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ABSTRACT

Skin cancer is the most fatal type of cancer worldwide. Prognosis is generally much better with early detection and
effective treatment relies on an accurate diagnosis of skin lesions. Despite progress in deep learning, there is still a
challenge to provide accurate segmentation of dermoscopic skin lesions due to image variations stemming from different
illuminative input parameters, different resolutions/image sizes, image artifacts and varying skins. These differences
hinder state-of-the-art models from learning pixel-precise lesion boundaries or more contextual features, consequently
impairing their generalization and clinical applicability. We introduce a new architecture called Dual Focus Attention
Block UNet (DFAB-UNet) with intrinsic capability of local and global feature extraction tasks. We trained and tested the
proposed method on two commonly used sets of dermoscopy images, PH2 and HAM10000 with respect to six different
parameters, namely, Accuracy (Acc), Precision (Pre), Sensitivity (Sen), Dice Similarity Coefficient (DSC), Intersection
over Union (IoU), and specificity (Spe) for comparative analysis Results. DFAB-UNET achieved an Acc of 97.24%, a
DSC of 94.30%, an IoU of 89.21% and a Spe of 98.95% on the PH2 dataset. On the HAM10000, we achieved an Acc
of 96.20%, DSC of 92.79%, IoU of 86.55% and Spe of 97.60%. These results show that the model generalizes across
datasets by introducing boundary precision represented in the loss together with contextual lesion information. The
DFAB-UNet model achieves high performance on segmentation, indicating the potential use and application of dermal
disease research in clinic practice.

Keywords: DFAB-UNet, Medical image segmentation, Skin cancer, Skin lesion segmentation, UNet

Introduction

Skin cancer is one of the most common types of
cancer worldwide, with melanoma being its most
severe form.'? Early detection and accurate diag-
nosis of skin lesions are critical steps in cancer
treatment, so patients tend to have better outcomes

when the disease is detected early.** Dermoscopy is
a well-established tool in dermatology that enables
non-invasive examination of cutaneous lesions. How-
ever, manual analysis of dermoscopic images is time-
consuming and subject to inter-observer variability, ®
highlighting the need for automated and robust sys-
tems for skin lesion segmentation and classification.
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Recent advances in deep learning techniques, par-
ticularly Convolutional Neural Networks (CNNs),
have achieved unprecedented success in various
medical image analysis tasks.® Among these, UNet
architectures are widely used for image segmenta-
tion tasks” due to their encoder-decoder symmetrical
scheme with skip connections that combine detailed
and contextual information. ® Despite their efficiency,
UNet performance can be further enhanced with ad-
vanced attention mechanisms. Attention mechanisms
are widely used in deep learning to enable models to
focus on the most relevant areas of input data.” In im-
age segmentation, attention mechanisms improve the
model’s ability to distinguish critical features from
high-dimensional data. '°

Furthermore, a large annotated dataset is essen-
tial for training deep learning models.!' Public and
private datasets, such as International Skin Imag-
ing Collaboration (ISIC), ISIC2016,'? ISIC2017,'3
ISIC2018,'“'® Pedro Hispano Hospital (PH2),'”
and Human Against Machine with 10000 images
(HAM10000), '® have been instrumental in establish-
ing benchmarking frameworks for segmentation and
classification models in dermatology. Nevertheless,
the data is still highly imbalanced, and the malig-
nant lesions are outnumbered by the benign ones. '°
This disparity can result in a biased model that is
good at segmenting common types of lesions, but its
performance may suffer on less common but more
dangerous variants. 2°

Another important problem in this field is image
acquisition variability. Dermoscopic images could
vary greatly in lighting and resolution, skin, and
artifacts such as hair and bubbles.?’ These factors
may compromise the generalization power of the
model, and the need for a robust pre-processing
pipeline and data augmentation mechanism during
model training becomes inevitable. Future research
is working on various data types, including pa-
tient metadata, clinical images, and histopathology
combined with dermoscopic images to enhance di-
agnostic precision.?> Furthermore, the explainability
and interpretability of Al-based models are becom-
ing increasingly popular, given that clinicians must
comprehend and trust the rationale for automated
decisions.?® It is also possible to use visualizations
like Grad-CAM or activation maps to see what the
model is “attending” to understand its decisions.

