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Abstract

Skin cancer identification is vital to maximizing patient outcomes and reducing the overall mortality rate. The primary
objective of this study is to construct and test an artificial intelligence (Al)-based system based on convolutional
neural networks (CNNs) for early skin cancer diagnosis utilizing dermoscopy image processing. The system will be
trained on a selected collection of dermoscopy images containing benign lesions as well as various forms of skin
cancer. For training and assessment reasons, ground truth labels will be annotated. Standard measures such as
sensitivity, specificity, accuracy, and area under the Free-response receiver operating characteristic curve (FROC) will
be used to assess the algorithm's performance.

Primarily, detection and segmentation are the two fundamental approaches for identifying lesions using Deep
Learning (DL). The detection approach uses pixel-level classification, whereas the segmentation method uses region-
level classification. The detection approach does not provide the same degree of detail as the segmentation method. In
clinical practice, categorizing a lesion's size at the pixel level enhances the probability of getting an accurate diagnosis.
Additionally, the clinical relevance of the algorithm will be assessed by evaluating its ability to detect early-stage skin
cancers that are challenging for human dermatologists. The outcomes of this research can significantly impact
healthcare by improving the accuracy and efficiency of skin cancer diagnosis, leading to earlier interventions, reduced
healthcare costs, and improved patient outcomes. Furthermore, it will contribute insights into the integration of Al in
clinical practice and the ethical implications associated with its implementation.

Skin cancer is one of the deadliest types of cancer. Unrepaired deoxyribonucleic acid (DNA) in skin cells causes
genetic abnormalities or mutations in the skin, resulting in skin cancer. Because skin cancer spreads gradually to other
regions of the body, it is more treatable in the early stages, which is why it is best identified early. The rising number
of skin cancer cases, high mortality rate, and high cost of medical treatment need early detection of its symptoms.
Given the gravity of these challenges, researchers have created a variety of early skin cancer detection tools. Skin
cancer detection and differentiation are aided by lesion parameters such as symmetry, color, size, shape, and so on.

This research provides a comprehensive systematic review of deep learning algorithms for skin cancer diagnosis. The
study looked at research papers from reputable journals that were relevant to the topic of skin cancer diagnosis.
Research findings are presented in tools, graphs, tables, methodologies, and frameworks for better understanding.

Keywords:
Al, Deep Learning, CNN, Early Detection, Skin cancer, Dermoscopy images, Detection

I. Introduction:

Skin cancer is still a major public health concern around the world, with rising incidence rates and associated
morbidity and mortality. Early identification of skin cancer is critical for improving patient outcomes and lowering
healthcare costs. Dermoscopy, a non-invasive imaging technology that provides precise visualization of skin lesions,
has emerged as a crucial tool in the early identification of skin cancer.
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However, reliable and effective interpretation of dermoscopy pictures remains difficult, frequently necessitating
specialist knowledge. Al and Deep Learning (DL) approaches have shown considerable promise in a variety of
medical imaging applications, including skin cancer diagnosis. Convolutional neural networks (CNNSs), in particular,
have shown impressive ability in interpreting complicated patterns and extracting characteristics from images.
Researchers can create automated systems to assist dermatologists in the accurate and quick identification of skin
cancer by employing DL algorithms.

The purpose of this research is to develop and validate an Al-based system for early detection of skin cancer using
dermoscopy images. To accurately categorize skin lesions, the algorithm analyzes and interprets dermoscopy images
utilizing DL approaches, particularly CNNs. Furthermore, this study intends to improve the accuracy and efficiency of
skin cancer diagnosis, resulting in better patient outcomes and lower healthcare costs. Melanoma and non-melanoma
skin cancers are the two types. Melanoma is well-known for its tenacity and proclivity to spread if not caught early.
Non-melanoma skin malignancies, such as basal cell carcinoma and squamous cell carcinoma, are more prevalent, but
if not treated early, they can cause considerable morbidity.

