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7 Years at the Vanguard of Skin Lesion Analysis
The Quest for Reliable Melanoma Detection



Skin Cancer 
 Why do we care? 
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33% of all cancers in Brazil 
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RECOD Lab.
melanoma research
7 years   2014–2021
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Statistical learning approach for 
robust melanoma screening

Towards automated melanoma 
screening: Proper computer vision & 
reliable results

Data augmentation for skin lesion 
analysis

Skin lesion synthesis with generative 
adversarial networks

Debiasing skin lesion datasets and 
models? Not so fast

Less is more: Sample selection and 
label conditioning improve skin 
lesion segmentation

GAN-based data augmentation and 
anonymization for skin-lesion 
analysis: A critical review

An evaluation of self-supervised 
pre-training for skin-lesion analysis

(De)Constructing bias on skin lesion 
datasets

Solo or ensemble? Choosing a CNN 
architecture for melanoma 
classification

Knowledge transfer for melanoma 
screening with deep learning

RECOD Titans at ISIC challenge 2017

Data, depth, and design: Learning 
reliable models for skin lesion 
analysis

2015

Towards robust melanoma 
screening: A case for enhanced 
mid-level features

Transfer schemes for deep learning 
in image classification

2014



Paper, Code & Data: https://github.com/learningtitans/melanoma-screening
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https://github.com/learningtitans/melanoma-screening


M. Fornaciali, M. Carvalho, F. V. Bittencourt, S. Avila, E. Valle, “Towards automated melanoma screening: Proper computer vision & reliable results”, 2016.

Bag-of-Visual-Words
pipeline

Deep Transfer Learning
pipeline
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Paper, Code & Data: https://github.com/learningtitans/melanoma-transfer
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https://github.com/learningtitans/melanoma-transfer


A. Menegola, M. Fornaciali, R. Pires, F. V. Bittencourt, S. Avila, E. Valle, “Knowledge transfer for melanoma screening with deep learning”, ISBI 2017.

+35.0002.000

ImageNet -> Melanoma 

Double Transfer:
ImageNet -> Retina &
Retina -> Melanoma

VGG-16 

+1.200.000
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Melanoma 
Classification

Paper, Code & Data: https://arxiv.org/abs/1703.04819
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https://arxiv.org/abs/1703.04819


A. Menegola, J. Tavares,  M. Fornaciali, L. T. Li, S. Avila, E. Valle, “RECOD Titans at ISIC Challenge 2017”, 2017.

Training data           Validation data        Test data
2000 images           150 images        600 images
95.1%                              90.8%           87.4%
(internal validation)
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ISIC Challenge 2017



Melanoma 
Classification

Paper, Code & Data: https://arxiv.org/abs/1703.04819
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https://arxiv.org/abs/1703.04819


A. Menegola, J. Tavares,  M. Fornaciali, L. T. Li, S. Avila, E. Valle, “RECOD Titans at ISIC Challenge 2017”, 2017.
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ISIC Challenge 2017

Models + data

Image resolution

Class/sample-weighting schemes

Curriculum learning 

SVM decision layer

Training and test augmentation

Patient data

Per-image normalization

Segmentation information

Stacking models and meta-learning



Paper, Code & Data: https://github.com/learningtitans/data-depth-design
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29 factors × 5 datasets = 2560 experiments

https://github.com/learningtitans/data-depth-design


E. Valle, M. Fornaciali, A. Menegola, J. Tavares, F. V. Bittencourt, L. T. Li, S. Avila, “Data, depth, and design: Learning reliable models for skin lesion analysis”, 2020.

“Amount of train data has disproportionate influence, explaining 46% of the variation in performance.”

“Other than data, the most important factor was the use of data augmentation on test.”
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Paper, Code & Data: https://github.com/learningtitans/data-depth-design

https://github.com/learningtitans/data-depth-design


Paper, Code & Data: https://github.com/fabioperez/skin-data-augmentation
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https://github.com/fabioperez/skin-data-augmentation


F. Perez, C. Vasconcelos, S. Avila, E. Valle, “Data augmentation for skin lesion analysis”, ISIC Workshop, MICCAI, 2018. 🌟 Best paper award.

Paper, Code & Data: https://github.com/fabioperez/skin-data-augmentation

Augmentation on Training & Testing
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https://github.com/fabioperez/skin-data-augmentation


Let’s generate data!
 Generative Adversarial Networks (GANs)
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I SEE BAD DATA
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Spoiler alert! The film: “The Sixth Sense”, the line: “I see dead people.”



