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Abstract: - The skin is the body's largest organ. Melanoma is a highly malignant skin tumor for which there is
currently no effective treatment. Therefore, the best approach is to perform early diagnosis and treatment in
initial stages. Thus, with an attitude of early detection and treatment to increase post-operative survival time,
melanoma detection in its initial stages becomes especially important. In the era of advanced deep learning
(DL), combining DL with medical imaging for computer-aided diagnosis (CAD) and lesion segmentation can
not only increase the efficiency of doctors’ work but also make it more convenient for the general public to pay
attention to and monitor their own health. In this paper, a novel Deep Feature Pyramid Network (DFP-Net) DL
model is proposed. It uses a Feature Pyramid Network (FPN) as a basis, with ResNet-101 as the backbone
network, and incorporates newly designed Residual Receptive Field Blocks (RRFBs), to increase the receptive
field while also enhancing its feature extraction capabilities. A novel Squeeze-and-Excitation Atrous Spatial
Pyramid Pooling (SEASPP) module is added to capture and filter contextual information better after the feature
extraction process. Newly proposed Depthwise Over-parameterized Convolutional Block Attention Modules
(DOCBAMs) are introduced after each top-down step to further refine the features, which are then fused to
produce the final output. Experiments, conducted on two datasets, demonstrate the superiority of the proposed
DFP-Net model compared to state-of-the-art models, based on multiple metrics.
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1 Introduction due to diseases, they may develop into skin cancer,
The skin is the body's largest organ, with functions [1]. There are primarily three types of skin cancer —
such as protection, sensation, and temperature basal cell carcinoma, squamous cell carcinoma, and
regulation. However, when skin cells lose control melanoma, which often occur in areas exposed to
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direct sunlight. However, this does not mean that
areas not exposed to sunlight, like the palms and
soles of the feet, are without risk. Melanoma is the
most concerning type of skin cancer, making early
detection and diagnosis crucial to increasing a
patient's chances of survival, [2]. According to
statistics from the United States in 2023, early-stage
melanoma is entirely curable, [3]. Early melanomas
are characterized by irregular shapes, unclear
borders, and non-uniform color. Typically,
melanomas have a diameter greater than 6 mm and
may change over time, [4]. The difficulty in
diagnosing melanoma arises from its resemblance to
moles and other skin features, and the task is
complicated by variations in skin lesions and skin
diversity. Malignant melanoma often has irregular
borders and can appear in different locations,
making it challenging for non-specialist physicians
to diagnose it, [5].

In the past decades, diagnosing melanoma
required medical experts to rely on visual
observation and auxiliary screening methods such as
the ABCDE rule [6]. However, having doctors
diagnose melanoma in every patient is clearly
challenging, making it essential to use computers for
assisted diagnosis to alleviate physicians' workload
and improve efficiency, [7].

Research has introduced Computer-Aided
Diagnosis (CAD) systems to enhance the accuracy
and speed of melanoma diagnosis. However,
existing algorithms for segmenting skin lesions
perform poorly when handling images containing
body hair and boundary edges, limiting the
effectiveness of CAD systems. Although there are
many skin lesion segmentation methods, some of
them are only suitable for images without body hair
and boundary edges, leading to incorrect
segmentation results. This is because these methods
often incorrectly classify boundary edges as part of
the lesion, [8], [9].

Feature extraction plays a crucial role in image
analysis, especially for CAD. Through computer
analysis, one can effectively capture key features
that may enable early detection. The advantage of
early melanoma diagnosis lies in reducing the risk
of fatality, with the ABCD criteria —serving as a
reference in dermatoscopy— emphasizing the need
for special attention when melanoma diameter (D)
exceeds 6 mm. In the initial stages, minor surgeries
can enhance a patient's chances of recovery.
Therefore, automated lesion segmentation holds a
significant position in computer-aided melanoma
diagnosis [10].

