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1. Introduction and motivations
The dataset used in this work is that provided by the ISIC for the 2019 
challenge [1-3], consisting of 25331 images covering 8 types of skin 
lesions:

• Actinic Keratoses (AKIEC)
• Basal cell carcinoma (BCC)
• Melanocytic nevi (NV)
• Benign keratosis (BKL)
• Vascular skin lesions (VASC)
• Dermatofibroma (DF)
• Melanoma (MEL)
• Squamous cell carcinoma (SSC).Fig. 2: ISIC 2019 training dataset samples distribution.

TABLE I: ISIC 2019 Training Dataset. Number of images for
each class.

MEL SCC AK DF BKL VASC BCC NV Total
4522 628 867 239 2624 253 3323 12875 25331

account. Several research groups are working on this task
using the ISIC2019 challenge dataset.

According to the associated ISIC2019 challenge leader-
board3, the best classification results so far have been achieved
in [41] in which the authors address skin lesion classification
with an ensemble of deep learning models selected by a
search strategy. The approach relies on multiple model input
resolutions and it employs two cropping strategies for training.
Severe class imbalance is addressed by a loss balancing
approach. The gathered scores were balanced accuracy 63.6%,
precision 59.7%, sensitivity 50.7% and f1-score 51.5%.

The above scores were automatically computed by the
ISIC2019 challenge organizers and then cannot be directly
used for a comparison since the ground truth data were not
released. The same authors reported an internal evaluation
using a k-fold cross validation technique on the whole dataset
and achieved an average sensitivity of 72.5% ± 1.7% using
the optimal subset of models based on cross-validation perfor-
mance. Besides, recently very outstanding results on the same
dataset have been achieved in [42] by exploiting advanced
dynamic training augmentation and dynamic preprocessing
on inference in order to adapt the environmental condition
when the image was taken. The authors achieved the following
scores on the eight known skin cancer classes using a k-fold
cross validation technique for training and test: accuracy of
95%, sensitivity 65%, and f1-score 64%. In [43] a two-level
ensemble learning technique (trained with weighted losses) is
introduced to improve accuracy over individual classification
models. The ensemble technique alleviates over-fitting due to
class imbalance in the dataset. The reported Balanced Multi-
class Accuracy (BMA) (mean recall of all the classes) is
reported as the primary evaluation metric and the gathered
score is 59.1%.

3https://challenge2019.isic-archive.com/leaderboard.html

The above scores were evaluated using a prediction thresh-
old of 0.5 of the training set according to ISIC2019 documen-
tation and, since the same evaluation approach will be used
for the proposed pipelines, in the following the aforementioned
works will be used as references to provide a piece of evidence
of advancements gathered through the investigation carried out
in this manuscript.

There are other several works using the same dataset as
a benchmark, e.g. [44] but they do not use k-fold technique
to mitigate image selection effects by averaging results on
the different sessions. Instead, they divide the dataset in
fixed training, validation, and test subsets (generally with
the following proportions: 80%, 10% and 10% respectively).
This way gathered results are unavoidably biased from the
initial splitting process of data and then a fair comparison
becomes unreliable and they won’t be taken as references in
the experimental phase described in Section V.

IV. MODELS AND PARADIGM FOR OPTIMIZE
CONFIGURATIONS

Several recent CNNs architectures have been investigated
in a end-to-end fashion in order to see if and how a more
robust features description impacts on the classification results.
Hence, considering the deepest architectures proposed in the
recent years and in particular those that scored the best results
in the ImageNet [45] challenge, 4 families of architectures
have been investigate: ResNet [14], DenseNet [16], SENet
[15] and EfficientNet [17]. On the one hand, the application
in the considered context of the skip connection strategies
introduced by ResNet and DenseNet, necessary to solve the
problem of vanishing gradient for very deep architectures, have
been studied. On the other hand, it was also investigated how
strategies introduced with SE-Net, in particular by the S-E
blocks for modeling inter-dependencies between channels, can
improve skip connections based approaches. Finally, strategies
introduced in EfficientNet work for model scaling, for care-
fully balancing networks’ depth, width, and resolution in order
to improve performance, have been applied. That led to using
a family of architectures, with increasing complexity, for each
considered CNN strategy.

