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Abstract. In the study of skin cancer, particularly melanoma, auto-
matic and accurate segmentation as a crucial step in Computer-Aided
Diagnosis (CAD) provides a reliable basis for clinical diagnosis efficiency
and pathology research. However, due to the variability of skin lesions in
texture, shape, and complex boundaries, automatic and accurate segmen-
tation is still an unsolved challenge. In this paper, we propose a new auto-
matic segmentation network for melanoma segmentation named Com-
pact Attention Network (CANet). Based on the fully convolutional net-
works, the CANet removes down-sampling so as not to reduce the spatial
accuracy. The CANet expands the receptive field by the designed atrous
convolution, which could avoid the gridding issue. In order to refine the
feature map information and make the segmentation edge smoother, we
add an attention module after every designed atrous convolution. Finally,
our model achieves State-of-the-Art (SOTA) performance in the task of
melanoma segmentation compared with U-net, SegNet, FrCN, and so
on. We conduct ablation experiments to prove the effectiveness of each
element of the network. Our results show that the melanoma segmenta-
tion of the CANet is 91.7% in Sensitivity and 90.7% in Dice scores for
the International Skin Imaging Collaboration (ISIC) test dataset. The
CANet outperforms FrCN, U-Net, SegNet, Mask R-CNN and nnU-Net
in Dice by 3.6%, 14.5%, 8.6%, 5.4% and 1.7% respectively, exhibiting
better performance than these classic networks. The CANet can per-
form medical image segmentation more accurately and quickly, provide
an important reference for medical workers in diagnosing diseases, and
improve diagnosis efficiency.

Keywords: Melanoma segmentation · Atrous convolution · Attention
mechanism

1 Introduction

Semantic segmentation of medical images is one of the important steps in arti-
ficial intelligence-assisted medical diagnosis and has been widely used in the
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field of medical image analysis. Using medical image segmentation technology
to extract human tissues, organs, and lesions, which provides important refer-
ences for medical workers to diagnose diseases, reduces the misdiagnosis rate,
and improves diagnostic efficiency.

Cancer is one of the leading causes of human unnatural death. The World
Health Organization (WHO) has published the latest world cancer report for
2020 [1]. The report shows that there were 19.3 million newly diagnosed cancer
cases worldwide in 2020, with nearly 10 million deaths. Skin cancer is one of
the most common cancers. The majority of skin cancer deaths are caused by
melanoma. Melanoma has been reported to grow at an annual rate of 7% at the
American Society of Clinical Oncology (ASCO) annual meeting. Early diagnosis
and identification of melanoma are increasingly important.

Early symptoms of melanoma are difficult to distinguish from benign skin
lesions on the epidermis, leading to the misdiagnosis of melanoma. Melanoma
or benign skin lesions have irregular colors and shapes, and manual segmenta-
tion is cumbersome and time-consuming. Therefore, it is necessary to study an
automatic and accurate method for melanoma segmentation. In recent years,
semantically segmented networks have been commonly used for melanoma seg-
mentation. In earlier studies, there have been many traditional image segmen-
tation algorithms to solve this problem. In 2009, Yuan et al. [3] proposed a skin
lesion segmentation method based on region fusion and narrowband energy graph
partitioning, which can handle topological changes, weak edges, and asymmetric
skin lesion areas, and can accurately detect complex outlines of lesion areas. In
2011, Schaefer et al. [4] proposed a technique for extracting skin lesion areas
using an iterative measurement of non-lesion pixels and co-operative neural net-
works. In the same year, Zhou et al. [5] proposed a gradient vector flow algorithm
based on the mean drift to extract the contours of skin lesions. Wong et al. [6]
proposed an iterative random area merging method to extract lesion areas from
conventional macro-skin images. However, traditional image segmentation algo-
rithms can only segment-specific cases, and neither speed nor accuracy is very
high.