In recent years, deep learning (DL)-based
methods have achieved excellent results in many
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semantic segmentation tasks, with architectures like
the fully convolutional neural network (CNN) U-
Net demonstrating outstanding performance [11].

In the field of image analysis, particularly the
analysis of histopathological images, segmentation-
based approaches have been explored. Creating
datasets for these tasks typically involves manual
annotation by expert physicians, who label
melanomas in images for computer training.
However, a major challenge lies in the need for
extensive and precise annotations [12], [13].

Some recent studies on medical segmentation
models have found that traditional CNN
architectures are not efficient and do not capture
sufficient contextual information [14]. In the
segmentation of medical skin lesions, lower
resolution can provide better receptive fields for
detecting larger objects, while higher resolution is
needed to capture finer details, such as edge
information. Therefore, fusing features of different
scales has a significant impact on the effectiveness
of medical skin lesion segmentation [15].

Several outstanding models have emerged in this
domain. U-Net [16] introduced the encoder-decoder
structure and achieved multiple first places in the
2015 IEEE International Symposium on Biomedical
Imaging cell tracking competitions. UNet++ [17]
improved upon U-Net by fusing features from
different layers, having different receptive fields,
allowing the model to extract features of various
sizes. DoubleU-Net [18] stacked two U-Net models
and used a pre-trained VGG-19 as the backbone
network, incorporating Atrous Spatial Pyramid
Pooling (ASPP) to gather diverse contextual
information. Additionally, the Feature Pyramid
Network (FPN) [19], originally from the object
detection domain, has also performed well in the
segmentation field. UNet 3+ [20] employed full-
scale skip connections to combine different
semantic information from feature maps of different
scales. SegNet [21], proposed by the University of
Cambridge, adopted an encoder—decoder structure,
removing fully connected layers and introducing
other enhancements to improve performance.

In this paper, a new melanoma segmentation
model, named DFP-Net, is proposed, based on FPN.
It combines novel attention mechanisms and
incorporates multi-scale information. Experiments,
conducted on the public ISIC2018 dataset and a
combined public—private dataset, demonstrate that
the proposed model outperforms state-of-the-art
models, based on majority of evaluation metrics
used.
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The key innovations of the proposed model could be
summarized as follows:

e In the feature extraction stage, newly
designed Residual Receptive Field Blocks (RRFBS)
are proposed for use, consisting of convolutional
layers with different-size kernels and residual blocks
in a multi-branch structure to increase the receptive
field. This allows the model to extract multi-scale,
multi-level information, preserving crucial details
from the original images.

e A novel Squeeze-and-Excitation Atrous
Spatial Pyramid Pooling (SEASPP) module is
proposed to absorb semantic information from
different scales during the upsampling stage,
facilitating the suppression of unwanted information
and directing the model's attention to the lesion area
[22].

e Newly designed attention modules, called
Depthwise  Over-parameterized  Convolutional
Block Attention Modules (DOCBAMSs), are
proposed for use before the feature fusion stage,
enabling weighted extraction of features, retaining
important semantic information, and eliminating
unnecessary information, such as the adverse effects
of body hair, as to further enhance the model's
capabilities.

The rest of the paper is organized as follows. The
next section presents related work in this field,
followed by a section dedicated to the structure of
the proposed model. Description of the conducted
segmentation  performance  experiments and
obtained results comes next, followed by
conclusions and presentation of future directions for
research.