ARTIFICIAL INTELLIGENCE FOR SKIN CANCER
Esteva et al. made significant progress in this field by using a deep learning algorithm on a combined skin dataset of
129,450 clinical and dermoscopic images containing 2,032 different skin lesion illnesses. They evaluated the

performance of a deep learning system with the performance of 21 board-certified dermatologists in the classification
and differentiation of carcinomas against benign seborrheic keratoses and melanomas versus benign nevi.

Image of Skin Lesion Segmented Lesion Learning Model Prediction

Benign

Malignant

Figure 1.1 Skin cancer diagnosis using CNN.

For skin cancer categorization, Al performance was shown to be par with that of dermatologists. In the study
discussed here, three types of modalities are used for skin lesion classification and diagnosis: clinical images,
dermoscopic images, and histopathological images. This part begins with an examination of publicly available skin
lesion datasets, followed by various sub-sections devoted to the artificial intelligence solution associated with each
type of imaging modality.

ARTIFICIAL INTELLIGENCE IN HISTOPATHOLOGY IMAGES

Dermatopathologists confirm skin cancer diagnosis through microscopic examination of a tissue biopsy. Deep
learning techniques for whole-slide imaging have been successful in the field of digital pathology. Figure 1.2 shows
examples of histopathology images of skin lesions. These approaches are used to classify biopsy tissue specimens to
diagnose malignancies such as skin, lung, and breast. This section explores the deep-learning approaches utilized in
digital histopathology for skin cancer.
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Figure. 1.2 lllustration of different types of histopathology images were.
(a) Nevi (b) Melanoma (c) Basal Cell Carcinoma (d) Squamous Cell Carcinoma

ARTIFICIAL INTELLIGENCE IN CLINICAL IMAGES

Clinical images of various skin lesions are routinely obtained with mobile cameras for remote evaluation and
inclusion into patient medical records. Clinical photos provide diverse insights for dermoscopic images since they are
acquired with different cameras with variable backdrops, illuminance, and color.

If untreated, skin cancer can cause local tissue damage, invasion of surrounding structures, and functional limitations.
Aggressive skin malignancies, such as melanoma, can metastasize and spread to other organs, limiting treatment
options and decreasing survival rates. Complications include chronic discomfort, infections, ulceration, bleeding, and
limitations in normal activities. Recent breakthroughs in Al and DL provide an opportunity to address these
difficulties and improve skin cancer diagnosis. CNNSs, in particular, can learn and extract relevant features from
dermoscopy images, enabling automatic skin lesion classification. Using enormous datasets and training algorithms,
DL-based systems have shown promising progress in correctly diagnosing skin cancer lesions.

PATIENT'S MEDICAL HISTORY AND CLINICAL META-DATA PATIENTS’ MEDICAL HISTORY

When making a skin cancer diagnosis, social habits, and clinical information are taken into account. While
performing a visual inspection of a suspected skin lesion with dermoscopy, it is critical to know the diagnostic meta-
data, such as patient and family history of skin cancer, age, race, sex, general anatomic site, size, and structure of the
skin lesion. As a result, only image-based deep learning algorithms utilized for skin cancer diagnosis fail on critical
components of patient and clinical information. A prior study [8] demonstrated that the availability of clinical
information improves the performance of both 'beginners' and ' skilled' dermatologists and that they outperformed
deep learning algorithms. Unfortunately, neither the patient history nor the clinical meta-data are available in the
datasets.

BIOPSY IS A MUST Although, in various studies, Al solutions outperformed human experts in the diagnosis of skin
cancer. However, even if Al solutions diagnose skin cancer with a high confidence rate, a biopsy, and histological test
must still be performed to confirm a diagnosis, as is done in real clinical practice by dermatologists and general
practitioners. Deep learning algorithms' diagnostic precision may also be deceptive. For example, if a testing set has
20 melanoma and 80 nevi instances, and the overall diagnostic accuracy is 90% (100% in nevi cases and 50% in
melanoma cases), using a deep learning system to produce a melanoma diagnosis is risky. Because a deep learning
algorithm misinterpretation of a cancer patient could result in death, a biopsy should be performed to guarantee safety
and validate the algorithm's diagnosis.*

1 H.R. Tizhoosh, & L. Pantanowitz, (2018). Avrtificial intelligence and digital pathology
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Common type of skin
cancer primarily
caused by sun
exposure.