Instead of focusing on designing individual network in-
stances, a new network design space that parametrize pop-
ulations of networks has been employed. It has been recently
introduced [46] and it combines the advantages of manual
design and neural architecture search strategies. It allow to
find simple models that are easy to understand, build upon,
and generalize as preliminarly proved on ImageNet [45]. The
basic structure of the network consists of a stem at the input
stage followed by a network body, for the main part of the
calculation, and a final network head for the final classes
predictions. Parameters concerning stem and head stages are
generally kept fixed during parameters searching in the design
space, evaluating only the parameters related to the body

part. The body part is composed by 4 stages, each one with
progressively reduced resolution. Finally, each stage it’s built
up by a sequence of standard identical residual bottle-necks

Number of images for each class.

blocks with group convolution [47]. For each stage i the
degrees of freedom include the number of blocks d i , block
width w i , and any other block parameters. The simple
and regular networks obtained in the design space are called
RegNet.

In this work have been evaluated the RegNet architecture,
at different levels of complexity, integrating the Squeeze-and-
Excitation (SE) operator, named RegNetY, as reported in [46].

V. EXPERIMENTAL RESULTS

This section, at first, reports the performance of the inves-
tigated CNN models in classifying skin lessons by using a
k-fold strategy. Then a comparison with leading approaches
in the state of the art using the same benchmark dataset is
reported. Along this section, a deep discussion about the pros
and cons of each model and on still open challenges are also
provided.

Experiments have been carried out leveraging deep learning
models described in Sections IV on the dataset described in
section III.

In particular a fine-tuning of the models on the dataset has
beeen performed. The starting models, before fine tuning, has
been all pre-trained on the same Imagenet dataset [45].

Image cropping and augmentations have been applied to
the original subsets of data following line guides reported in
[48]. In particular each image has been random cropped and
resized to a resolution of 224 ⇥ 224 pixels. Then have been
applied operations of: horizontal and vertical image flipping;
colour contrast, saturation, brightness and hue modifications
with value respectively of 0.3, 0.3, 0.3 and 0.1; image rotation
of 90�.

For CNNs training, the SGD optimizer was employed with
learning rate = 0.001, momentum = 0.9 and weight decay
= 0.001 parameters. Moreover, an early stopping strategy
of 22 epochs on validation set and a max number of 200
training epochs have been chosen. All experiments have been
performed by means of Pytorch deep learning framework using
an NVIDIA Titan RTX GPU card equipped with 24GB of
RAM.

Table II the results gathered on the ISIC2019 dataset by
investigated CNN models are reported.

From the table, it emerges that proposed configurations
of the CNN models work very well on the considered task.
All the models achieved f1-scores greater than 75%, and 7
models exceeded 80%. In particular, it is worth noting that
the best f1-score was obtained by RegNetY16GF with 81.9%
(in general RegNet paradigm performed very well with an
average f1-score of 80.81%) but also densent201 (81.7%) and
EfficientNet-B7 (81.4%) collected very oustanding f1-scores.

The best precision was achieved by DenseNet201 (i.e.
83.6% together with a very encouraging recall of 80.1%)
whereas the highest recall was obtained by using EfficientNet-
B7 (i.e. 81.7% and with precision 81.4%).

Summing up, even if all the models seem adequate to
tackle this challenging task, RegNetY16GF, DenseNet201 and
EfficientNet-B7 are undoubtedly the most suited models. This

TABLE II: Results (in percentage) gathered on the ISIC 2019
dataset by investigated CNN models.to increase readability the
percentage symbol has been omitted.