2 Related Work

With advanced research performed by experts and
scholars in the DL area, the performance of image
segmentation models is getting better and better. For
example, the model proposed in [23] combines
stacked CNNs with GrabCut-stacked CNNs (GC-
SCNN) and support vector machines (SVM) for
improved results. [24] studied the impact of image
preprocessing on segmentation outcomes. [25]
developed software for automatic detection and
segmentation of skin moles, and [26] used an object
detection CornerNet model to detect melanoma
lesions, whereby local moles are passed as input to
the fuzzy K-means (FKM) clustering method to
perform segmentation tasks, making it easy for
individual users to operate. [27] introduced a model
that utilizes ResNeXt50 as a pretrained model and
their own developed channel and spatial attention
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block (CSAB) and multi-scale capture block
(MSCB) to obtain more information for enhanced
robustness. [28] incorporated a hybrid residual
attention (HRA) module into their self-developed
MHAU-net model to address the issue of unclear
image boundaries and achieved good results. The
team in [29] proposed a CNN framework, based on
atrous convolution, for automatic segmentation of
lesion areas. [30] introduced a new attention-guided
filter module and embedded it into the skip
connections of attention-guided network with
densely connected convolution for skin lesion
segmentation (CSAG and DCCNet), improving the
model's performance. [31] combined edge-guided
modules and weighted aggregation modules in their
network and proposed a fusion model using a
combination of balanced binary cross-entropy
(BBCE) and Focused Tversky Loss (FTL) as the
loss function. [32] developed a novel feature
extraction technique based on K-means clustering,
considering skin color and texture features from five
different color spaces for analysis. [33] used a
pretrained MobileNetv2 for the backend of the
DeepLabv3+ model and achieved high performance
by extracting features from the pretrained Nx1000
DesneNet201 and feeding them into SVM and K-
Nearest Neighbors (KNN) classifiers. [1] introduced
Multi-Scale Attention U-Net (MSAU-Net), which
incorporates attention mechanisms at the bottom of
U-Net and utilizes the Bidirectional Convolutional
Long Short-term Memory (BDC-LSTM) structure
for feature extraction, enhancing the utilization of
useful information. [34] proposed a multimodal-
based approach that effectively quantifies feature
differences between different colors. They then
employed a Gaussian Mixture Model for lesion edge
detection and summarized the collected feature
information. [35] presented a model capable of
boundary contour detection, addressing the issue of
regional confusion between normal and lesioned
skin by incorporating selective kernel modules at
skip connections. [36] developed a risk prediction
system for mortality based on Positron Emission
Tomography/Magnetic Resonance Imaging
(PET/MRI) and PET/Computed Tomography (CT),
including a CNN for metastatic melanoma patients
before the initiation of systemic treatment. [37]
proposed a model that eliminates the impact of
factors like body hair through techniques such as
maximum pooling and contrast adjustment. They
then used a Fully Convolutional Network (FCN) for
segmentation, followed by a series of post-
processing steps, including resolution reduction, for
melanoma classification. [38] introduced a learning
approach based on super-pixel labels. They
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combined super pixels formed by the Simple Linear
Iterative Clustering (SLIC) algorithm with a thermal
label constraint, defined a distance function, and
converted it into a soft probability distribution. The
labels were subsequently utilized in training the
segmentation network. [39] classified annotation
noise in image segmentation datasets and proposed
two new methods for automatically identifying
inconsistencies within and between annotators. [40]
presented the O-Net model with an O-shaped
architecture. They incorporated attention-based
feature modules to iteratively refine segmentations
in the wood board region, enhancing feature
extraction and merging fine-grained features. [41]
introduced the computational intelligence-based
melanoma detection and classification technique
using dermoscopic images (CIMDC-DI) model,
which utilizes FKM clustering-based bilateral
filtering for image preprocessing and Neural
Architecture Search Net (NasNet) model for feature
extraction. [42] proposed an anti-aliasing attention
spatial convolution method capable of overcoming
limitations posed by skin mirrors, achieving good
results in hair-dense areas and cases with unclear
contrast and color.

3 Proposed model: DFP-Net

The overall structure of the proposed DFP-Net
model is shown in Figure 1 (Appendix). The left
part of the model is used for feature extraction.
Fused feature information is shared through skip
connections in the middle. After multi-dimensional
feature fusion, the obtained information is integrated
and extracted through a structure similar to a
decoder. Finally, multiple outputs are generated to
obtain the final result.