Although U-Net-based architectures have achieved
great success in skin lesion segmentation, there are
still some limitations that hinder their performance
in clinical applications. It may be problematic that
traditional U-Net models are incapable of extracting
multi-scale features from dermoscopic images and
delivering them to a subsequent module, since these
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features are essential for representing the various
sizes and shapes of skin lesions. In extreme cases
where lesions are very small or very large, models
lacking the ability to capture scale differences re-
sult in misclassification or the omission of regions.
Moreover, U-Net employs multiple sequential convo-
lutional settings that may work against an effective
representation of complex texture patterns due to
small receptive fields, resulting in poor contextual
understanding of local and global regions. **

To alleviate this issue, approaches based on multi-
scale fusion operations or dilated convolutions were
proposed; nevertheless, they are more expensive in
terms of computation and introduce redundant fea-
ture extraction. Moreover, even with the addition
of attention mechanisms and squeeze-and-excitation
(SE) modules to enhance channel-wise feature repre-
sentation, both approaches still depend on aggregated
base features obtained from the original encoder.
However, this dependency becomes an issue in im-
ages when visual noise is present as in irregular
illumination, noise or occlusion from hair and skin
texture. Therefore, these models might be sensitive
to low-contrast or indistinct lesion margins, resulting
in degraded segmentation performance.2®

The most prominent is the use of multi-resolution
feature maps both without losing spatial resolution
and semantic consistency. Traditional network im-
plementations usually do not effectively combine
low-level spatial information with high-level seman-
tic meaning, which leads to inaccurate boundaries
and fragmentary lesion masks. These challenges
indicate that, despite significant progress, further re-
search is needed to develop architectures that are
accurate, computationally efficient, and robust to
the variations commonly found in real-world dermo-
scopic images. %°

In this work, we propose a solution based on the
new Dual-Focus Attention Block (DFAB) to tackle
these difficulties and improve the typical UNet model
for skin lesion segmentation. DFAB combines both
channel and spatial attention to highlight the dis-
criminative channels and their informative spatial
regions in every feature channel. The key contribu-
tions are summarized as follows: (i) A new attention
mechanism is proposed to enable the UNet architec-
ture to leverage channel-wise and spatial attention.
This dual-focus input and output have compatibil-
ity, allowing the network to better extract useful
features and spatial information, thereby improving
segmentation accuracy. (ii) Thorough experimenta-
tion is conducted on two public dermoscopic image
datasets to validate the proposed DFAB-UNet model.
(iii) The model’s effectiveness and reliability are as-
sessed through a detailed analysis of performance
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metrics, including precision, recall, F1 score, and
other essential indicators.

Related works

Advancements in deep learning have significantly
improved skin lesion segmentation by addressing
specific challenges and enhancing accuracy and ro-
bustness. For example, Tomar et al.?’ proposed a
new deep-learning framework, FANet, to enhance
the segmentation of biomedical images. By reusing
features from each training epoch, FANet progres-
sively refined the prediction masks, yielding more
accurate segmentation outputs. It included a feedback
mechanism that reused the previous segmentation
mask for the same image and combined it with the
feature maps of the current epoch, allowing the net-
work to pay intricate attention to selected features.
The FANet was trained on the HAM10000 dataset,
achieving an F1 score of 0.8731 and a sensitivity
of 0.8650, outperforming BCDU-Net by 2.21% in F1
and 8.00% in sensitivity. Gupta et al.?® published a
combined method for skin lesion segmentation inte-
grating multi-level closing-based hair removal with
an ensemble of deep networks, including U-Net and
Res-Net. This model obtained a Dice Similarity Coef-
ficient (DSC) of 0.9555, an Intersection over Union
(IoU) of 0.8545, and an accuracy of 95.87 % on the
HAM10000 and ISIC datasets. Zhang et al.?° devel-
oped SPDD-PatchGAN for accurate dermoscopic skin
lesion segmentation, which implemented superpixel-
guided discriminators and dual-branch patch-based
discriminators to enhance local segmentation details.
The SPDD-PatchGAN achieved an IoU of 89.92% and
an accuracy of 95.94% on the HAM10000 dataset,
outperforming other state-of-the-art methods using
CNN or GAN techniques. Li et al.*° proposed SG-
MIAN, a skin lesion segmentation algorithm that
employed image-level labels reproducibly instead
of pixel-level labels and reduced the significant
spending on labor-intensive annotation. It employed
multiple spatial perceptrons (MSP) to localize and ac-
tivate lesion areas robustly. This model improved the
previous weakly supervised segmentation techniques
by attaining an IoU of 74.33% and a DSC of 83.10%
on the HAM10000 dataset. Zhi et al.®' introduced
TEDMAE, a Teacher-Student architecture based on
Masked Autoencoders (MAE) for more accurate skin
lesion segmentation. By combining self-distillation
and optimization techniques, TEDMAE can learn lo-
cal and global features from dermoscopy images.
On the PH2 dataset, this model achieved a DSC of
91.2% and an IoU of 84.5%, surpassing several ex-
isting methods. Kaur et al.>? tackled the problem