In recent years, deep learning has made remarkable progress in the field of
computer vision. It has been widely applied in the field of image, and its effect is
higher than the previous SOTA performance, which provides inspiration for the
segmentation of skin lesions. Long et al. [7] proposed a Fully Convolution Net-
work (FCN), which removed the original full connection layer of the convolution
neural network and replaces it with transposed convolution layer. FCN has two
main points, one is to expand the receptive field through the pooling layer, the
other is to expand the size of the image through up-sampling. Ronneberger et al.
[8] proposed U-net, which applied the results of the pooling layer to the decoding
process and introduces more coding information. The U-net is a very classical
medical image segmentation model because it can be trained with a small amount
of data. Zhao et al. [9] proposed a pyramid scene analysis network that used a
pooling layer, which had a large core to expand the receptive field. He et al. [10]
proposed Mask R-CNN based on Fast R-CNN, which can achieve high-quality
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semantic segmentation. Peng et al. [11] proposed an encoder-decoder architecture
with a large convolution core, which used ResNet [12] structure as the encoder
and used the graph convolution network [13] as the decoder. Badrinarayanan
et al. [14] proposed an encoder-decoder architecture for semantic pixel-wise seg-
mentation termed SegNet, in which the decoder up-samples its lower resolution
input feature maps. Chen et al. [15] proposed Atrous Spatial Pyramid Pooling
(ASPP), which could combine information of different sizes. Al-Masni et al. [16]
proposed FrCN using the full spatial resolution of the input image to reduce the
loss of information. Roy et al. [2] improved the Squeeze & Excitation (SE) mod-
ule [17] in the field of image classification, and proposed the scSE module that
matched semantic segmentation, which greatly improved the accuracy of seman-
tic segmentation. Stringer et al. [18] introduced a generalist, deep learning-based
segmentation method called Cellpose, which can precisely segment cells from a
wide range of image types and does not require model retraining or parameter
adjustments. Fabian et al. [19] proposed the nnU-Net, a deep learning-based seg-
mentation method that automatically configures itself, including preprocessing,
network architecture, training and post-processing for any new task.

Most semantically segmented networks down-sample the feature maps of
the middle layer and use the full convolution network of encoder-decoder to
expand the receptive field of the captured image context. Currently, the com-
mon improvement directions are enlarging the receptive field by pooling layers
and recovering the input quality by up-sampling. However, the pooling layers
lose precise location information and reduce accuracy. The up-sampling layer
cannot be fully recovered, and it also incurs additional computative costs.

In this paper, we propose a compact attention network architecture without
down-sampling, different from common semantic segmentation. This structure
adds the atrous convolution to expand the receptive field. We design the rate of
atrous convolution to avoid the gridding issue and add scSE module [2] behind
the convolution layers to improve the feature map. In order to further improve
performance, we use pre-processing methods such as data augmentation, erosion,
and dilation. In Sect. 3, we design ablation experiments and compare our network
with existing models (such as U-net). Compared with existing classic models,
the CANet has the best advanced performance in melanoma segmentation. The
proposed method is innovative in the field of medical image segmentation. The
CANet can perform medical image segmentation more accurately and quickly,
provide an important reference for medical workers in diagnosing diseases, and
improve diagnosis efficiency.

2 Methodology

We propose a method for skin lesion segmentation, which integrates the pro-
posed new compact fully convolutional network with attention module and data
processing methods oriented to the features of the ISIC dataset.
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2.1 On the Elements of the Proposed Network

Atrous Convolution. In the pixel-wise semantic segmentation task, as men-
tioned above, most of these network architectures have encoder-decoder archi-
tecture. It lowers spatial resolution and cannot completely restore it. Instead, Li
et al. [20] proposed a novel 3D architecture that incorporated high spatial res-
olution feature maps throughout the layers. They designed a compact network
architecture without down-sampling for the segmentation of volumetric images.
This architecture used atrous convolution to expand the receptive field instead
of the pooling layer.

Part of our network architecture draws inspiration from it. We build a com-
pact convolutional neural network with atrous convolution. Atrous convolution
maintains image resolution and computes with a high spatial resolution by insert-
ing “holes” between pixels in convolutional kernels. The apparent advantage of
atrous convolution is that it enlarges the size of the receptive field without losing
spatial resolution. Chen et al. [15] used atrous convolution with up-sampled ker-
nels for semantic image segmentation. Atrous convolution can be used to produce
accurate dense predictions and detailed segmentation along object boundaries.
For example, the atrous convolution rate is set to 2, the receptive field of each
convolution is 3 × 3, and the receptive field of the entire convolution kernel is
7 × 7. Furthermore, it has been applied to a broader range of tasks, such as
optical flow [21].

Gridding. Stacking convolution layers with the same atrous rate would have
an effect on the receptive field due to the gridding. The receptive field from the
same atrous convolution covers an area with non-zero values. The atrous convo-
lution can be regarded as the standard convolution on different feature maps. If
the pixels of each feature map has no further interaction, it will cause discon-
tinuity of pixel connection. Besides, repeated stacking would further aggravate
the gridding. In the convolution kernel with a large atrous rate, the receptive
field is too sparse to cover any information.