Model F1-score Precision Recall
DenseNet121 75.0 ± 1.2 77.6 ± 0.9 72.8 ± 1.7
DenseNet169 78.6 ± 0.8 81.1 ± 0.5 76.6 ± 1.2
DenseNet201 81.7 ± 0.6 83.6 ± 0.4 80.1 ± 0.9
EfficientNet-B1 75.0 ± 1.3 76.5 ± 1.0 73.8 ± 1.6
EfficientNet-B2 75.9 ± 1.2 76.4 ± 1.0 75.6 ± 1.3
EfficientNet-B3 79.4 ± 0.8 79.1 ± 0.8 79.8 ± 1.0
EfficientNet-B4 77.7 ± 1.0 78.2 ± 0.9 77.4 ± 1.2
EfficientNet-B5 79.3 ± 0.8 80.0 ± 0.7 78.8 ± 0.9
EfficientNet-B6 79.5 ± 0.9 80.1 ± 0.9 79.0 ± 0.9
EfficientNet-B7 81.4 ± 0.7 81.4 ± 0.6 81.7 ± 0.7
RegNetY12GF 81.1 ± 0.7 83.2 ± 0.5 79.2 ± 1.1
RegNetY16GF 81.9 ± 0.6 83.4 ± 0.4 80.6 ± 0.8
RegNetY32GF 81.7 ± 0.6 83.5 ± 0.5 80.1 ± 0.8
RegNetY4.0GF 78.6 ± 0.8 80.7 ± 0.6 76.8 ± 1.2
RegNetY6.4GF 81.1 ± 0.6 82.7 ± 0.4 79.7 ± 0.9
RegNetY8.0GF 80.5 ± 0.8 82.0 ± 0.6 79.2 ± 1.0
ResNet101 78.4 ± 0.9 80.0 ± 0.6 77.2 ± 1.1
ResNet152 78.8 ± 0.9 81.0 ± 0.7 77.0 ± 1.1
ResNet50 77.7 ± 1.0 79.9 ± 0.7 75.8 ± 1.3
SE-ResNet101 78.9 ± 0.8 81.1 ± 0.6 77.2 ± 1.1
SE-ResNet50 78.7 ± 1.0 80.7 ± 0.7 77.1 ± 1.3

can be explained considering the complexity of the classifi-
cation task and the depth of each model. It is evident that
less deep models are not able to catch the complexity of
the patterns embedded in the data and that can be exploited
for such a multi-class classification task. This is the reason
why DenseNet and EfficientNet architectures performed at best
when their most complex configurations have been trained
(i.e densent201 and EfficientNet-B7). On the other side Reg-
Net16GF performed even better than the even more complex
architecture namely RegNet32GF maybe for the arising data
overfitting issues. The relationship between model complexity
and accuracy is anyway clear on all the architectures and their
configurations.

It is interesting to analyze how the three best architectures
performed on recognizing each skin lesion class. Figure 3
graphically reports f1-score (green bars), precision (blue bars)
and recall (orange bars) for DenseNet201, EfficientNet-B7
and RegNetY16GF. Going into details, for Melanoma (MEL)
recognition the three models under investigations performed
very similarly in terms of f1-score (in the range 80.5% - 81.%)
whereas the greatest precision was achieved by EfficientNet-
B7 (83.6% against 82.7 reached by DenseNet201 and 83.3%
by RegNetY16GF, respectively). For AK recognition, Reg-
NetY16GF and DenseNet201 achieved quite similar best f1-
scores (⇡ 73%) whereas EfficientNet-B7 reached the f1-score
of 71% due to its lowest precision equal to 69.2%. For
BBC, VASC and NV recognition the three models performed
similarly with an f1-score of almost 90% (BBC and VASC)
and 93% (NV) and also very similar high scores for precision
and recall. The RegNetY16GF model achieved instead the best
f1-score fot SCC and BKL recognition. For DF recognition the
most suited model appeared the DenseNet201 (f1-score equal
to 79.6%). The best models for each class are summarized as
in Table III.