DFP-Net was built upon the original FPN model
by using Resl01 as the backbone network.
Receptive Field Blocks (RFBs) are fused in each
layer as part of newly designed Residual RFBs
(RRFBs). After the last RRFB, a newly designed
SEASPP module is utilized. After each combination
of a skip connection and upsampling, a newly
designed DOCBAM is used to enhance effective
information and suppress unwanted interference.
Finally, multiple outputs, containing different
features, are integrated into the final result.

3.1 SEASPP

The SEASPP module, utilized by the proposed
DFP-Net model, is shown in Figure 2 (Appendix). It
was designed based on ASPP [43] to better suit the
model. More specifically, in the ASPP pooling
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stage, we introduced a Squeeze-and-Excitation (SE)
attention [44], preceded by adaptive average
pooling, which compresses the feature map of each
channel to extract features from each channel,
followed by a 1x1 convolution. The incorporation of
SE, allows the SEASPP module to distinguish
extracted feature information through attention
weighting, thus emphasizing valuable information
while disregarding interfering information.

Given an input feature map X with dimensions
C X H x W, where C is the number of channels, H
is the height, and W is the width, for various dilated
convolutions to capture information at different
scales, the coordinate of the k-th convolution's
output feature value Yy (p) is

V(@) =2Zij X (@ +1e- G Wie(B,)), (1)

where 7, denotes the dilation rate of the k-th
convolution, and W, (i,j) denotes the weight of
convolutional kernel in the k-th convolution
operation.

The output feature maps of different atrous
convolutions are concatenated to obtain a stacked
feature map as follows:

)

Y(p) = (@), 2(0), ... Ye ()] -
Convolutional operations are performed on the
stacked feature map to fuse contextual information
across multiple scales. Typically, a 1x1

convolutional kernel is used for feature mapping as
follows:
(©)

where Z(p) denotes the fused feature value, and
Wt (K) denotes the weight for the output channel.

Z(p) = Xk Wour (k) - Y (p),

As a result of the above steps, the output feature
map of the SEASPP module can be represented as:
Z(p) = Xk Wour (k) - B X (0 + 13 - (,1)) - Wi (i, )))-

(4)

The SE attention module [44] utilizes an
attention mechanism designed to enhance the
performance of CNNs. Its goal is to adaptively
adjust the weights between feature channels,
allowing the network to focus more on important
feature channels and thereby improving the model's
feature representation capability. The fundamental
idea behind the SE module is to adjust the

importance of channels adaptively through
"squeeze™ and “excitation™ operations.
The "squeeze" operation captures global

information for each channel through global average
pooling. First, the input feature map is subjected to
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global average pooling, resulting in a feature map
Fiqueeze With dimensions 1 X 1 x C, representing
the global statistical information for each channel.
The “excitation" operation adjusts the
importance of channels using learned weights. This
operation consists of two key steps — a linear
transformation and a sigmoid activation. During the
first step, Fygueeze IS fed into a fully connected layer
(or a convolutional layer), producing a feature map
F,ycite With dimensions 1 x 1 x C/r, where r is a
hyperparameter referred to as the "reduction ratio"
which determines the extent of dimensionality
reduction of weights to reduce computation. During
the second step, a sigmoid activation function is
applied to each element of F,, ., mapping the
values to the range of 0 to 1, resulting in a feature
map Fs;gmoiq With dimensions 1 x 1 X C/r. Then, a
rescaling operation is performed by multiplying the
values of each channel in Fggmoiq by the
corresponding channel in the input feature map X,
achieving adaptive weight adjustment between
channels. At the end, the output feature map of the
SE module can be represented as:
()

Xsg =X Q Fsigmoid ,

where ® denotes an element-wise multiplication.

The newly designed SEASPP module has a
multi-scale receptive field, effectively capturing
multi-scale contextual information, which enables it
to better handle objects of wvaried sizes.
Additionally, it can learn the overall image
background and semantic information, providing a
better understanding of the context. It filters and
integrates information within it, allowing useful
features to be expressed more effectively while
suppressing irrelevant features. Moreover, it can be
easily incorporated into  various network
architectures as needed.