Wang et al. [22] alleviated this issue by using a range of relatively prime
atrous rates instead of the same atrous rate (see Fig. 1). They noted that the
gridding issue would still exist if a series of atrous rates have a common factor
relationship (such as 2, 4, 8, etc.). We would find that there are many pixels in
the receptive field that are not used and a lot of holes appear. Proper atrous
rates can increase the receptive field effectively.

Attention - ScSE Module. Hu et al. [17] proposed an architectural com-
ponent, SE block, which could be integrated within any convolutional neural
network model. Inspired by SE, Roy et al. [2] proposed three block for image
segmentation:

– Spatial squeeze and channel excitation block - cSE as shown in Eq. 1.

ÎcSE = FcSE(I) = [σ (ẑ1) i1, σ (ẑ2) i2, · · · , σ (ẑC) iC ] (1)
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(a)

(b)

Fig. 1. Illustration of the gridding issue: (a) all convolutional layers have a atrous rate
of 2; (b) avoid the gridding issue by setting relatively prime atrous rates.

where I is the input feature map I = [i1, i2, ..., ic], σ () is a sigmoid layer, ẑk
is performed by a global average pooling layer and weights.

– Channel squeeze and spatial excitation block - sSE as shown in Eq. 2.

T̂sSE = FsSE(T) =
[
σ (q1,1) t1,1, · · · , σ (qi,j) ti,j , · · · , σ (qH,W ) tH,W

]
(2)

where T is the input tensor T =
[
t1,1, t1,2, · · · , ti,j , · · · , tH,W

]
, σ () is a sig-

moid layer, qi,j represents all channels linear combination of a spatial location
(i, j).

– Patial and channel squeeze & excitation -scSE is element-wise addition of cSE
and sSE as shown in Eq. 3:

ÛscSE = ÛcSE + ÛsSE (3)

We incorporate scSE module within the CANet.

Loss Function. We design the loss function due to unbalanced data. Inspired
by Support Vector Machine (SVM) soft margin classification and large margin
classification [23], the hinge loss function is uesd for the last layer of the network
without any activation function.

We record positive and negative samples as ±1. In the training data, a n-voxel
volume {xi}ni=1 and its segmentation map {yi}ni=1(yi ∈ {−1, 1}) are calculated
in the hinge loss function as shown in Eq. 4:
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Lhinge({xi}, {yi}) =
n∑

i=1

[1 − yi (w · xi + b)]+ + λ‖w‖2 (4)

[R]+ =
{

R,R > 0
0, R ≤ 0

where the first term
∑n

i=1 [1 − yi (w · xi + b)]+ denotes the loss, and the second
term λ‖w‖2 denotes the regularization term.

However, the training data is apparently unbalanced, which is typical of
medical image segmentation. Equation 4 leads to a strongly biased estimation
towards the majority class, which is the non-melanoma area. Thus the hinge loss
function adds weight α as shown in Eq. 5:

Fig. 2. Our network architecture for image segmentation.

L∗
hinge({xi}, {yi}) =

{∑n
i=1 α · [1 − yi (w · xi + b)]+ + λ‖w‖2, yi = 1∑n
i=1 [1 − yi (w · xi + b)]+ + λ‖w‖2, yi = −1 (5)

By choosing α > 1, the network could pay more attention to the segmenta-
tion target and make parameters more actively optimized, so that the training
network can get a reasonable segmentation model faster. To a certain extent, loss
function weight could improve performance. We conduct experiments to discuss
the choice of α in Sect. 3.
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2.2 Network Architecture

The proposed network consists of 13 layers of convolutions (see Fig. 2). The first
four convolution layers use 3 × 3 pixel convolutions without atrous convolution.
Stacking two layers of 3 × 3 pixel convolution gives the same receptive field as
a convolutional kernel with 5 × 5 pixel convolution, but parameters of them are
only about half of 5 × 5 pixel convolution parameters. The third and fourth layer
are associated with the Batch Normalization (BN) [24]. The first four layers are
designed to capture low-level features of the input image.

In the subsequent 8 convolutional layers, each convolutional layer is associ-
ated with an element-wise Rectified Linear Unit (ReLU) layer, a BN layer and a
scSE layer. A scSE layer could get a more accurate calibrated feature map. The
kernels are dilated by the designed rates of 2, 3, 5, 7, which not have a common
factor relationship. Choosing proper rates can effectively expand the receptive
field and avoid the gridding issue [22]. We use atrous convolution instead of the
pooling layer to efficiently enlarge the receptive field without reducing resolu-
tion. Due to the different sizes of the melanoma, the rates of atrous convolutions
are gradually increased to incorporate features at multiple scales when the layer
goes deeper. Except for the last layer of our network, every convolutional layer
is associated with a ReLU layer. The final layer gives binary classification labels
for every pixel.