BAGHDAD SCIENCE JOURNAL 2026;23(3):1100-1115

of skin lesion segmentation in dermoscopic images
with an advanced U-Net-based architecture incor-
porating residual learning, attention gates, and a
modified decoder - ARU-Net-MD. Experimental stud-
ies on various datasets showed that ARU-Net-MD
achieved accuracy rates up to 0.97, indicating its
effectiveness in automatic skin lesion segmentation.
Lie et al.®3 introduced USL-Net, a new method of
determining dermoscopic image segmentation with-
out manual labeling. USL-Net utilizes contrastive
learning for image feature extraction and Class Ac-
tivation Maps (CAMs) to generate pseudo-labels for
lesion regions. On the ISIC-2017 dataset, USL-Net
outperformed state-of-the-art unsupervised methods,
improving mean accuracy by 1.7%, DSC by 6.6%, IoU
by 4.0%, and sensitivity by 10.6%.

Zhao et al.>* proposed LUT-SLS, a lightweight
Transformer-based U-Net variant, designed to im-
prove skin lesion segmentation by integrating the
Convolution Module, the Pooling-based Lightweight
Transformer Structure (PLTS), and the Multi-Scale
Bottleneck Network (MSBN). The Convolution Mod-
ule uses depth-separable convolution and SE at-
tention to better extract features and minimize
computation. The PLTS Module uses average pooling
instead of self-attention, greatly reducing computa-
tional costs while retaining segmentation capability.
On the other hand, the MSBN Module utilizes
multi-level spatial pyramid pooling to capture le-
sion features at multiple scales. Optimally performing
using a Binary Cross-Entropy and Dice loss func-
tion, trained the model with Adam optimizer and
CosineAnnealingLR scheduler.

Garbaz et al.*> proposed DMFC-UFormer, a depth-
wise multi-scale factorized convolution (DMFC)
transformer-based U-Net, specifically adapted for
medical images, such as skin lesions, by combining
the strengths of CNNs and Transformers for local and
global features in fewer parameters. The architec-
ture consisted of four main parts: DMFC-Transformer,
which explored the multi-scale factorized feature ex-
traction (MFFE) and DMFC to capture feature diver-
sity; Enhanced Contextual Feature Integration (ECFI)
to model contextual correlation; Spatial-Channel Par-
titioned Feature Attention (SCPFA) to increase the
receptive field range and strengthen the feature infor-
mation; Attention-Based Feature Stabilization (AFS)
to further optimize the skip connection and keep
the necessary semantics. DMFC-UFormer was vali-
dated on two skin lesion segmentation datasets, ISIC
2017 and PH2. The model reached state-of-the-art
results with a Dice Coefficient of 82.39% on ISIC
2017 and 89.99% on PH2. This promising model that
balances speed and accuracy is suitable for real-time
skin lesion analysis, particularly in the context of
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Fig. 1. Overview of the proposed DFAB-UNet architecture.

mobile and IoT-based healthcare. Finally, our pre-
vious study>® presented DeepSkinSeg, a lightweight
U-Net-inspired model specifically designed for pre-
cise skin lesion segmentation in dermoscopic images.
The proposed model solves two common problems,
hard-to-identify boundaries and low efficiency, of
medical image segmentation. The authors suggested
a simplified version of the conventional U-Net, using
fewer layers and retaining important skip connections
to compromise the performance of the segmenta-
tions and the computational needs. State-of-the-art
results have been achieved by DeepSkinSeg on the
PH2 and HAM10000 datasets, using Dice coefficient
96.36% and Intersection over Union (IoU) 92.98%,
respectively, which several recent models do not
better. The authors’ work highlighted the feasibil-
ity of practical, efficient, real-time applications for
Al in clinical dermatology while preserving the ac-
curacy of segmentation. Therefore, it is a strong
contender for integration into automated diagnostic
platforms.