… using Progressive Growing GANs (PGAN)
22



Paper, Code & Data: https://github.com/alceubissoto/gan-skin-lesion
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https://github.com/alceubissoto/gan-skin-lesion


… using pix2pixHD

A. Bissoto, F. Perez, E. Valle, S. Avila, “Skin lesion synthesis with generative adversarial networks”, ISIC Workshop, MICCAI, 2018.
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… using pix2pixHD

A. Bissoto, F. Perez, E. Valle, S. Avila, “Skin lesion synthesis with generative adversarial networks”, ISIC Workshop, MICCAI, 2018.
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Paper, Code & Data: https://github.com/alceubissoto/gan-aug-analysis

https://github.com/alceubissoto/gan-aug-analysis


Dataset biases may inflate the 
performance of models!

dark border hair

gel border color marker

ink markingsruler

26
A. Bissoto, M. Fornaciali, E. Valle, S. Avila, “(De)Constructing bias on skin lesion datasets”, ISIC Workshop, CVPR, 2019. 🌟 Best paper award.



Paper, Code & Data: https://github.com/alceubissoto/deconstructing-bias-skin-lesion
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traditional only skin bounding box bounding box 70%

https://github.com/alceubissoto/deconstructing-bias-skin-lesion


Is it possible to be completely bias free?

derm7pt ISIC Cross-dataset
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But, if we destroy the 
“important” information 
in the data?

Performance1 of 157 dermatologists on ISIC: 67% AUC
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A. Bissoto, M. Fornaciali, E. Valle, S. Avila, “(De)Constructing bias on skin lesion datasets”, ISIC Workshop, CVPR, 2019. 🌟 Best paper award.
28



Paper, Code & Data: https://github.com/alceubissoto/debiasing-skin
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https://github.com/alceubissoto/debiasing-skin


A. Bissoto, E. Valle, S. Avila, “Debiasing skin lesion datasets and models? Not so fast”, 2020. 🌟 Runner-up paper award.

Train
Spearman
Correlation

dark corner 
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hair
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gel border
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gel bubble
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ruler
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Trap Sets
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Paper, Code & Data: https://github.com/VirtualSpaceman/ssl-skin-lesions

L. Chaves, A. Bissoto, E. Valle, S. Avila, “An evaluation of self-supervised pre-training for skin-lesion analysis”, 2021. 

https://github.com/VirtualSpaceman/ssl-skin-lesions
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Self-supervised 
pre-training on 
unlabeled natural 
images

SSL: Self-Supervised Learning
UCL/SCL: Unsupervised/Supervised Contrastive Learning
FT: Fine-tuning

Supervised 
training on 
labeled natural 
images

SUP 
↓
FT

↓

L. Chaves, A. Bissoto, E. Valle, S. Avila, “An evaluation of self-supervised pre-training for skin-lesion analysis”, 2021. 
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↓
Supervised 
fine-tuning on skin 
lesion images

SSL 
↓
FT

or

SSL
↓

UCL
/  

SCL
↓
FT

Supervised 
fine-tuning on skin 
lesion images

↓

Self-supervised 
learning on 
unlabeled or labeled 
skin lesion images
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L. Chaves, A. Bissoto, E. Valle, S. Avila, “An evaluation of self-supervised pre-training for skin-lesion analysis”, 2021. 
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Training on the ISIC 2019 dataset (~15,000 images)
100%
of labeled images
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L. Chaves, A. Bissoto, E. Valle, S. Avila, “An evaluation of self-supervised pre-training for skin-lesion analysis”, 2021. 
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Training on the ISIC 2019 dataset (~1500 images)
10%

of labeled images
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L. Chaves, A. Bissoto, E. Valle, S. Avila, “An evaluation of self-supervised pre-training for skin-lesion analysis”, 2021. 
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Training on the ISIC 2019 dataset (~150 images)
1%

of labeled images



Early stage 90% 
66%

Melanoma Among Non-Hispanic Black Americans. Prev Chronic Dis 2019



Dr. Jenna Lester, director of the Skin of Color Program at 
University of California, San Francisco.



Fitzpatrick ScaleMICCAI 2020
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PAD-UFES 20Fitzpatrick 17k

Groh et al., Evaluating Deep Neural Networks Trained on Clinical Images in Dermatology with the Fitzpatrick 17k Dataset, CVPR 2021.
Pacheco et al., PAD-UFES-20: A skin lesion dataset composed of patient data and clinical images collected from smartphones, Data in Brief, 2020.
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Thank you!
Thanks!
Sandra Avila 

www.ic.unicamp.br/~sandra
sandra@ic.unicamp.br

@sandraavilabr