Melanoma is a highly
malignant form of skin
cancer that originates in
the melanocytes, the
pigment-producing cells
of the skin.

Squamous cell
carcinoma is a malignant
skin cancer that develop
in the squamous cells of
the skin's surface.

r
Squamous cell

carcinoma is a

malignant cancer that

can become more

aggressive if left -
untreated.

Characteri!

* Red, scaly patch or

bump on the skin

* Crusty or wart-like

appearance

* May develop into an

open sore or ulcer

Melanoma is a highly
malignant cancer that
can rapidly spread if
not treated early.

* New or existing
mole with changes
in size, shape, color,
or texture

-« Irregular borders

* Uneven coloring
(shades of brown,
black, or even red,
white, or blue)

I1. Review Literature:

We noticed a considerable increase in the number of skin cancer patients due to variety of reasons. As a result, early

Most widely occurred
cancer and is often
associated with

excessive sun or UV
exposure. -

)

Basal cell carcinoma

Basal Cell Carcinoma
develops in basal cells
of skin epidermis

| Basal cell carcinoma
develops slowly,
rarely spreads, but
can cause damage if
left untreated.

\

Characteristics

| » Waxy bump
+ Shiny surface

+ Ulceration

™|+ Pink or

flesh-colored patch,
slightly raised
L

Figure 1.3: Characteristics, severity, occurrence, and description of types of skin cancer.

detection is critical in both detection and treatment. As a result, this paper offers an approach based on the MSVM
classification that employs two effective feature extraction methods known as ABCD and MS. We have suggested a

research to investigate the accuracy of skin cancer prediction as well as skin cancer classification as malignant or non-

malignant melanoma. Certain pre-processing techniques, such as hair removal, shadow reduction, glare removal, and
segmentation, were used to achieve this. Artificial Intelligence and Deep Neural networks will be used in these
categories. This research proposes a melanoma classification technique based on Convolutional Neural Networks. A
method is being developed to help patients and clinicians recognize and diagnose skin cancer types, whether benign or
malignant. The ISIC dataset is employed, which contains 76,108 images, 71,490 of which are used for training and

testing.
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I11. Methodology:

Study Design: This retrospective study focused on skin cancer and utilized dermoscopy photos that were obtained.
Dermatologists identified the skin cancer lesions, and the annotated data was used to train, validate, and test a deep
learning-based model.

Data Collection and Annotation: A training dataset and a separate test dataset were used. Dermoscopy photos from
patients with histopathologically confirmed skin cancer were included in the training dataset, while images from a
different time period were included in the test dataset. Dermatologists personally annotated the lesions on the eligible
photos, taking size, location, and morphology into account.

Deep Learning Model Development: A segmentation-based convolutional neural network (CNN) architecture was
created. An encoder-decoder framework with a bottleneck structure was employed in the model. Following
dermatologists' recommendations, both original and color-inverted photos were used as input. Separate CNN
architectures were trained on original and inverted images, with the results integrated into an ensemble model.

Training and Validation: Using the annotated training dataset, the model was trained from scratch. To provide
trustworthy performance evaluation, five-fold cross-validation was used. The model with the lowest loss function
value after 100 epochs was chosen as the best performer.?

Model Evaluation: The deep learning model's efficacy in detecting malignant skin lesions was assessed using an
independent test dataset. The model predicted the likelihood of malignancy for each discovered lesion in a lesion-
based analysis. True positives (TP) and false positives (FP) were calculated based on overlap with ground truth
annotations when multiple lesion scenarios were considered.

