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Abstract

Skin cancer is a widespread and fatal disease in which early and accurate detection is an
important aspect for effective treatment. The issues that arise when performing automated
analysis of dermatoscopic images include artifacts such as hair, low contrast, and irregular
edges of lesions that interfere with segmentation and classification. This study proposes an
automated image preprocessing pipeline designed to remove artifacts while saving lesion
texture and boundary. The method combines various computer vision methods and pro-
cesses to produce a hairless dermatoscopic image of the sample, and lesion segmentation is
subsequently performed using the HSV color space and binary masking. The effectiveness
of the proposed preprocessing approach is evaluated using five state-of-the-art models:
VGG16, ResNet50, InceptionV3, EfficientNet-B4, and DenseNet121.
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1. Introduction

Skin cancer, which is a prevalent health issue worldwide, has been the subject of a
vast amount of research due to its severity, high incidence, and mortality rate. Conse-
quently, early detection and accurate classification of skin cancer are the cornerstone of
effective treatment and improved outcomes [1]. Excessive exposure to ultraviolet (UV)
radiation from the sun is the most important cause of skin cancer. Moreover, genetic
factors, immune system deficiencies, and some treatment modalities, including radia-
tion therapy, can contribute to the susceptibility and development of skin cancer. Skin
cancer is commonly classified into two major categories: melanoma and non-melanoma
skin cancer [2]. Melanoma, located in the outer layer of the skin, is the most dangerous
and deadliest, although it accounts for only about 1% of skin cancers [3], as it spreads
rapidly to other parts of the body if left undiagnosed and untreated [4]. Melanoma can
develop mainly as a result of UV light damage in melanocytes, the pigment-producing
cells. Melanoma can appear as a new mole or a variation in an existing one, showing
irregular borders, colors, and dimensions. In addition, it develops in the body parts that
are not commonly exposed to sunlight. Furthermore, the majority of skin cancer cases
fall under non-melanoma types, such as basal cell carcinoma (BCC) and squamous cell
carcinoma (SCC). The non-melanoma skin cancers originate in the epidermis, which is
the outermost layer of the skin, by the influenced parts commonly referred to as a lesion.
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They have a lower likelihood of spreading to other parts of the body. In comparison to
melanoma, non-melanoma skin cancers are easier to cure. They tend to behave differently
from melanoma and are often treated by different methods. Approximately 2 to 3 million
cases of non-melanoma skin cancers are reported annually worldwide [5]. In accordance
with the statistics, melanoma is projected to be the 5th most commonly diagnosed cancer
in men and women in 2022. Without timely diagnosis, both types of skin tumors can
often lead to fatalities that is why it is essential to acknowledge the presence of potentially
dangerous malignant skin cancers. In clinical settings, traditional diagnostic procedures
used by expert dermatologists heavily starts with the visual examination of suspicious
lesions with the naked eye, followed by a dermoscopy involving inspection under a mi-
croscope and if required, proceeds to biopsy to whether it is benign or malignant and to
classify the type of skin cancer [5]. Nevertheless, these approaches face several challenges,
including difficulty in analyzing lesions perturbed by hair and the similarity in the mi-
croscopic appearance between cancerous and noncancerous lesions. That is to say, biopsy
is subjective and prone to errors. In addition, many communities encounter limitations
in access to adequate healthcare services, such as the shortage of medical sources and
specialized dermatological equipment. On the one hand, existing diagnostic procedures
can be invasive, time-consuming, and subject to wrong outcomes due to human error.
On the other hand, these limitations exacerbate the issue by causing a steady increase in
the rate of occurrence of skin cancer. Therefore, the requirement for more accurate, efficient,
and automated diagnostic tools for skin cancer remains a goal for the healthcare systems.
In this context, instead of doing manual interpretations, computer-based technologies like
image processing and Artificial Intelligence (Al), particularly Deep Learning (DL) such
as VGG16 [6], ResNet50 [6], InceptionV3 [7], EfficientNet-B4 [8], and DenseNet121 [6],
have demonstrated significant potential to overcome subjectiveness. Given the clinical
characteristics such as border irregularity measured from the border (i.e., B parameter)
in the ABCD rule, analysis of skin cancer based on computerized technology starts with
the detection of lesion borders. This is because clinical features like border irregularity
or fuzziness are evaluated depending upon the detected borders of the lesions. As for
visual examination, the American Center for the Study of Dermatology offered the ABCD
guide focusing on asymmetry (A), border (B), color (C), and diameter (D) to help in the
early diagnosis of skin cancers [9,10]. The ABCD rule assists physicians, dermatologists,
and even non-experts in identifying features of melanoma for early diagnosis by offering
a straightforward framework for skin lesions that may necessitate further investigation
using biopsy. However, detection of such borders automatically without affecting the lesion
texture is a challenging task due to the low contrast between the foreground (skin lesion)
and background, diffused lesion borders, artifacts of hair presence, and the uneven color
distribution within the lesion [11,12]. Recent advancements in the deep learning field have
shown significant and important potential in overcoming these challenges by enabling
robust lesion segmentation and classification through deep learning model architectures
designed to handle complex patterns [12].