Methodology

In this paper, a DFAB is proposed and incorporated
into a U-Net, resulting in the DFAB-UNet architec-
ture to improve skin lesion segmentation. It combines
channel and spatial attention mechanisms, which sig-
nificantly benefits the model by focusing on more

informative characteristics. This section elaborates on
the encoder and decoder components that the DFAB
has improved throughout the network. See Fig. 1.

Pre-processing

This study only performed resizing on the initial
dermoscopic images. All images were resized to 224
x 224 pixels for standardization of input dimen-
sions in the network. This resizing was exclusively
performed to optimize batch processing while being
adapted to the model architecture, without post-
processing operations like the removal of artifacts,
contrast adjustment, or normalization. This design
choice demonstrates the robustness of the model to
raw dermoscopic images and the reduction of pre-
processing steps.

Encoder blocks

The input image (I) is forwarded through several
convolutional blocks to generate multi-scale feature
maps. The convolutional blocks consist of a convo-
lutional layer followed by Batch Normalization (BN)
and Rectified Linear Unit (ReLU) activation functions.
More concretely, this input image flows through four
convolutional blocks that result in intermediate fea-
ture maps E;, E,, E3, and E4. Then, E4 is further
processed by the Bottleneck block Eyg. Fig. 2 displays
the architecture of the encoder blocks.
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The proposed DFAB

Channel Attention (CA) is applied to each feature
map produced by the encoder. The CA mechanism
enables the feature maps to focus more attention
on the informative channels. This process is done
by channel-pooling the statistics using average and
max-pooling operations. The query, key, and value
come from the same data, and SoftMax is applied
to create attention weights between the input and
the output. These statistics are then passed through
two fully connected layers that use ReLU and sigmoid
activations to compute the attention weights. The
resulting attention map is applied to the feature map
through element-wise multiplication, producing the
channel-attended feature maps Eca, 1, Eca, 2, Eca. 3,
Eca, 4, and Eca, py. Fig. 3 illustrates the architecture
of the proposed DFAB.

Egs. (1) and (2) are used to compute the global
average pooling and global max pooling for each
channel c, respectively.

e = W Z Xije 1)

H W
1
i=1

j=1

= - =
g s £ g2
EEB £ 3 EE
= © = = -]
= = g S B
& = = A 2
1] = ]
=
max, = max Xijc ()]

1<i<H, 1<j<w

Where x;jc represents the input feature map, H and
W denote the height and width, respectively, and ¢
represents the channel index.

Pooled features are passed through the shared fully
connected layers described in Egs. (3) and (4).

Fpyg = Wiy (WO avg = bO) + b1 3

Enax = Wiy (Wo max = bo) + b @))

Where W; and W, represent the weights, by and b,
indicate the biases, respectively, and y denotes the
RelLU activation function.

The outputs from both global average pooling and
global max pooling are combined, and the sigmoid
function is applied using Eq. (5).

M, = O'(Favg + Frax) (5)

Where o represents the sigmoid activation function.
Finally, the feature map was refined by CA using
Eq. (6).

Xea=McOX (6)

Where © represents element-wise multiplication, X
signifies any of the intermediate feature maps of the
Es1, Eo, E3, E4, and Eyp in the encoder or their respec-
tive channel-attended versions Eca, 1, Eca. 2, Eca. 3,
Eca, 4, and Eca, .

After applying CA, Spatial Attention (SA) is em-
ployed on the channel-attended feature maps, as
presented in Fig. 3. The SA mechanism highlights
the most critical spatial regions in the feature maps.
This process is done by computing the channel-
wise average and max-pooling the spatial statistics.
Then, the concatenated pooled features are fed into
a convolutional layer with a sigmoid activation to
produce one attention map. The full channel-attended
feature map allows spatially attended feature maps
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through element-wise multiplication Ega 1, Esa, 2,
Esa, 3, Esa, 4, and Ega, py.

Egs. (7) and (8) are used to compute the channel-
wise average pooling and channel-wise max pooling
across each channel C, respectively.

c
1
avgsa = E injc (7)
c=1
Maxss = Max Xije 8

Where x;j. represents the input feature map after
the CA.