3.2 DOCBAM

DOCBAM is built upon the Convolutional Block
Attention Module (CBAM) [45] and incorporates
Depthwise Over-parameterized Convolution
(DOConv) to accelerate convergence and improve
network performance. DOCBAM consists of two
key components — channel attention and spatial
attention, as shown in Figure 3 (Appendix).

The channel attention submodule ('DOChannel
att"), shown in Figure 4 (Appendix), is used to adjust
the weights between different channels so as to
emphasize important channel information.

The computation steps for channel attention are
the following. First, global average pooling is
performed on the input feature map X, resulting in a
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feature map F,,, (with dimensions 1 x 1% C),
which is passed through two separate fully
connected layers to obtain channel attention
weights, which are then applied to each pixel. The
feature map adjusted by channel attention can be
represented as:

Xe =X Qo (W2 GEW (Fang)))) , (6)

where ¢ denotes the sigmoid activation function,

and W) and WP () denote the two fully
connected layers for channel attention.

The spatial attention submodule (‘Spatial att' in
Figure 3, Appendix) is used to adjust the weights of
different spatial positions, focusing on important
spatial regions. Its computation steps are the
following. First, two separate convolution
operations are performed on the input feature map X
— one in the horizontal direction and the other in the
vertical direction — to capture spatial information in
different directions. Then, the two feature maps
obtained by the convolution operations are added
together and passed through a convolutional layer,
resulting in a feature map F,,, (with dimensions
1x HxW), which is passed through a fully
connected layer to obtain spatial attention weights,
which are then applied to each channel. The feature
map adjusted by spatial attention can be represented
as:

Xs = X ® 0 (g(8(Ws(Conv(Fnax))))) , (7)

where Conv denotes the convolution operation, g
denotes the fully connected layer, and § denotes the
ReLU activation function.

Finally, the results of channel attention and
spatial attention are combined, as follows:
(8)

Xpocsam = Xc & Xs .

By combining CBAM with DOConv, DOCBAM
can further extract important features that are
needed and reduce the risk of model overfitting that
can occur after adding linear layers. Therefore,
DOCBAM plays a crucial role in each top-down
process, enhancing network representation and
improving the model performance.

3.3 RRFB

The newly designed RRFB component of the
proposed DFP-Net model is built upon RFB [46],
which intends to enhance the network's feature
extraction capabilities by simulating human visual
perception, drawing inspiration from the issue of
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object scale variation in object detection. Different
objects might appear at different scales within an
image, necessitating the model's ability to capture
features at various object scales. RFB exhibits two
main characteristics: (1) having a multi-branch
structure composed of convolutional layers with
different-size kernels, drawing inspiration from the
Inception  structure; and (2) using dilated
convolutional layers, which were previously applied
in the segmentation algorithm Deeplab, primarily to
increase the receptive field. Different rates are used
to represent the parameters of dilated convolutional
layers. The outputs of convolutional layers with
varied sizes and rates are concatenated, achieving
the goal of fusing different features.

The newly designed RRFB component of the
proposed DFP-Net model combines each layer of
ResNet101 with RFB (Figure 5, Appendix). This
combination enhances the grasp of global features
by increasing the receptive field for the deeper
information extracted through each residual block,
allowing the model to extract as much information
as possible.

4 Experiments and Results

4.1 Datasets

In the experiments, three datasets were used — two
public datasets (ISIC2018 and PH2) and a private
dataset.  The International  Skin  Imaging
Collaboration Challenge 2018 (1SIC2018) public
dataset [47] contains 2594 skin lesion images from
both clinical and non-clinical environments,
covering various skin types and disease conditions,
with the goal of facilitating CAD and research of
skin lesions. The PH2 public dataset [48] originates
from a research project at a university medical
center in Portugal and contains 200 skin-lesion
images of diverse types and severity levels, widely
used for skin lesion analysis, primarily focusing on
pigmentary lesions. The private dataset [22],
provided by Peking Union Medical College
Hospital, includes 1010 skin lesion images of acne
and lupus erythematosus.