Hair artifacts in dermoscopic images are a prevalent hindrance to skin cancer diag-
nosis due to making delineation of the boundary of lesion difficult and leading to poor
performance of automated lesion detection systems. This challenge has been addressed
by several studies and based on our research, ref. [13] proposed a hair removal technique
via a median filtered followed by morphological operation technique for feature preserva-
tion and hair artifact removal, while effective this method may struggle with dense hair
regions. In Ref. [14], based on interpolation and morphological operations, simplicity is
prioritized over performance by compromising performance in cases of complex hair pat-
terns. In Ref. [15] they proposed a deep learning-based approach using GANs and showed
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promising results while requiring extensive computational resources and large datasets
for training.

Unlike these methods, our approach introduces a novel method that is formatted by
combining Canny edge detection followed by inpainting operations to robustly detect and
remove hair while preserving lesion texture. Occluded regions are seamlessly reconstructed
using this method, and visualization for further segmentation and classification is improved
by the clearing of the focus boundary. In this study, we introduce our novel automated
detection and classification of skin cancer method that integrates artifact removal, such as
hair, to improve lesion border detection and classification accuracy. The findings seek to
overcome the key shortcomings of traditional methods, advancing computer-aided skin
cancer diagnostics to a significant extent.

2. Related Works

For this study, we employed a variety of advanced techniques and technology to
improve the accuracy and efficiency of skin lesion detection and classification, and these
methods were picked based on state-of-the-art computer vision and medical image analysis
research undertaken that can solve issues such as hair occlusion, noise, and complex
feature extraction.

The Canny edge detection algorithm [16] is the most widely used edge detection
algorithm, which can successfully detect hair edges using dermatoscopic images because
it reduces noise while identifying important image boundaries. Inpainting for image
reconstruction is a technique, such as the one in [17], that is extensively used to fill missing
regions in images by interpolating surrounding pixel values, which is crucial for removing
hair occlusions in this research. VGG16 [18] is a deep convolutional neural network
model for image classification tasks that is composed of 16 layers of artificial neurons,
each of which is used to work on image information progressively and to enhance the
accuracy of its predictions, addressing many medical imaging feature extraction tasks.
ResNet50 [19] is a deep neural network architecture that consists of 50 weight layers,
and it is primarily used to address the issue of low accuracy in shallow neural network
classification. By utilizing the residual connections to enable deeper architecture, and by
that improving feature extraction and classification accuracy in complex applications.
DenseNet121 [20] has a total of 121 layers. It consists of one initial convolutional layer, four
dense blocks, three transition layers, and one classification layer at the end. By employing
the dense connectivity between layers to enhance feature reuse and improve the efficiency
of image classification and segmentation tasks. EfficientNet-B4 was proposed by Tan and
Le (2019) [21], and it is a Convolutional Neural Network (CNN) architecture that utilizes a
compound scaling method to uniformly scale depth, width, and resolution, providing high
accuracy with computational efficiency. A family of models utilizing compound scaling
to optimize performance and computational efficiency, by making it highly applicable for
dermatoscopic image analysis. inceptionV3 was developed by Szegedy et al. (2016) [22],
a convolutional neural network of 48 layers deep, in which multi scale feature extraction
and low computational cost were combined to be widely used in image recognition task.
Gaussian Blur [23] is an image smoothing technique that is widely used to reduce noise
and small variation in the intensity of pixel values, facilitating edge detection results and
image preprocessing. Morphological operations [24] which including dilation, erosion,
and closing are important for image processing to refine the binary masks, to fill the small
openings of edges after having detected and to do the segmentation task more accurately.
Lastly, Binary Masking [25] for Image Segmentation, which is a fundamental step in this
study, is widely used in medical image analysis to isolate regions of interest, as highlighted
in U-Net architecture [25].
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Recent studies such as [26-28] further highlight the relevance of lightweight and
few-shot learning models for medical image classification tasks.