Eq. (9) is used to compute the spatial attention
mask.

M; = o (Conv (Concat (avgsa, maxsa) , kernal (7 x 7)))
9)

Where o represents the sigmoid activation function,
and Conv is the convolutional layer with a 7 x 7
kernel. Finally, the feature map was refined by SA
using Eq. (10).
Xsa=Ms©Oo (10)

Where Xg4 represents the spatial-attended feature
map after applying SA to the X¢,.

Bottleneck block

The bottleneck block serves as a bridge connecting
the encoder with the decoder to capture high-level se-
mantics. It uses multiple layers that capture complex
patterns that are crucial for precise lesion delineation,
as shown in Fig. 4.

Decoder blocks

The decoder processes the upsampled feature maps,
which are concatenated with the corresponding fea-
ture maps from the encoder that the DFAB has
refined. The process begins with the upsampled fea-
ture map, Egsa, pn, concatenated with Egs 4 to form
D,. This process is iterated over every higher level,
concatenating and upsampling the feature maps D,
Ds, and D, with ESA, 3, ESA, 2, ESA, 1, respectively,
producing intermediate feature maps D3, Dy, and D;.
Fig. 5 shows the architecture of the decoder blocks.

Furthermore, each of the concatenated feature
maps is processed by a decoder convolutional block
to polish the upsampled features. These blocks consist
of convolutional layers followed by BN and ReLU
activations, yielding refined feature maps D,, Dj, D,
and D). The output is the final segmentation map,
generated through the 1x1 convolution with sigmoid
activation after the last decoder block D], resulting in
the segmentation map BWyy.

The integration of CA enables the model to learn
to weigh different channels for each input image,
thereby improving feature representation and seg-
mentation performance. This using SA allows the
model to enrich the representation of spatial loca-
tions, referred as spatial importance, in order to
achieve accurate localization of lesions, therefore, it
can get improved segmentation performance.

Dataset collection

This study utilized dermoscopic images of skin
lesions and their corresponding masks from the
PH2'” and HAM10000'® datasets for the proposed
DFAB-UNet experiment. The PH2 database contains
200 dermoscopic images, each with a resolution of
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Fig. 6. Sample images: (15! and 2™ rows) HAM10000 dataset '® and (3@ and 4" rows) PH2 dataset.'”

768 x 560 pixels, although the HAM10000 dataset
comprises 10015 dermoscopic images of flattened
skin lesions with 600 x 450 pixels. Fig. 6 illustrates
representative image samples and their correspond-
ing ground truth from both datasets. Each dataset was
randomly split into 80% for training, 10% for vali-
dation, and 10% for testing. This approach ensures
sufficient data for training and validation, while leav-
ing a subset unseen for final evaluation. All images
and masks were resized to a uniform resolution of
224 x 224 pixels.

Results and discussion

This section presents the results which evaluate
how well the proposed DFAB-UNet model performs
in segmenting skin lesions. We have tested Adam
and SGD optimizers with different parameter settings.
The Adam optimizer with 0.0001 initial learning rate
outperformed all others. The model was trained for
50 epochs, using a batch size of 16 and binary cross-
entropy as the loss function.

Fig. 7 illustrates the training and validation perfor-
mance of the proposed DFAB-UNet approach on the
PH2 dataset across key metrics, including Loss, Acc,
DSC, and IoU. The loss curves for both the training
and validation show a gradual decrease, reaching
optimal values around epoch 20. The training accu-
racy exceeds 95%, with validation accuracy following
closely. Moreover, the DSC and IoU metrics further
highlight the efficiency of the model, as both met-
rics exhibit steady improvement during the initial
epochs, before stabilizing around 0.95 and 0.90, re-
spectively, for the training and validation datasets.
The strong alignment in performance between train-
ing and validation across several metrics suggests that
DFAB-UNet can provide segmentations that are both
precise and accurate with respect to the ground truth
annotations.

Fig. 8, displays the segmentation confusion matrix
for both datasets, highlighting the model’s ability to
distinguish between lesion and background with min-
imal misclassification.