2.3 Data Preprocessing

In the experiment, each network uses the processed training data set for training.

Erosion and Dilation of Image Noise. The ISIC dataset has hair noise in
some dermoscopy images. Segmenting the melanoma, which is black and has
many forms, requires minimizing the effects of hair noise.

We perform closing by erosion and dilation to remove the noise on the ISIC
dataset. Erosion and dilation are mathematical morphology transformations [25].

Erosion uses vector subtraction as shown in Eq. 6.

M � N = {x, y | (N)xy ⊆ M} (6)

where N denotes a structural element. M is the region to erode whose pixel values
are all 1 in the binary image. It should be noted that N needs to define an origin,
whose coordinate is (x, y). During the movement process of N, when the pixels
of N are completely contained by M, the pixel of M covered by the origin of N
is set to 1 otherwise 0.

Dilation uses vector addition as shown in Eq. 7.

M ⊕ N = {x, y | (N)xy ∩ M 	= ∅} (7)
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where N is as the same definition as Eq. 6, and M denotes the region to dilate.
During the movement process of N, when pixels of N have intersections with
those of M, the pixel of M covered by the origin of N is set to 1 otherwise 0.

Data Augmentation. Training a well-performing network commonly requires
a large amount of data, but datasets in the medical field are generally small.
On a small dataset, the model would easily overfit. Data augmentation is a
conventional method for training models with a small dataset. For each image
in the training dataset, we use three augmentation functions from the following
list:

– Herizontal Flip.
– Vertical Flip.
– Rotation with angle 180◦.

3 Experiments

This section introduces the dataset, evaluation metrics, and experiment configu-
rations. We conduct experiments to explore our proposed network, CANet. The
experiments are presented in two parts. The first part is ablation experiments
to prove the effectiveness of each element of the network. In the second part, we
compare our method with the SOTA networks.

In this paper, the experiments are performed and tested with the following
configurations: Intel Core i9 processor at 3.5 GHz, NVIDIA GeForce RTX 2080
GPU with Ubuntu 18.04. The learning rate is set to 0.0001 in all experiments.

3.1 Dataset

The ISIC is a well-known skin medical organization, which collects a large num-
ber of skin images and provides annotation for these images. The organization
holds a skin lesion challenge every year to attract researchers in the field of com-
puter vision to participate in, so as to improve the recognition algorithm of skin
lesions and make more people realize the harm of skin cancer. In this paper,
we used ISIC 2017 challenge dataset. There are 2000 skin images and the corre-
sponding skin lesion area images marked by experts in the training set. The ratio
of the training set, validation set, and testing set is 40:3:12, and the resolution
of each image varies from 540 × 722 to 4499 × 6748 pixels. The dataset is a
collection of real images, some of which have serious noise (see Fig. 3).
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(a) (b) (c) (d)

Fig. 3. Various skin lesion images in ISIC. (a) noise-free images. (b) the annotation of
noise-free images. (c) noisy images. (d) the annotation of noisy images.

3.2 Performance Evaluation Metrics

A quantitative analysis of experiments is carried out based on True Positive
(TP), True Negative (TN), False Positive (FP), False Negative (FN) [26]. In
this work, image segmentation methods are evaluated according to the following
evaluation metrics:

– Sensitivity.

Sensitivity =
TP

TP + FN
– Specificity.

Specificity =
TN

FP + TN
– Accuracy.

Accuracy =
TP + TN

FP + TN + TP + FN

– Jaccard Similarity Index (JSI).

JSI =
TP

FP + TP + FN

– Dice Similarity Coefficient (Dice).

Dice =
2 × TP

2 × TP + FP + FN
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3.3 Results and Discussions

In this section, we first perform ablation experiments on our network to prove
the effectiveness of each element. Then we compare our model with the SOTA
models in the industry. We show results and draw box-plots to visually highlight
the superior performance of our proposed method.

Ablation Experiments. The ablation experiments are as follows:

– The CANet without atrous convolution.
– Atrous rates of 2, 4, 6, 8, exists the gridding issue.
– The CANet without scSE module.
– Loss function without weight α.
– Loss function weight α = 4.
– Loss function weight α = 6.
– The CANet (α = 2).