4.2 Evaluation Metrics
For performance comparison of the proposed DFP-
Net model with state-of-the-art models, multiple
widely accepted metrics, each representing distinct
aspects of the segmentation performance, were used.
These are briefly described below.

The Intersection over Union (loU) is a
commonly used evaluation metric in segmentation
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tasks, measuring the degree of overlap between the
predicted region and the ground-truth region. loU is
typically used to evaluate the performance of object

detection and image segmentation models, as
follows:
IoU=—0 _ : ©))
TP+FP+FN

where TP (True Positive) represents the number of
correctly identified pixels as part of the object (in
our case, skin lesions), FP (False Positive)
represents the number of incorrectly identified
pixels as part of the object, and FN (False Negative)
represents the number of incorrectly identified
pixels as not belonging to the object.

The Dice coefficient is another commonly used
metric in image segmentation tasks. It measures the
similarity between the model's prediction and the
ground-truth region. It is a more sensitive metric,

particularly suitable for sparse objects, and
calculated as follows:
. 2TP
Dice = ——. (10)
2TP+FP+FN
Precision is a metric used in classification

problems to measure how many of the predicted
positive samples are truly positive. It calculates the
ratio of the number of samples correctly predicted as
positive to the total number of samples predicted as
positive, as follows:

TP
Pre =

TP+FP

(11)

Accuracy is a metric used in classification
problems to measure the proportion of samples that
are correctly classified by the model among all
samples, as follows:

TP+TN
Acc =

TTFPIENTTN (12)
TP+FP+FN+TN

where TN (True Negative) represents healthy skin
regions in our case.

4.3 Experimental Setup

The Python version 3.9 and Windows 10 operating
system were used on a computer equipped with a
12" generation Intel® Core™ i5-13490 CPU, and
an NVIDIA GeForce RTX 3060 (12GB memory).
The initial learning rate was set to le-4, with a
minimum learning rate of 1le-5. The batch size was
set to 8, and the number of epochs was 100. The
input images’ dimension was 256 x 256. A
combined BCE-Dice loss function [49] was used.
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4.4 Results and Analysis

4.4.1 On ISIC2018 dataset

First, melanoma  segmentation  performance
comparison experiments were conducted on the
ISIC2018 public dataset [47], divided into training,
validation, and test sets using a ratio of 7:1:2.

In the conducted experiments, the proposed
model was compared to state-of-the-art models,
namely U-Net [16], UNet++ [17], UNet 3+ [20],
AttentionUNet [50], DoubleU-Net [18], SegNet
[21], and UResnet [51]. The results were obtained
through ten rounds of testing, where each validation
image was shuffled randomly for each test, and the
average values were recorded as shown in Table 1
(the best result on each metric is shown in bold).

Table 1. Segmentation performance comparison
with state-of-the-art models, based on experiments
conducted on the 1SIC2018 dataset

Models Ig/lj' 'A(‘;: D(:/r(:)e, Po;:‘
U-Net 0.8169 | 0.9576 | 0.8838 | 0.9268
UNet++ 0.8203 | 0.9587 | 0.8881 | 0.9272
UNet 3+ 0.8215 | 0.9585 | 0.8867 | 0.9249
AttentionUNet 0.8217 | 0.9588 | 0.8863 | 0.9182
DoubleU-Net 0.8173 | 0.9573 | 0.8834 | 0.9125
SegNet 0.8258 | 0.9598 | 0.8911 | 0.9269
UResnet 0.8287 | 0.9607 | 0.8940 | 0.9193

DFP-Net

(proposed model) 0.8501 | 0.9653 | 0.9074 | 0.9169

Source: created by the authors

As evident from Table 1, the proposed DFP-Net
model achieves an loU value of 0.8501, which is
0.0214 higher than the second-best performing
model (UResnet) on this metric. The DFP-Net
accuracy reaches 0.9653, with a margin of 0.0046
over the second-best performing model (UResnet).
The Dice coefficient of the proposed model reaches
a value of 0.9074, surpassing the second-best
performing model (UResnet) by 0.0134. Only
according to precision, the proposed model does not
perform so well, taking seventh place.

