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Abstract

Countless different imaging acquisition techniques are employed by med-
ical practitioners as a tool to perform diagnosis, ranging from microscopy
to Magnetic Resonance Imaging (MRI). This common practice produced a
great opportunity for computer vision algorithms to find ways to perform
automated analysis on medical images. In particular, after the ground-
breaking success of AlexNet in 2012, deep learning has become a vital
element in medical imaging research. Above all, Convolutional Neural Net-
works (CNNs) have been successfully adopted to perform a great variety of
tasks such as image segmentation, classification, detection, and generation.
This thesis is a collection of deep learning applications for dermoscopic
images analysis. Dermoscopy is a form of in-vivo skin surface microscopy
performed using high quality magnifying lenses and a powerful light source
to mitigate the surface reflection of the skin, to enhance the visibility of the
pigmentation of the lesion. However, to fully make use of this non-invasive
imaging approach, a thorough image analysis must be performed by ex-
pert clinicians, and therefore many efforts have been given in recent years
towards the creation of tools to assist physicians in the analysis of dermo-
scopic images. We start by approaching lesion segmentation, by means
of a novel data augmentation technique and a diverse ensemble strategy.
The final goal of dermoscopic images analysis is skin lesion classification,
for which we develop an approach that achieved the third best result in
the 2019 ISIC global challenge. Moreover, we address one of the main
drawbacks of deep learning algorithms, their low interpretability, by using
content-based image retrieval to assist the diagnosis process of both expert
and novice practitioners and, finally, by trying to determine which charac-
teristics are taken into account by autonomous classification algorithms.
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Abstract (Italian)

In medicina, innumerevoli tecniche di acquisizione di immagini impiegate
come strumento per eseguire diagnosi, dalla microscopia alla risonanza
magnetica (MRI). Questa comune pratica ha prodotto una grande op-
portunità per gli algoritmi di visione artificiale di trovare modi per es-
eguire analisi automatizzate di immagini mediche. In particolar modo,
dopo il rivoluzionario successo di AlexNet nel 2012, il deep learning è di-
ventato un elemento vitale nella ricerca sulle immagini mediche. Più pre-
cisamente, le reti neurali convoluzionali (CNN) sono state adottate con suc-
cesso per affrontare una grande varietà di problemi come la classificazione
e la generazione di immagini, o l’identificazione e la segmentazione di og-
getti all’interno di esse. Questa tesi è una raccolta di applicazioni di deep
learning su immagini dermoscopiche. La dermoscopia è una forma di mi-
croscopia in vivo della superficie cutanea, eseguita utilizzando lenti di in-
grandimento di alta qualità e una potente fonte di luce, che mitiga il riflesso
superficiale della pelle con lo scopo di migliorare la visibilità della pig-
mentazione della lesione. Tuttavia, per utilizzare a pieno questo approccio
di imaging non invasivo, è necessaria un’analisi approfondita dell’immagine
da parte di dermatologi esperti, e la comunità scientifica ha quindi impie-
gato grandi risorse per la creazione di strumenti automatici che possano
assistere l’analisi di immagini dermoscopiche. Affrontiamo per prima la
segmentazione delle lesioni cutanee, mediante una nuova tecnica di data
augmentation e una strategia di insieme diversificata. L’obiettivo finale
dell’analisi delle immagini dermoscopiche è la classificazione delle lesioni,
per la quale sviluppiamo un approccio che ha ottenuto il terzo miglior ri-
sultato nella sfida globale ISIC 2019. Inoltre, affrontiamo uno dei princip-
ali svantaggi degli algoritmi di deep learning, la loro bassa interpretabilità,
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utilizzando un recupero di immagini basato sul contenuto per assistere il
processo di diagnosi sia di dermatologi esperti che di principianti. Infine,
cerchiamo di determinare quali caratteristiche siano prese in considerazione
dagli algoritmi di classificazione automatica.
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The difference between science and philosophy
is that experiments can show that extremely
plausible ideas are just wrong and extremely
implausible ones, like learning a entire
complicated system by end-to-end gradient
decent, are just right.

Geoffrey Hinton
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Chapter 1

Introduction

Malignant melanoma is the most dangerous type of skin cancer, with a
substantial death rate. It can be cured with prompt excision if detected in
the early stage, making fast diagnosis extremely important [1]. However,
early detection is very hard to obtain, and even in specialized centers the
accuracy of the clinical diagnosis for melanoma, achieved with the unaided
eye, is slightly better than 60% [2]. To perform a fast diagnosis, many
dermatologists rely on dermoscopy, which is a form of in-vivo skin surface
microscopy performed using high quality magnifying lenses and a power-
ful light source to mitigate the surface reflection of the skin, in order to
enhance the visibility of the pigmentation of the lesion. This imaging tech-
nique has increased the diagnosis accuracy, sensitivity, and specificity with
respect to the naked eye examination, mitigating the need of surgical inter-
vention for the unnecessary removal of benign lesions. However, to diagnose
skin cancer through this kind of non-invasive imaging approaches, a thor-
ough image analysis must be performed by expert clinicians. This is why
many efforts have been given in recent years towards the creation of tools
to assist physicians in the analysis of dermoscopic images. Deep learning
in particular, due to its outstanding results in many areas such as speech
recognition [3], image understanding [4] and image classification [5, 6], has
become the main option for analyzing medical images.

Unfortunately, in order to be trained, Convolutional Neural Networks
(CNNs) require huge amounts of data, which are often hard to obtain
and particularly expensive to annotate, especially in medical fields. This
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is why the International Skin Imaging Collaboration (ISIC) has begun
to aggregate a large-scale, publicly accessible dataset of dermoscopic im-
ages. This dataset enabled the development of the first public benchmark
challenge on dermoscopic image analysis in 2016. The goal of the chal-
lenge was to provide a fixed dataset snapshot to support development of
automated melanoma diagnosis algorithms across three tasks of lesion ana-
lysis: segmentation, dermoscopic feature detection, and classification. The
hunger for large amounts of annotated medical data can be mitigated by
pre-training neural networks with an already existing collection of natural
images, like ImageNet [7]. Indeed, the first convolutional layers of every
CNN learn to recognize simple elements like lines and colors, making them
useful across different tasks and datasets [8]. Learning features from wider
datasets and re-using them in different tasks can be seen as a form of
transfer learning. The choice of the dataset employed to learn low-level
features can introduce biases towards certain features and characteristics,
and this should be taken into account especially when dealing with medical
imaging. For example, CNNs trained using ImageNet are strongly biased
in recognizing textures rather than shapes [9].

With this thesis, we first focus on the segmentation task, a funda-
mental step in the automated melanoma detection process, defined as the
recognition of the set of pixels that constitute the skin lesion within the
image. We approach it by first developing a novel pre-training strategy
in Chapter 3 and then merging it with additional state-of-the-art tech-
niques in a segmentation ensemble in Chapter 4. In Chapter 5 we dive
into the classification task, performing a comprehensive analysis on the
effectiveness of state-of-the-art deep learning techniques when applied to
skin lesion classification. In order to achieve this goal, we consider several
CNN architectures and analyze how their performance is affected by im-
age resolution, size of the network, data augmentation process, amount of
available data, and model calibration. In order to build a tool to boost the
classification accuracy of human dermatologists, in Chapter 6 we design
and develop a novel skin image retrieval system, which exploits features
extracted by Convolutional Neural Networks to gather similar images from
a publicly available dataset, in order to assist the diagnosis process of both
expert and novice practitioners. Finally, in Chapter 7, we explore the in-
terpretability of CNNs in dermoscopic image analysis, and try to determine
which characteristics are taken into account by autonomous classification
algorithms.
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Chapter 2

Literature Survey

2.1 Augmenting data with GANs

Deep learning algorithms, Convolutional Neural Networks (CNNs) in par-
ticular, have become the methodology of choice for analyzing medical im-
ages. One of the main reasons is most certainly their ability to extract
features on their own [10], as opposed to many previous approaches based
on hand-crafted features [11, 12, 13]. In classical Convolutional Neural Net-
works, convolutions and non-linearities are interleaved with pooling oper-
ations. The purpose of these subsampling units is to enlarge the convolved
receptive field and to decrease the feature maps size. These two effects
are respectively important to obtain information from wider areas for the
final prediction, and to augment the number of feature maps without the
memory requirements becoming excessive. Unfortunately, resolution is a
key element in segmentation applications, where every pixel is expected to
be assigned to a specific class.

An important operation which should precede the network training is
data augmentation. This process consists in generating new data items
by applying very simple transformations to existing training samples [14].
Data augmentation is very often exploited in deep learning to artificially
enlarge a dataset without needing new data and, most importantly, without
compromising the consistency of the training set. In skin lesion segment-
ation, a huge variety of data augmentation steps can be applied to every
single image, including random rotation, flipping, shifting and scaling [15].
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Instead of relying on manually defined transformations, it would be
nice to learn how to augment data in the same deep-learning framework.
Generative Adversarial Networks [16] are a model made up by two different
networks: a generator and a discriminator. The task of the discriminator
is learning to distinguish real samples from generated ones, while the gen-
erator tries to generate good enough samples to fool the discriminator.
The notable effect of this architecture is that the two networks improve
together, learning at the same time while competing. Neffet al.[17], for
instance, employed GANs to generate annotated images in order to simply
mix them with the original data, overlooking the influence of the generated
samples’ quality. Moreover, the work by [18] explores the possibility of ex-
ploiting GANs to generate skin lesion images. That paper focuses on the
generation of skin lesion images, tackling the heavy class imbalance that
afflicts the classification task, without including any segmentation mask.

2.2 Image Segmentation

In the last decades, a lot of effort has been devoted to solving the prob-
lem of automated skin lesion segmentation, promoting the development of
different approaches: histogram thresholding [19, 20], edge-based [21, 22],
region-merging [23, 24], and supervised learning [25]. Nevertheless, CNNs
are now one of the most powerful tools in machine learning and computer
vision. They are able to learn features directly from input image data, with
no need of hand-crafted features. In a typical classification task a convolu-
tional network produces a single label as output. However, in other visual
tasks such as segmentation [26, 27], a pixel-wise output information is re-
quired, having a critical point in the mapping of low resolution features
into input resolution.

In 2015, Ronneberger et al.proposed the so called U-Net [28], which
consists of a contracting encoder network that extracts high resolution fea-
tures from the input image and followed by an expanding decoder model to
produce a full-resolution segmentation. This model employs skip connec-
tions between the downsampling and upsampling path, applying a concat-
enation operator in order to provide coarse contextual information when
upsampling.

In DeepLabv1 [29], atrous convolutions were introduced. Instead of
repeatedly reducing the dimension of feature maps, each convolutional fil-
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ter of the network is upsampled in size and filled with zeroes in between
filter values. This allows to avoid the use of pooling operations, which
are responsible for the spatial resolution reduction, and thus cause a lower
output segmentation quality.

DeepLabv3+ [30] is a state-of-the-art CNN for semantic segmentation.
It employs atrous convolutions, residual blocks [5], and a decoder module
to refine the segmentation results.

In 2017, Mask R-CNN [31] became the main baseline for instance seg-
mentation, which differs from semantic segmentation in the requirement
of identifying each distinct object individually. This approach combines
object detection, which aims to classify and localize individual objects us-
ing a bounding box, and semantic segmentation, which has the goal of
classifying each pixel given a fixed set of classes. This strategy extends
Faster R-CNN [32], adding a Fully Convolutional Network (FCN) to pre-
dict segmentation masks for each Region of Interest (RoI) in a pixel-to-pixel
fashion.

Newer algorithms have been proposed building on active contours [33],
self-training [34], densely connected neural architecture search [35], and
hierarchical multi-scale attention [36]. However, despite the minor accur-
acy improvements achieved after their proposal, both DeepLabv3+ and
Mask R-CNN remain state-of-the-art architecture for semantic and in-
stance segmentation respectively [37].

2.3 Skin Lesion Classification

CNNs have become the dominant machine learning approach, and the scal-
ing up strategy has been widely used to achieve better accuracy results.
As an example, ResNet [5] can be scaled up from ResNet-18 to ResNet-200
just by adding more layers. However, this technique leads to the notorious
problem of vanishing/exploding gradients [38], which hampers the conver-
gence of the architectures. This problem has been managed with different
approaches such as intermediate normalization layers [39] or normalized
initialization [40, 41], resulting in great accuracy improvements over the
years. In 2016, Xieet al. proposed ResNeXt [42], which introduces the
concept of cardinality, slightly changing the residual block structure pro-
posed with ResNet. In the same year, DenseNet [43] proposed a new
architecture which increases the number of connections of each layer, al-
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leviating the vanishing-gradient problem. SEResNeXt [44], introduced in
2017, provides significant performance improvements w.r.t. existing state-
of-the-art CNNs, by means of “Squeeze-and-Excitation” (SE) blocks, that
adaptively recalibrate channel-wise feature responses. Finally, in 2019 Ef-
ficientNet [6] provided a new scaling up method that uniformly increases
the dimensions of depth, width, and resolution, achieving state-of-the-art
accuracy on ImageNet [7].

Transfer Learning has become a de-facto method to enhance the train-
ing process of deep learning models. It is a vital tool to be exploited when
the data in the target domain is not abundant. Natural image datasets
such as ImageNet are usually chosen to pre-train neural networks, due to
the vast amount of labeled data. However, the performance can worsen
when the source and target domains present several differences [45, 46].
Fortunately, it is frequently possible to take advantage of these pre-trained
features and increase the network accuracy thanks to the transferability of
simpler filters, such as those that address color, size, or edges [47].

Furthermore, the performance of a CNN can be boosted through an
extensive investigation of the hyperparameterization and using ensembles
of several models [48, 49]. The latter approach is stated to produce the
best accuracy results [50], despite a heavy computational cost in terms of
resources, training time, and inference time. However, in the skin lesion
analysis domain, reliable results must be preferred to low inference time.

2.4 Content-Based Dermoscopic Image Re-
trieval

In the work by Ballerini et al. [51], the authors developed a content-based
image retrieval system for a dataset of 533 images, divided into five classes
of lesions, including two non-melanoma cancer types. Their system relies
on visual features, such and color and composite texture, evolved using
genetic algorithms. The similarity matching function is obtained by com-
posing Bhattacharyya distance [52] for color covariance-based features, and
Euclidean distance for texture features. In [53], Baldi et al. proposed an-
other method based on low-level representative features. They find visually
similar images to a query by means of a hierarchical multi-scale compu-
tation of the Bhattacharyya distance of all the database images. Another
CBIR system for skin lesions was developed by Jiji and Raj [54], who ex-
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ploit features such as color, shape and texture, in order to find the most
visually similar images to a query in a dataset composed of 20 different
diseases. Their categories, however, do not include melanocytic nevi, and
melanomas are not distinguished from other kinds of skin cancer. In 2016,
Rahman et al. [55] proposed a decision support system based on a fusion
between classification and retrieval. Their model considered high-level fea-
tures such as Non-Subsampled Contourlet Transform (NSCT) and HOG
based on Hessian matrix1. The model has been validated on the ISIC
2016 dataset, containing two skin lesion categories, melanoma and benign.
Belattar et al. [56] used a kernelized SVM classification algorithm with
an active learning technique and a histogram intersection matching in a
retrieval system with relevance feedback for melanoma diagnosis. Their ex-
periments were conducted on a dataset of melanomas and benign lesions.
Finally, Pu et al. [57] applied the retrieval method proposed in [58] to the
skin lesion domain. Their approach consists of training a deep network
that learns to map images to hash codes, in a way that preserves similar
semantics. Their network minimizes a classification loss function, with ad-
ditional regulation terms to achieve desirable hash code properties. Then,
similar images to a query are ranked by means of the Hamming distance,
and clustered with Affinity Propagation (AP). This last proposal improves
the measured precision with respect to previous methods based on hand-
crafted features, and therefore represents a reference for comparison.

2.5 Neural Networks Interpretability

Although deep neural networks show great performance, their lack of de-
composability into comprehensible components makes them hard to in-
terpret. The low outcome explainability inevitably generates the risk of
training neural networks to classify images based on trivial artifact, instead
of meaningful features, as recently proved by several COVID-19-related
publications [59, 60]. Maguoloet al. analyzed diverse COVID-19 datasets
also hiding sensitive information with large black squares concluding that
“these protocols might be biased and learn to predict features that depend
more on the source dataset than they do on the relevant medical informa-
tion”. Robertset al., on the other hand, carried out an extensive analysis of
the risk of biases in state-of-the-art methods for COVID-19 identification

1Eig(Hess)-HOG
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in CT and CXR (standard-of-care chest radiographs) scans. The authors
claim that “none of the models identified are of potential clinical use due
to methodological flaws and/or underlying biases”.

Similar observations have been made about dermoscopic image analysis
by Bissotoet al. [61], who recently published a study to show the effects of
performing skin lesion classification while occluding the actual skin lesion
with large black bounding boxes. The melanoma/non-melanoma classifica-
tion performance reached an AUC (Area Under the ROC Curve) of 77.4%,
which is quite inferior compared to state-of-the-art methods, but higher
than what expert dermatologists can do [62]. On the other hand, separate
studies [63, 64] showed that CNNs are able to learn filters sensitive to both
important features, such as lesion borders and darker regions inside the
lesion, and meaningless characteristics, like surrounding skin and image
artifacts.

Autonomous systems in medical applications aim to act as support tools
for clinicians, and therefore must be trustworthy and highly interpretable.
Outcome explainability of neural networks can be increased thanks to sev-
eral visualization strategies such as CAM s (Class Activation Mapping),
which have been proposed for the identification of image regions which
most contribute to the final prediction [65, 66].
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Chapter 3

Augmenting data with
GANs to segment
melanoma skin lesions

3.1 Introduction

The skin lesion segmentation task can be especially complicated due to the
great variety of characteristics shown in skin lesions and skin itself among
different people (Fig. 3.1). The definition of skin lesion borders is also very
subjective. Moreover, manual image segmentation is a very time consum-
ing job that requires the work of a competent specialist. Segmentation
CNNs are able to extract features through a contracting path and exploit
them to generate a segmentation mask across the expanding path; the size
of feature maps decreases progressively in the former, whereas in the latter
it increases back to the input resolution thanks to up-sampling operators
and fractionally-strided convolutions, thus producing an encoder-decoder
architecture. State-of-the-art algorithms for lesion segmentation are based
on supervised machine learning techniques, it is then crucial to find a
cheaper way to obtain segmented images useful to train the models.

Therefore, the focus of this chapter is the data augmentation process
of a Convolutional-Deconvolutional Neural Network (CDNN), designed to
automatically map dermoscopic images into lesion segmentation masks. In
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Figure 3.1: Samples from the ISIC dataset: dermoscopic skin images
coupled with their ground truth segmentation masks.

particular, we propose a framework to generate both skin lesion images and
their segmentation masks by means of a Generative Adversarial Network
(GAN). Differently from the usual approach, in which GANs are used to
generate unlabeled images, tricky to include in the training process, the
ability to reproduce image-mask couples makes the data augmentation
process extremely straightforward [67]. Indeed, data generated in this way
can be used to perform an initialization of deep networks, always crucial
in deep learning [68]. After some epochs, original samples are used to
fine-tune the network parameters.

Experimental results show that adding GAN-generated data in the
training process effectively improves the segmentation accuracy of state-
of-the-art CDNNs.

The rest of the chapter is organized as follows: Section 3.2 summar-
izes two different GANs employed to generate synthetic images, whereas
Section 3.3 focuses on the automated segmentation model that will benefit
from said generated data. The training process and experimental results of
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our CDNNs are presented in Section 3.4. In this Section, the effectiveness
of the GAN-generated data on a shrunk dataset are also explored. Finally,
in Section 3.5 conclusions are drawn.