Results (in percentage) gathered on the ISIC 2019 
dataset by investigated CNN models. To increase 
readability the percentage symbol has been omitted. 

TABLE III: The best performing models according to f1-score
for the cognition of each class of skin lesions.

Class Best performing Models according to f1-score
MEL DenseNet201, EfficientNet-B7 and RegNetY16GF
AK RegNetY16GF
BBC EfficientNet-B7
SCC RegNetY16GF
DF DenseNet201
NV DenseNet201, EfficientNet-B7 and RegNetY16GF
BKL RegNetY16GF
VASC RegNetY16GF

Fig. 3: Densenet 201, EfficientNet-B7 and RegnetY16GF
classes performance comparison. f1-score (green bars), pre-
cision (blue bars) and recall (orange bars) are reported for
each neural architecture and each class.

On the one hand, the above considerations make possible
to conclude that RegNetY16GF is the model that performs at
best for the majority of classes. On the other hand they make
possible to pave the way towards the possibility to effectively
introduce ensembling strategies.

TABLE IV: Comparison of the best proposed models with
leading approaches in the literature. Data for comparing ap-
proaches are derived from related published manuscripts.

Model F1-score Precision Recall
Proposed

DenseNet201 81.7 ± 0.6 83.6 ± 0.4 80.1 ± 0.9
EfficientNet-B7 81.4 ± 0.7 81.4 ± 0.6 81.7 ± 0.7
RegNetY16GF 81.9 ± 0.6 83.4 ± 0.4 80.6 ± 0.8
previous

Optimal Ensemble [41] 72.5 ± 1.7
Dynamic Augmentation [42] 64 65
Two-level ensembling [43] 59.1

Finally, in order to give evidence of the improvements
achieved by the introduced models on the specific classifica-
tion task, a fair comparison with leading approaches in the
literature has been carried out. In particular the three best
models in table II have been compared with the approaches in

Fig. 4: Densenet 201, EfficientNet-B7 and RegnetY16GF
training performance comparison in terms of total training time
(seconds) and number of epochs.

literature referenced in Section III using the same benchmark
dataset and the same k-fold strategy. Under this premise,
achieved performance can be directly taken from related
manuscript and the comparison is pointed out in Table IV.

The improvement achieved by the models introduced in
this paper is above all expectations: the recall score (the
only one available for all the three comparing works) step
up from 72.5% of the optimal ensembling in [41] to more
than 80% obtained with any of the three proposed models.
In particular, by EfficientNet-B7 (the best in recall scoring)
the recall reached 81.4% i.e. almost 9% more than the best
of the previous works. In this regard, it is also interesting to
observe that the variance along with the different fold is very
low (±0.7%) whereas the variance in [41] was ±0.7% and this
value suggests that the proposed model was also quite stable
and reliable during the different training and test sessions.

A final consideration has to be done concerning training
time and number of epochs for convergence.

The corresponding values for the three considered models
are reported in Figure 4. From the histogram on the left
it is quite clear than EfficientNet-B7 took more time to be
trained, more than double amount of seconds. The fastest was
DenseNet201 but also RegNet16GF took just one hour (⇡
4000 seconds) more than DenseNet101. It is worth noting
also that RegNetY16GF required the fewest number of epochs
making possible to highlight that the net architecture allows
a faster convergence also bringing to better classification
performance as proved in Table II. For correctness, it should be
considered that the training batch size for DenseNet201 and
regenetY16GF was 64 whereas for EfficientNet-B7 was set
to 32 due to limited RAM resources of the GPU. Anyway
this makes possible to point out the bigger complexity of
the EfficientNet-B7 with respect to the other two considered
architectures that on the same hardware used a doubled batch
size without any memory issue.