Both individually and in combination, these technologies finally gave us a robust
and effective pipeline for processing dermatoscopic images. They further contributed to
improving the performance of the deep learning models that are used in this research
by solving each of these individual lesion detection and segmentation challenges in skin
lesions using each technique, and by that our method allows us to support the desirability
of using basic methods due to the complexity of medical image analysis.

3. Methodology
3.1. Dataset

The dataset used in this research is the Melanoma Skin Cancer Dataset [29] which
is publicly available on Kaggle and comprises a massive 10,000 dermatoscopic images
the dataset is specifically designed to help the research and development of melanoma
detection and classification of skin lesions labeled images of many different skin conditions
are included, and we have used these dataset to train and evaluate our preprocessing hair
removal pipeline method and tested using deep learning models for skin lesion detection
and segmentation. The dataset is organized into two main categories the first one benign
lesions images includes the images of benign skin conditions or lesions which is required
for distinguishing between healthy skin and benign anomalies as skin samples containing
melanoma, a very critical and possibly mortal skin cancer that is being used to categorize
and identify as cancerous lesions segmentation, and malignant ones the images in this
category show skin samples with melanoma, a very serious and potentially deadly type of
skin cancer, which are used to help identify and categorize as cancerous lesions and each
image in the dataset is stored in JPEG format and accompanied by labels that identify the
lesion type (benign or malignant).

The dataset mimics true difficulties encountered in dermatoscopic image analysis,
specifically, they are varying illumination and color, and the presence of artifacts like
hair, and with these challenges as shown in Figure 1, the dataset is perfect for testing
the performance of our preprocessing methodology and evaluating the robustness of
state-of-the-art neural networks in detecting and classifying skin lesions. And by using
these datasets in order to contribute to the ongoing efforts towards improving automated
melanoma detection and improving the reliability of computer-aided diagnostic systems.

Figure 1. Samples Images from the melanoma skin cancer dataset.
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In our study, we applied a systematic approach to detect skin lesions in medical
images: two steps pre-handling to eliminate hair from images and enhance lesion visibility
as presented in Figure 2, and then, those diagnoses using image processing techniques,
methodology was applied to two datasets containing benign and malignant skin lesions,
with a comprehensive evaluation carried out using state-of-the-art neural networks.
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Figure 2. Flowchart demonstrating the hair removal and skin lesion detection methodology.

Dermatologic images contain hair that can suppress parts of the lesion areas and
prevent accurate detection and segmentation. We applied a process of hair removal to
deal with this issue using various techniques which start with grayscale was used since
usually hair is heavily contrasted with skin tones. It was then Gaussian blurred to reduce
noise and smooth out small irregularities. Canny edge detection with low and high
thresholds set to 30 and 20 was then used to isolate hair strand edges with low and high
thresholds, respectively. Then morphological operations were applied to performed using
a 3 x 3 elliptical structuring element to close small gaps in the detected edges, producing
more continuous hair contours. In particular, we finally remove the detected hair using
Telea inpainting technique algorithm from OpenCV to reconstructing the removed hair
area, which used to preserve local texture structure, especially in dense hair lesions and use
the surrounding pixel information to reconstruct the areas that were previously occluded
by hair. And finally, hairless images were produced for additional lesion analysis using
this process.

With hair removed, it exposed all of the skin lesions in the hairless images. The images
were converted to the HSV (hue, saturation, and value) [30]. Utilizing the saturation
channel, which highlights color intensity disparities between lesions and the surrounding
skin. This increases the algorithm’s capabilities to build accurate binary masks, especially
under difficult lighting circumstances. The saturation channel was subjected to Gaussian
blur with a 5 x 5 kernel in order to reduce noise, and Otsu’s thresholding [31] was applied
to generate a binary mask separating the lesion from the surrounding skin. Next, we
detected contours of the lesions obtained from the previous stages on the original image
and drew lines to visually demarcate the affected areas.