3.2 Data Augmentation with GANs

The segmentation task could greatly benefit from a bigger and wider data-
set, this is why we approach the problem focusing on the data augmentation
process. GANs are often used to create unlabeled examples [69, 70, 71],
which cannot be directly employed for the training of a supervised al-
gorithm. We improve the role of the GAN in the training process by
implementing an architecture which generates both the image and its seg-
mentation mask, making it extremely easy to exploit new synthetic images
as additional training data. In the proposed GANs, both the input and
the output are 4 channel images: the first three channels are the R, G and
B components and the fourth one is the binary segmentation mask. This
approach provides a tool for generating new skin lesion images coupled
with a coherently learned segmentation mask. In order to train our GANs,
we choose to remove the 118 non-dermoscopic images from the 2017 ISIC
challenge training set, given their very different nature. This approach sets
the final training dataset size to 1882 images.

3.2.1 DCGAN

We modify the DCGAN proposed in [72] in order to use the described 4D
input/output data in both the generator and the discriminator.

The two networks exploit four convolutional/deconvolutional layers,
with a kernel size of 5 × 5, and a stride of two. Each layer, but the
last two, is followed by a Leaky Rectified Linear Unit, LReLU [73], and
batch normalization [39]. A sigmoid activation function is added after the
fully-connected layer at the end of the discriminator to perform the binary
classification (real or fake). A hyperbolic tangent serves as the activation
function of the generator. After the training process is completed, our gen-
erator is able to employ 100-dimensional random vectors to create 192×256
RGB synthetic skin lesion images and their 192×256 binary segmentation
masks (Fig. 3.2a and Fig. 3.2b).
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(a) (b)

(c) (d)

Figure 3.2: DCGAN-generated skin lesion samples (a) and their segment-
ation masks (b). LAPGAN-generated skin lesion samples (c) and their
segmentation masks (d).

3.2.2 LAPGAN

We implement a 5 levels Laplacian Generative Adversarial Network (LAP-
GAN) by designing and training 5 different, independent GANs [74]. The
network representing the first level of the laplacian pyramid generates a
6 × 8 pixels dermoscopic image from a 100-dimensional random vector.
In this case, both the generator and the discriminator are formed by two
fully connected layers. The following pyramid levels have a different task:
they learn how to improve the resolution of upsampled and blurred images,
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and each one focuses on images with a different fixed size. The generators
of the four last GANs are three layers CNN, whereas discriminators are
composed by two convolutional layers and a fully connected one.

LReLU activation functions serve after each intermediate layer, while
the output of the discriminators is affected by a sigmoid function. No
activation function is added to the last layer of the generators.

Starting from the 6×8 pixels data, each image is upsampled and fed into
the next pyramid level, following the sampling process illustrated in the
appendix. An extra iteration with the last GAN is implemented to obtain
192× 256 images and their segmentation masks (Fig. 3.2c and Fig. 3.2d).

3.2.3 Samples Quality Discussion

Both the DCGAN and the LAPGAN are trained to generate 192 × 256
images and segmentation masks.

The DCGAN benefits from its end-to-end training process, learning to
produce visually pleasing skin lesion samples, with good diversity. Most im-
ages present realistic details, like the well delivered presence of hair, black
corner representing real camera characteristics or pen marks. The images,
however, suffer from a heavy checkerboard effect caused by the fractional
strided convolution layers implemented in the framework (Fig. 3.3a).

The LAPGAN is able to get rid of the checkerboard effect as a result of
the absence of previously described layers. On the other hand, this model
introduces noisy lesion borders and artifacts such as unnatural square green
patches and low quality hair (Fig. 3.3b), and images generated by the
LAPGAN look much similar one to another. Moreover, the particular
nature of a LAPGAN makes the training process extremely hard: the five
different required networks need constant supervision and hyperparameters
adjustment, making good results very painful to obtain, especially when
compared to the DCGAN.

Overall, both models produce segmentation masks that look very co-
herent with the respective generated images. We thus proceed to evaluate
the impact of the two frameworks on the accuracy of lesion segmentation
architectures, when they are included in the training process.
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Figure 3.3: (a) detail image of the DCGAN output, and (b) detail image
of the LAPGAN output. Experimental Results
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Improving Skin Lesion Segmentation with Generative Adversarial Networks

Problem Statement Baseline Architecture

Goals:
• decrease the amount of 

manually segmented images 
required by automated 
analysis; 

• support the clinical decision 
making.

Hyperparameters Analysis GAN Augmented Data

Samples from the ISIC dataset.

Neural 
Network

Input 
Size

Number of 
Channels

Loss 
Function

Without 
Augmentation

With 
Augmentation

CDNN0 192x256 7 Eq. 1 0.731 0.743
CDNN1 192x256 3 Eq. 1 0.732 0.753
CDNN2 192x256 9 Eq. 1 0.734 0.743
CDNN3 96x128 7 Eq. 1 0.735 0.750
CDNN4 384x512 7 Eq. 1 0.700 -
CDNN5 192x256 7 Eq.3 0.738 0.738
CDNN6 192x256 7 MSE 0.738 0.739

Ensemble: 0.781

Malignant melanoma is the most dangerous skin cancer, with a substantial
death rate. Automated skin lesion segmentation is a fundamental step to
help experts in early diagnosis, but requires a huge amount of data to be
performed. Unfortunately, manual image segmentation is a very time
consuming job that demands the work of a competent specialist.

[1] Yuan, Yading, Ming Chao, and Yeh-Chi Lo. "Automatic skin lesion segmentation with fully convolutional-
deconvolutional networks." arXiv preprint arXiv:1703.05165 (2017).

The baseline CDNN is mainly affected by three hyperparameters, which are
stressed in our analysis:

1) Input image size:

2) Image channels:

3) Loss function:

Our model maps the input dermoscopic image into a posterior probability
map, exploiting an architecture based on the CDNN which won the
International Skin Imaging Collaboration (ISIC) challenge in 2017 [1].
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28 layers with about 5M trainable parameters
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Samples from the generated dataset. 

A DCGAN is employed to generate both the skin lesion image and its 
segmentation mask, improving the data augmentation process.

• 96x128
• 192x256
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• RGB 
• RGB + HSV + L*
• RGB + HSV + CIELAB
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Figure 3.4: Baseline CDNN model.
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3.3 Dermoscopic Image Segmentation

3.3.1 Baseline Architecture

In order to avoid trivial comparisons, we select and reimplement the baseline
CDNN from the architecture that obtained the highest score in 2017 ISIC
challenge [15]. This network maps the input dermoscopic image to a pos-
terior probability map. The network contains 28 layers with about 5M
trainable parameters. The stride is fixed at 1 and Rectified Linear Units are
used as activation functions for each convolutional/deconvolutional layer
but the output, which implements a sigmoid.

As in the original proposal, every image is resized to 192× 256 and the
original RGB channels are augmented with both the HSV and L* channels.
In accordance with the original paper, data augmentation is obtained by
randomly flipping, rotating, shifting, scaling and changing color contrasts
in original images and ground truths.

The loss function designed by [15] is:

L = 1−

∑
i,j

tijpij∑
i,j

t2ij +
∑
i,j

p2ij −
∑
i,j

tijpij
, (3.1)

where tij is the target value of the pixel at coordinates (i, j), and pij is the
real output. Note that tij is either 0 or 1, while pij is a real number in
range [0, 1].

Ensemble methods require different techniques to be combined and
used together, so we choose to introduce variations in the original CDNN
(Fig. 3.4) by studying the main hyperparameters of the model. The fi-
nal purpose is to obtain many networks different from one another, and
then combine their output through a simple ensemble method. These net-
works, named CDNN0 through CDNN6, are summarized in Table 3.1 and
described in the following section.

3.3.2 Hyperparameters Analysis

The baseline architecture (CDNN0) is mainly affected by three hyperpara-
meters: input image size, color channels and loss function. We describe
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Table 3.1: Hyperparameters of the Neural Networks analyzed.

NN
Images

Dimension
Images

Channels
Loss

CDNN0 192× 256 R, G, B, H, S, V, L* Eq. 3.1
CDNN1 192× 256 R, G, B Eq. 3.1
CDNN2 192× 256 R, G, B, H, S, V, L*, a*, b* Eq. 3.1
CDNN3 96× 128 R, G, B, H, S, V, L* Eq. 3.1
CDNN4 384× 512 R, G, B, H, S, V, L* Eq. 3.1
CDNN5 192× 256 R, G, B, H, S, V, L* Eq. 3.3
CDNN6 192× 256 R, G, B, H, S, V, L* Eq. 3.4

a set of possible variations over these parameters (Table 3.1), in order to
stress how they influence the final performance results.

Image Channels. In the baseline model both HSV and L* channels were
added. These channels are obtained by means of non-linear transforma-
tions. To address the question whether the model is able to independently
learn these transformations autonomously, we train two networks: one with
just the three RGB channels (CDNN1) and one with every channel from
RGB, HSV and CIELAB spaces (CDNN2).

Resizing Dimensions. We train two additional networks with input
images resized to 96 × 128 and 384 × 512 (CDNN3 and CDNN4), which
are respectively half and double the original size along each axis. Since we
do not change the stride and the size of convolutional filters, the scaling
factor between layers remains the same. This provides the two networks
with a different encoded representation size.

Loss Function. It is interesting to point out the common misconception
displayed in the work by [15]. The distance measure in Eq. 3.1 is said to be
based on the Jaccard distance. In fact, Eq. 3.1 is the Tanimoto distance,
which is a proper distance when both vectors have only positive elements,
and it is equal to the Jaccard distance only with binary vectors [75]. In our
case, only the target is binary, but the prediction is a real value between 0
and 1. The correct (generalized) Jaccard distance on real positive vectors
is defined as

dJ = 1−

∑
i,j

min(tij , pij)∑
i,j

max(tij , pij)
. (3.2)
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Since tij is still binary, Eq. 3.2 can also be computed as

dJ = 1−

∑
i,j

tijpij∑
i,j

tij +
∑
i,j

pij −
∑
i,j

tijpij
, (3.3)

which may be the reason for the common confusion (note the missing
squares with respect to Eq. 3.1).

We thus train two more variations of the model. The first one using the
proper Jaccard distance and the other one using the mean squared error
function (CDNN5 and CDNN6):

MSE =
1

n

∑
i,j

(tij − pij)2 (3.4)

where n is the total number of pixels.

3.4 Experimental Results

In order to employ GAN-generated images discussed in Section 3.2, we
design a two-step training process. In the first phase, each CDNN is trained
with synthetic data for a total of 400 epochs 1. Instead of generating a
fixed number of samples, GANs are required to provide new couples image-
mask for each training batch. In the second step, the network is fed with
real data, for a total of 100 epochs (Fig. 3.5).

This learning process proved itself to be the best way to exploit such
kind of GAN-generated data: further experiments show that mixing real
and synthetic images in a single training process reduce the accuracy of
0.020 on average.

In order to prove the effectiveness of the GANs on the final accuracy,
we also train a version of each CDNN using only real data, for a total of
400 epochs.

Following the approach introduced in Section 3.2, we train each CDNN
with the 1882 dermoscopic images of the 2017 ISIC challenge training set,
choosing to remove the 118 non-dermoscopic ones. The batch size is set
to 16 and the learning rate is fixed as 0.0003 at the beginning of each

1An epoch is the number of batches needed to feed the network with 1882 images.
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Figure 3.5: Training process of the CDNN0 exploiting both synthetic (be-
fore the dotted line) and real data (after the dotted line). The blue line
is the accuracy obtained on the synthetic training set, whereas the orange
line identifies the accuracy obtained on the real validation set.

training process and it is then affected by the Adam optimizer [76]. Given
the importance of data augmentation, both real and synthetic images are
randomly rotated, flipped, shifted, and scaled. The color contrast is also
changed.

Experimental results are summed up in Table 3.2. The first column
identifies each network with a reference to Table 3.1, whereas every other
one reports the Jaccard Index2 obtained on the 2017 ISIC challenge public
test set.

The column Original Data shows the accuracy of the networks trained
with only real dermoscopic images. Most of the variations explored with
the hyperparameters analysis obtain results close to our baseline network
(CDNN0). The only case where an actual difference is noticeable is the
CDNN4 network, the one with larger images, which obtains a Jaccard
index of 0.717. Because of its low performance, it is removed from further
analysis. The last three columns show the results obtained after including
the two GANs in the training process. The heavy checkerboard effect,
noticeable in samples generated using a DCGAN, has a negative impact

2The official accuracy measure of the ISIC challenge [77].
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Table 3.2: Comparison of the experimental results on CDNN0 through
CDNN6, when trained exploiting different augmentation strategies. Bold
values represent the best performing approaches for the networks included
in the ensemble method described in Section 3.4.2.

NN
Original

Data
DCGAN

Augmented
LAPGAN

Augmented
Both GANs
Augmented

CDNN0 0.746 0.751 0.739 0.742
CDNN1 0.759 0.753 0.764 0.752
CDNN2 0.746 0.756 0.762 0.750
CDNN3 0.755 0.762 0.764 0.756
CDNN4 0.717 — — —
CDNN5 0.739 0.752 0.740 0.747
CDNN6 0.731 0.749 0.756 0.751

on the model accuracy.

Images generated through the LAPGAN get the best response from the
architecture, despite the low visual quality and variability offered. Finally,
the last column of Table 3.2 displays that alternating the two GANs during
the first training phase has almost no positive outcome.

3.4.1 About Flexibility

In order to further analyze the proposed augmentation method, we choose
to investigate the effect of GAN-generated samples on the training pro-
cess of U-Net [28], a CDNN specifically developed for the segmentation
of bio-medical images. Given the ability of this architecture to achieve
good performances with only few annotated images available for training,
U-Net is considered to be an excellent baseline for many medical image
segmentation tasks.

The standard U-Net loss is the cross-entropy:

CE = −
∑
i,j

ti,j log(pi,j) (3.5)

which, when the network is outlined to predict only two classes (back-
ground and foreground), can be also defined as Binary Cross-Entropy:
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BCE = −
∑
i,j

ti,j log(pi,j) + (1− ti,j) log(1− pi,j) (3.6)

Table 3.3 summarizes the results obtained by using U-Net with two dif-
ferent losses: U-Net standard loss (Eq. 3.6) and our baseline loss (Eq. 3.1),
validating the superiority of LAPGAN-generated samples highlighted in
Section 3.4, and proving the Binary Cross-Entropy to be the best perform-
ing loss for U-Net.

Table 3.3: Comparison of the experimental results on U-Net, when trained
exploiting different augmentation strategies. Bold values represent the best
performing approaches.

Loss
Original

Data
DCGAN

Augmented
LAPGAN

Augmented
Both GANs
Augmented

Eq. 3.6 0.753 0.755 0.767 0.764
Eq. 3.1 0.744 0.755 0.762 0.760

3.4.2 Overall Accuracy

For each pixel, the probability of it being part of the skin lesion is ob-
tained as the mean value across the selected CDNNs (i.e. all the networks
presented in Section 3.3.2 but CDNN4). The output is then binarized with
a dual-threshold method. A high threshold (0.8) is followed by Connected
Components Labeling [78, 79] and the biggest object center is assumed
to be the tumor center. Afterwards, a lower threshold (0.4) is applied
and the final segmentation mask is given by the region which contains the
tumor center, as shown in Fig. 3.6. When the first high threshold does
not find any object, we only apply the second one and keep its result as
segmentation mask.

It is interesting to point out that, even though the accuracy of the
various CDNNs is almost uniform, different networks specialize on different
features, improving the segmentation accuracy on some images rather than
on others (Fig. 3.6). This greatly increases the effectiveness of our ensemble
method.

CDNN3 is the only network that, even with great results obtained when
trained with the original data, always benefits from the proposed data aug-
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5

proper distance when both vectors have only positive elements,
and it is equal to the Jaccard distance only with binary vec-
tors (Lipkus, 1999). In our case, only the target is binary, but
the prediction is a real value between 0 and 1. The correct (gen-
eralized) Jaccard distance on real positive vectors is defined as

dJ = 1 −

∑
i, j

min(ti j, pi j)
∑
i, j

max(ti j, pi j)
. (2)

Since ti j is still binary, Eq. 2 can also be computed as

dJ = 1 −

∑
i, j

ti j pi j

∑
i, j

ti j +
∑
i, j

pi j −∑
i, j

ti j pi j
, (3)

which may be the reason for the common confusion (note the
missing squares).

We thus train two more variations of the model. The first one
using the proper Jaccard distance and the other one the mean
squared error function:

MS E =
1
n

∑

i, j

(ti j − pi j)2 (4)

where n is the total number of pixels.

4.3. Post-Processing

We choose the best performing networks from Section 4.2
and keep, for each pixel, the mean value obtained across the
selected CDNNs as the probability of it being part of the skin
lesion.

The output is then binarized with a dual-threshold method.
A high threshold (0.8) is followed by Connected Components
Labeling (Bolelli et al., 2017) and the biggest object center is
assumed to be the tumor center. Afterwards, a lower threshold
(0.4) is applied, and the final segmentation mask is given by the
region which contains the tumor center, as shown in Fig. 4 and
Fig. 5. We employ a rather low second threshold and therefore
omit the morphological dilation mentioned in the original pro-
posal; if the first high threshold does not find any object, we
only apply the second one and keep its result as segmentation
mask.

5. Including GANs in The Training Process

We design, in order to employ GAN-generated images dis-
cussed in Section 3, a two-stepped training process for the de-
scribed automated skin lesion segmentation tool described in
Section 4.1. In the first phase, each CDNN is trained with syn-
thetic samples for a total of 400 epochs 1. GANs are required
to provide new, different couples image-mask for each training
batch. Subsequently, the network is fed with real data, starting
from a particularly good initialization, for a total of 100 epochs.

1We set an epoch as the number of batches needed to feed the network with
2000 images, which is the size of the original 2017 ISIC training set.

(a)

(b)

(c)

Fig. 4. (a) Input image and ground truth. (b) The output prediction of our
CDNNs. Top row shows, from left to right, the output of CDNN1, CDNN2
and CDNN3. Bottom row shows CDNN0, CDNN5 and CDNN6. (c) Outputs
ensemble before and after binarization.

This peculiar learning process proved itself to be the best way to
exploit the GAN generated data: further experiments show that
mixing real and synthetic images in a single training process
lower the accuracy by 0.020 on average. In order to study the
impact of our proposed GANs on the final accuracy, we train a
version of each CDNN using only real data, for a total of 400
epochs.

The training set of each CDNN and GAN is composed by
1882 dermoscopic images provided by the 2017 ISIC training
dataset, 118 non dermoscopic images are ignored due to their
very different nature; batch size is set to 16. The learning rate
is fixed as 0.0003 at the beginning of every training process and
is then affected by an Adam optimizer (Kingma and Ba, 2014).

6. Experimental Results

Experimental results are summed up in Table 1. The first
4 columns describe the different networks hyperparameters,
whereas each other reported value represents a Jaccard Index,
the official accuracy measure of the challenge (Codella et al.,
2017).

The fifth column shows the accuracy of the networks trained
with real dermoscopic images. It is clear how most of the vari-
ations explored with the hypeparameters analysis obtain results
close to our baseline network (CDNN0), the deviations are in
the same order of magnitude of those obtained changing the
random weights initialization. The only case where an actual
difference is noticeable is the CDNN4 network, the one with
larger images (Jaccard index of 0.717). Because of the lower
performance, it is removed from further analysis. The last three
columns of Table 1 show the results obtained after including

6

Table 1. Analysis of the Neural Networks trained for the task.

