techniques, databases to be used, and the following procedures are the
main ways that machine learning can be used to detect cancer. Figure 1 illustrates the feature extraction,
preprocessing, database creation, and classification procedures used in the ML and DL approaches for the
categorization and identification of the different cancer types.

Databases

Picture databases are significantly easier to find than other types of databases. Numerous databases are
currently available for use in identifying various forms of cancer. With its focus on brain tumors and cancer, the
BRATS dataset is among the most significant of all the benchmark datasets. The three most recent versions of this
dataset that are currently available for use are BRATS 15, BRATS 16, and BRATS 2018[12]. This collection
consists of three-dimensional representations of magnetic resonance imaging (MRI) scans from various patient age
groups. The Lung Image Database Consortium is the organization in charge of collecting and conserving images.

Two open-source datasets that can be used to identify lung cancer are image collections from the Lung
Image Database Consortium and the Image Database Resource Initiative (LIDC-IDRI). There are 244,617 lung
images in this collection, all of which come from patients in different age groups [13]. One of the benchmark
datasets used to try and detect breast cancer is the "Wisconsin Breast Cancer Database," or WBCD for short. There
are 699 records of human breast tissue in this database. Complete-Field Digital Mammography, or FFDM for short,
consists of 739 images in total, 412 of which are classified as malignant and 327 as benign [21-25].

ISIC, an acronym for "The International Skin Imaging Collaboration," is a publicly accessible and freely
downloadable collection of images of skin lesions. This database functions as a reference. The constant acquisition
of different types of visual sensors has resulted in a diversity of picture natures in this dataset. Both the nature and
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the size of the images in the database are subject to change. More than 2,560,300 publicly accessible tagged images
of skin disorders associated with Dement can be found in the Dement collection.PH2 dataset: A PH2 dataset of skin
lesions has been created for research and benchmarking purposes. The generation of this dataset facilitated
comparative study of thermoscopic image segmentation and classification techniques [26-30].

Cancer Detection
Using ML
(Databases)

Fig.1: The basic steps involved in the detection of cancer using ML

Preprocessing

There are several steps involved in using the machine learning approach for image detection and segmentation, but
the preprocessing step is one of the most important ones. The words "pre" and "processing," when combined, denote
"before" processing; hence, the term "preprocessing". As a result, preprocessing describes the actions carried out
prior to processing. Any raw data that was acquired could have been improperly formatted or contaminated by a
variety of noises. These two problems are plausible. The data must first be transformed into the required or
acceptable format before it can be processed. This is the most crucial requirement. Among the most popular
preprocessing methods are filtering, also referred to as de-noising or noise reduction, smoothing, cropping, resizing,
resampling, digitizing, artifact removal, normalizations, and a few more. Unorganized or noisy data may be the
reason behind even the best machine learning classifier's poor performance. This is why preprocessing data in some
way is required before supplying it to a neural or machine learning classifier [31-32].

Feature Extraction

The neural classifier must proceed to the feature extraction stage after the preprocessing stage. Both feature
extraction and feature selection are extremely time-consuming processes that require a substantial investment of
time, energy, and human resources. The neural classifier receives as input the features that were extracted from the
previously processed data. Features are the specific and pertinent elements of the data that the classifier can use to
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identify or classify. Variables should not be confused with features. As a result, depending on the features that are
provided to the classifiers, their performance may vary. Depending on the dataset, the features may be selected
automatically or by humans. The size or scope of the dataset can make feature extraction challenging, which could
affect how well the classification performs. The dataset can be subjected to a wide range of additional feature
extraction techniques. These consist of numerous other features as well as statistical, morphological, wavelet-based,
color-based, local, and global features.

Classifiers

A multitude of tumors and disorders can be identified and categorized by using one of the many classifiers that are
available. Both traditional machine learning-based classifiers and classifiers based on neural networks needed
extracted features as input. Deep learning is an approach that can learn at a very deep feature level without requiring
any features to be provided in the input. We might be able to resolve this problem and get around the feature
extraction assignment by using deep learning, which learns at an extremely deep level. Deep learning models
including generalized adverbial networks, long short-term memory networks (LSTM), convolutional neural
networks (CNN), deep convolutional neural networks, natural language processing, and many more are widely used
for detection and segmentation tasks.