We automated the hair removal and lesion detection steps using a custom Python 3.10
script and then processed the entire dataset, which has been split into benign and malignant
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lesion categories, which enabled us to process large volumes of dermatoscopic images in
time. Results were well organized by storing the output images in separate directories for
further analysis.

To evaluate our proposed method, we use the following five of the most common
neural networks: VGG16, ResNet50, InceptionV3, EfficientNet-B4, and DenseNet121. These
models are well known for their quality in image classification. To maintain performance
to the core, we have individually fine-tuned the models on this task of skin lesion detection
dataset was split into 70% training, 15% validation, and 15% testing. We trained each
model using a batch size of 32, a learning rate of 0.0001, and for 20 epochs using the Adam
optimizer. Early stopping was applied based on validation loss. We then carried out an
evaluation on both the original datasets and our hairless dataset, which is preprocessed
using our preprocessing pipeline. This enabled us to assess the impact that hair removal
from the images has on the performance of these neural models and the fairness of com-
parison. Since our study primarily focuses on enhancing classification accuracy through
preprocessing, we did not quantitatively evaluate the segmentation step with metrics like
IoU or Dice due to the lack of labeled masks in the dataset.

As we indicated previously, the evaluation was conducted on the original dataset,
which also contains hair, and the hairless dataset created from our preprocessing pipeline.
By using this dual-dataset approach, we were able to make a very rigorous comparison
of how hair removal affects the performance of those models. We compared the results
of the original and hairless images and were able to quantify the degree to which hair
impacted lesion detection accuracy, and the benefits of our preprocessing method. It also
set this up carefully so that the comparison would be fair, because we tested the models
on the same images, and all we would be changing would be hair or not, and therefore
utilized preprocessing to provide a thorough understanding of how preprocessing affects
deep learning models in the context of medical image analysis, and thus supported the
robustness of our conclusions.

These results have been very promising: removing hair significantly improves skin
lesion detection accuracy for several of these models, indicating they process noise in
images better after preprocessing, allowing the neural networks to find lesion feature
points easier. These results consistently demonstrated this improvement as a function of
hair removal in dermatoscopic image analysis and its consequential impact on the accuracy
of deep learning models in skin lesion detection. Integration of image preprocessing stages
and hair removal with advanced neural networks for better, more accurate, and reliable
diagnostic tools in dermatology resulted in increased lesion detection.

3.2. Importance of Removing Skin Hair for Improved Skin Lesion Segmentation

Removing skin hair from skin lesion images is a critical preprocessing step that sig-
nificantly enhances the accuracy and efficiency of lesion segmentation hair artifacts can
obscure the lesion boundaries which can lead to inaccurate lesions and edges detection and
segmentation results we can effectively isolate and remove these hair artifacts which result-
ing in cleaner and hairless images this preprocessing step ensures that the subsequent and
segmentation processes focus solely on the lesion which then improving the precision and
reliability of the segmentation outcomes as showing in Figure 3 below hair removal leads to
more accurate and effective image analysis ultimately contributing to better segmentation
result and network decisions.
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Figure 3. (a) Original image vs. hairless image 5%. (b) Original image vs. hairless image 20%.

(c) Original image vs. hairless image 35%. (d) Original image vs. hairless image 45%. Comparison
of original images with hair and processed images with hair removed with different intensity for
improved lesion visibility. Intensity percentages refer to the proportion of synthetic hair overlays
applied to the lesion images, picturing varying levels of severity before removal.

3.3. Enhancing Skin Lesion and Hair Detection: Combining Mask and Original Images Using
Various Methods

Combining extracted hair masks with original images is a crucial step in enhancing
skin lesions and hair occlusion detection to remove them from the images. Various methods,
such as Original, BRG (Blue-Red-Green) Mask, BW (black and white) Original + Mask,
Original + Mask, Original + Mask Alt (alternative Mask), Original + BW (black and white)
Mask, and BW (black and white) Mask as can be seen in Figure 4 offer unique approaches
to integrate segmented lesions with the original images.