NN Images
Dimension

Images
Channels Loss Original

Data
DCGAN

Augmented
LAPGAN

Augmented
both GANs
Augmented

CDNN0 192 × 256 7 Eq. 1 0.746 0.751 0.739 0.742
CDNN1 192 × 256 3 Eq. 1 0.759 0.753 0.764 0.752
CDNN2 192 × 256 9 Eq. 1 0.746 0.756 0.762 0.750
CDNN3 96 × 128 7 Eq. 1 0.755 0.762 0.764 0.756
CDNN4 384 × 512 7 Eq. 1 0.717 — — —
CDNN5 192 × 256 7 Eq. 3 0.739 0.752 0.740 0.747
CDNN6 192 × 256 7 Eq. 4 0.731 0.749 0.756 0.751
Ensemble 0.774 0.781 0.782 0.776

(a)

(b)

(c)

Fig. 5. (a) Input image and ground truth. (b) The output prediction of our
CDNNs. Top row shows, from left to right, the output of CDNN1, CDNN2
and CDNN3. Bottom row shows CDNN0, CDNN5 and CDNN6. (c) Outputs
ensemble before and after binarization.

the different GANs in the training process. We can assert that
the heavy checkerboard effect, noticeable in samples generated
using a DCGAN, has a negative impact on the model accuracy.
Images generated through the LAPGAN seem get the best re-
sponse from the architecture, despite the low quality and diver-
sity offered. The last column of the table show that exploiting
both GANs simultaneously, during the first training phase, has
almost no positive outcome. CDNN4 seems to benefit the most
from the data augmentation process, arguably because of the
resizing process applied to every synthetic image during train-
ing, which halves image dimensions along each axis smoothing
GAN-generated artifacts, like the disastrous checkerboard ef-
fect.

Finally, the last row of the table shows the Jaccard Index
achieved after the applying the steps described in Section 4.3,
excluding CDNN4 from the ensemble strategy. Every single
training step randomly samples images from the whole dataset,
training each network with a different subset of the data. It
is interesting to point out that, even though the accuracy of
the various CDNNs is uniform, different networks specialize
on different features, improving the segmentation accuracy on
some images rather than on others (Fig. 4 and Fig. 5). This as-
pect greatly increases the effectiveness of our ensemble method,
boosting the final accuracy and improving the state-of-the-art of
0.765.

7. Stressing the problem

The huge cost of well-annotated data usable for medical
deep-learning-based approaches is a well known problem. The
proposed method can serve as a great tool to obtain cheap med-
ical images, in many different fields. To explore the whole ef-
fectiveness of the described framework, we forge three different
subsets of the complete ISIC dataset, respectively composed by
500, 1000 and 1500 images. For each data subset, a DCGAN
is trained and then employed in the two-stepped training pro-
cess of our baseline network, CDNN0. Results presented in
graph ?? show the impact that a largest dataset have on the task.
It is transparent how the complexity of the problem adds a lot
of relevance to every apparently small accuracy increase. The
graph reveals that, given an early stage project with a limited
dataset, the automated segmentation architecture would benefit
from the proposed data augmentation framework as much as it

Figure 3.6: (a) Input images and their ground truths. (b) The output
prediction of our CDNNs. Top row shows, from left to right, the output of
CDNN1, CDNN2 and CDNN3. Bottom row shows CDNN0, CDNN5 and
CDNN6. (c) Outputs ensemble before and after binarization.

mentation. This can be explained with the resizing process applied to every
synthetic image during training, which halves image dimensions along each
axis smoothing GAN-generated artifacts discussed in Section 3.2.3 and
highlighted in Fig. 3.3.

The loss designed in Eq. 3.3 rewards more marked predictions, discour-
aging values too distant from both 0 and 1 in the output image. This
behaviour amplifies the impact of CDNN5 when it is employed in an en-
semble method, thus reducing the overall accuracy. Hence, to obtain the
final score, we also remove CDNN5 and apply the ensemble strategy on the
output results of best performing networks (i.e. networks corresponding
to the bold values in Table 3.2), obtaining a final jaccard index of 0.789,
which is above the state-of-the-art accuracy of 0.782 [67] and the challenge
winner result of 0.7653.

32017 challenge scoreboard at https://bit.ly/2yUhs3O
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Figure 3.7: Histogram of Jaccard Index values for individual images from
our top performing architecture.

As stated in [77], segmentation masks that achieve a Jaccard Index of
0.8 or above tend to appear visually correct, whereas when the accuracy
falls under a threshold somewhere between 0.6 and 0.7, the correctness of
the segmentation can be debated. The histogram in Fig. 3.7 illustrates the
accuracy obtained by our architecture on each skin lesion image in the test
set. We obtain a Jaccard Index below 0.6 for 69 images, and below 0.7 for
119, suggesting a failure rate between 11% and 20% on the 600 samples
test set.

3.4.3 About Scalability

The huge cost of well-annotated data for medical deep-learning-based ap-
proaches is a well known problem. The proposed method can serve as a
great tool to obtain cheap medical images in many different fields.

To explore the whole effectiveness of the described framework, we ex-
trapolate three different subsets of the ISIC dataset, respectively composed
by 500, 1000 and 1500 images. For each subset, a DCGAN is trained and
then employed in the two-step training process of our baseline network,
CDNN0.

Training a GAN with a small set of images is not a trivial task: quality
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Figure 3.8: Accuracy obtained on the test set by CDNN0, trained employ-
ing reduced subsets of the dataset. The chart analyzes the effectiveness of
the proposed augmentation process (using DCGAN) with respect to the
availability of a larger dataset.

and diversity of the generated images decrease with the size of the train-
ing set. However, given a small amount of original annotated samples,
synthetic images can improve the segmentation accuracy despite their low
overall quality, as shown in Fig. 3.8. The chart reveals that, given an early
stage project with a limited dataset, one would need up to 58% more annot-
ated images to obtain the improvement given by our proposal. Moreover,
it is clear how the complexity of the problem adds a lot of relevance to
every apparently small accuracy increase.

Despite the lower results obtained on CDNN0 (Table 3.2), we extend the
scalability experiment to the LAPGAN. Fig. 3.9 displays how, on a dataset
constituted by only 500 annotated images, LAPGAN-generated samples
widely outperform their DCGAN-generated counterpart. As the number of
annotated images rises, so do the performances of the DCGAN, suggesting
that the DCGAN actually requires to be trained with more annotated
images in order to produce data useful for our cause. When evaluating the
method over a 500 images dataset, a LAPGAN can be employed to obtain
an accuracy boost equivalent to 138% more real annotated images.
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Figure 3.9: Accuracy obtained on the test set by CDNN0, trained employ-
ing reduced subsets of the dataset. The chart analyzes the effectiveness of
the proposed augmentation process (using LAPGAN) with respect to the
availability of a larger dataset.
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3.5 Conclusion

This chapter proposed a new method to exploit GANs in the data aug-
mentation process, mitigating the need of medical manually annotated
data, which are very expansive to obtain. In order to improve results
on the skin lesion segmentation task, GANs are used to generate both
skin lesion images and their segmentation masks, creating a tool for auto-
matic data augmentation that can be integrated in any supervised learning
model. An improved version of the state-of-the-art architecture for auto-
mated skin lesion segmentation has been also developed and described in
the chapter. We designed a two-step training process to exploit synthetic
data, and compared the impact that two different types of state-of-the-art
GANs can have on the final accuracy, obtaining results above the state-of-
the-art. Finally, a stress test revealed the effectiveness that the proposed
framework could have on similar tasks with a restricted dataset, reveal-
ing a winning trade-off between the quality of generated images and the
segmentation accuracy.
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Chapter 4

Skin Lesion Segmentation
Ensemble with Diverse
Training Strategies

4.1 Introduction

In this chapter, we address the problem of skin lesion image segmentation
taking into account the trade-off between training a model from scratch
and employing images of a very different nature through transfer learning.
In particular, we design a CNN-based ensemble model that, exploiting
different pre-training strategies, obtains the state-of-the-art performance
on skin lesion segmentation when trained on the ISIC skin lesions dataset
and on synthetically generated samples.

The rest of the chapter is organized as follows. Section 4.2 describes the
pre-training strategies adopted to push the effectiveness of the proposed
ensemble strategy, which is then described in Section 4.3. In Section 4.4
the performance of our proposal are compared with state-of-the-art model,
highlighting its validity. Finally, Section 4.5 draws some conclusions.
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4.2 Learning to Extract Features

In order to design an ensemble of CNNs that can effectively segment skin
lesion images, we select DeepLabv3+ [30] with a ResNet-101 [5] backbone
as the baseline architecture, and explore several pre-training strategies.
This Section discloses three different pre-training methods employed to
obtain three different initializations of ResNet-101, the features extractor
for our segmentation neural network.

4.2.1 ISIC Task 3

The International Skin Imaging Collaboration, in 2018, hosted a challenge
split in three tasks: lesion segmentation, lesion attribute detection and
disease classification. A public dataset of 10 015 dermoscopic images was
divided by experts into 7 different classes, illustrated in Fig. 4.1. In the
interests of obtaining a features extractor effective on dermoscopic images,
we train ResNet-101 to correctly classify skin lesion images in the 7 ori-
ginal classes, taking advantage of the 10 015 annotated samples from the
ISIC dataset [80]. The network is trained for 15 epochs, using a weighted
Cross-Entropy Loss, an initial learning rate of 0.0001, and the Adam op-
timizer [76]. Fig 4.2 provides a useful visualization of which sections of
the input image mostly affect the hidden representation that the network
obtains after the last convolutional layer, right before employing the fully-
connected layers designed for classification. The heatmaps obtained by ap-
plying the Grad-CAM technique [65], suggest that our features extractor
implicitly learns to coarsely detect the skin lesion.

Figure 4.1: One sample of each class from the third ISIC challenge task.
From left to right: Melanoma, Melanocytic nevus, Basal cell carcinoma,
Actinic keratosis, Benign keratosis, Dermatofibroma, and Vascular lesion.

28 Deep Learning in Dermoscopic Image Analysis



(a)

(b)

(c)

Figure 4.2: Samples from the 2017 ISIC validation set (a), with corres-
ponding Grad-CAM heatmaps (b) and segmentation masks (c).

4.2.2 Autoencoder

Data annotation for the image segmentation task is extremely expensive,
it requires an expert dermatologist to perform an extremely time consum-
ing and uninspiring job. Therefore, we try to exploit many dermoscopic
images that were never given manual annotation through a form of unsu-
pervised learning. Taking advantage of the encoder-decoder architecture
of DeepLabv3+, an autoencoder is built in order to obtain a version of
ResNet able to map skin lesion images to a meaningful hidden representa-
tion. The model of our autoencoder is identical to DeepLabv3+ [30], with
3 output classes (RGB channels). It is trained using, again, the 10 015 im-
ages from the ISIC classification task for 10 epochs, employing the mean
squared error loss. The learning rate is initially set to 0.0001 and then in-
fluenced by the Adam optimizer [76]. Fig. 4.3 shows that the autoencoder
struggles to recreate the original background skin color and texture, but
promptly generates a coherent lesion in the correct position, which is the
most important element for our final goal.
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(a)

(b)

Figure 4.3: Samples from the 2017 ISIC validation set (a) and the corres-
ponding autoencoder output (b).

4.2.3 GAN

Generative Adversarial Networks (GANs) are often used to create un-
labeled examples, which cannot be directly employed for the training of
a supervised algorithm [70]. Following the approach described in detail in
Section 3.2, we modify the GAN proposed by Karras et al. [81] in order
to feed it 4-channels images: the first three channels are the R, G and
B components and the fourth one is the binary segmentation mask. In-
stead of generating a fixed number of samples, the generator is required to
provide new couples image-mask for each training batch. An example of
the generated images is shown in Fig. 4.4.

The GAN is trained to generate 256 × 256 images and segmentation
masks. Most images present realistic details, like a well delivered presence
of hair, black corners representing real camera characteristics, and pen
marks. Moreover, the generative model produces segmentation masks that
look very coherent with the respective generated images.
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(a) (b)

Figure 4.4: GAN-generated skin lesion samples (a) and their segmentation
masks (b).

4.3 Learning to Segment Skin Lesions

To take advantage of the pre-trained backbones, DeepLabv3+ is fine-tuned
following the training protocol outlined in [30]. Input images are resized
to 513 × 513 pixels, the learning rate is initially set to 0.007 and then
multiplied by (1− iter

max iter )0.9, following the poly policy [82]. The output
stride is fixed to 16, the network is trained for 60 epochs, and the early
stopping strategy is employed. During the whole fine-tuning process, the
learning rate is multiplied by a factor of 10 for layers outside of ResNet-101,
in order to take full advantage of the pre-training process applied to the
features extractor. Data augmentation is performed by randomly rotating,
flipping, shifting, shearing and scaling input images, and by changing the
color contrasts.

To enhance the fine-tuning process, the official 2017 training set of
2 000 images is enlarged using several dermoscopic images gathered from
the public ISIC archive. In order to remove potentially disadvantageous
samples, every supplementary image is first fed to a state-of-the art seg-
mentation CNN. Images segmented with an Intersection over Union lower
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(a) (b) (c) (d) (e)

Figure 4.5: Detection-Segmentation Pipeline: sample image from the 2017
ISIC test set with its predicted bounding box overlapped (a), the cropped
and resized sample (b), the output of the ensemble method (c) that is
rescaled to the original size (d) and the final segmentation mask (e).

than 0.60 are considered incorrect and thus removed from further analysis.
To build the final training set, we select the 1 500 dermoscopic images that
offer a ground truth segmentation mask where the skin lesion fills at least
the 10% of the image. We thus obtain a 3 500 images training set.

4.3.1 Detection-Segmentation Pipeline

In order to encourage the network to focus on the correct section of input
images, we remove redundant background from the input samples. Dur-
ing training, every ground truth segmentation mask is exploited to obtain
the bounding box containing the skin lesion, and every dermoscopic im-
age is cropped accordingly (Fig. 4.5a and Fig. 4.5b). During inference,
input samples are cropped in accordance with bounding boxes obtained
through Mask R-CNN [31], pre-trained on the COCO dataset [83] and
then fine-tuned on the 2017 ISIC original training set. Mask R-CNN pro-
duces bounding boxes with an Intersection over Union of 0.886 on the
2017 public test set. This pipeline, illustrated in Fig. 4.5, improves the
Intersection over Union accuracy of the segmentation framework by 0.045.
However, cropping images by means of an object detection network can
erase meaningful portions of the segmentation CNN input, propagating
the error from the first network to the next one. To tackle this draw-
back, bounding boxes can be directly supplied to the segmentation CNN,
without forcing it to discard the sections of the input image classified as
background by the detection tool. We thus feed the segmentation network
with a 4-channels input: R, G, B, and the skin lesion bounding box in the
form of a binary mask, where white pixels represent the foreground and
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Table 4.1: Detection-Segmentation Pipelines Comparison.

Pipeline
Strategy

Validation
IoU

None 0.800
Crop 0.845

4-channels 0.848

black pixels represent the background. Improvements delivered by adding
an object detection network to the process are shown in Table 4.1.

4.3.2 The Ensemble Method

As observed by Krogh et al. [84] and Chandra et al. [85], a key point on
ensemble learning is that the hypotheses should be as accurate and as di-
verse as possible. In our work, such properties were prompted by applying
different strategies. Even though the performance of the various CNNs are
comparable, different networks focus on different features, greatly increas-
ing the effectiveness of the ensemble. Fig. 4.6 displays how the features
extractor pre-trained to build the autoencoder described in Section 4.2.2,
seems to give much importance to darker shades of colours, whereas the
CNN that employs the features extractor formerly used to classify natural
images from ImageNet, produces segmentation masks less attentive to this
particular feature, focusing on higher level structures instead.

For each pixel, its probability of being part of the skin lesion is obtained
as the mean value across the selected CNNs. The output is then binarized
with a dual-threshold method. A high threshold (0.80) is followed by
blob analysis [78, 79] and the biggest object center is assumed to be the
tumor center. Afterwards, a lower threshold (0.40) is applied and the final
segmentation mask is given by the region which contains the tumor center.
Whenever the first high threshold does not yield any object, we only apply
the second one and keep its result as segmentation mask.
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 4.6: Examples of model outputs when using different pre-trained
feature extractors. (a) and (e) are the original images, (b) and (f) are the
outputs when using a features extractor pre-trained with ImageNet, (c)
and (g) are the outputs of the CNNs that exploit the features extractor
described in Section 4.2.2. Finally, (d) and (h) represent the ground truth.

4.4 Experimental Results

Experimental results of the proposed networks are summed up in Table 4.2.
The first column shows the detection-segmentation pipeline of each CNN. It
is important to notice that, when using the 4-channels strategy described in
Section 4.3.1, the first layer of the features extractor is required to deal with
four channels instead of three, and thus to be re-trained from scratch. Since
every network described in Section 4.2 was pre-trained using dermoscopic
images, we fine-tune them using the cropping strategy to avoid a random
re-initialization of the first layer of filters.

In order to further increase the diversity between predicted masks, and
hence the effectiveness of the ensemble architecture, we employ two dif-
ferent loss functions during training (second column of Table 4.2): the
cross-entropy loss1 in its binary form and the Tanimoto distance defined

1Cross-Entropy is the standard loss function employed when training DeepLab [29].
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Table 4.2: Analysis of the Neural Networks trained for the task. IoU is the
Intersection over Union, TIoU is the Threshold Intersection over Union.
The employed losses are Cross-Entropy (CE) and the Tanimoto Distance
(Tan).

Pipeline
Strategy

Loss Pre-Training
Val
IoU

Val
TIoU

Test
IoU

Test
TIoU

Crop

CE Classes 0.851 0.819 0.841 0.809
CE AE 0.856 0.837 0.838 0.810
CE GAN 0.854 0.834 0.838 0.814
Tan Classes 0.855 0.832 0.845 0.818
Tan AE 0.857 0.838 0.844 0.816
Tan GAN 0.850 0.831 0.841 0.817

4-channels

CE None 0.847 0.816 0.834 0.805
CE ImageNet 0.848 0.823 0.837 0.808
Tan None 0.846 0.819 0.831 0.802
Tan ImageNet 0.859 0.840 0.845 0.819

as

L = 1−

∑
i,j

tijpij∑
i,j

t2ij +
∑
i,j

p2ij −
∑
i,j

tijpij
(4.1)

where tij is the target value of the pixel at coordinates (i, j), and pij is the
real output. Note that tij is either 0 or 1, while pij is a real number in
range [0, 1].

The third column of Table 4.2 presents the pre-training procedure ap-
plied to each network. Values Classes, AE, and GAN refer to Sections
4.2.1, 4.2.2, and 4.2.3 respectively. The value None represents a network
trained from scratch, included for comparison. The last four columns of the
Table present the accuracy of each network, on both the validation set and
the test set from the ISIC 2017 challenge. IoU stands for Intersection over
Union, which is the official evaluation metric of the 2017 ISIC challenge.
TIoU means Threshold Intersection over Union, an adaptation of Intersec-
tion over Union that reflects the number of images in which automated
segmentation fails, by giving a score of 0 to images segmented with an
Intersection over Union lower than 0.65. Both of the metrics show similar
results when testing different initialization methods, but stress the im-
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Table 4.3: Performance of the proposed method compared to the state-
of-the-art. All the models have been trained and tested on the 2017 ISIC
dataset. Reimplemented/retrained models are identified by *. IoU is the
Intersection over Union, TIoU is the Threshold Intersection over Union.

Method
Test
IoU

Test
TIoU

Ours (ensemble) 0.850 0.827
SegAN [86] 0.785 —
GAN Augmented [67] 0.781 —
DCL-PSI [87] 0.777 —
DeepLabv3+* [30] 0.769 —
(RE)-DS-U-ResnetFCN34 [88] 0.772 —
SegNet* [89] 0.767 —
Challenge winners [15] 0.765 —
Tiramisu* [90] 0.765 —
U-Net* [28] 0.740 —

portance of employing a pre-trained feature extractor: CNNs trained from
scratch (value None in the third column) show the worst results. Table 4.3
displays the results obtained by merging the output of resulting CNNs
through the ensemble strategy described in Section 4.3.2. The proposed
pipeline clearly outperforms state-of-the-art segmentation algorithms when
applied on skin lesions.