The loss curves of the compared models are
depicted in Figure 6 (Appendix). Loss reflects the
discrepancy between the model's predictions and the
ground truth values. From Figure 6 (Appendix), one
can observe that the proposed DFP-Net model
consistently exhibits lower loss compared to other
models, both during training and validation. This
closeness to the ground truth values further validates
the superior performance of the proposed model.
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Figure 7 (Appendix) visualizes sample
segmentation results of the compared models, based
on the ISIC2018 dataset.

Next, the proposed model was compared to other
state-of-the-art models, based on their results
reported in the literature, as summarized in [22].
Results, shown in Table 2 (the best result on each
metric is shown in bold), demonstrate that the
proposed DFP-Net model surpasses all other models
in terms of loU and accuracy, and takes third place
according to the Dice coefficient and precision.

Table 2. Segmentation performance comparison
with state-of-the-art models, based on results
reported in literature for 1ISIC2018 dataset

Models loU, %| Acc, | Dice, | Pre,
% % %
Improved U-Net++ [38]/0.8250| - 0.8680 {0.9030
MALUNeEet [52] 0.8025|0.9462| 0.8904 | -
Ms RED [53] 0.8345|0.9619| 0.8999 |0.9147
ICL-Net [54] 0.8390/0.9440/0.9030 | -
TransCeption [55] - 10.9628(0.9124| -
M-CSAFN [56] 0.83640.9645| 0.9031 |0.9171
CACDU-Net [22] |0.8427(0.9641| 0.9134 |0.9252
DFP-Net
(proposed model) 0.85010.9653| 0.9074 |10.9169

Source: created by the authors

4.4.2 On combined Public—Private Dataset

To validate the generalizability of the proposed
DFP-Net model, additional training was performed
on a combined dataset, containing the images of the
PH2 public dataset [48] and the private dataset [22].
(Since the PH2 dataset contains only 200 images
and is insufficient for standalone training, we
combined it with the private dataset containing 1010
images.) We then split the combined dataset into
training, validation, and test sets in a ratio of
871:164:175.

In these experiments, the proposed model was
compared to the same set of state-of-the-art models,
participating in the first experiment. The results
were obtained through ten rounds of testing, where
each validation image was shuffled randomly for
each test, and the average values were recorded as
shown in Table 3 (the best result on each metric is
shown in bold).

As one can observe from Table 3, the proposed
DFP-Net model is superior to all other models
according to loU, accuracy, and Dice coefficient,
which demonstrates its exceptional generalization
ability. More specifically, DFP-Net achieves an loU
value of 0.7579, which is 0.0143 higher than the
second-best performing model (U-Net) on this
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metric. The DFP-Net accuracy reaches 0.9249, with
a margin of 0.0009 over the second-best performing
model (U-Net). The Dice coefficient of the proposed
model reaches a value of 0.8406, surpassing the
second-best performing model (U-Net) by 0.0098.
Only, according to precision, the proposed model is
not performing well.

Figure 8 (Appendix) visualizes sample
segmentation results of the models, compared on the
combined dataset.