Based on the PH2 confusion matrix as shown in
Fig. 8, we can observe that the segmentation model
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Fig. 8. Pixel-level confusion matrix: left: PH2 (20 images) and right: HAM10000 (1004 images).

achieves a high overall performance: it classifies
background pixels and lesion pixels accurately. The
model achieves very high precision, referring to how
rarely it assigns background pixels as lesions, and
good recall, indicating that it generally identifies
most lesion pixels.

In addition, the Dice coefficient of overlap between
the predicted lesion regions and the ground truth is
high, indicating good segmentation performance. In
contrast, the result demonstrates the existence of false
negatives, where pixels of the lesion in question were
classified as background, which indicates that some
parts of the lesion are missed altogether, which is an
undesirable behavior in a medical use case.

Overall, the confusion matrix shows that the seg-
mentation model performs well, with a high number
of lesion pixels and background pixels, which means
that the model could discriminate well between the
lesion and the non-lesion regions. Nevertheless, there
are false positives (background pixels misclassified as
lesions) and false negatives (lesion pixels misclassi-
fied as background), areas where the model could
still improve. To improve this, more work could
be devoted to boosting the model’s ability to iden-
tify smaller or less prominent regions of the lesion.
These could involve more complex data augmenta-
tion approaches, possible modifications to the loss
function to emphasize the identification of lesions or
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Table 1. Segmentation results comparison of different methods on the PH2 dataset.

Author(s) and Year Acc Pre Sen DSC IoU Spe
Li et al., 202430 - 85.36 76.30 -

Zhi et al., 202431 - - 91.20 84.50 -
Kaur and Kaur 2024 32 96.56 91.61 92.65 88.57 97.86
Li et al., 202433 92.40 - 93.60 88.90 80.10 93.10
Zhao et al., 202434 96.24 91.85 95.57 93.54 87.92 -
Garbaz et al., 2025%° - - 89.99 82.06 -
DFAB-UNet 97.24 96.66 92.04 94.30 89.21 98.95

Table 2. Segmentation results comparison of different methods on the HAM10000 dataset.

Author(s) and Year Acc Pre Sen DSC IoU Spe
Tomar et al., 202227 92.35 96.11 86.50 - 80.23 -
Zhang et al., 2024 2° 95.94 90.41 92.31 89.92 97.51
Li et al., 202430 - - - 83.10 74.33 -
Zhao et al., 2024 3% 95.63 90.79 87.99 88.94 80.59 -
DFAB-UNet 96.20 93.28 92.31 92.79 86.55 97.60

architectural changes, such as extracting features at
multiple scales or making use of attention decision-
making mechanisms. Using ground truth data, the
model can learn to make continual fine-tuning like
these to invest more attention to data points, leading
to a more effective segmentation, especially on a dy-
namic application form. In our proposed system, six
different parameters, Accuracy (Acc), Precision (Pre),
Sensitivity (Sen), DSC, IoU, and Specificity (Spe), are
considered for comparative analysis and are calcu-
lated using Eqgs. (11) to (16)37-38,

TP + TN
Accuracy = Acc = (IP + TN) 11
(TP + TN + FP + FN)
TP
Precision = Pre = ———— (12)
TP + FP
e TP
Sensitivity = Sen = ———— (13)
TP + FN
2 xTP
DSC = . 14)
2 xTP+FP+FN
TP
oU= ———————— (15)
TP + FP 4+ FN
TN
Specificity = Spe = —— 16
P Y= Pe= INTFP (16)

Where TP is true positive, FP represents false pos-
itive, TN denotes true negative, and FN indicates

false negative. Nevertheless, Table 1 displays the seg-
mentation performance of the proposed DFAB-UNet
regarding the PH2 dataset.

The stable performance of DFAB-UNet on vital
statistics confirms its effectiveness and reliability,
making it an ideal candidate for skin lesion segmen-
tation. DFAB-UNet achieved the highest accuracy on
the PH2 dataset, 97.24% on a pixel-level task, thus
improving upon the state-of-the-art. It recorded only
3.34 % false positive errors, demonstrating the high
precision of its lesion detection. Moreover, DFAB-
UNet achieved a sensitivity of 92.04%.

Another example of superior performance across
all basic binary segmentation evaluation metrics,
DFAB-UNet achieved a DSC of 94.30% and IoU of
89.21%. Higher values in these metrics indicate a
well-predicted segmentation that aligns closely with
the ground truth.