4.5 Conclusion

With this chapter, we tackled the problem of skin lesion segmentation by
a different perspective, introducing a novel ensemble strategy to improve
state-of-the-art results. We presented multiple ways to initialize a features
extractor without the need to employ biases-inducing datasets, and high-
lighted the relevance of employing transfer learning in dermoscopic image
segmentation. Moreover, we identified skin lesion detection as an extremely
valuable preliminary step for skin lesion segmentation. As a matter of fact,
both cropping the lesion bounding box and feeding it as a fourth image
channel yield a major improvement to the overall semantic segmentation
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performance. The designed segmentation pipeline makes use of the find-
ings described in the previous chapter, and takes advantage of multiple
additional pre-training methods to improve the overall performance. Ex-
perimental results on the ISIC 2017 dataset show the effectiveness of our
approach on skin lesion segmentation. The source code of the proposed
model is available in [91].
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Chapter 5

A Deep Analysis on High
Resolution Dermoscopic
Images Classification

5.1 Introduction

A bigger neural network size has always been considered a synonym for
better accuracy, since a larger amount of parameters and layers means
a greater capability to learn important filters, and therefore to capture
meaningful features within an image as long as its resolution is high enough.
However, deeper networks are more prone to overfitting and harder to
regularize during training, in addition to requiring a considerable amount
of time to be trained [92]. This often produces inefficient architectures,
which do not improve results yielded by faster, shallower networks. Tanet
al. [6] propose an efficient way to scale up convolutional neural networks
width, depth, and image resolution by performing exhaustive experiments
on several datasets of natural images.

However, medical images present several dissimilarities from natural
ones, and thus require an individual analysis [93]. As a matter of fact, in
dermoscopic images, the difference between background (human skin) and
foreground (skin lesion) can be less visible than in most other scenarios.
Indeed, sharpening filters are broadly used in this field to enhance lesion
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(a) MEL (b) NV (c) BCC (d) AK

(e) BKL (f) DF (g) VASC (h) SCC

Figure 5.1: Samples of the 2019 ISIC dataset. (a) Melanoma - MEL, (b)
Melanocytic Nevus - NV, (c) Basal Cell Carcinoma - BCC, (d) Actinic
Keratosis - AK, (e) Benign Keratosis - BKL, (f) Dermatofibroma - DF, (g)
Vascular Lesion - VASC, (h) Squamous Cell Carcinoma - SCC.

borders. Moreover, dermoscopic images present numerous artifacts such as
black round borders, pen drawings, rulers, and hair, which must be ignored
when seeking meaningful patterns within an image.

This particular domain of medical imaging is characterized by a very
high resolution, which must be taken into account when aiming for good
classification accuracy. Additionally, a huge quantity of data augmentation
strategies can be performed without altering the nature of the skin lesion,
and this can be exploited during inference by merging the outputs of models
that are robust against different combinations of simple transformations.

Finally, it is crucial to make use of calibrated models for a correct
behavior in critical decision scenarios, such as medical diagnosis, in which
the ultimate goal is not substituting an expert practitioner, but providing
a reliable measure of our degree of uncertainty in order to assist the final
decision.

In this chapter, we perform a thorough investigation about the perform-
ance of state-of-the-art architectures for natural images classification when
applied to dermoscopic image analysis. A comprehensive discussion on how
the major hyperparameters (the size of the network, image resolution, data

40 Deep Learning in Dermoscopic Image Analysis



augmentation process, amount of available data, and model calibration) af-
fect neural network capabilities is provided, and a novel ensemble method
for dermoscopic image classification is designed. The proposed ensemble
yields a balanced accuracy of 0.593 on the official 2019 ISIC challenge,
achieving the third best result However, further experimental results show
that our approach outperforms the winners of the challenge when the two
algorithms are trained and tested using the same data.

The rest of this chapter is organized as follows. Section 5.2 introduces
the 2019 ISIC dataset and the proposed preprocessing pipeline. The de-
signed ensemble architecture is presented and motivated in Section 5.3,
and evaluated in Section 5.4 through and in-depth analysis. Finally, in
Section 5.5 conclusions are drawn.

5.2 Dermoscopic Images

Since 2016, the International Skin Imaging Collaboration (ISIC) has begun
to aggregate a large-scale, publicly available dataset of dermoscopic skin le-
sions images (Fig. 5.1) and hosting multiple challenges and workshops [77].
The availability of this substantial amount of dermoscopic images allowed
to significantly improve the performance of machine learning algorithms.
This dataset, also known as the ISIC archive, is designed both for clinical
training and to support research toward automated skin cancer analysis.

The 2019 version of the ISIC archive contains a total amount of 25 331
dermoscopy labeled images, belonging to eight different classes (i.e. types
of skin lesion) [94]. Images have been collected in several years, from differ-
ent centers, and using multiple devices. For this reasons, their resolution
ranges from 450× 600 to 1 024× 1 024 pixels.

The available data is heavily imbalanced, as samples are distributed
among classes as follows:

1. Melanoma (MEL) - 17.8%

2. Melanocytic Nevus (NV) - 50.8%

3. Basal Cell Carcinoma (BCC) - 13%

4. Actinic Keratosis (AK) - 3%

5. Benign Keratosis (BKL) - 10%
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6. Dermatofibroma (DF) - 0.9%

7. Vascular Lesion (VASC) - 1%

8. Squamous Cell Carcinoma (SCC) - 2.4%

However, the official 2019 test dataset counts an additional class, which
is not available in the training partition of the data. This class, named none
of the others, contains dermoscopic images of different natures that do not
belong to any of the other eight classes. In order to correctly evaluate such a
heavily imbalanced task, the 2019 official challenge judges the participants
by means of the Balanced Accuracy metric, which is computed as the
average sensitivity among classes. This metric gives the same importance
to each class, regardless of how much it is represented in the test set.
Additional metrics such as the Area Under the ROC Curve (AUC) are
presented in the official leaderboard, but not employed in the final scoring.

5.2.1 Preprocessing

Dermoscopic images present several dissimilarities from natural images
such as a very high resolution, low color variability within an image, and
many unnatural artifacts like pen marks or black corners introduced by
acquisition devices. This is mainly because the subject of these images
is human skin, and because of the particular acquisition technique that
aims to manipulate how the light hits the epidermis. The discrepancy
can be noticed by just computing the dataset statistics and using Gaus-
sian distributions as an approximation of the real pixels values distribution
(Fig. 5.2). It is thus crucial to carefully choose preprocessing steps and data
augmentation strategies, instead of reusing procedures developed for nat-
ural images. Hence, a specific dataset mean and standard deviation must
be computed and exploited for input normalization, which is an essential
step to obtain an efficient training process. In order to ensure good res-
ults, the same values must be used to perform input normalization during
inference.

Four main characteristics are widely recognized as primary attributes
for the detection of melanocytic lesions, which are asymmetry, border ir-
regularity, color variegation, and a diameter greater than 6 millimeters [95].
The analysis of these four features is also known as the ABCD rule, and
it represents the basic guideline to preserve semantic information within
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Figure 5.2: Approximation of the real pixel values distribution through
Gaussian distributions. Dashed, lighter lines represent the distribution
of channels R, G, and B of the ImageNet Dataset, whereas solid, darker
lines represent the ISIC dataset. The grey dotted line is the Gaussian
distribution with mean 0 and standard deviation 1, which we aim to obtain
after input normalization.

dermoscopic images. Since image sizes are not constant, the first step is to
obtain a dataset of squared images by replicating the border of rectangular
pictures along the shorter side, in order to not change the shape nor the
size of skin lesions, which are key factors for the diagnosis. The next step
concerns Data Augmentation (DA), an important and well-known opera-
tion that can be performed during training to improve the effectiveness of
neural networks [96]. This process consists in generating new data items by
applying very simple transformations to existing training samples, without
changing their semantic content. This technique aims to improve the ro-
bustness of an algorithm against used transformations and thus boost the
final accuracy [67, 97]. With respect to natural images, dermoscopic ones
can benefit from a larger amount of data augmentation steps, consider-
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ing that transformations like vertical flips or rotations do not alter their
semantic content. Furthermore, dermoscopic images are often refined by
means of sharpening filters to emphasize lesion borders and make images
easier to inspect for expert dermatologists. This processing technique can
however lead neural networks to erroneously focus on low-level features
that are trivial. To avoid this drawback, images can be randomly blurred
through gaussian kernels, teaching CNNs to ignore differences caused by
the use of diverse sharpening filters. Fig. 5.3 shows an example image be-
fore and after the employment of the blurring filter; the enlarged version
of the images exposes that low-level artifacts introduced by the sharpening
filters get mitigated thanks to the Gaussian filters. Blurring images with
random values allows trained CNNs to increase their steadiness against a
wide spectrum of sharpening filters that are used during acquisition.

As previously mentioned, randomly flipping and rotating images during
training never change the semantic content, and always yields good results.
Moreover, the manipulation of contrast, hue, and saturation are very com-
mon techniques for augmenting this kind of images. This is because of the
assumption that different acquisition devices can alter the representation
of similar colors, in addition to the effect that different light settings and
natural skin tones can have on images captured with the same camera.
Even though we find accuracy gains yielded by these data augmentation
strategies to often be minor, they can all be exploited to increase the ro-
bustness of the inference method described in the following Section.

Finally, the network training regularization can be improved through
the CutOut strategy [98], and by adding Poisson distributed random noise
to the input image. Fig. 5.4 presents two samples of dermoscopic images,
and their appearance after applying the random data augmentation de-
scribed in the first row of Table 5.1, the effects of the cutout method are
not displayed as it is applied after pixel normalization.
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Figure 5.3: On the left, the original 512×512 input image and an enlarged
detail. On the right, the same image after a blurring filter is applied, with
the same enlarged patch. The original image presents a noisy checkerboard
effect, introduced by a sharpening filter. This effect is greatly reduced in
the picture on the right.

Table 5.1: Different data augmentation configurations. When not specified,
configuration 0 is employed.

Conf Flips Rot Gauss Cutout Noise H&S Contrast

0 3 3 3 3 3 3 7

1 3 7 7 7 7 7 7

2 3 3 3 3 7 7 7

3 3 3 3 3 3 3 3
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(a) (b)

(c) (d)

Figure 5.4: Random samples of dermoscopic images (top), coupled with
the results of random data augmentation (bottom) performed by flipping
and rotating the images, applying Gaussian filters, adding noise with a
Poisson distribution, and manipulating hue, and saturation.
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Figure 5.5: Correlation between balanced accuracy (y axis) and train-
ing times in minutes (x axis) for different network architectures. Within
charts, each point represent one trained model, characterized by the net-
work architecture and the input image size. EfficientNet CNNs are trained
with their conventional input image resolution, whereas every other net-
work is trained with three different image sizes: 512× 512, 256× 256 and
128 × 128. Lower training times are required for the smallest resolution,
and viceversa.
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5.3 High Accuracy Through Growth

In order to improve classification accuracy, convolutional neural networks
can be scaled up in multiple ways. The most common approaches can be
summarized as increasing either the number or the size of convolutional
filters within a model. In addition to the growth of time required to com-
plete the training process, scaled up networks necessitate a more careful
regularization, and are more prone to overfitting [92]. Both of these prob-
lems are especially relevant when the volume of available training data is
not large enough. On the other hand, increasing the input image resolu-
tion also boosts CNN performance regardless of the network architecture
employed, at the cost of incrementing the required training time. Adopt-
ing a larger input size makes it possible to fully exploit the high resolution
that characterizes dermoscopic images. As a matter of fact, convolutional
neural networks can be effectively fine-tuned by using images of a different
resolution than the one used during the pre-training process, Table 5.2,
Table 5.3, Table 5.4 and Table 5.5 show how increasing resolution is the
most effective way to boost the skin lesion classification accuracy for every
tested architecture (EfficientNet [6], ResNet [5], DenseNet [43], and SERes-
NeXt [99]). As depicted in Fig. 5.5, growing the input size from 256 to 512
yields improvements showcased by balanced accuracy boosts that range
from 1.7% to 5.9%, whereas growing the network size by increasing the
number of parameters produce smaller boosts and, in some cases, even
drops in accuracy.

5.3.1 Probabilistic Model

In medical contexts, it is crucial to provide both good discriminative power
and reliable confidence. Therefore, in this Section we describe our probab-
ilistic model, which is divided in how we assign probabilities, and how we
combine them.

Given a set of independent and identically distributed (i.i.d.) labeled
pairs of samples O = {xi, ti}Ni=1 made up from images xi with their cor-
responding categorical class labels ti, we estimate the joint distribution of
a set of M models, also known as the model ensemble, parameterized by
Θ = {θm}Mm=1.

Given the model parameters θ, assuming independence between the
models and a non-informative prior over θ, the joint distribution factorizes
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Table 5.2: Training times (expressed in minutes), balanced accuracy, and
area under the roc curve (AUC) of several neural networks architectures
with 512× 512 input size.

Net
Training

Time
Balanced
Accuracy

AUC

DenseNet-201 5700 0.862 0.980
DenseNet-121 3420 0.834 0.972

SEResNeXt-101 9804 0.857 0.981
SEResNeXt-50 5928 0.867 0.982

ResNet-18 2052 0.806 0.975
ResNet-50 3192 0.841 0.977
ResNet-152 7752 0.861 0.978

as:

p(t1, t2, ..., tM ,Θ|O) =
∏
m

p(tm|O, θm) · p(θm) (5.1)

Learning involves maximizing this joint model, which under our as-
sumptions is the same as learning each of the conditional distributions
p(tm|O, θm) separately, by optimizing the cross-entropy loss without any
form of regularization. The proposed method maps each of these condi-
tional distributions with different network architectures and data augment-
ation techniques. The optimal number of networks and preferred model
architectures are chosen using a validation set, because using the evidence
framework [100] for automatic Occam’s razor is intractable, and approxim-
ations are a computational burden. The final probabilistic vector assigned
to a given test sample x∗ is obtained by computing the posterior distribu-
tion of the label, given the models p(t∗|t1, t2, ...tM , x∗). This posterior can
be computed in several ways: with standard model average [101], with a
learned combination, with boosting techniques [102] or Bayesian classifi-
ers [103], i.e., substituting the weights by the posterior distribution of the
models given the data.

Considering standard model average, for a test sample x∗ we assign the
label t∗ with confidence p∗ as follows:
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Table 5.3: Training times (expressed in minutes), balanced accuracy, and
area under the roc curve (AUC) of several neural networks architectures
with 256× 256 input size.

Net
Training

Time
Balanced
Accuracy

AUC

DenseNet-201 1870 0.820 0.975
DenseNet-121 1619 0.809 0.966

SEResNeXt-101 2782 0.831 0.978
SEResNeXt-50 2006 0.818 0.975

ResNet-18 1573 0.789 0.968
ResNet-50 1641 0.796 0.965
ResNet-152 2280 0.802 0.972

p(t∗|x∗, t1, t2, ...tM ) =
1

M

∑
m

p(tm|x∗, θ̂m)

t̂i = argmax p(t∗|x∗, t1, t2, ...tM )

p̂i = p(t∗ = t̂i|x∗, t1, t2, ...tM )

(5.2)

Moreover, we augment this posterior probability with a small set of
models for which we perform data augmentation at inference time, i.e.
we combine the predictions of modified versions of a given test sample x∗

through image transformations, as described in Section 5.3.2.
However, one of the consequences of doing Maximum A posterior Prob-

ability (MAP) estimation is that, when dealing with unbalanced data-
sets, many local optima tend to ignore the unrepresented classes. A pos-
sible solution is to compute the predictive distribution under a Bayesian
paradigm, but this is again impractical for our purposes. The solution
we adopt is to turn the discriminative classifier into a generative one, and
subtract the prior information over the classes:

p(t1|x, θ) ∝ p(x|t1, θ) · p(t1|θ) (5.3)

Then, scaling the posterior probability by the inverse of the prior in-
formation 1/p(t1|θ) we force our network to learn p(x|t1, θ). This can be
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Table 5.4: Training times (expressed in minutes), balanced accuracy, and
area under the roc curve (AUC) of several neural networks architectures
with 128× 128 input size.

Net
Training

Time
Balanced
Accuracy

AUC

DenseNet-201 1550 0.752 0.950
DenseNet-121 1505 0.739 0.942

SEResNeXt-101 1687 0.745 0.960
SEResNeXt-50 1642 0.761 0.958

ResNet-18 1482 0.708 0.937
ResNet-50 1550 0.692 0.930
ResNet-152 1687 0.723 0.946

viewed as learning the posterior probability p(t|x) assuming equal prior
distributions p(t), thus, training the model not to discard the unrepresen-
ted class. The model evidence p(x) plays no role in this re-scaling as it is
common to all the classes, thus it can be absorbed in the learning rate. In
practice, this can be efficiently done by a weighted cross-entropy loss [104].

Model Calibration.

In the medical diagnosis field the goal should not be to take an action
on behalf of an expert practitioner, but rather to assist his/her choice [105].
We thus end up discussing model calibration, mandatory for optimal de-
cision. In such scenario, the decision made by an expert practitioner is
differently influenced if we provide a confidence of 0.9 over a confidence
of 0.4. This means that the provided information will only be useful if
it is reliable, and this is achieved by a proper calibration of the probabil-
istic model. For a wider description of model calibration in a classification
scenario see [106] and references therein.

The intuitive motivation of having a calibrated model can be seen from
a more theoretical perspective. Taking into account that our aim is to
combine expert knowledge and probabilistic information in an optimal way,
we can formalize the problem using the Bayes decision rule, where the
selected action αi is the one that minimizes Bayes risk:
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Table 5.5: Scaled EfficientNet performance results. Training times are
expressed in minutes.

Net
Image
Size

Training
Time

Balanced
Accuracy

AUC

EfficientNet-b0 224 1573 0.758 0.961
EfficientNet-b1 240 1642 0.796 0.967
EfficientNet-b2 260 1824 0.818 0.971
EfficientNet-b3 300 2280 0.830 0.974
EfficientNet-b4 380 4332 0.836 0.978
EfficientNet-b5 456 9348 0.831 0.975
EfficientNet-b6 528 17328 0.829 0.968
EfficientNet-b7 600 29640 0.827 0.967

R(αi|x) =
∑
j

λij p(tj |x)

αi = argmax
i

R(αi|x)
(5.4)

R(αi|x) denotes the Bayes risk and λij is the loss incurred in deciding
class i when the true value is j. Note that for the particular case in which
λii = 1 and λij = 0 this rule ends up being the maximum a posterior
decision rule. Furthermore, expert knowledge can be incorporated in these
coefficients.

It is well known that this rule guarantees optimal decision if the data
reflects the distribution p(t|x) [102]. In practice, these distributions are
substituted with our model p(t|x, θ). This means that the lower the gap
between the model and the data distribution, the closer we are to an op-
timal decision. In general, this is achieved by models both able to separate
between classes (a property known as discrimination or refinement [107]),
and able to assign correct probabilities based on how the data is distributed
(calibration).

Motivated by the properties of calibrated models, we propose to en-
semble neural networks that have been previously calibrated. Consider-
ing that ensembles aim to combine probabilistic information, one should
expect that the combination of more reliable classifiers, as those with a
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proper calibration, should provide more reliable final posterior probabil-
ity (Equation 5.4). In fact, merging multiple classifiers usually boosts the
accuracy, as the combination of different local minima is a better repres-
entation of the data distribution [108, 109]. Following this observation, it
has been proved in [101] that the average combination of classifiers tends
to also calibrate the final predictions. We extend this consideration using
an ensemble of calibrated models.

5.3.2 Averaging Calibrated Probabilities

We observe that data augmentation can be employed also during inference
to provide calibrated probabilities. As a matter of fact, a multitude of data
augmentation strategies can be applied to dermoscopic images without al-
tering their semantic content (Table 5.1). Although not all augmentation
steps induce a performance boost, they can all be exploited during in-
ference by feeding each test image multiple times to each network, and
by subjecting each image to the same random data augmentation process
performed during training. By averaging the predictions of a single net-
work, we employ an ensemble technique that increases both the overall
accuracy and calibration without the need of training additional networks.
The only drawback is an inference time overhead. This method can be
especially beneficial when multiple networks are trained with diverse data
augmentation strategies and then merged together. In these cases, DA
increases the ability of the framework to be robust to small transformation
that are irrelevant towards the final diagnosis.