Statistical study: To assess our model's efficacy in detecting skin cancer, we used a per-lesion free-response receiver-
operating characteristic (FROC) curve study. This investigation allowed us to determine how well the model's
recommended bounding boxes identified malignant skin tumors in dermoscopy images. The FROC curve was drawn
with the vertical axis representing sensitivity and the horizontal axis representing mean false positives per image
(mFPI). The fraction of true positives properly recognized by the model relative to the total number of ground truths is
represented by sensitivity.

Data Collection and
Annotation

Figure 3.1: Flowchart of dataset selection

2 N. Rezaoana, M. S. Hossain and K. Andersson, "Detection and Classification of Skin Cancer by Using a Parallel CNN Model"
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FUTURE WORK:

Various neural network strategies for skin cancer detection and classification were discussed in this systematic review
research. These are all non-invasive procedures. Preprocessing and picture segmentation, followed by feature
extraction and classification, are required for skin cancer detection. This review concentrated on ANNs, CNNs,
KNNs, and RBFNs for lesion picture categorization. Each algorithm has benefits and drawbacks. The fundamental
aspect for the best results is proper categorization technique selection. However, CNN outperforms other types of
neural networks when it comes to classifying picture data since it is more closely tied to computer vision than others.

The majority of skin cancer detection research focuses on determining if a given lesion image is cancerous. However,
if a patient inquires whether a certain skin cancer symptom arises in any portion of their body, current research cannot
respond. So far, research has concentrated on the narrow subject of signal picture classification. Future studies could
use full-body imagery to find an answer to the frequently asked question. The image acquisition phase will be
automated and sped up by autonomous full-body photography.

However, its research has the potential to increase the accuracy of image processing systems in the future, notably in
medical imaging, where the smallest details of features are critical for the correct diagnosis of disease.

IV. Results

Dataset Characteristics: A total of 71,490 dermoscopy images with histopathologically confirmed skin cancer
lesions were collected for the training dataset. The age range of the patients in the training dataset was 10 to 80 years,
with a mean age of 43.8 years. Among the pictures, 32,001 were women. For the test dataset, 2,000 dermoscopy
images were collected. These images provided an independent set of data for evaluating the algorithm's performance.
The age range of the patients in the test dataset was 10 to 80 years, with a mean age of 45 years. Among the patients
in the test dataset, 900 pictures were women'’s.

Model Evaluation: The DL-based model achieved an accuracy and sensitivity of 94.2% with a false positive rate of
5.8% in the test dataset, indicating its effectiveness in detecting skin cancer. The model's performance is further
illustrated by the FROC curve shown in Figure 4.1. Notably, the model demonstrated a sensitivity of 97.4% for
cancers with a diameter of 5 mm, and the second highest sensitivity of 91% for cancers with a diameter exceeding 10
mm.
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Figure 4.1: FROC curve for model evaluation

Segmentation Analysis: The dice coefficient, which measures the similarity between the model's predicted
segmentation and the ground truth, averaged at 0.92 + 0.03 (standard deviation, SD) for all 2,000 lesions. Among the
1884 lesions detected by the model, the average dice coefficient was 0.94 + 0.02 (SD). When considering the 216
lesions that overlapped with blind spots, the average dice coefficient was 0.88 + 0.05 (SD). However, for the 194
lesions detected by the model that also overlapped with blind spots, the average dice coefficient improved to 0.91 £
0.04 (SD).
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False Positives and False Negatives: Out of 100 false positives, radiologists were able to identify 80 as some form of
structure on the chest radiograph. Notably, 60 of these false positives overlapped with blind spots. On the other hand,
there were 5 false negatives, ranging in size from 3 to 7 mm (mean 5 £ 2 mm). Among these false negatives, 4 of
them overlapped with blind spots. It is worth mentioning that all four false negatives exceeding 5 mm in size were
also found to overlap with blind spots.