Table 1 lists the mean Sensitivity, Specificity, Accuracy, Jaccard Similarity
Index, and Dice scores on the test set of the ablation experiments. Comparing
along the rows with the final row, it is proved that the designed atrous convo-
lution rates 2, 3, 5, 7 is effective, which expands the receptive field and reduces
the gridding effect. Attention module scSE provides a statistically significant
increase in comparison to the CANet. In addition, it is necessary to set the
weight of the loss function, and the weight α = 2 is the optimal solution for the
melanoma data set. Fig 4 visualizes the results of ablation experiments under
the Dice scores. The CANet outperforms “No Atrous Convolution”, “Rates: 2,
4, 6, 8”, “No scSE Module”, “No Weight α”, “Weight α = 4” and “Weight α
= 6” in Dice by 4.8%, 1.5%, 4.0%, 2.3%, 2.7% and 3.4% respectively, showing
the effectiveness of each element and great segmentation performance with the
melanoma in CANet.

Table 1. Ablation experiments.

Strategy Evaluation metrics

Sensitivity Specificity Accuracy Jaccard Dice scores

No Atrous convolution 0.877 0.940 0.923 0.754 0.859

Atrous rates: 2, 4, 6, 8 (gridding) 0.904 0.953 0.939 0.806 0.892

No scSE module 0.879 0.938 0.920 0.765 0.867

Loss function no weight α 0.896 0.950 0.935 0.793 0.884

Loss Weight α = 4 0.892 0.949 0.933 0.786 0.880

Loss Weight α = 6 0.886 0.949 0.932 0.776 0.873

CANet (α = 2) 0.917 0.955 0.944 0.830 0.907

The best performance is highlighted in boldface.
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Fig. 4. Boxplot of Dice scores for ablation experiments.

Comparative Experiments. The CANet compares with the U-net [8], the
SegNet [14], the FrCN [16], the Mask R-CNN [10] and the nnU-Net [19]. The
required network parameters of these algorithms are provided in their papers.

Table 2. Results among CANet, Mask R-CNN, U-net, FrCN, SegNet, nnU-Net.

Network Evaluation metrics

Sensitivity Specificity Accuracy Jaccard Dice scores

Mask R-CNN [10] 0.848 0.960 0.935 0.743 0.853

U-net [8] 0.672 0.972 0.901 0.616 0.762

FrCN [16] 0.854 0.967 0.940 0.771 0.871

SegNet [14] 0.801 0.954 0.918 0.696 0.821

nnU-net [19] 0.899 0.958 0.943 0.802 0.890

CANet 0.917 0.955 0.944 0.830 0.907

The best performance is highlighted in boldface.

Table 2 and Fig 5 compare the performance on the test set. Table 2 directly
shows that our method achieves the best performance under the four metrics of
Sensitivity, Accuracy, Jaccard Similarity Index, and Dice scores, and there is a
small gap between our method and the best performance under the metric of
Specificity. Results show that the melanoma segmentation of the CANet is 91.7%
in Sensitivity and 90.7% in Dice scores for the ISIC test dataset. The CANet
outperforms FrCN, U-Net, SegNet, Mask R-CNN and nnU-net in Dice by 3.6%,
14.5%, 8.6%, 5.4% and 1.7% respectively, exhibiting better performance than
these classic networks. Figure 5 visualizes the results of five networks under
the Dice scores. The CANet is much better than other networks in terms of
mean value and stability. There is little difference between the boundary line
segmented by CAnet and the boundary line marked by experts, which would be
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Fig. 5. Boxplot of Dice scores for six networks.

of great help to the subsequent doctors’ judgment and diagnosis of the lesion
area (see Fig. 6).

Fig. 6. Visual lesion segmentation of CANet. The segmentation results of the ground
truth (green) and CANet (red). (Color figure online)

4 Conclusions

In this paper, we propose a compact attention network architecture that incor-
porates attention module scSE and designed atrous convolution for expanding
the receptive field. On the segmentation of the melanoma, the CANet architec-
ture performs better than the U-net, SegNet, FrCN, and nnU-net. In particular,
the CANet is simpler and more compact than the SOTA segmentation network
nnU-net. It is also worth noting that even in the noisy images, melanoma seg-
mentation results are in good agreement with the ground truth. The CANet
potentially provides a good point for other segmentation tasks.
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In the future, we would extensively test the CANet segmentation ability in
more datasets. Furthermore, we note that experts spent too much time anno-
tating in medical images. In the subsequent research, we would try adopting a
semi-automatic annotating method. The above issues would be regarded in our
future research.
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