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Abstract

The automated diagnosis of skin cancer is a very challenging task. Aiming to imitate dermatologists,
computer aided diagnostic (CAD) of skin cancer based on artificial intelligence (AI) provide
performance close or superior to dermatologist with clinical images acquired from smartphones
taking into account also the patient lesion information. Although the addition of patient's lesion
information as if the lesion bleeds, or hurts, or if it itches, among others, do improve the diagnosis
metrics, they are not enough to correctly discriminate the main skin cancer lesions. The gold-standard
in clinical diagnosis is the biopsy exam. For that, data was collected from 2018 in partnership with
the university hospital at UFES, resulting in more than 2000 clinical images of the main skin lesions
taken by smarpthones with the corresponding patient lesion information. The main value of the
dataset is that it is certified with the histopathological exams (gold-standard). The dataset PAD-
UFES-20 is one of the real-world dataset used in this area since 2020. Now, we propose a new
methodology to use the information of the histopathological images to automated diagnosis. Our
approach to solve the problem uses a convolutional neural network (CNN) to extract features of the
clinical images and a second one to extract features of the corresponding histopathological images
and a feedforward neural network for feature mapping, which learns to map the extracted clinical
features in its corresponding histopathological features. Next, the entire framework for training the
model firstly extracts features of the clinical images and use the previously trained neural network
for feature mapping to provide the corresponding histopathological features. Both features (extracted
and mapped) are fused and inputted to a neural network classifier providing the final diagnosis.
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1. Problem Statement

The skin cancer occurrence, melanoma and non-melanoma, has increased over the last decades.
Currently, the World Health Organization (WHO) [1] estimates that 2-3 million non-melanoma
cancers and 132,000 melanomas occur every year in the world. According to the Brazilian Cancer
National Institute INCA) [2], one in every three cancer diagnosis is a skin cancer. So, approaches to
automatically detect/recognize skin cancer are very desired by means of Computer Aided Diagnosis
(CAD). In the late 2017, we started a partnership with the Dermatological Assistance Program (PAD),
hosted at the hospital of the Federal University of Espirito Santo (UFES). From a smartphone
application (App), was possible to obtaian skin lesion images using the device’s camera and patient
lesion information. The PAD-UFES-20 dataset [3], is one of the first dataset made up of clinical images
and patient information available in the world. It is composed of the six most common skin diseases:
1) cancer: Melanoma (MEL), Basal Cell Carcinoma (BCC), and Squamous Cell Carcinoma (SCC); and
2) non-cancer: Nevus (NEV), Actinic Keratosis (ACK) and Seborrheic Keratosis (SEK) as shown in
Figure 1.
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Figure 1. Samples of each type of skin lesion present in PAD-UFES-20 dataset. SCC, BCC, and MEL are skin
cancers and NEV, SEK and ACK are skin diseases.

With those information, it has been developed a methodology based on deep learning [4] to fuse
such information for skin cancer of the main skin lesions with circa 7% improvement [5,7], and a
smartphone-based application to automatically recognize melanoma [6]. Nonetheless, it was not
possible to correctly discriminate all kinds of skin lesions yet, specially between MEL and NEV and
between BCC and SCC. Our findings indicate that is not possible to solve this problem with only
these two kinds of information. So, looking for an alternative way to solve this problem there are 2
possibilities: 1) a data centric approach, and 2) an algorithmic approach. Based on our previous experience
and lessons learned, it is not possible to solve this problem only looking at the state of the art in deep
learning algorithms. We focus on a data-centric approach inspired by multi and cross-modal learning
[8], i.e., we propose to use the information from the histopathological image to the automated
diagnostic. Some kinds of skin lesions like NEV and MEL or BCC and SCC, which are the most
difficult ones, are not possible to differentiate with only clinical image and patient lesion information.
In this direction, we propose a non-invasive flexible approach to allow a fast and most reliable
diagnosis of the main skin cancer using the information provided by the histopathological image.

2. Proposed Methodology

Dermatologists do not trust only on visual aspect of the lesion (image) and anamnese; in case of
doubts they may ask the patient to a biopsy examination in order to certify their diagnostic. So, it is
necessary to look for additional source of information beyond the visual image in order to improve
the classification metrics (accuracy, precision, and recall) in CAD systems. A valuable information is
the gold-standard, i.e. the histopathological result of the biopsy. The main issue is how to use this
information in CAD systems to operate online?. The skin lesions image of the PAD-UFES-20 dataset
are labeled by experts during the clinical diagnosis and confirmed by biopsy (gold-standard).

In order to develop our novel approach to automatically recognize the main skin lesions, we
have been exploring convolutional neural networks (CNN) to extract features of images [4]. We
propose a novel framework as illustrated in Figure 2, composed of two stages: 1) in the first one, we
train a neural network for feature learning and mapping and 2) in the second stage we train the entire
framework. Firstly, the features of the clinical and histopathological images are extracted by two
CNNs, respectively. Both feature maps are flattened and then used to train a neural network for
mapping features from the clinical to histopathological domain. Next, with only the clinical images
available, the clinical features are extracted from the clinical image by the same CNN, and the
histopathological features are obtained by the previous trained neural network for feature mapping.
Both features are combined via a fusion algorithm for instance based on concatenation [5] or based
on attention mechanism [7]. Next, the fused features are inputted to a feedforward neural network
providing the final automated classification diagnosis. All training of the neural networks is end-to-
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end using the backpropagation algorithm. To the best of our knowledge, there is no such an approach
yet in the literature using this kind of mapping (virtual biopsy) to improve CAD.

1) Neural network for feature learning and mapping
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Figure 2. Schematic illustration of the approach composed of: 1) training a neural network for feature learning

and mapping and 2) the proposed framework for training the entire model end-to-end and deployment.

3. Concluding Remarks

PAD-UFES-20 dataset is a reliable patient data and clinical image database of skin cancer with
skin lesions image obtained via smartphone and assessed by experts providing the gold-standard of
biopsy, i.e., this dataset is certified by pathologists, making possible to use the clinical image and the
corresponding histopathological image. While works in the literature are using only clinical images
for classification of skin lesions using deep learning, this approach offer an alternative approach to
get a more reliable diagnosis of skin cancer. The main limitation is the public availability of reliable
open datasets in this topic involving clinical and histopathological images. This approach is
obviously applicable to other kind of cancer, where the multimodal images are available, i.e. the
mapping from one domain to another.
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