Summing up the experimental phase borough some pieces
of evidence that:

1) the proposed end-to-end pipeline is very effective in
classifying multiclass skin lesions;

2) differently from other outstanding works in the literature,
e.g. [42], it does not require complex data preprocessing
but only basic data transformation i.e. flipping, satura-
tion, etc as listed in Section V;

Densenet-201, EfficientNet-B7 and RegnetY16GF  ISIC 2019 classes performance comparison. F1-score 
(green bars), Precision (blue bars) and Recall (orange bars) are reported for each architecture and each class. 

Gathered classification results by introduced models were very encouraging and largely outperformed previous approaches on the same dataset. This 
could be a useful step towards the implementation of an accurate classification system able to supply support in different assistive applications. Future 
works will explore other deep learning models and ensembling strategies. Conventional ensembling approaches which involve training the base 
learners separately either in parallel or in a cascading manner will be contemplated.

Some challenging situations to be solved 
while analyzing skin lesions. 

✓ One of the hot topics in the healthcare and medical fields 
nowadays concerns the automatic classification of skin lesions. 

✓ Promising works lever  Convolutional Neural Networks (CNN). 
✓ Existing pipelines mainly rely on complex data pre-processing.
✓ There is no systematic investigation about how available deep 

models can actually reach the accuracy needed for real 
applications.

2. Method
✓ An end-to-end pipeline has been employed in order to 

investigate and compare 5 families of CNN architectures: 
ResNet [4], DenseNet [5], SENet [6] and EfficientNet [7] and 
RegNet [8].

✓ The employed approach performs classifications without the 
necessity of any preprocessing of the input images (such as for 
example an image segmentation step), but analyzing only color 
pixel values.

✓ RegNet network design paradigm is for the first time exploited in 
this application context.
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On the one hand, the above considerations make possible
to conclude that RegNetY16GF is the model that performs at
best for the majority of classes. On the other hand they make
possible to pave the way towards the possibility to effectively
introduce ensembling strategies.

TABLE IV: Comparison of the best proposed models with
leading approaches in the literature. Data for comparing ap-
proaches are derived from related published manuscripts.

Model F1-score Precision Recall
Proposed

DenseNet201 81.7 ± 0.6 83.6 ± 0.4 80.1 ± 0.9
EfficientNet-B7 81.4 ± 0.7 81.4 ± 0.6 81.7 ± 0.7
RegNetY16GF 81.9 ± 0.6 83.4 ± 0.4 80.6 ± 0.8
previous

Optimal Ensemble [41] 72.5 ± 1.7
Dynamic Augmentation [42] 64 65
Two-level ensembling [43] 59.1

Finally, in order to give evidence of the improvements
achieved by the introduced models on the specific classifica-
tion task, a fair comparison with leading approaches in the
literature has been carried out. In particular the three best
models in table II have been compared with the approaches in
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literature referenced in Section III using the same benchmark
dataset and the same k-fold strategy. Under this premise,
achieved performance can be directly taken from related
manuscript and the comparison is pointed out in Table IV.

The improvement achieved by the models introduced in
this paper is above all expectations: the recall score (the
only one available for all the three comparing works) step
up from 72.5% of the optimal ensembling in [41] to more
than 80% obtained with any of the three proposed models.
In particular, by EfficientNet-B7 (the best in recall scoring)
the recall reached 81.4% i.e. almost 9% more than the best
of the previous works. In this regard, it is also interesting to
observe that the variance along with the different fold is very
low (±0.7%) whereas the variance in [41] was ±0.7% and this
value suggests that the proposed model was also quite stable
and reliable during the different training and test sessions.

A final consideration has to be done concerning training
time and number of epochs for convergence.

The corresponding values for the three considered models
are reported in Figure 4. From the histogram on the left
it is quite clear than EfficientNet-B7 took more time to be
trained, more than double amount of seconds. The fastest was
DenseNet201 but also RegNet16GF took just one hour (⇡
4000 seconds) more than DenseNet101. It is worth noting
also that RegNetY16GF required the fewest number of epochs
making possible to highlight that the net architecture allows
a faster convergence also bringing to better classification
performance as proved in Table II. For correctness, it should be
considered that the training batch size for DenseNet201 and
regenetY16GF was 64 whereas for EfficientNet-B7 was set
to 32 due to limited RAM resources of the GPU. Anyway
this makes possible to point out the bigger complexity of
the EfficientNet-B7 with respect to the other two considered
architectures that on the same hardware used a doubled batch
size without any memory issue.