Table 3. Segmentation performance comparison
with state-of-the-art models, based on experiments
conducted on the combined public—private dataset

Models I(g/tJ, A(‘;f Dice, % Po;(f’
U-Net 0.7436 | 0.9240 | 0.8308 | 0.9062

UNet++ 0.7052 | 0.9097 | 0.8030 | 0.8842

UNet 3+ 0.7039 | 0.9107 | 0.8080 | 0.9013

AttentionUNet | 0.7100 | 0.9130 | 0.8076 | 0.8984
DoubleU-Net 0.7330 | 0.9191 | 0.8227 | 0.8936

SegNet 0.7185 | 0.9154 | 0.8177 | 0.9015
UResnet 0.7225 | 0.9163 | 0.8183 | 0.9119
DFP-Net

0.7579 | 0.9249 | 0.8406 | 0.8751

(proposed model)
Source: created by the authors

4.4.3 Ablation Study

To assess the impact of each main module on the
segmentation performance of the proposed DFP-Net
model, we conducted ablation study experiments on
the 1SIC2018 dataset using FPN as a baseline. The
obtained results are presented in Table 4 (the best
result on each metric is shown in bold).

Table 4. Ablation study results

Steps loU, % Acc, % Dice, % Pre, %

FPN 0.8319 0.9611 0.9009 0.9099

FPN
+ SEASPP 0.8380 0.9627 09041 | 09184

FPN

+ DOCBAM 0.8349 0.9621 08998 | 0.9328

FPN

+RRFB 0.8429 0.9641 0.9019 0.9193

FPN
+ SEASPP 0.8391 0.9627 09065 | 09124
+ RRFB

FPN
+ SEASPP 0.8436 0.9635 09071 | 0.9065
+ DOCBAM

FPN
+ RRFB 0.8406 0.9630 09069 | 0.9067
+ DOCBAM

SEASPP

+ RRFB
+ DOCBAM 0.8501 0.9653 0.9074 0.9169
(i.e., DFP-Net

model)

Source: created by the authors

Even though there were fluctuations in some
metrics at certain stages of the ablation study,
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overall, the process of iterative addition of each new
module was on an upward trajectory. Generally,
each module contributed to improving the
segmentation performance. While some
improvements may not be substantial, the
performance of the final model shows significant
enhancement when compared to the baseline.

5 Conclusion and Future Research

Directions
This paper has proposed a novel Deep Feature
Pyramid Network (DFP-Net) model for melanoma
segmentation, based on the Feature Pyramid
Network (FPN), which demonstrated outstanding
performance compared to state-of-the-art models on
a public and a combined public—private datasets,
confirming its generalization ability. DFP-Net can
significantly ease the workload of medical
professionals and empower individuals to conduct
self-examinations anytime-anywhere-anyhow, thus
increasing awareness of their own conditions and
enabling earlier treatment. The fusion of deep
learning (DL) and medical image processing holds
great promise for the future, particularly with the
application of DFP-Net in promoting the early
detection and treatment of melanoma.

Future plans involve refining the connections of
the model's long-range dependencies and
innovatively combining it with U-Net to achieve
higher segmentation accuracy. We will also explore
the use of more advanced network architectures as
backbones, replacing ResNet101 with networks like
TransUNet to further improve the model's
performance. We will persist in enhancing precision
values comprehensively. In addition, we will aim to
enhance and adapt the proposed model not only for
skin melanoma segmentation but also for use in
other domains such as liver tumor segmentation,
heart segmentation, lung segmentation, etc.

We should approach this with the spirit of
scientific inquiry, step by step, applying each
innovation to real-world medical applications.
Through generations of effort, we can eventually
achieve excellence and make meaningful
advancements in the field of healthcare.
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Fig. 6: The loss curves of models, compared in Table 1
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Fig. 7: Sample segmentation results of models, compared on the ISIC2018 dataset
(from top to bottom: U-Net, UNet++, UNet 3+, AttentionUNet, DoubleU-Net, SegNet, UResnet,

DFP-Net)
Source: [47] (top row); created by the authors (remaining rows)
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Fig. 8: Sample segmentation results of models, compared on the combined public—private dataset:
(from top to bottom: U-Net, UNet++, UNet 3+, AttentionUNet, DoubleU-Net, SegNet, UResnet, and DFP-Net)
Source: [47] (top row); created by the authors (remaining rows)
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