*  Original: The first skin lesion dermatoscope image is presented, and it contains
occlusions by hair. Hair strands cover the lesion boundaries, which aggravate accurate
detection and segmentation of the lesion;

*  BRG Mask: Here, in this step, a color mask (shown with blue-green-red colors) is
applied to show the edges and contours inside the image. This mask highlights both
hair and lesion boundaries to first identify features. The BRG mask allows us to
visualize the scope of hair interference as well as to outline the lesion region;

e BW (Black and White) Original + Mask: At this stage the image is overlaid with a black
and white edge detection mask. In this image, edges inside the image are highlighted
in grayscale with emphasis on regnant contours. There is still some hair detail visible
in the edges, meaning the lesion needs to be further processed to really isolate it;

*  Original + Mask: The lesion is marked in this frame by a contour line around its
boundary on the original image. The mask used in this figure helps to separate the
lesion from the surrounding artifacts, such as hair, but the hair remains in the image
and this stage is an intermediate stage in which we focus on the lesion not with
other interference;
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¢ Original + Mask Alt: In this case, a stronger contrast around lesion boundary is created
using a different version of the mask. This separates the area of the lesion clearer from
the area of the hair, while still showing that this area of hair is also present;

¢  Original + BW Mask: It pulls in a binary (black or white) mask of the lesion and fades
the surrounding areas. Though you can still see some hair edges, the lesion now looks
more prominent. The final segmentation will depend on this version, which creates a
strong contrast between the lesion and the background for preparation;

*  BW Mask: This is the last black and white mask with a lesion represented as a white
region and everything else is black background. Initially in this frame, we remove the
hair and other extraneous features, leaving a clean segmentation of the lesion. It can
then be used for further analysis or another time to feed into the machine learning
models, since now we have the lesion without hair.

Original + Mask Original + Mask Alt Original + BW Mask BW Mask

Figure 4. Combining mask and original images using various methods.

4. Results

To evaluate how well our proposed methodology works, experiments were conducted
with five well-known neural network models, which are VGG16, ResNet50, InceptionV3,
EfficientNet-B4, and DenseNet121. Each model was evaluated on both the original dataset
with hair occlusions dermatoscopic images first, as well as on the hairless dermatoscopic
images dataset created by our preprocessing pipeline. As the main metric to evaluate and
compare this result, accuracy was used to determine the performance and decision process
of each model detecting skin lesions.

Impact of Preprocessing on Model Accuracy

Our experiments produce results indicating that our hair removal preprocessing step
improves model performance relative to the original dataset and illustrates, as shown
in Figure 5 and Table 1, that hair occlusions in dermatoscopic images often mimic lesion
boundaries or introduce extraneous edges leading to potentially false positives or confusion
in feature extraction. The models removed hair from skin in images presented in the dataset,
leaving only the relevant features of the lesion on the skin without distraction from the
noisy, misleading textures, thereby improving his classification ability.

Table 1. Comparison of accuracy results for different models on original and hairless datasets.

Network Accuracy (Original) Accuracy (Hairless)
VGGI16 88.00% 88.40%
ResNet50 90.20% 91.00%
EfficientNet-B4 91.20% 91.80%
InceptionV3 91.50% 91.60%
DenseNet121 90.40% 91.50%

Specifically, Figure 5 shows how the training accuracy on the original dataset was
88.0%, and after applying our preprocessing pipeline method, it increased to 88.4% on the
hairless dataset. This small improvement indicates that VGG16 is relatively resistant to
hair occlusions, even with minimal preprocessing done on the dataset before training the
model. The model maintains robust performance by smoothing over distracting, irrelevant
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features on boundaries or eliminating extraneous edges that could lead to false positives or
interference in feature extraction, which is a very common error that the feature extraction
model faces because of these distractions. By removing hair from skin in the images,
the models were able to focus exclusively on relevant features of the lesion presented on
the skin without distraction from noisy or misleading textures and ultimately improving
their classification capabilities.

Accuracy Comparison between Original and Hairless Datasets across Models

—a— Original Dataset

0.94 #— Hairless Dataset

0.92 4

0.90

Accuracy

0.88

VGG16 ResNet50 EfficientNet InceptionVv3 DenseNet121
Model

Figure 5. Accuracy comparison between original and hairless datasets across models.

Similarly, as shown in Figure 5 and Table 1, Figure 5 shows that accuracy of ResNet50
sees a positive gain from preprocessing, from 90.2% on original dataset to 91% on hairless
dataset. On clearer images, the deep architecture with residual connections was able to bet-
ter capture lesion features as hair removal improved its ability to learn meaningful patterns
after the removing of the edges caused by hair occlusions and this high accuracy indicates
a benefit of preprocessing pipeline method in terms of the performance of ResNet50, which
struggles with feature extraction in the presence of hair on the skin in images which edges
introduced by hair occlusions and this boost in accuracy underscores the advantage of
preprocessing method for ResNet50 model.