To take this one step further, we calibrate single models by means of
Temperature Scaling [106], an easy to integrate calibration technique with
good performance in image classification. Empirical results show that the
Data Augmentation Ensemble (DAE) improves both the accuracy and the
calibration of the final ensemble of CNNs, whereas the usage of Temperat-
ure Scaling, despite successfully lowering the Expected Calibration Error
(ECE) of a single model, degrades the overall ensemble calibration while
having a small impact on the accuracy. However, this results can not
yet be generalized for more sophisticated calibration techniques given in
[106, 110, 101, 111]. We illustrate the whole proposed pipeline in Fig. 5.6.
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Figure 5.6: Illustration of the proposed ensemble method. Given an input
image (a) at inference time, multiple versions of it are obtained by means
of random data augmentation. Augmented images (b) are then fed to a
CNN (c) and calibrated outputs (d) are obtained. This process is repeated
over multiple CNNs and, finally, all of the network outputs are averaged
together in the last step in order to obtain the final prediction (e).

5.4 Experimental results

This section presents the impact that different architectures, image resol-
utions, augmentation strategies, and dataset sizes have on the classifica-
tion capabilities of several neural networks. Each network is trained using
stochastic gradient descent (SGD) with momentum and a plateau learning
rate scheduler. A validation set of 1 000 images is used to monitor the
accuracy of the model at each epoch and to apply the early stopping tech-
nique. Each network is tested on 5 000 images and trained on a set of 19 331
images, using a cross-entropy loss function which is weighted according to
the inverse prior probability of each class. Ratios between classes are pre-
served in the training set as well as in both the validation and the test set.
In order to avoid trivial comparisons, training times are computed on the
same machine, equipped with one NVIDIA GTX 1080 Ti with 11 GB of
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memory.

Figure 5.7: Samples from the 2019 ISIC dataset and attention heatmaps
obtained by means of the Grad-CAM method. Besides always locating the
skin lesion, the network can aim its attention at specific sections such as
lesion borders (leftmost image) or darker patches (rightmost image).

In order to provide a qualitative visualization of the experimental res-
ults, we make use of the Grad-CAM method [65] to show the attention
heatmaps associated to one of our models. Fig. 5.7 shows the specific part
of the image on which the trained model focuses to make its prediction. On
the other hand, quantitative results are expressed by means of two different
metrics: Balanced Accuracy and Area Under the ROC Curve (AUC).

In Table 5.2, Table 5.3, Table 5.4 Table 5.5, and Fig. 5.5 we analyze the
performance of different networks when image resolution, network depth,
and network width are scaled up. The results of this investigation reveal
that image resolution is the most relevant hyperparameter for this task. As
a matter of fact, the accuracy obtained by EfficientNet-b5 can be achieved
by smaller networks like ResNet-50, by virtue of merely increasing the
size of input images. Indeed, deeper versions of EfficientNet are unable to
take advantage of their width, depth, and image resolution without any
supplementary data, yielding worst accuracy results than EfficientNet-b4.

Table 5.6 and Fig. 5.8 show the results obtained by merging three differ-
ent networks, employing the ensemble technique described in the previous
Sections and pictured in Fig. 5.6. For the sake of providing a fair evalu-
ation of the proposed method, we make use of the guidelines and the code
provided by the winners of the 2019 ISIC challenge (DAISYLabs [112]),
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Table 5.6: Results obtained through a calibrated ensemble using different
Data Augmentation configurations (DA) and fixed 512 × 512 image size
over the training partition.

Net
Data

Augmentation
Balanced
Accuracy

AUC

DenseNet-201 2 0.861 0.980
SEResNeXt-50 0 0.867 0.982

ResNet-152 3 0.863 0.979

ensemble - 0.888 0.988Table 4 Results obtained through a calibrated ensemble
using different Data Augmentation configurations (DA) and
fixed 512 × 512 image size over the training partition.

Net Data
Augmentation

Balanced
Accuracy AUC

DenseNet-201 2 0.861 0.980
SEResNeXt-50 0 0.867 0.982

ResNet-152 3 0.863 0.979

ensemble - 0.888 0.988

Table 5 Results obtained through an ensemble of the
three top performing architectures described in [32]. The
two input strategies employed in the paper are Random-
Resize cropping (RR) and Same-Size cropping (SS).

Net Input
Strategy

Balanced
Accuracy AUC

EfficientNet-b4 RR 0.800 0.965
EfficientNet-b5 SS 0.777 0.957
EfficientNet-b6 SS 0.773 0.957

ensemble - 0.871 0.983

networks. The only drawback is an inference time overhead. This
method can be especially beneficial when multiple networks are
trained with diverse data augmentation strategies and then merged
together. In these cases, DA increases the ability of the framework to
be robust to small transformation that are irrelevant towards the final
diagnosis.

To take this one step further, we calibrate single models by
means of Temperature Scaling [45], an easy to integrate calibration
technique with good performance in image classification. Empirical
results show that the Data Augmentation Ensemble (DAE) improves
both the accuracy and the calibration of the final ensemble of CNNs,
whereas the usage of Temperature Scaling, despite successfully
lowering the Expected Calibration Error (ECE) of a single model,
degrades the overall ensemble calibration while having a small
impact on the accuracy. However, this results can not yet be
generalized for more sophisticated calibration techniques given in
[40, 45, 49, 50]. We illustrate the whole proposed pipeline in Fig. 6.

5 Experimental results

This section presents the impact that different architectures, image
resolutions, augmentation strategies, and dataset sizes have on the
classification capabilities of several neural networks. Each network
is trained using stochastic gradient descent (SGD) with momentum
and a plateau learning rate scheduler. A validation set of 1 000
images is used to monitor the accuracy of the model at each epoch
and to apply the early stopping technique. Each network is tested on
5 000 images and trained on a set of 19 331 images, using a cross
entropy loss function which is weighted according to the inverse
prior probability of each class. Ratios between classes are preserved
in the training set as well as in both the validation and the test set. In
order to avoid trivial comparisons, training times are computed on
the same machine, equipped with one NVIDIA GTX 1080 Ti with
11 GB of memory.

In order to provide a qualitative visualization of the experimental
results, we make use of the Grad-CAM method [51] to show the
attention heatmaps associated to one of our models. Fig. 7 shows
the specific part of the image on which the trained model focuses
to make its prediction. On the other hand, quantitative results are
expressed by means of two different metrics: Balanced Accuracy and
Area Under the ROC Curve (AUC).

In Table 2, Table 3, and Fig. 5 we analyze the performance
of different networks when image resolution, network depth, and
network width are scaled up. The results of this investigation reveal
that image resolution is the most relevant hyperparameter for this
task. As a matter of fact, the accuracy obtained by EfficientNet-b5

Table 6 Confusion Matrix to show results of the calibrated ensemble
detailed in Table 4, i.e. using different Data Augmentation configurations
(DA) and fixed 512 × 512 image size over the training partition. Each cell
contains the percentage of images of a specific class defined by the column,
that were assigned to the class specified by the row. Accordingly, the main
diagonal (green squares) display the architecture sensitivity for each class.

ground truth

M
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NV BC
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AK BK
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DF VA
SC

SC
C

pr
ed

ic
tio

n

MEL 85 4 1 3 3 0 1 1

NV 11 94 1 0 6 1 3 0

BCC 1 1 95 6 1 1 1 9

AK 1 0 1 84 3 1 0 7

BKL 2 1 1 6 85 0 0 3

DF 0 0 0 0 0 96 0 0

VASC 0 0 0 0 0 0 95 0

SCC 0 0 1 3 2 0 0 79

can be achieved by smaller networks like ResNet-50, by virtue of
merely increasing the size of input images. Indeed, deeper versions
of EfficientNet are unable to take advantage of their width, depth,
and image resolution without any supplementary data, yielding worst
accuracy results than EfficientNet-b4.

Table 4 and Table 6 show the results obtained by merging three
different networks, employing the ensemble technique described
in the previous Sections and pictured in Fig. 6. For the sake of
providing a fair evaluation of the proposed method, we make use
of the guidelines and the code provided by the winners of the
2019 ISIC challenge (DAISYLabs [32]), and build an ensemble
using the three top performing architectures described in the paper.
We implement the preprocessing strategy detailed by the authors
using the European Computer Vision Library (ECVL) [52]. Each
model is trained and tested using the same data partition described
at the beginning of this Section, and the results are displayed in
Table 5. The first three rows of Table 4 and Table 5 display the
performance of neural networks when tested individually, through
a single forward pass, and with no ensemble techniques applied
at inference time. On the other hand, the last row of Table 5
(ensemble) presents the results obtained by merging the output of
three CNNs after applying the two prediction strategies described

Fig. 7: Samples from the 2019 ISIC dataset and attention heatmaps
obtained by means of the Grad-CAM method. Besides always
locating the skin lesion, the network can aim its attention at specific
sections such as lesion borders (leftmost image) or darker patches
(rightmost image).

IET Research Journals, pp. 1–10
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Figure 5.8: Confusion Matrix to show results of the calibrated ensemble
detailed in Table 5.6, i.e. using different Data Augmentation configurations
(DA) and fixed 512× 512 image size over the training partition. Each cell
contains the percentage of images of a specific class defined by the column,
that were assigned to the class specified by the row. Accordingly, the main
diagonal (green squares) display the architecture sensitivity for each class.
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Table 5.7: Results obtained through an ensemble of the three top perform-
ing architectures described in [112]. The two input strategies employed
in the paper are Random-Resize cropping (RR) and Same-Size cropping
(SS).

Net
Input

Strategy
Balanced
Accuracy

AUC

EfficientNet-b4 RR 0.800 0.965
EfficientNet-b5 SS 0.777 0.957
EfficientNet-b6 SS 0.773 0.957

ensemble - 0.871 0.983

and build an ensemble using the three top performing architectures de-
scribed in the chapter. We implement the preprocessing strategy detailed
by the authors using the European Computer Vision Library (ECVL) [113].
Each model is trained and tested using the same data partition described
at the beginning of this Section, and the results are displayed in Table 5.7.
The first three rows of Table 5.6 and Table 5.7 display the performance of
neural networks when tested individually, through a single forward pass,
and with no ensemble techniques applied at inference time. On the other
hand, the last row of Table 5.7 (ensemble) presents the results obtained
by merging the output of three CNNs after applying the two prediction
strategies described in [112], both of which involve multiple forward passes
for each network. The comparison between Table 5.6 and Table 5.7 clearly
shows that the proposed method outperforms the winners of the ISIC 2019
challenge, when the two algorithms are trained and tested using the exact
same data.

In order to investigate how our framework performance is affected by
the amount of available data, we randomly build three smaller version of
the ISIC dataset with respectively 10 000, 5 000, and 1 000 images, always
preserving the ratio between different classes. Table 5.8 underlines that
dataset size is a key factor for obtaining good performance, as reducing
the amount of available data always worsen the final accuracy. Moreover,
the impact of high resolution is only reduced for drastic configuration, with
very shallow networks and extremely little data available. In Table 5.9 we
also present the effects obtained by increasing the number of performed
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Table 5.8: Balanced Accuracy (BA) and Area Under the ROC Curve
(AUC) obtained by ResNet architectures with different Training Partition
Sizes (TPS) and image resolutions.

512× 512 256× 256 128× 128

Network TPS BA AUC BA AUC BA AUC

ResNet-18 10 000 0.699 0.952 0.690 0.945 0.625 0.918
ResNet-18 5 000 0.610 0.907 0.617 0.913 0.560 0.893
ResNet-18 1 000 0.431 0.856 0.450 0.863 0.416 0.826

ResNet-50 10 000 0.750 0.959 0.722 0.943 0.614 0.914
ResNet-50 5 000 0.663 0.930 0.637 0.909 0.511 0.883
ResNet-50 1 000 0.456 0.865 0.464 0.842 0.413 0.806

ResNet-152 10 000 0.773 0.964 0.739 0.951 0.648 0.918
ResNet-152 5 000 0.689 0.936 0.633 0.925 0.572 0.889
ResNet-152 1 000 0.522 0.891 0.495 0.863 0.433 0.831

data augmentation steps during the training process, with datasets of vari-
ous sizes.

Finally, Table 5.10 displays the results obtained on the official 2019
ISIC challenge by following the guidelines defined in this chapter. The
official metric of the challenge is the balanced accuracy, AUC values are
added for completeness. Metrics are computed over 9 classes as described in
Section 5.2, the none of the others class is not considered by our approach
because no labeled data is provided.

The proposed ensemble strategy is the best performing method when
compared to algorithms that do not employ an out of distribution detection
technique to handle the ninth class, and take advantage of no additional
data.
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Table 5.9: Balanced Accuracy (BA) and Area Under the ROC Curve
(AUC) obtained by ResNet-50 with different Training Partition Sizes
(TPS), Data Augmentation configurations (DA), and image resolutions.
Indexes of DA are the same introduced in Table 5.1.

512× 512 256× 256 128× 128

TPS DA BA AUC BA AUC BA AUC

19 000 1 0.804 0.973 0.754 0.958 0.626 0.923
19 000 2 0.837 0.976 0.781 0.963 0.704 0.939
19 000 3 0.846 0.977 0.770 0.960 0.660 0.921

10 000 1 0.725 0.956 0.664 0.931 0.557 0.900
10 000 2 0.730 0.959 0.705 0.938 0.589 0.905
10 000 3 0.743 0.964 0.708 0.935 0.617 0.909

5 000 1 0.642 0.927 0.586 0.902 0.482 0.872
5 000 2 0.667 0.926 0.635 0.911 0.516 0.872
5 000 3 0.656 0.928 0.639 0.910 0.549 0.871

1 000 1 0.432 0.845 0.413 0.837 0.337 0.767
1 000 2 0.453 0.855 0.450 0.842 0.377 0.800
1 000 3 0.459 0.869 0.457 0.847 0.406 0.800

Table 5.10: Results obtained on the official 2019 ISIC Challenge [114], with
a description of data used for every method. The last column indicates
methods that employ OOD strategy.

Method
Balanced
Accuracy

AUC
Employed

Images
OOD

DAISYLabs [112] 0.636 0.923
ISIC 2019 +

additional data
7

DysionAI 0.607 0.780 ISIC 2019 3

Proposed Method 0.593 0.886 ISIC 2019 7

DermaCode 0.578 0.892 ISIC 2019 7

Nurithm Labs 0.569 0.870
ISIC 2019 +

additional data
7
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5.5 Conclusion

With this chapter we addressed the impact of image resolution, data aug-
mentation, and different state-of-the-art architectures on dermoscopic im-
ages analysis. Furthermore, an ensemble strategy that considers augmen-
ted samples at test time is presented. Our method successfully deals with
the absence of balance between classes, by means of a large use of data aug-
mentation strategies (both at training and testing time), and a weighted
cross-entropy loss. The proposed solution takes advantage of multiple
networks trained using different augmentation methods. A probabilistic
approach is employed to perform the ensemble over calibrated network
decisions thus ensuring better results.

Carrying out experiments in a systematic way, we proved that dermo-
scopic image analysis highly depends on input image resolution, and that
the amount of performed data augmentation strategies and available labeled
data play a major role in this task. We empirically demonstrated that due
to the deficiency of dermoscopic labeled data with respect to natural im-
ages, extremely deep architectures (e.g. SEResNeXt-101, EfficientNet-b7)
fail to provide better results than shallower ones, highlighting that con-
clusions on natural images can not be directly extended to dermoscopic
ones.

The ISIC dataset is expected to consistently keep growing in the ap-
proaching years, we therefore plan to extend our studies using larger amounts
of data, in order to assess how dermoscopic images analysis is altered if
more data is available, if the class imbalance issue is stretched, or if the
number of classes is increased. Moreover, state-of-the-art results are ob-
tained by means of extremely expensive inference procedures (both in terms
of time and hardware resources). Future research directions will hence in-
clude an investigation to find cheaper ways to obtain class predictions from
neural networks without excessively lowering the achieved discrimination
capabilities. Finally, we plan to explore the effects of new state-of-the-art
calibration techniques on an ensemble of neural networks.

The proposed ensemble yielded a balanced accuracy of 0.593 on the
official 2019 ISIC challenge, achieving the third best result. It is the best
performing method when compared with challenge participants that do
not exploit additional data and do not take advantage of an Out of Distri-
bution Data detector. In order to ensure reproducibility, the source-code
is provided in [115].
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Chapter 6

Supporting Skin Lesion
Diagnosis with
Content-Based Image
Retrieval

6.1 Introduction

A recent international diagnostic study demonstrates that the accuracy of
machine learning algorithms for pigmented skin lesion classification pro-
posed in the last years is comparable with those of expert dermatolo-
gists [116]. This is true considering only individual images and ignoring the
clinical history of the patient: information that the dermatologist has of-
ten available when visiting. Nevertheless, in the medical diagnosis field the
goal should not be to take an action on behalf of an expert practitioner,
but rather to assist his/her choice. Indeed, empirical experiments have
shown that providing the physician with a second computerized and non-
interactive opinion is not well seen by the dermatologists that even tends
to change their own diagnoses when presented with a second computerized
point of view [117].

In the last years, many attempts have been made to devise AI ap-
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Figure 6.1: Example result of the ranking system. On the left an example
query image belonging to the melanocytic nevus class. On the right side
the first five results in order of score from top to bottom.

proaches, which are not only performing well, but are trustworthy and
transparent for a human expert [118]. Among others, the Grad-CAM
technique [65] has proven to be a valid solution for dermoscopic images
analysis: it is able to explain dermatologists on which parts of the input
image the model is mostly focused, by simply providing a heat map [108].

This chapter mainly aims at providing an interactive approach to effect-
ively support dermatologists in the decision making process. Given a skin
lesion, the designed deep learning-based algorithm will retrieve a number
of other diagnosed cases that are similar to the original image as shown in
Fig. 6.1, thus supporting and driving the dermatologist to a more precise
diagnosis, without directly providing a second opinion. We thus propose
a Content-Based Image Retrieval (CBIR) tool for searching and retriev-
ing most similar dermoscopic images. A set of quantitative experiments
shows that the proposed approach provides a better ranking than existing
state-of-the-art solutions on the same topic. Moreover, to test the useful-
ness of the devised strategy, five dermatologists have been asked to classify
different images with and without the output provided by our algorithm:
experimental results clearly demonstrate the benefit of the proposal.

The rest of the chapter is organized as follows. The proposed model
is described in Section 6.2, and evaluated in Section 6.3. Finally, in Sec-
tion 6.4 conclusion are drawn.
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6.2 Image Retrieval

As stated, the aim of this chapter is to find a model for Content-Based
Image Retrieval (CBIR) for skin lesion medical images. Given a query,
i.e. a new image of an unknown class, the task consists of retrieving k
images from a labeled dataset, that are similar to the query. Since the final
aim is to provide physicians with a valuable support for the classification
task, two images are considered similar if they possess common features
ascribable to a certain class of lesions. In order to extract such features,
our approach to the problem consists of learning an embedding function f
from skin lesion images space I into a compact Euclidean feature space Rd,
where distances correspond to a measure of similarity. In feature space,
distance between images of the same class should be small, and distance
between images of different classes should be large. After such a mapping
has been established, the retrieval task can be accomplished by taking
the k labeled images with the minimum distance from the query in the
embedded space. In order to achieve this task, we built and evaluated four
different variations of a deep convolutional neural network.

For every model, input images are resized to 512×512, and each chan-
nel is normalized by subtracting the mean and dividing by the standard
deviation. Moreover, training images undergo augmentation techniques to
reduce overfitting, consisting in random flip and random rotation.