Summing up the experimental phase borough some pieces
of evidence that:

1) the proposed end-to-end pipeline is very effective in
classifying multiclass skin lesions;

2) differently from other outstanding works in the literature,
e.g. [42], it does not require complex data preprocessing
but only basic data transformation i.e. flipping, satura-
tion, etc as listed in Section V;
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On the one hand, the above considerations make possible
to conclude that RegNetY16GF is the model that performs at
best for the majority of classes. On the other hand they make
possible to pave the way towards the possibility to effectively
introduce ensembling strategies.

TABLE IV: Comparison of the best proposed models with
leading approaches in the literature. Data for comparing ap-
proaches are derived from related published manuscripts.

Model F1-score Precision Recall
Proposed

DenseNet201 81.7 ± 0.6 83.6 ± 0.4 80.1 ± 0.9
EfficientNet-B7 81.4 ± 0.7 81.4 ± 0.6 81.7 ± 0.7
RegNetY16GF 81.9 ± 0.6 83.4 ± 0.4 80.6 ± 0.8
previous

Optimal Ensemble [9] 72.5 ± 1.7
Dynamic Augmentation [10] 64 65
Two-level ensembling [11] 59.1

Finally, in order to give evidence of the improvements
achieved by the introduced models on the specific classifica-
tion task, a fair comparison with leading approaches in the
literature has been carried out. In particular the three best
models in table II have been compared with the approaches in
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literature referenced in Section III using the same benchmark
dataset and the same k-fold strategy. Under this premise,
achieved performance can be directly taken from related
manuscript and the comparison is pointed out in Table IV.

The improvement achieved by the models introduced in
this paper is above all expectations: the recall score (the
only one available for all the three comparing works) step
up from 72.5% of the optimal ensembling in [41] to more
than 80% obtained with any of the three proposed models.
In particular, by EfficientNet-B7 (the best in recall scoring)
the recall reached 81.4% i.e. almost 9% more than the best
of the previous works. In this regard, it is also interesting to
observe that the variance along with the different fold is very
low (±0.7%) whereas the variance in [41] was ±0.7% and this
value suggests that the proposed model was also quite stable
and reliable during the different training and test sessions.

A final consideration has to be done concerning training
time and number of epochs for convergence.

The corresponding values for the three considered models
are reported in Figure 4. From the histogram on the left
it is quite clear than EfficientNet-B7 took more time to be
trained, more than double amount of seconds. The fastest was
DenseNet201 but also RegNet16GF took just one hour (⇡
4000 seconds) more than DenseNet101. It is worth noting
also that RegNetY16GF required the fewest number of epochs
making possible to highlight that the net architecture allows
a faster convergence also bringing to better classification
performance as proved in Table II. For correctness, it should be
considered that the training batch size for DenseNet201 and
regenetY16GF was 64 whereas for EfficientNet-B7 was set
to 32 due to limited RAM resources of the GPU. Anyway
this makes possible to point out the bigger complexity of
the EfficientNet-B7 with respect to the other two considered
architectures that on the same hardware used a doubled batch
size without any memory issue.

Summing up the experimental phase borough some pieces
of evidence that:

1) the proposed end-to-end pipeline is very effective in
classifying multiclass skin lesions;

2) differently from other outstanding works in the literature,
e.g. [42], it does not require complex data preprocessing
but only basic data transformation i.e. flipping, satura-
tion, etc as listed in Section V;

Comparison of the best proposed models with leading 
approaches in the literature using the same benchmark dataset 
and the same k-fold strategy.