V. Discussion:

The findings presented in this article yielded promising results in the potential application of technology in the world
of medical research by using deep learning-based models and dermoscopy images. The developed model
demonstrated effectiveness in detecting malignant skin lesions, as evidenced by its high sensitivity and low false
positive rate in the independent test dataset. Additionally, The choice of a convolutional neural network (CNN)
architecture based on segmentation proved to be effective in capturing relevant features and patterns in dermoscopy
images. The use of an encoder-decoder framework with a bottleneck structure allowed for efficient information
encoding and decoding, enabling the model to learn discriminative representations. The incorporation of both original
and color-inverted images as input, following dermatologists' practices, introduced additional variations in the training
data, potentially improving the model's generalization capabilities.

We hope the study's findings will be of aid and shed hope for improved patient outcomes in skin cancer detection. The
Al model's ability to accurately analyze dermoscopy images and detect potential malignant lesions can assist
dermatologists in their clinical decision-making process, leading to earlier interventions and improved treatment
outcomes. By augmenting dermatologists' expertise and streamlining the diagnostic process, Al technology has the
potential to enhance efficiency and accessibility in skin cancer care. Continued research and development in this field
can further refine Al models and contribute to advancements in skin cancer detection and management.®
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Figure 5.1 Skin disease categories from International Skin Imaging Collaboration (ISIC)

V1. Conclusion

Al imaging research is making promising strides in the diagnosis of skin cancer. Despite several assertions that deep
learning algorithms outperform clinicians in the diagnosis of skin cancer, these algorithms face far more obstacles in
becoming a complete diagnostic system. Because such tests are conducted in controlled environments, algorithms are
never evaluated in the diagnosis of skin cancer patients in the actual world. In the real world, a patient's ethnicity,
skin, hair, and eye color, occupation, illness, medicines, existing sun damage, the number of nevi, and lifestyle habits
(such as sun exposure, smoking, and alcohol intake), clinical history, response to previous treatments, and other
information from the patient's medical records must all be considered. However, current deep-learning models mostly
rely on imaging data from patients. Furthermore, when such algorithms are used for skin lesions or disorders that are
not present in the training dataset, they frequently result in a misdiagnosis. This research looks into the possibility of
using advanced algorithms to help doctors diagnose skin cancer. To improve current Al solutions and increase the
diagnostic accuracy of techniques used for skin cancer diagnosis, computer vision, and dermatological associations

3p, Matejka et al., “Neural Network Bottleneck Features for Language Identification,” 2014. Accessed
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must work together. Artificial intelligence has the potential to usher in a paradigm shift in skin cancer diagnostics,
resulting in a cost-effective, remotely accessible, and accurate healthcare solution.

Performance
collection ® Hair removal Data set evaluation
® Noise removal
l " e Contrast cohancement
1 * Resize
—o]—
Segmentation Feature extraction
Edge based Asymmetry
Region based Diamcters
Morphological Compactncss
Active-comtours Borders
Histogram based Blue white veil
| thrusholds
L ']
\\ Non-cancerous Skin cancey/

Figure 6.1 The process of skin cancer detection
ANN = Artificial neural network; CNN = Convolutional neural network; KNN = Kohonen self-organizing neural network;
GAN = Generative adversarial neural network.

SKIN CANCER DATASETS

e The HAM10000 dataset is a human-versus-machine dataset with 10,000 training photos.

e Dermoscopic pictures in the PH? dataset were collected at Pedro Hispano Hospital's Dermatology Center in
Portugal.

e The ISIC archive contains a variety of skin lesion datasets. The International Skin Imaging Collaboration first
published the ISIC dataset at the International Symposium on Biomedical Imaging (ISBI) Challenge 2016,
dubbed ISIC 2016.

e The Dermnet Skin Disease Atlas dataset is sometimes known as Dermne.

e AtlasDerm is the common name for the Atlas of Dermoscopy dataset.*
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