6.2.1 Classification

The first embedding model is part of a deep neural network trained for clas-
sification. We conducted experiments with multiple variations of ResNet
(with 18, 34, 50, 101 and 152 layers), which have been proved to be effect-
ive solutions for the classification task of the ISIC challenge [77]. The loss
used for this network is the cross-entropy loss. The network is trained with
Stochastic Gradient Descent (SGD), with an initial learning rate of 0.001,
lowered each time the evaluation accuracy reaches a plateau, with initial
weights pretrained on the ImageNet dataset. After the training process,
the embedding network is obtained by removing the last fully connected
layer, which outputs the classification results. In this way, only the feature
extraction part of the network is preserved, whose output is a vector of size
512 or 2048, depending on the ResNet variation used. This intermediate
feature vector represents high-level visual features, strictly related to the
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image class, and represents the mapping in the new euclidean space. This
simple model is mainly built for comparison with the similar proposal by
Pu et al. [57], which also employs a classification network, and with the
more complex models discussed further on.

6.2.2 Embedding End-to-End

The second model is a convolutional network trained end-to-end for the
embedding task. Like the previous model, it is based on ResNet. However,
instead of outputting class probabilities, the last fully connected layer,
with output size d, represents the embedding in Rd. The output vector is
divided by its L2-norm; this regularization ensures that embedded vectors
lie on the surface of the unit (d− 1)-sphere, i.e., ‖f(x)‖2 = 1.

The loss used for training is the triplet loss [119], that directly reflects
the specific goal of this work. The triplet loss is calculated over a triplet
of input samples composed of an anchor (a), a positive (p) and a negative
(n). Sample a and p belong to the same class, while n belongs to a different
class. Given a triplet, the loss is computed as:

L(a, p, n) = max(d(f(a), f(p))− d(f(a), f(n)) + α, 0)

In the formula, d(x, y) is the distance between x and y in feature space,
and it can be calculated using a chosen metric, while α represents a de-
sired margin between positive and negative pairs. The triplet loss aims
at minimizing the distance from anchor to positive, and maximizing the
distance from anchor to negative. We performed experiments with the eu-
clidean distance and cosine distance (defined as 1 - cosine similarity), and
we verified that, for this task, cosine distance yields better results. It is
worth noticing that, if feature vectors lie on the unit (d− 1)-sphere, cosine
similarity is the same as the dot product.

The training process starts with the sampling of balanced minibatches,
with n random elements per class, so that each skin lesion category is
equally represented. For every minibatch, a network forward yields a cor-
responding list of embeddings. Then, triplets are chosen in the following
way: (i) for every class, all possible pairs (a, p), i.e. combinations of two
samples, are listed. Since there are n samples for each of the 8 classes, the
total number of pairs is

(
n
2

)
× 8 = 4n(n − 1); (ii) for every pair, a hard

negative sample is chosen from the other 7 classes. A hard negative is a
sample n for which L(a, p, n) > 0.
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Only hard negatives are useful for the training process, because they
yield a non-zero loss. We experimented the three most common criteria
for the choice of the hard negative:

• random hard : a hard negative randomly selected.

• hardest : the negative sample yielding the highest loss value.

• random semihard : a random negative n for which d(f(a), f(p)) <
d(f(a), f(n)) < d(f(a), f(p)) + α.

The hardest negative criterion leads to the fastest convergence, but it is
also known to often lead to local minima [120], and the random semihard
criterion is useful to reduce that risk. These observations hold true in our
case, and we got the best results applying the random semihard criterion,
even if the random hard choice proved to be nearly as effective. After the
choice of negatives, the loss is computed for every triplet, and losses are
averaged to get an aggregated value. This network is trained with SGD
and initial learning rate of 0.01, decreased every 30 epochs.

6.2.3 Classification & Embedding

The third model taken into account is composed of both a classification
network and a separate embedding network. It builds upon the first model,
in the sense that, after the end of the training process, feature vectors ex-
tracted by the classification network constitute a new dataset, and they
become the input of a fully connected network, that outputs the final em-
bedding in d dimensions. This embedding network is composed of three
fully connected layers of size 2048, 1024 and d respectively, randomly ini-
tialized. The first two layers are followed by a PReLU activation and a
dropout layer; the whole architecture is depicted in Fig. 6.2. Like the
previous case, the loss function is the online triplet loss. We trained this
network with SGD, learning rate starting at 0.01 and lowered every 30
epochs, and batches of 30 samples per class.

6.2.4 Classification & Embedding End-to-End

The fourth model shares the same architecture of the third one: the differ-
ence is that, in this case, the feature extractor and the embedding network
are not separated. Instead, after the training of the classification network,
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its final fully connected layer is substituted with the embedding network,
and a new end-to-end training process starts, with online triplet loss. This
means that the backward propagation does not stop at the first layer of
the embedding network, as in Model-C, but instead reaches the beginning
of the feature extractor. Because of the large size of the network, we are
strongly limited in the batch size: in our tests, we used batches with 3 ex-
amples for each class. The whole architecture, that is the same as Model-C,
is depicted in Fig. 6.2.

Resnet-50
fe

at
ur

es

1 x 4096
2048 1024512 x 512 N

EmbeddingInput

Figure 6.2: Architecture of Model-C (Classification & Embedding) and D
(Classification & Embedding End-to-End). The difference between the two
approaches is that, after the training of the ResNet feature extractor with a
classification loss, Model-D is fine-tuned end-to-end with triplet loss, while
Model-C only updates weights on the embedding part of the network.

6.3 Experimental Results

6.3.1 Quantitative

The dataset used for training and evaluating the proposed models is the
ISIC 2019 archive [77, 80, 94], an international repository of dermoscopic
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Table 6.1: A priori probability of each skin lesion class.

Class Probability

Melanoma 0.1785
Melanocytic Nevus 0.5083
Basal Cell Carcinoma 0.1312
Actinic Keratosis 0.0342
Benign Keratosis 0.1036
Dermatofibra 0.0094
Vascular Lesion 0.0100
Squamous Cell Carcinoma 0.0248

images built for both clinical training and for supporting technical research
by means of the international challenge of the same name, introduced in
Section 2.4. The dataset includes 25 331 images, divided into 8 categories:
melanoma (MEL), melanocytic nevus (MN), basal cell carcinoma (BCC),
actinic keratosis (AK), benign keratosis (BKL), dermatofibroma (DF), vas-
cular lesion (VASC) and squamous cell carcinoma (SCC). A priori prob-
ability of each class is reported in Table 6.1.

We split the dataset into training, validation and test sets, composed
of 19 331, 1 000 and 5 000 images respectively. Every model is trained
with the aim of minimizing the corresponding loss function on the training
set. After each epoch, a partial evaluation of the model is performed
by retrieving the k nearest neighbors taken from the training set of every
sample in validation set, for three values of k (1, 5, and 10), and computing
precision at k (P@k), i.e., the number of neighbors that share the same
class of the query, divided by k. The values for k have been chosen in a
way that reflects the use case, that is showing a physician similar lesions
to a new image, which needs to be classified. P@k values computed on
the validation set are used for hyperparameters optimization and early
stopping of the training process. Then, final values of P@k are computed
by substituting validation set with test set.

In literature, another common metric used to evaluate the performance
of retrieval systems is the recall, i.e. the ratio of relevant retrieved images
to the total number of relevant images in the dataset.

However, the recall is not meaningful for this use case, because the
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Table 6.2: Optimal hyperparameters used for each model, found with grid
search. FE, Dim, Loss, Lr and BS respectively stand for Feature Extractor,
Dimensions of feature space, Loss function, Learning rate and Batch Size.

Model FE Dim Loss Lr BS

Classification ResNet-50 2048 Cross-entropy 0.001 16
Embedding E2E ResNet-34 300 Triplet 0.001 48
Class & Emb ResNet-50 30 Triplet 0.01 240
Class & Emb E2E ResNet-50 30 Triplet 0.01 24

amount of retrieved images is orders of magnitude lower than the total
number of dataset images belonging to each class.

As regards the choice of hyperparameters, experiments revealed that,
independently of the model, the best value for α is 0.2, cosine distance
is more effective than euclidean distance, and the L2 regularization actu-
ally improves the results. Model-dependent hyperparameters, instead, are
reported in Table 6.2. Feature space dimensionality is fixed for Model-A
(Classification): it is equal to the size of the second to last layer of ResNet,
which precedes the fully connected layer for classification. For the other
models, we experimented values 3, 10, 30, 100, 300 and 1 000.

It can be observed that the feature extractors used in the final models,
ResNet-34 and ResNet-50, include a relatively small number of layers. We
verified that deeper versions of ResNet, with 101 or 152 layers, are more
effective for the classification task, i.e., lead to higher accuracy; however,
when measuring P@k, the results are not satisfactory. As regards models
employing triplet loss, one of the reasons is that implementation details of
the loss itself make large batches more efficient [120], and, under the same
hardware, smaller networks allow for larger batches. Another consequence
is that Model-C (Classification & Embedding End-to-End) reaches lower
AP@k than Model-D (Classification & Embedding): the latter, despite
being a simpler model, can exploit a batch size larger by an order of mag-
nitude.

For comparative reasons, we have implemented the method proposed
in [57] and known as Hash-AP. To the best of our knowledge, it is the only
skin lesion CBIR system that makes use of deep learning to extract visual
features, and it represents the current state-of-the-art in the field. Hash-AP
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Table 6.3: Average precision at k measured for every model analyzed, for
three values of k, 1, 5, and 10. Central columns report average values
separated for each class, and the last column reports the balanced average.
Novel proposals are identified by *.

Model k AP@k

Hash-AP [57] - 0.3404

Hash-AP ResNet* - 0.7580

Classification*
1 0.8224
5 0.7859
10 0.7746

Embedding End-to-End*
1 0.7784
5 0.7786
10 0.7804

Class & Embedding*
1 0.8157
5 0.8168
10 0.8190

Class & Embedding
End-to-End*

1 0.7867
5 0.7881
10 0.7920

is a classification network with an added hidden layer that learns a binary
embedding, or hash, and retrieves similar images to a query measuring
the Hamming distance of hash codes, then clustering the results and the
query itself using affinity propagation. The original model is based on
AlexNet [14]. In order to provide a fair comparison with our proposals, we
also built a variation of Hash-AP based on ResNet, and we verified that,
at least on the ISIC dataset, the retrieval performance notably improves
w.r.t. the original model.

Final results are reported in Table 6.3 and Table 6.4: P@k is calcu-
lated for each class, and the last column reports the average precision at k
(AP@k), which represents a summary of the model performance. AP@k
is the average value of per class P@k: in this way, every class is given the
same weight, independently of its representativeness. Models Hash-AP
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and Hash-AP ResNet retrieve a variable number of images, which depends
on the clustering result, and therefore only one value is reported for them.
Novel proposals are marked by a star.

The precision measured for the original Hash-AP model is quite low.
This result can be attributed to the classification network used, AlexNet,
which fails to compete with more modern architectures, and to the differ-
ence between the ISIC dataset used in this work and the smaller dataset
considered in the original paper. However, the ResNet-50 variation we im-
plemented alongside the original one reaches an average precision of almost
0.76, proving the effectiveness of the idea. As regards models discussed in
this chapter, the Classification one yields the highest AP@1, being the
only one to exceed 0.82. Nevertheless, for higher values of k, its perform-
ance is less satisfactory and, indeed, this network was not directly trained
for image retrieval. The best performing model for higher values of k is
Model-C, Classification & Embedding. As stated before, this result is par-
tially related to the batch size used in training: Model-C has been trained
with a batch size respectively 5 times and 10 times larger than that used
for Model-B and D (Table 6.2). A larger batch size means that, in the
triplet selection process, more negatives are evaluated for the same posit-
ive pair, and thus there is a higher probability to find a random semihard
negative. The improvement with respect to Hash-AP ResNet demonstrates
the effectiveness of the triplet loss function, that is more suitable than a
classification loss for the retrieval task.

6.3.2 Qualitative

In order to understand if our model can be effectively useful in supporting
medical diagnosis, we asked five dermatologists to undergo a test, composed
of two tasks. The first task simply consisted in classifying 100 dermoscopic
images, randomly sampled from the ISIC test set, without any additional
help. In the second task, the physicians were asked to classify the same
images, but we also showed them the 5 nearest neighbors of each sample,
labeled with their ground truth classes. The neighbors were found in the
training set using Model-C. The tests were performed using exactly the
same 100 images, with the aim of reducing the probability of a possible
improvement being only imputable to the dataset variance. In order to
mitigate bias in the second task, each image was rotated by 180°, and the
list was shuffled. We measured the accuracy of the physician classification

Deep Learning in Dermoscopic Image Analysis 71



Table 6.5: Accuracy of 5 dermatologists on Task 1 and Task 2, consisting
in classifying 100 skin lesion images with and without the support of our
retrieval network.

Task 1 Task 2

Dermatologist #1 75% 79%
Dermatologist #2 64% 80%
Dermatologist #3 69% 71%
Dermatologist #4 68% 82%
Dermatologist #5 61% 71%

for both tasks. Average result is 67.4% for the first one (images only)
and 76.6% for the second one (images and 5 nearest neighbors). Results
obtained by individual dermatologists are shown in Table 6.5. Although a
set of five dermatologists constitutes a relatively small statistical sample, an
average improvement of 9.2% on the very same images proves the usefulness
of our CBIR model as a support in the decision making process.

6.4 Conclusion

In this chapter we introduced a novel content-based image retrieval sys-
tem for dermoscopic image analysis, with the aim of addressing the low-
interpretability issue that burdens deep learning methods and build a tool
that could be useful for human dermatologists. The proposed system is
based on learned features obtained through state-of-the-art convolutional
neural networks.

An exhaustive experimental evaluation proved that the proposed solu-
tion outperforms competitors on the well known ISIC dataset. Moreover,
the effectiveness and the usefulness of the devised solution have been
demonstrated by a set of qualitative experiments carried out by a group
of dermatologists.

These results prove that, although the existing knowledge of dermato-
logists is invaluable for the diagnosis of skin cancer, the proposed CBIR
model can assist physicians with dermatologist-grade decision support.
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Chapter 7

Where Do Neural
Networks Look?

7.1 Introduction

The great discriminative power of neural networks comes at the cost of
very low explainability, hence it is extremely difficult to understand the
reasoning behind a model prediction [105]. Therefore, the possibility of
CNNs learning a bias within the dataset instead of meaningful patterns
has been thoroughly investigated by several authors [9, 61]. In particular,
we consider “bias” any dataset-intrinsic characteristic that can be exploited
by a neural network to learn the underlying distribution, but that is not
related to the class and thus greatly hinders the generalization capabilities
of the algorithm [121]. In other words, our goal is to explore the problem of
shortcut learning in dermoscopic images analysis [122]. This thesis focuses
on the dermoscopic images domain where, fortunately, relevant character-
istics to be considered when analyzing skin lesions have been explicitly
outlined by expert practitioners. As a matter of fact, five main compon-
ents for melanoma detection have been identified –and are used daily by
dermatologists– in the ABCDE rule [47]. These characteristics are Asym-
metry, Border irregularity, Color variegation, Diameter (> 6 mm) and
Evolution, and it is desirable for automatic classification algorithms to
focus on them instead of considering irrelevant artifacts such as checker-
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(a) Original (b) Borders (c) Color (d) Diameter

Figure 7.1: Grad-CAM visualization when debasing different ABCD prop-
erties. More examples are provided in Fig.7.3.

board patterns introduced by sharpening filters, black round borders, pen
drawings, rulers, and hair, which should be ignored when seeking mean-
ingful elements within an image. This chapter explores the correlation
between CNNs performance and traditional dermoscopic features, by care-
fully evaluating the impact of debasing semantically important components
from images. Indeed, each ABCDE component is individually “removed”
in order to study the discriminative power of clinical characteristics in this
controlled environment, where very important pieces of information are
denied to classification algorithms (Fig. 7.1).

Most importantly, the experiments performed in this chapter are built
on two different datasets, and thus yield very valuable insights about the
biases potentially present within a single set of data.

The rest of this chapter is organized as follows. Section 7.2 describes
the datasets employed for carrying out the proposed studies, which are
motivated and described in detail in Section 7.3. Experiments and their
methodology are reported in Section 7.4, while Section 7.5 presents an
exhaustive analysis of the results and, finally, conclusions are drawn in
Section 7.6.
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7.2 Dermoscopic Images

The International Skin Imaging Collaboration (ISIC) began to aggregate a
large-scale, publicly available collection of dermoscopic skin lesion images
in 2016 [77]. This easy-to-reach considerable amount of dermoscopic im-
ages allowed to significantly improve the performance of machine learning
algorithms. The dataset –also known as the ISIC archive– is designed for
clinical training and, mostly, to support research toward automated skin
cancer analysis, as showcased by several challenges and workshops hos-
ted over the years. The 2019 version of the ISIC archive contains a total
amount of 25 331 labeled dermoscopy images belonging to nine different
classes [94], which represent eight types of skin lesion plus an additional
category, not available in the training partition of the data. This last class,
named none of the others, contains dermoscopic images of different natures
that do not belong to any of the other eight classes. Images have been col-
lected over a span of many years, from multiple centers, and using different
devices.

Table 7.1: Class distribution of the three employed datasets shown as
percentages: ISIC 2019 and 2020, and the private dataset.

Class Label 2019 2020 Private

Melanoma MEL 17.8 1.8 16.7
Melanocytic Nevus NV 50.8 15.7 58.1
Basal Cell Carcinoma BCC 13.0 – 7.6
Actinic Keratosis AK 3.0 – 1.6
Benign Keratosis BKL 10.0 0.7 6.3
Dermatofibroma DF 0.9 – 1.0
Vascular Lesion VASC 1.0 – 0.0
Squamous Cell Carcinoma SCC 2.4 – 1.8
Unknown unknown – 81.9 6.9

Total 25 331 33 126 25 849

As depicted in Table 7.1, the available data is heavily imbalanced.
Therefore, the 2019 official metric was the balanced accuracy metric, which
is computed as the average sensitivity among classes regardless of how
much each class is represented in the test set. Additional metrics such
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as the Area Under the ROC Curve (AUC) are presented in the official
leaderboard, but not employed for the final scoring.

On the other hand, the 2020 challenge edition, hosted on Kaggle1,
switched to a binary classification problem: melanoma or non-melanoma.
Thus, the evaluated metric has been changed accordingly, leading to the
adoption of AUC. Moreover, the 2020 SIIM-ISIC challenge dataset [123]
gained patient-level contextual information, providing for each image an
identifier which allows lesions from the same patient to be mapped to one
another. This additional knowledge is frequently used by clinicians to
diagnose melanoma and is especially useful in ruling out false positives in
patients with many atypical nevi. This new dataset is composed of 33 126
images and collected from 2 056 patients gathered from 1998 to 2020 (21%
of them with at least one melanoma, 79% with zero melanomas), with
an average of 16 lesions per patient. Even though the challenge focused
on benign/malignant lesion classification, the data reports the exact lesion
diagnoses, such as melanoma, nevi, atypical melanocytic proliferation, café-
au-lait macule, lentigo NOS, solar lentigo, lichenoid keratosis, seborrheic
keratosis, and the aforementioned “unknown” class.