Methodology

Figure 2 illustrates the suggested methodology for cancer detection and segmentation from image datasets using
machine learning and deep learning. The first need is to get the image dataset from a trustworthy source; which
source to use will depend on the kinds of cancer we want to find. The process of detecting cancer consists of three
distinct steps: the segmentation step, the detection step, and the combination of the segmentation and detection steps.
Neural network-based classifiers, deep learning models, or conventional machine learning can all be used to
complete the classification or detection, depending on the specifics.

|

Deep CNN
Model

Fig.2: The overall methodology applied for the of cancer using ML and DL
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Insufficient dataset size may lead us to believe that machine learning is the best method for diagnosing and
categorizing cancer. The feature extraction methodology is only required once the detection ids have been determined
using the machine learning approach. This is shown by the arrow line in the block. It has been shown that feature
extraction is not necessary for the segmentation method, as indicated by the blue arrow line. The segmentation and
detection process using ML approach involves the dataset, preprocessing, segmented images, dataset distribution (which
separates the data into training and testing datasets), and, lastly, the suggested ML classifier. Deep learning classification
and detection require a large dataset, but feature extraction methods do not. This is particularly true when using a CNN-
based deep learning model. The two primary categories of the dataset are the training dataset and the test dataset. For the
classifier to perform well, the training dataset needs to contain about 80% of the total data. Moreover, the test dataset is
never used in the training phase because it’s only use is to evaluate how well the trained model performs in real-world
scenarios. The automated deep learning or machine learning method for cancer identification and segmentation
processing may now be finished with the aid of the image dataset.

Discussion

Since cancer directly affects human lives, automated cancer identification is a very important task because
even a small error could put patients' lives in jeopardy. For this reason, over the course of the last few decades,
researchers have been applying machine learning and deep learning to develop techniques for automatically diagnosing
various types of cancer. Several researchers have experimented with a variety of datasets and machine learning
techniques to diagnose the various types of cancer. When employing ML and DL based techniques, the result has a
classification accuracy ranging from 70 to 99 percent. The analysis's findings, which were based on the feature applied,
the classifier employed, the dataset used, and the maximum classification accuracy attained, are displayed in Table 1.

As the table shows, the research used for the study came from recently published articles that were written
between 2017 and 2022. By utilizing the K-means clustering approach, the authors in [15] were able to achieve the
highest possible degree of classification accuracy—99.8 percent accurate. The HAM10000, a sizable dataset with
multiple sources of thermoscopic pictures of common pigmented skin lesions, was utilized by them [16]. They conducted
their investigation using this dataset. The researchers used a training picture dataset of 10,000 images to extract three
different feature types: LBP, HOG, and BoVW. As a result, they achieved a 99.8% accuracy rate in identifying skin
cancer using the K-means clustering classifier. The authors of [31], [30], and [21] have also classified cancer with the
highest accuracy possible—98.266%, 98%, and 97.9%, respectively. In order to diagnose breast cancer, the authors used
a hybrid dataset that combined the CBIS-DDSM, MIAS, and IN breast datasets with deep learning, from which [31] did
not extract any features. They did not, however, assign a percentage of accuracy to the cancer's classification. The CNN
deep learning approach was also utilized by the authors in [17] and [19] to identify cancer based on area under curve
(AUC), which yielded results of 0.994 and 0.935, respectively.

The results obtained by [29] and [27] were the least accurate when compared to other methods, with classification
accuracy of only 70 and 71 percent, respectively. At this level, the lowest accuracy possible was achieved. Using a dataset
that combined ISIC and HAM10000, the authors of [29] employed a Deep CNN model without using any feature
extraction methods. However, using texture, histogram, dynamics, and spatial data along with a CaPTk software, the
authors of [27] were able to obtain 71% of the classification accuracy in order to identify cancer. All of the
aforementioned qualities were used to achieve this. Using the largest dataset—27,815 and 23,907 photos, respectively—
the authors in [19] and [28] were able to effectively finish their research. The authors in [23], [29], and [31] used large
datasets created by integrating two or more datasets to achieve this. Without using any kind of features, many authors in
[32], [31], [29], [28], and [18] have achieved accuracy of 98.266 percent, 97.08 percent, 70%, and 89.5 percent,
respectively. Every author, apart from [29], who combined two large datasets to achieve good accuracy close to or above
90%, has done so. Parallel to this, every researcher—aside from the writers of [15], [24], and [30]—has previously
employed deep learning models to distinguish between various forms of cancer. Almost every type of cancer has been
investigated and studied, including skin cancer ([15], [28], [29]), lung cancer ([19], [21], [23], [32]), breast cancer ([17],
[31]), brain cancer ([14], [24], [27], [30]), colorectal cancer ([18]), ([18]), and multiple cancer ([25],[26]).
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Table 1: State-of-art table comparing the outcome of cancer detection using ML and DL techniques