EfficientNet-B4 displayed good performance, with 91.2% on the original dataset and
91.8% on the hairless dataset. Figure 5 and Table 1 indicate that EfficientNet-B4, with com-
pound scaling in combination of depth, width, and resolution, could manage both datasets
well, although it was slightly better and more clear when the hairless dataset images were
presented. We observe this improvement in accuracy, which indicates EfficientNet-B4
ability to effectively use clean input data to achieve marginally faster convergence and
stronger detection precision given the absence of hair occlusions.

For InceptionV3, we had a similar trend: high accuracy on both datasets at around
91.5% on the original dataset and 91.6% on the hairless dataset. With the model multi-scale
architecture, to be able to process at different levels of granularity. Nevertheless, as shown
in Figure 5 and Table 1, the slight improvement shown on the hairless dataset, which was
produced as a product of our preperocessing pipeline method, highlights that the model
benefited from the reduction in noise, as the absence of hair made it easier to accurately
delineate lesion boundaries without extraneous edges.

Finally, DenseNet121, with densely connected architecture, also displayed a positive
improvement on the hair removal preprocessing method, increasing accuracy from 90.4%
on the original dataset to 91.5% on the hairless dataset as we can see Figure 5 and Table 1.
On the original images DenseNet121 did reasonably well although our preprocessing
pipeline helped it to focus on these relevant lesion features without distraction and this re-
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sult suggests that further development could optimize DenseNet121’s processing efficiency,
potentially yielding even greater improvements in accuracy.

5. Discussion

The comparison between the original and hairless datasets highlights the advantages
provided by hair removal. On average, hair removal led to an approximate 0.5-1% increase
in accuracy across models, with of ResNet50 and EfficientNet-B4 showing the most obvious
improvements, which further emphasizes the crucial role of preprocessing, which can
improve detection performance, especially for small or subtle lesions in which hair would
otherwise obscure the most critical features, resulting in classification errors. The prepro-
cessing step reduces visual obstructions such that models are able to focus on the important
lesion characteristics as opposed to the optical complexity, and such preprocessing steps
improve the reliability of diagnostic prediction.

The impact of hair removal was especially evident in models with deeper architectures,
such as ResNet50 and DenseNet121, where clearer input data allowed these models to
better capture lesion features. Hair removal showed potential for consistent performance
without additional noise from hair occlusion and also led to a minor reduction in accuracy
in cases, like VGG16, where models must be further adjusted to capitalize on clearer data.
A limitation of this study is the absence of ground-truth masks in the dataset, preventing
direct validation of lesion border detection performance.

The preprocessing step, which involved painting to eliminate hair occlusions, en-
hanced the accuracy of all deep-learning models employed for skin lesion detection. The ex-
perimental results strongly support the effectiveness of our hair removal pipeline method,
with DenseNet121, EfficientNet-B4, and ResNet50 achieving the highest performance gains
on the hairless dataset. These results indicate that the models benefited greatly from cleaner
input images that allowed them to focus solely on lesion-related features.

Our results have shown that our hair removal preprocessing pipeline is proven to be a
piece of well-grounded evidence of how it improves the capability and quality of the neural
model detection and skin lesion classification with accuracy. It offers a promising solution
for clinical application of increasing lesion visibility and detection quality by potentially
enabling faster, more accurate, and automated skin lesion detection in dermatology.
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Abbreviations

The following abbreviations are used in this manuscript:

uv Ultraviolet
HSV Hue-Saturation—Value
ABCD Asymmetry, Border, Color, Diameter
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Al Artificial Intelligence
DL Deep Learning
CNN Convolutional Neural Network
VGGl6 Visual Geometry Group Network with 16 layers
ResNet50 Residual Network with 50 layers
InceptionV3 Inception Network Version 3
EfficientNet-B4  Efficient Network, Variant B4
DenseNet121 Densely Connected Network with 121 layers
GAN Generative Adversarial Network
BCC Basal Cell Carcinoma
SCC Squamous Cell Carcinoma
BRG Blue-Red-Green
BW Black and White
Mask Alt Alternative Mask
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