7.2.1 Private Dataset

In order to determine the existence of biases in the public ISIC dataset,
we extend the experiments by means of a private dermoscopic dataset
(Fig. 7.2) consisting of 25 849 images, collected between 2003 and 2019
using several distinct acquisition tools. Sample classes are mapped into
the ISIC2019 diagnostic categories, and images that do not belong to any
of the other eight classes are assigned the “unknown” label. As shown in
Table 7.1, the dataset presents a different category distribution compared
to the ISIC2020 dataset, with a higher percentage of melanoma cases. Sim-
ilar to both ISIC datasets, the private collection of data contains several
clinical information such as sex, age and site of the lesion. Contrarily to
the public ISIC dataset, visual artifacts which could be considered source
of shortcut learning, such as rulers, ink markings/staining, and colored
patches are almost completely absent in our private dataset. The whole
set of dermoscopic images is used as an additional test set for the experi-
ments and analyses carried out in this chapter, and thus yields important

1kaggle.com/c/siim-isic-melanoma-classification
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(a) MEL (b) NV (c) BCC (d) AK

(e) BKL (f) DF (g) VASC (h) SCC

Figure 7.2: Samples of the private dataset. (a) Melanoma - MEL, (b)
Melanocytic Nevus - NV, (c) Basal Cell Carcinoma - BCC, (d) Actinic
Keratosis - AK, (e) Benign Keratosis - BKL, (f) Dermatofibroma - DF, (g)
Vascular Lesion - VASC, (h) Squamous Cell Carcinoma - SCC.

information about possible irrelevant and for-class-consistent character-
istics within the ISIC dataset, which might be learned and exploited by
CNNs.

7.3 Investigating ABCDE features

The aim of the proposed chapter is to investigate the presence of biases in
dermoscopic images datasets. A dataset bias may be defined as a collection
of features that are semantically irrelevant for the investigated task, but
which can be exploited by neural networks to improve the evaluation met-
rics. To name a few, CNNs might pick up common characteristics within
malignant skin lesion images, such as artifacts related to pen drawings,
markers, colored patches, or rulers. Moreover, deep learning algorithms
are able to recognize acquisition device models and calibration settings,
thus identifying the provenience of an image which might be highly related
to the final diagnosis [59]. On the other hand, neural networks are expec-
ted to focus on relevant features for dermoscopic image analysis, which can
be summarized as Asymmetry, Border irregularity, Color variegation, Dia-
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meter, and Evolution: the ABCDE rule [124, 47]. Hence, it is extremely im-
portant to be able to interpret which image characteristics neural networks
take into account when making a class prediction. This can be achieved
by means of Class Activation Mapping (CAM) strategies. In particular,
experiments in this chapter employ Grad-CAM [65] to locate the regions of
an image that most contribute to the final prediction. Moreover, we run an
extensive set of experiments to study how introducing noise in the ABCDE
properties affects neural network performance, and analyze which sections
of an image CNNs focus on when crucial features are debased or removed.
Some of the experiments described in the following exploit segmentation
masks obtained by means of DeepLabv3+ [30], trained using the 2017 ISIC
segmentation task dataset [108]. Samples images obtained through feature
debasing are reported in Fig. 7.3 and generated by means of the European
Computer Vision Library –ECVL– [113].

(a) Original (b) A (c) B (d) C - Gray (e) C - Mask (f) D

Figure 7.3: Grad-CAM visualization when debasing different ABCD prop-
erties.

7.3.1 Tampering with Asymmetry

Asymmetry is one of the most important visual features for melanoma de-
tection [19], it can be described as the difference in volume and shape of
two parts of a skin lesion, obtained by cutting it with a straight line passing
through its center. In order to train a symmetry agnostic neural network,
dermoscopic images can be split by a random straight line and by its per-
pendicular, both passing through the center of the lesion. Subsequently,
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a quarter of the image can be flipped over both axes in order to obtain
a version of the original lesion with increased symmetry. Practically, the
center of the image is aligned with the centroid of the lesion, obtained from
the segmentation mask. The image is then randomly rotated and, finally,
the top-right quarter is flipped with respect to the horizontal and vertical
axes.

7.3.2 Concealing Borders

With the aim of removing valuable information about the shape of a skin
lesion edge, which is a crucial aspect when assessing its malignancy, we
cover borders with a thick black line, obtained from the contour of the
segmentation map. Firstly, a morphological dilation operation is applied
to the contour, with a kernel size proportional to both the image size
and the foreground-background ratio. Then, with the goal of smoothing
out irregular segments, a Gaussian filter with a large kernel is applied.
Finally, the black border image is superimposed on the original one, thus
removing any information about the actual transition from the human skin
(background) to the actual lesion (foreground).

7.3.3 Removing Color

The presence of multiple colors within a single mole (blue, black, white,
red, and brown) or the uneven distribution of color can sometimes be a
warning sign of melanoma, since most benign lesions are usually a single
shade of brown or tan [125]. Two different sets of experiments are con-
ducted in order to assess the effects of discarding information about color
from dermoscopic images. The first one is run by simply converting the
image from RGB to grayscale, thus removing any knowledge about the
different colors within a skin lesion. However, while this processing step
erases any data about hue and saturation, it does not affect the luminance,
thus leaving the CNN the chance to learn valuable features from the color
distribution within moles. In the second experiment, color features are
completely removed, as we train a neural network to classify skin lesions
using only their segmentation masks. In this extreme setup, the neural
network is fed with minimal knowledge about skin lesions, and is forced to
make a prediction based uniquely on noisy, automatically obtained, binary
mole shapes.
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7.3.4 Altering Diameter

Because skin cancer cells grow abnormally fast, diameter is one of the
most important parameters in skin lesion classification. Unfortunately,
dermoscopic images are acquired at several scales, which are not always
included as metadata and can not be deducted from the image, as only a
limited amount of samples contain a ruler. As a matter of fact, a mole that
exceeds the borders of the image is not necessarily larger than one that
does not; information about diameter is extremely noisy and very hard
to investigate, yet potentially extremely important for melanoma detec-
tion algorithms. To remove any information about mole dimensions, the
foreground-background ratio of images is set to a fixed percentage. We
choose to train a CNN uniquely with samples where the skin lesion repres-
ents the 80% of the image, as it yields good qualitative results. In order
to achieve this, samples where the skin lesion is contained in just a small
portion of the image must be cropped, using the mole centroid as the cen-
ter. On the other hand, images where the mole fills more than 80% of the
original sample are padded, by reflecting the sections of the image closest
to the borders. As shown by the foreground density histograms in Fig. 7.4,
this method mostly results in crops, whereas only a very small portion of
the dataset (foreground percentage > 80%) needs padding. By following
the aforementioned Crop&Pad technique, in the rare cases of very elong-
ated lesions, a small part of the mole is left out by the crop. However, each
image will present the same number of foreground pixels, thus eliminating
the image scale differences and bringing all the lesions to the same size.

7.3.5 About Evolving

Dermoscopic images seldom contain information about evolution, as only
in few cases follow-up data is provided in the existing datasets. Intro-
ducing such additional data in dermoscopic dataset would certainly have
significant implications in the research field, but it cannot be considered
and analyzed nowadays.
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Figure 7.4: Histograms of foreground density distribution within different
test sets. Benign and malignant skin lesions are depicted in blue and orange
respectively. Best viewed in color.

7.4 Experiments

To begin with, an ensemble of neural networks has been developed in order
to classify melanoma within the ISIC2020 challenge hosted on Kaggle. Our
algorithm is inspired by the winner of the challenge [126], and it obtains
basically the same results. The dataset employed for all the experiments
combines ISIC2019 and ISIC2020 data, cleaned from duplicated [127] for
a total of 57 964 training images. The 2020 classes are mapped into 2019
ones.

In order to compensate for dissimilarities between image sizes, a squared
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center crop is performed to produce images of min(h,w)×min(h,w) pixels,
later resized to 768× 768.

Metadata such as sex, age, and site of the lesion, are provided for both
datasets. In ISIC2020, each image is also associated to the number of
patient lesions,

since it could help machine learning algorithms to identify a pattern
known in dermatology as the “ugly duckling sign” [128], which is frequently
used by physicians to diagnose melanomas. In the ISIC2019 dataset, for
which the patient id is not provided, we set the same metadata to 1.

The ISIC2020 challenge winning method needs to train 18 neural net-
works for 15 epochs to obtain the best AUC result of 0.9490. With the
aim of obtaining comparable results, but reducing the computational load
in terms of time and memory, only 6 networks have been selected based
on the best trade-off between training time and performance, pointed out
in [129]. Each of them is powered by a different setup, shown in Table 7.2.
Images can be pre-processed with an essential augmentation pipeline that
includes only transpose, flip, or with a full one which combines transpose,
flip, rotate, random brightness, random contrast, additive motion blur,
median blur, gaussian blur, gaussian noise, optical distortion, grid distor-
tion, elastic transform, CLAHE, hue-saturation-value modification, ran-
dom affine transformations, and dropout of square regions. Both pipelines
eventually resize and normalize the input images.

Each network is trained with the Cross-Entropy loss and Adam optim-
izer [76], with a learning rate of 3× 10−5. Metadata are fed to two fully
connected layers whose output is concatenated to the one of the convo-
lutional network, and then passed to a final fully connected layer, which
performs the classification. Each network is trained for 20 epochs and
produces 9 class probabilities as output, among which only the melanoma
class is considered. In order to take advantage of all the training data and
obtain more reliable validation results, a 5-fold cross validation procedure
is exploited by taking about 1/5 of the images as validation, maintain-
ing for each fold the same percentage of melanomas as in the training set
(Table 7.1).

The final ensemble probabilities are obtained by averaging the predic-
tions of each model, weighted by their rank in [0, 1]. This allows to mitigate
problems related to different model calibration.

The aforementioned process allowed us to obtain an AUC score in the
private challenge leaderboard of 0.9469, which is comparable with the
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state-of-the-art of 0.9490, obtained with an ensemble of 18 neural net-
works instead of just 6. Experimental results obtained by single network
configurations are reported in Table 7.2.

As already discussed, the goal of this chapter is to investigate any
possibility of shortcut learning within the ISIC dataset, by studying the
correlation between CNNs performance and traditional dermoscopic fea-
tures. In order to produce a comprehensive evaluation, multiple sets of
experiments are required, making it unfeasible to train the entire ensemble
for each of them. For this reason, the computation load has been reduced
by selecting the lightest setup involved in our ensemble: EfficientNet-B3
with image size of 300× 300, without 5-fold cross-validation.

The ISIC2020 test set labels are private, and the Kaggle challenge plat-
form only evaluates algorithms with the AUC metric. Thus, in order to
extend our analysis by including additional evaluation metrics, the valid-
ation set has been split to produce an “internal” test set: the resulting
dataset counts 46 379 training images, 1 159 for validation and 10 426 im-
ages for testing. The Private Dataset is employed for testing classification
performance as well. All of these images have been processed using in turn
the techniques described in Section 7.3 to remove symmetry, lesion border,
color (using grayscale conversion or directly the segmentation mask) and
to change the lesion diameter. The results are five different datasets, used
to train and test the selected architecture with the aforementioned setup.
Experimental results obtained on the ISIC2020 “internal” test set and on
the private dataset are reported in Table 7.3.

For the sake of completeness, Table 7.4 reports the results obtained
on the official ISIC2020 test set, evaluated with the AUC metric score
provided by Kaggle.

Deep Learning in Dermoscopic Image Analysis 83



T
ab

le
7
.2

:
D

escrip
tion

an
d

setu
p

of
th

e
m

o
d

els
em

p
loyed

for
th

e
fi

n
a
l

en
sem

b
le.

T
h

e
ex

p
erim

en
tal

resu
lts

ob
ta

in
ed

b
y

u
sin

g
a

sin
gle

n
eu

ral
n

etw
ork

on
th

e
IS

IC
2020

offi
cia

l
test

set
a
n

d
P

riva
te

d
a
ta

set
are

resp
ectively

rep
orted

in
th

e
last

tw
o

colu
m

n
s.

N
e
t

Im
a
g
e

siz
e

B
a
tch

siz
e

M
e
ta

d
a
ta

A
u

g
m

e
n
ta

tio
n

s
A

U
C

IS
IC

A
U

C
P

riva
te

E
ffi

cien
tN

et-B
3

512
×

512
20

3
F

u
ll

0
.9

3
4
0

0
.8

8
9
5

E
ffi

cien
tN

et-B
3

300
×

300
60

7
F

u
ll

0
.9

0
4
9

0
.7

9
8
3

E
ffi

cien
tN

et-B
4

448
×

448
20

7
F

u
ll

0
.9

3
3
8

0
.8

8
2
3

E
ffi

cien
tN

et-B
5

384
×

384
20

7
F

u
ll

0
.9

3
1
7

0
.8

8
0
4

E
ffi

cien
tN

et-B
5

768
×

768
8

3
F

u
ll

0
.9

3
3
7

0
.8

9
8
2

R
esN

et-152
256
×

256
40

7
E

ssen
tia

ls
0
.9

2
8
1

0
.8

4
4
0

E
n

se
m

b
le

0
.9

4
6
9

0
.8

7
0
3

84 Deep Learning in Dermoscopic Image Analysis



T
ab

le
7.

3:
E

x
p

er
im

en
ta

l
re

su
lt

s
u

si
n

g
th

e
d

iff
er

en
t

in
p

u
t

co
n

fi
g
u

ra
ti

o
n

s
d

es
cr

ib
ed

in
S

ec
ti

o
n

7
.3

o
n

th
e

IS
IC

20
19

+
IS

IC
20

20
“i

n
te

rn
al

”
te

st
se

t,
an

d
on

th
e

p
ri

va
te

d
a
ta

se
t.

E
x
p

e
ri

m
e
n
t

A
U

C
P

re
c
is

io
n

R
e
c
a
ll

S
e
n

si
ti

v
it

y
S

p
e
c
ifi

c
it

y
F

S
c
o
re

A
c
c
u

ra
c
y

IS
IC

20
19

+
IS

IC
20

20
“i

n
te

rn
a
l”

T
es

t
S

et

O
ri

gi
n

al
0.

96
71

0.
78

21
0.

71
80

0
.9

8
0
8

0
.7

4
8
7

0
.9

5
7
7

A
sy

m
m

et
ry

0.
94

48
0.

77
55

0.
53

99
0
.9

8
5
0

0
.6

3
6
6

0
.9

4
5
9

B
or

d
er

s
0.

96
05

0.
73

26
0.

66
78

0
.9

7
6
6

0
.6

9
8
7

0
.9

4
9
5

C
ol

or
(G

ra
y
sc

al
e)

0.
95

59
0.

74
20

0.
70

71
0
.9

7
6
3

0
.7

2
4
1

0
.9

5
2
7

C
ol

or
(M

as
k
)

0.
80

17
0.

68
97

0.
06

56
0
.9

9
7
2

0
.1

1
9
8

0
.9

1
5
4

D
ia

m
et

er
0.

97
24

0.
82

16
0.

73
99

0
.9

8
4
5

0
.7

7
8
6

0
.9

6
3
1

P
ri

va
te

D
at

as
et

O
ri

gi
n

al
0.

79
83

0.
52

99
0.

50
38

0
.9

1
0
4

0
.5

1
6
5

0
.8

4
2
5

A
sy

m
m

et
ry

0.
76

93
0.

55
53

0.
40

25
0
.9

3
5
4

0
.4

6
6
7

0
.8

4
6
5

B
or

d
er

s
0.

78
96

0.
52

61
0.

49
92

0
.9

0
9
9

0
.5

1
2
3

0
.8

4
1
3

C
ol

or
(G

ra
y
sc

al
e)

0.
76

73
0.

46
07

0.
45

40
0
.8

9
3
5

0
.4

5
7
3

0
.8

2
0
1

C
ol

or
(M

as
k
)

0.
70

32
0.

60
17

0.
03

22
0
.9

9
5
7

0
.0

6
1
2

0
.8

3
4
9

D
ia

m
et

er
0.

80
99

0.
55

97
0.

51
68

0
.9

1
8
5

0
.5

3
7
4

0
.8

5
1
5

Deep Learning in Dermoscopic Image Analysis 85



(a) Original (b) Borders (c) Color (d) Diameter

Figure 7.5: Example of failure cases, due to wrongly generated masks.

7.5 Discussion

Almost every experiment described in Section 7.3 is built on automatically
drawn segmentation masks, which inevitably introduces sporadic failure
cases. As a matter of fact, when segmentation masks are not correct our
image processing techniques fail to hide the considered feature (Fig. 7.5).
However, the proposed ABCD-concealing processing methods opportunely
obscure important information about ABCD features in most scenarios,
and thus successfully force neural networks to not focus on the degraded
characteristic (Fig. 7.3). In particular, in Fig. 7.3c the neural network
trained to classify images with hidden borders makes a prediction focusing
on the section of the lesion with most variance of color intensity. The
same patch is equally important for the network fed with grayscale images
(Fig. 7.3d), whereas Fig. 7.3a clearly shows that mole borders are of great
interest for the “standard” model. On the other hand, the CNN asked to
make a prediction based solely on the segmentation mask strictly focuses
on the sections of the foreground with higher concavity, which is roughly
the only valuable piece of information about the lesion to be found in
the extremely degraded input. As suggested by the high classification
performance, neural networks autonomously learn to extract features that
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Table 7.4: Experimental results using the different input configurations
described in Section 7.3 on the ISIC2020 official test set.

Experiment AUC ROC

Original 0.9049
Asymmetry 0.8921

Borders 0.8752
Color (Grayscale) 0.8753

Color (Mask) 0.7831
Diameter 0.8818

Mask Area 0.7421
Bounding Box Area 0.7375

Bounding Box 70% Area 0.6599

are notoriously important for melanoma detection.
The good discriminative power of CNNs is confirmed on the private

dataset, despite the slight degradation wrt ISIC test sets. It is worth
noticing that CNN performance tend to naturally drop when source do-
main (training data) and target domain (test data) come from distinct
origins, even for extremely simple tasks such as handwritten digit recog-
nition, where classification accuracy across separate datasets can be de-
creased by up to 40% [130]. This performance drop can be due to a large
number of reasons, such as different lighting settings, resolution, image
quality, human-introduced artifacts, subject centering, and image acquisi-
tion devices [131, 132].

7.5.1 A Crucial Characteristic in Dermoscopic Data-
sets

However, our observations clash with the conclusion drawn by Bissoto et
al.[61], which shows that CNNs achieve good performance even when skin
lesions are completely covered with black patches. The authors also bring
their experiment one step further by fixing the dimension of the black
patches as ≥ 70% of the image, thus covering the vast majority of input
samples, and still reach a surprisingly high AUC of 0.712. We make the
assumption that foreground-background ratio plays a crucial role in this
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round of experiments, since the size of the bounding boxes around skin le-
sions remains available to trained CNNs. Hence, rather than finding “a pat-
tern within the available pixels [not hidden by the black patch] that contain
information that leads to the correct label” as assumed by Bissotoet al.,
neural networks can simply make a prediction based on the mole size. Ac-
tually, foreground densities obtained from segmentation masks can be used
as malignancy prediction. The Segmentation Mask experiments reported in
Table 7.5 show that the AUC obtained using only the foreground density as
malignancy prediction is comparable with that of neural networks trained
on skin lesion samples patched with black boxes [61]. This experiment has
been pushed further by making predictions based only on lesion bounding
box dimensions and, finally, by setting the foreground-background ratios
as ≥ 70%. Results obtained are reported in the aforementioned table with
the name of Bounding Box and Bounding Box 70%.

These clearly demonstrate that the foreground size within an image
is sufficient to obtain a “decent” AUC in the melanoma detection task,
even when degraded by substituting segmentation masks with bounding
boxes or when discarding any information about images where the lesion
bounding box occupies less then 70% of the entire image.

Finally, histograms in Fig. 7.4 show beyond any doubt that the prob-
ability of a lesion being malignant grows with the dimensions of the lesion
within a dermoscopic image. Intuitively, a mole that exceeds the borders
or gets very close to them is not necessarily larger than others, but it is
more likely to be malignant. This characteristic might be more related
to the complexity of including a whole malignant lesion when acquiring
dermoscopic images [133, 134], than to the diameter itself. Nevertheless,
this is feature is strongly related to the nature of dermoscopic images, and
is present across different datasets.