Literature Features Technique Dataset Cancer Best
Type Accuracy
. K-Means . o
*9 B B . . (V]
(Igtidar et al., 2020) [15] | LBP, HOG, BoVW Clustering HAM 10000[16] Skin 99.8%
various color and . )
(B.E. etal., 2017) [17] texture CNN 399 whole-slide | g ¢ AUC:
images 0.994
(Yu etal,, 2021) [18] ssp | 1AMl wholeslide | o i | 9304
images
(Noorbakhsh et al., Quantitative 27,815 (TCGA) Pan or AUCs >
2019) [19] Pathology CNN [20] lung 0.935
(Saric et al., 2019) [21] ROI CNN ACDC%L;]jNGHP Lung 97.9%
(K.-H. Y‘Ezest]al" 2020) Mog?;ﬁlcal CNN TCGA and ICGC | Lung 90%
(Rathore et al., 2018[14] Intensity-based Brain-Captk BraTS’15 Brain 89.92%
(Tang et al., 2019) [24] Texture based ML TCIA Brain 84%
. Lung,
(Vu et al., 2019) [25] P:ﬁ‘éi‘;"ﬁ%‘i‘;fl C?g\e]p MICCAI 2017 throat, 81%
p g Brain, etc.
(Davatzikos et al., 2018) Texture, histogram, CaPTk Case-Control tl)jrr:;l{ 89.929
[26] dynamics, spatial dataset ’ e
and lung
. . Local, Regional, and . .
(Fathi Kazerooni et al., 2 oS . Canicing Imaging . o
2020) [27] glotr))z:ttlé?zlsgmg CaPTk Phenomics Brain 71%
23,907 images . o
(Hasan et al., 2019) [28] CNN from ISIC Archive Skin 89.5%
(NEEMA 1[\/219e]t al., 2020) Deep CNN | ISIC, HAM10000 Skin 70%
(Virupakshappa & MLWD, GLCM, . o
Amarapur, 2020) [30] GMI AANN BRATS 2015 Brain 98%
: CBIS-DDSM
(Sannasi Chakravarthy & } ’
Rajaguru, 2022) [31] ICS-ELM MIAS, and IN Breast 98.266%
breast
DL based 1984 lung cancer o
(Ruan et al., 2022) [32] algorithm CT seans Lung 97.08%

Abbreviations: NV- Navye Bayes, SVM - Support Vector Machine, CNN - Convolutional Neural Network, GLCM -
Gray Level Co-Occurrence Matrix, SL - Supervised Learning, DL - Deep Learning, SSDL - Semi Supervised Deep
Learning, LBP - Local Binary Patterns, HOG - Histogram of Oriented Gradients, BoVW -Bag Of Visual Words, ROI -
Regions Of Interest, TCIA - The Cancer Imaging Archive, TCGA - The Cancer Genome Atlas, Captk - Cancer Imaging
Phenomics Toolkit, AANN - Adaptive Artificial Neural Network, Multi-Level wavelet, decomposition, MLWD - GMI -
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Gabor and moment invariant, ICS-ELM - Extreme Learning Machine Optimized using a Simple Crow-Search Algorithm,
CBIS-DDSM - Curated Breast Imaging Subset, MIAS - Mammographic Image Analysis Society, ACDC@LUNGHP -
Automatic Cancer Detection and Classification in Whole-slide Lung Histopathology

= Deep CNN - 70%
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E corm ] o

I Deep CNN — 81%
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Fig.3: The comparative visualization of the accuracy of the cancer detection techniques

The analysis is shown in Figure 3 as a bar graph that contrasts the highest accuracy with the literature. The graph
displays the highest accuracy's comparison to earlier studies. To preserve homogeneity, we have not incorporated
the detection performance measured by AUC [17] and [19] into the analysis procedure. After conducting research on
various tumor types and analyzing the data using ML and DL techniques, we arrived at the following conclusions:

1. Classification and segmentation accuracy could be further enhanced.
2. The collection ought to contain a higher overall count of pictures.
3. Large-scale medical datasets can be produced via the Generative Adversarial Network (GAN).

4. To diagnose and segment cancer, a hybrid deep learning model must be used, as this could increase the classifier's
effectiveness.

5. It is feasible to develop a real-time, automated cancer detection system that is fast and precise.
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Conclusion

As part of this investigation, we examined several techniques for identifying cancer using information from
biomedical imaging. Nearly every type of cancer was included in this study, including cancers of the skin, breast,
lungs, brain, colorectal, head and neck, and throat. This study incorporates work that was recently published,
especially in the last five years, from 2017 to 2022. Our results show that the researchers used a variety of ML and
DL algorithms, each with a distinct set of properties, to increase the detection accuracy. We conclude that good
classification accuracy can be achieved without a large number of features and deep learning models based on the
observations. By using as few features as possible, it is possible to diagnose cancer with high accuracy and a
successful outcome using biomedical images and the best available classifier.

We hope to use hybrid deep learning models and large datasets in the future to try and further improve the accuracy
and efficiency of cancer diagnosis. Additionally, we may use the GAN technique to generate a large number of
cancer datasets in order to accurately train the classifier and provide accurate results.
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