7.5.2 About AUC

The Area Under the Receiver Operating Characteristic curve (AUC) is a
well-known metric designed to evaluate the diagnostic capabilities of binary
classifiers. It is the official metric of the ISIC2020 challenge, and it offers
the advantage of not needing a fixed threshold, thus supplying one less
parameter to “overfit” proposed algorithms on the official test set with.
However, real clinical applications require a threshold to be set, and a
class prediction to be given; evaluating experimental results uniquely by
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Figure 7.6: ROC curves for the Mask experiment on the ISIC2019 +
ISIC2020 “internal” validation and test sets (Table 7.3 and Table 7.6).
The threshold value that minimizes the distance from the (0;1) point in
the validation set is exploited for the test set, corresponding points are
highlighted in both ROC curves. Moreover, the points corresponding to
the 0.5 threshold are highlighted in the two curves.

means of the AUC metric can be misleading. To put results into context,
we further discuss the performance of the CNN trained to classify skin
lesion binary masks. Table 7.3 shows that the investigated network yields
an AUC of 0.8017 when tested on the subset of public images (ISIC2019
and ISIC2020) used as “internal” test set. This is the Area under the
blue curve depicted in Fig. 7.6. When following this strategy, we obtain a

Deep Learning in Dermoscopic Image Analysis 89



tool with sensitivity 0.0656, and specificity 0.9972, which means that the
model is able to correctly recognize only 6.5% of the melanoma cases, but
successfully identifies 99.7% of the not-melanoma cases. Clearly this is not
the positive result that an AUC of 0.8017 might suggest.

As a matter of fact, the assumption that 0.5 is an appropriate threshold
when dealing with neural networks is not correct [60], as showed by Fig. 7.6.
Alternatively, the threshold can be set by studying the ROC curve obtained
on the validation set (green curve in Fig. 7.6), and choosing the value in the
graph closer to point (0; 1), i.e. the value that maximizes True Positive
Rate while minimizing False Positive Rate. In this particular case, the
desired rate is ≈0.06, and by employing this same threshold on the CNN
outputs over the test set we obtain a binary classifier with sensitivity 0.8536
and specificity 0.5345. Table 7.5 and Table 7.6 present the results obtained
by setting the prediction threshold following the described steps, always
making use of the validation set. Regardless of how thresholds are set,
it is clear that high AUC values do not always correspond to satisfying
discriminative capabilities.
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7.6 Conclusion

With this chapter, we explored the correlation between automatic skin
lesion classification and the ABCDE rule. This was done by gradually re-
moving important information from CNN inputs, and by means of state-of-
the-art explainability tools such as Grad-CAM [65]. Experimental results
show that neural networks autonomously learn to extract features that are
notoriously important for melanoma detection, but also prove that their
performance are still satisfying when some of these features are removed.
This should by no means considered shortcut learning: instead, remaining
information is simply enough to achieve satisfying or even good classifica-
tion accuracy.

Moreover, we test the model performance on a totally distinct private
dataset, with no possible intersection with samples employed during the
training phase, showing that state-of-the-art algorithms are not affected
by intra-dataset biases. Indeed, this domain is characterized by “simple”
attributes with meaningful discriminative information. In particular, the
proposed chapter experimentally proved that the foreground-background
ratio is strongly related to the malignancy probability of a skin lesion.
The reasoning behind this might be related to the well-known diameter
characteristic from the ABCDE rule, but also to the fact that capturing the
entire malignant mole in a dermoscopic image is usually not trivial given
its dimensions, the non-clearly defined borders, and the irregular shapes
that characterize cancerous skin lesions [133, 135, 134, 136]. Nevertheless,
foreground-background ratio is a valuable dermoscopic property.

Finally, the employed explainability tools showed that state-of-the-art
architectures focus on the actual lesion and, when important information is
concealed, they learn to detect melanomas through the remaining features.
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Chapter 8

Conclusion

The goal of the research activities carried out during my Ph.D. was to
develop deep learning techniques for skin lesion analysis and automated
diagnosis systems. That goal has been tackled by following three different
themes which guided all the work presented in this thesis.

First of all we focused on the segmentation task, a fundamental step in
the automated melanoma detection process. We approached this task by
tackling the huge need of medical manually annotated data by means of
a GAN-based novel data-augmentation technique. This algorithm can be
used to pre-train segmentation neural networks, and it proved to be par-
ticularly effective in data-scarce environments. Moreover, this pre-training
approach was employed in a diverse ensemble technique to raise the state
of the art in skin lesion segmentation.

We then focused on the skin lesion classification task. Carrying out
experiments in a systematic way, we proved that input image resolution is
by far the most important scaling-up hyperparameter in automated skin
lesion diagnosis. We empirically demonstrated that conclusions on natural
images can not be always extended directly to dermoscopic ones. By fol-
lowing the guidelines set in this work, the third best result in the official
2019 ISIC challenge was achieved.

Finally, this thesis addressed the low-interpretability issue that hinders
deep learning algorithms. In order to do so, we proposed a content-based
image retrieval system to provide a transparent aiding tool, which can as-
sist physicians with dermatologist-grade decision support. Moreover, we
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explored the relation between automated diagnosis systems and the well-
known dermoscopic features on which human dermatologists base their ex-
amination. A very strong connection was detected between the foreground-
background ratio of a skin lesion image and its probability to be malignant.

Despite all of the efforts spent in recent years, CNN interpretability
remains a massive open question for dermoscopic image analysis as much
as for countless additional computer vision tasks. As novel techniques for
interpretable neural networks are developed, it is crucial to include them
in dermoscopic image analysis and exploit them to develop valuable, easy-
to-use tools for human practitioners.

An additional interesting future direction for computer vision in dermo-
scopic image analysis would be building tools for the training of young
dermatologists, and one way to do it would be through the most recent
generative models. Photo-realistic synthetic images can be generated with
specific characteristics, and thus employed to train humans in identifying
malignant lesions with an increasing level of difficulty. Additionally, novel
generative models could be designed to simulate the evolution of existing
skin lesions, hence creating helpful data to be used in the humans training
process.

Finally, an important future direction to explore for deep learning in
dermoscopic image analysis would be learning to score skin lesions not
on their own, but with the aid of additional lesions present on the same
patient. This is a meaningful step for human practitioners, which on a
daily basis use similarity between multiple lesions on the same patient as
a crucial feature for diagnosis.
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Appendix A

Additional Experimental
Results

Some of the experimental results discussed in the previous Chapters have
been placed in this Appendix to make the reading flow of the thesis easier.
They are here reported divided by Chapters.

Augmenting data with GANs to segment melanoma skin lesions, 3

A large dataset is a crucial asset for any GAN training process: additional
images allow the network to learn how to generate more realistic samples,
with realistic details and less similar one another. Fig. A.1, Fig. A.2, and
Fig. A.3 show how enlarging the training dataset improves the output res-
ults of the DCGAN. Increasing the ammount of samples from 500 to 1000,
the DCGAN becomes able to provide a wider variety of skin lesions, with
different sizes and shapes and with various textures. After reaching 1500
training images, the framework delivers high-resolution hair in samples
that present much fewer noisy artifacts.

The sampling process of the LAPGAN is further examined in Fig. A.4.
We merge five independent GANs to form one LAPGAN, which is divided
into six different pyramid levels. In the first level, the GAN named G0

transforms a noise vector Z0 into a 6× 8 pixels skin lesion sample coupled
with its segmentation mask, employing fully-connected layers for both the
generator and the discriminator.
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In the next pyramid level, the two outputs of G0 are upsampled and
fed, together with a new source of noise, to G1, a GAN that exploits
convolutional layers in both of its two subnetworks. The output of G1 are
two residual images (skin lesion and segmentation mask) to be added to
the expanded low resolution samples, provided by the previous pyramid
level. This approach allows to enlarge images generated by the previous
layer without lowering the resolution. Each following level has the same
structure as the one employing G1. However, G4 is used to provide residual
images for both of the two last pyramid levels.

Fig. A.4 illustrates how G3 adds noise in each sample, generating hair
poorly, whereas G4 does a great job improving the resolution and the real-
ism of every image. As the image dimensions grow, target residual images
of adjacent pyramid levels become more similar one another, allowing us
to exploit the same GAN in more than one layer of the pyramid.

(a) (b)

Figure A.1: DCGAN-generated skin lesion samples (a) and their segmenta-
tion masks (b), generated by a GAN trained with 500 dermoscopic samples.
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(a) (b)

Figure A.2: DCGAN-generated skin lesion samples (a) and their segment-
ation masks (b), generated by a GAN trained with 1000 dermoscopic
samples.

(a) (b)

Figure A.3: DCGAN-generated skin lesion samples (a) and their segment-
ation masks (b), generated by a GAN trained with 1500 dermoscopic
samples.

Deep Learning in Dermoscopic Image Analysis 99



G0

+ +

+ +

+ +

+ +

+ +

G2

G4

G3

G1

G4

z0

z1

z2

z3

z4

z5

Figure A.4: A visual representation of our LAPGAN sampling process.
For each level but the first one images are upsampled (blue arrows) and
fed, together with a new source of noise, to a Convolutional Generative
Adversarial Network, which serves to generate residual images. We add
an extra step employing G4 for a second time at the end of the process, in
order to obtain 192× 256 pixels samples.
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Where Do Neural Networks Look?, 7

Additional examples of the data obtained after debasing ABCD properties
are reported in Fig. A.5. When applying border removal, the thickness
of the black line depends on the size of the lesion. This can be better
appreciated by looking at the benign lesions (second half of the rows).
When altering lesion diameter, the Crop&Pad transformation has higher
effects on non-melanoma images.
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(a) Original (b) A (c) B (d) C - Gray (e) C - Mask (f) D

Figure A.5: Skin lesion image samples obtained from ISIC dataset after
debasing different ABCD properties. The first half rows depict melanomas,
while the others are generated from benign lesions.
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Appendix B

List of Publications

This Section contains the list of research papers published during the Ph.D.
period, alongside those accepted but yet to be released. Content and ex-
perimental results published in some of these papers have been included in
this thesis, with explicit permission given by the other authors. Since the
focus of this work is deep learning in dermoscopic image analysis, unrelated
published papers are not discussed in this thesis.

[1] Federico Pollastri, Federico Bolelli, Roberto Paredes, and Costantino
Grana. Improving Skin Lesion Segmentation with Generative Ad-
versarial Networks. In 2018 IEEE 31st International Symposium
on Computer-Based Medical Systems (CBMS), pages 442–443. IEEE,
2018. 10, 21, 36, 43

[2] Federico Bolelli, Lorenzo Baraldi, Federico Pollastri, and Costantino
Grana. A Hierarchical Quasi-Recurrent approach to Video Caption-
ing. In 2018 IEEE International Conference on Image Processing,
Applications and Systems (IPAS), pages 162–167. IEEE, 2018.

[3] Federico Pollastri, Federico Bolelli, Roberto Paredes, and Costantino
Grana. Augmenting Data with GANs to Segment Melanoma Skin Le-
sions. In Multimedia Tools and Applications Journal. MTAP, Springer,
2019. 43

[4] Stefano Allegretti, Federico Bolelli, Michele Cancilla,
Federico Pollastri, Laura Canalini, and Costantino Grana. How
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Does Connected Components Labeling with Decision Trees Perform
on GPUs? In International Conference on Computer Analysis of
Images and Patterns, pages 39–51. Springer, 2019.

[5] Laura Canalini, Federico Pollastri, Federico Bolelli, Michele Cancilla,
Stefano Allegretti, and Costantino Grana. Skin Lesion Segmentation
Ensemble with Diverse Training Strategies. In International Confer-
ence on Computer Analysis of Images and Patterns, pages 89–101.
Springer, 2019. 53, 62, 78

[6] Giulia Ligabue, Federico Pollastri, Francesco Fontana, Marco Leonelli,
Luciana Furci, Silvia Giovanella, Gaetano Alfano, Gianni Cappelli,
Francesca Testa, Federico Bolelli, Costantino Grana, and Riccardo
Magistroni. Evaluation of the Classification Accuracy of the Kid-
ney Biopsy Direct Immunofluorescence through Convolutional Neural
Networks. Clinical Journal of the American Society of Nephrology,
15(10):1445–1454, October 2020.

[7] Federico Pollastri, Juan Maroñas, Federico Bolelli, Giulia Ligabue,
Roberto Paredes, Riccardo Magistroni, and Costantino Grana. Con-
fidence Calibration for Deep Renal Biopsy Immunofluorescence Image
Classification. In 2020 25th International Conference on Pattern Re-
cognition (ICPR), pages 1–8. IEEE, 2021. 51, 73

[8] Federico Pollastri, Mario Parreño, Juan Maroñas, Federico Bolelli,
Roberto Paredes, Daniel Ramos, and Costantino Grana. A Deep
Analysis on High Resolution Dermoscopic Image Classification. IET
Computer Vision, pages 1–10, 2021. 82

[9] Stefano Allegretti, Federico Bolelli, Federico Pollastri, Sabrina
Longhitano, Giovanni Pellacani, and Costantino Grana. Supporting
Skin Lesion Diagnosis with Content-Based Image Retrieval. In 2020
25th International Conference on Pattern Recognition (ICPR), pages
1–8. IEEE, Jan 2021.

[10] Cristian Mercadante, Marco Cipriano, Federico Bolelli,
Federico Pollastri, Alexandre Anesi, Costantino Grana, et al. A
Cone Beam Computed Tomography Annotation Tool for Automatic
Detection of the Inferior Alveolar Nerve Canal. In 16th International
Conference on Computer Vision Theory and Applications-VISAPP
2021, volume 4, pages 724–731. SciTePress, 2021.
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[11] Federico Pollastri, Marco Cipriano, Federico Bolelli, and Costantino
Grana. Long-Range 3D Self-Attention for MRI Prostate Segment-
ation. In 2022 IEEE 19th International Symposium on Biomedical
Imaging (ISBI), pages 1–1. IEEE, 2022.

[12] Marco Cipriano, Stefano Allegretti, Federico Bolelli,
Federico Pollastri, and Costantino Grana. Improving Segmenta-
tion of the Inferior Alveolar Nerve through Deep Label Propagation.
In Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, pages 1–1, 2022.

[13] Marco Cipriano, Stefano Allegretti, Federico Bolelli, Mattia Di Barto-
lomeo, Federico Pollastri, Arrigo Pellacani, Paolo Minafra, Alexandre
Anesi, and Costantino Grana. Deep Segmentation of the Mandibu-
larCanal: a New 3D Annotated Dataset of CBCT Volumes. IEEE
Access, 2022.

[14] Dana Oniga, Barbara Cantalupo, Enzo Tartaglione, Daniele
Perlo, Marco Grangetto, Marco Aldinucci, Federico Bolelli,
Federico Pollastri, Michele Cancilla, Laura Canalini, Costantino
Grana, Cristina Alcalde, Franco Alberto Cardillo, and Monica Florea.
Applications of AI and HPC in the Health Domain. In Oliver Terzo
and Jan Martinovic, editors, HPC, Big Data, and AI Convergence
Towards Exascale: Challenge and Vision, chapter 11, pages 217–241.
CRC Press, 2022.
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Appendix C

Activities Carried Out
During the PhD

Research activities carried out during the 3 years of PhD are reported in
this chapter.

Participation to European Projects

• H2020 - DEEPHEALTH: a project funded under the call ICT-11-
2018-2019 and currently on going. The DeepHealth project will
provide HPC computing power at the service of biomedical applica-
tions; and apply Deep Learning (DL) techniques on large and com-
plex biomedical datasets to support new and more efficient ways of
diagnosis, monitoring and treatment of diseases. Among the other
things, we are responsible for the development of the European Com-
puter Vision Library (ECVL), one of the core elements of the project.

Teaching Activities

• Tutor for the “Fundamentals of Computer Science I” undergraduate
course, at Università degli Studi di Modena e Reggio Emilia (2018-
2021).
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• Lecturer for the “Data Lab” courses, funded by Emilia Romagna and
the European Social Fund and organized by CIS —Reggio Emilia—,
IFOA —Reggio Emilia—, and Nuova Didactica —Modena— (2019).

Grants and Awards

• Third place (out of 64 research groups) at the international compet-
ition on skin lesion classification (2019 ISIC Challenge).

• Best paper award at the “18th International Conference on Computer
Analysis of Images and Patterns” - CAIP.

Other Academic Services

Journals Reviewing

• ACM Transactions on Multimedia Computing, Communications, and
Applications.

• IET Electronic Letters.

• IET Image Processing.

• IET Computer Vision.

Conferences Reviewing

• International Conference on Pattern Recognition.

• International Conference on Image Analysis and Processing.

Collaborations with Companies

• Collaboration with MediciMedical S.R.L. for the integration of state-
of-the-art skin lesion classification algorithms into VIDIX acquisition
software.
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MSc thesis co-advisor

• Luca Benzi, “Deep learning techniques applied on medical images”,
2020.

• Laura Canalini, “Segmentation techniques analysis and testing using
convolutional neural networks on skin lesion images”, 2019.

Attended Conferences, Schools, Courses, and
Seminars

Conferences, Schools and Courses

• Imaging AI based Management of COVID-19 Webinar Series — On-
line, 2020.

• International Conference on Pattern Recognition — ICPR, Milano,
Italy, (Online) 2020.

• International Conference on Medical Image Computing and Com-
puter Assisted Intervention — MICCAI, Shenzhen, China, 2019.

• International Conference on Computer Analysis of Images and Pat-
terns - CAIP, Salerno, Italy, 2019.

• Academic English Workshop I — Silvia Cavalieri February, 2019.

• Academic English Workshop II — Silvia Cavalieri March, 2019.

• International Workshop on Computer Vision — IWCV, Modena,
Italy, 2018.

• Medical Imaging Summer School — MISS, Favignana, Italy, 2018.

Seminars

• “About Time” — Prof. Arnold Smeulders September, 2020.

• “Explainable Machine Learning Models for Healthcare AI” — Carly
Eckert September, 2020.
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• “Empowering Citizens Leveraging their Data Power” — Prof. Marco
Mellia May, 2020.

• “NVAITC Explained” — Frederic Pariente May, 2020

• “Computational Aspects of Deep Reinforcement Learning” — Iuri
Frosio July, 2019.

• “Big Data in Neuroimaging” — Prof. Mark Jenkinson June, 2019.

• “Deep Learning-based Automatic Speech Recognition - A multimodal
approach” — Prof. Leonardo Badino March, 2019.

• “Computer Graphics for Cultural Heritage Applications” — Roberto
Scopigno March, 2019.

• “Deep Learning for Fault Prediction” — Prof. Roberto Paredes Pala-
cios February, 2018.
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D. Ramos, and C. Grana, “A Deep Analysis on High Resolution

Deep Learning in Dermoscopic Image Analysis 125

https://www.kaggle.com/c/siim-isic-melanoma-classification/discussion/161943
https://www.kaggle.com/c/siim-isic-melanoma-classification/discussion/161943
https://www.kaggle.com/c/siim-isic-melanoma-classification/discussion/161943


Dermoscopic Image Classification,” IET Computer Vision, pp. 1–10,
2021. 82

[130] M. Wang and W. Deng, “Deep visual domain adaptation: A survey,”
Neurocomputing, vol. 312, pp. 135–153, 2018. 87

[131] K. You, M. Long, Z. Cao, J. Wang, and M. I. Jordan, “Universal
Domain Adaptation,” in Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR), pp. 1–10,
June 2019. 87

[132] C. S. Perone, P. Ballester, R. C. Barros, and J. Cohen-Adad, “Unsu-
pervised domain adaptation for medical imaging segmentation with
self-ensembling,” NeuroImage, vol. 194, pp. 1–11, 2019. 87

[133] E. Claridge, P. Hall, M. Keefe, and J. Allen, “Shape analysis for
classification of malignant melanoma,” Journal of Biomedical En-
gineering, vol. 14, no. 3, pp. 229–234, 1992. 88, 93

[134] E. M. Senan and M. E. Jadhav, “Analysis of Dermoscopy Images
by Using ABCD Rule for Early Detection of Skin Cancer,” Global
Transitions Proceedings, 2021. 88, 93
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