DFAB-UNet also achieved the highest specificity
of 98.95%, i.e., the highest proportion of true non-
lesional voxels while minimizing false negatives.

Moreover, DFAB-UNet significantly outperforms al-
ternative techniques in these metrics, showcasing it
as a robust, stable, and promising solution for auto-
mated skin lesion segmentation on the PH2 dataset.
Furthermore, Table 2 displays the segmentation per-
formance of the proposed DFAB-UNet regarding the
HAM10000 dataset.

Finally, Figs. 9 and 10 present the segmentation
results of DFAB-UNet in comparison to the baseline
UNet on the PH2 and HAM10000 datasets, respec-
tively.

The DFAB-UNet was evaluated on the HAM10000
dataset and compared with other state-of-the-art
techniques. The results indicate that DFAB-UNet
achieved the highest pixel-level classification accu-
racy of 96.20%, highlighting its strong potential
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Fig. 9. PH2 dataset segmentation results: (left to right) Original image, ground truth, UNet, DFAB-UNet, and boundaries.

for pixel-wise classification segmentation. Addition-
ally, DFAB-UNet achieved the best Sen together with
Zhang et al.,?° with a value of 92.31%. This under-
scores its capability in true positive detection and
lesion localization.

DFAB-UNet also achieved the highest DSC of
92.79%, indicating superior performance in handling
deformations and ensuring high-quality segmenta-
tions. Finally, the Spatial Distance Maps (SDMs)
were used to visualize the segmentation performance
of DFAB-UNet across different cases, as shown in
Fig. 11.

The SDM visualizations show three regions: the le-
sion core (red), the lesion rim (green) and background
(blue). Red: the lesion core, where pixel intensity is
inversely proportional to the distance to the lesion
center. The boundary is delineated with green edges,
indicating the model’s ability to get edge details
perfectly. Blue represents the background outside of
lesion. The SDM examples show distinct transition
at their boundaries and little background penetra-
tion, which demonstrates the applicability of our
model in discerning lesions from non-lesion regions,
as well as proving its stability to maintain structural

integrity and contour precision across various lesion
morphologies.

Ablation study

The hyperparameters of DFAB-UNet were selected
based on extensive experiments and established best
practices in deep learning for medical image segmen-
tation. To validate these choices, an ablation study
was performed to systematically search for the opti-
mal hyperparameter settings for training DFAB-UNet.
The key hyperparameters of the DFAB-UNet are dis-
played in Table 3.

Table 3. Hyperparameters and their selection.

Hyperparameter Value

Batch Size 10

Number of Epochs 50

Learning Rate 1x107°
Optimizer Adam Optimizer

Loss Function Binary Cross-Entropy

In addition, an ablation study was performed,
where these hyperparameters were systematically
modified to evaluate their contribution to
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Fig. 10. HAM10000 dataset segmentation results: (left to right) Original image, ground truth, UNet; DFAB-UNet, and boundaries.

segmentation performance. Their impact was
determined by using different metrics, including
Acc, Pre, Sen, Dice, and IoU. The impact of batch size
is demonstrated in Table 4, where different batch
sizes are evaluated.

Table 4. Impact of batch size.

Batch Size  Acc Pre Sen DSC IoU

5 93.78 96.01 94.10 93.72 89.25
10 96.71 97.97 96.84 95.56 91.49
20 92.80 94.65 93.52 9294 88.71

A batch size of 10 demonstrated the best balance
between computational efficiency and model per-
formance. On the other hand, smaller batch sizes
resulted in noisier training conditions or noisier gra-
dients. In comparison, larger batch sizes caused a
decline in the network’s performance due to a loss of
generalization. Moreover, the impact of the learning
rate is displayed in Table 5, where different learning
rate values are evaluated.

Table 5. Impact of learning rate.

Learning Rate  Acc Pre Sen DSC IoU

1x10* 91.82 93.56 92.10 92.01 87.80
1x107° 96.71 97.97 96.84 9556 91.49
1x10°° 93.20 94.67 9356 93.14 88.62

With a learning rate of 1 x 10~> we were able
to achieve a smooth convergence without excessive
jumps or decreased learning speed.

Larger learning rates caused random oscillation
during training, while smaller reduced convergence
speed. Table 6 shows the performance evaluation of
SGD, Adam, and RMSprop optimizers.

Table 6. Impact of optimizer.

Optimizer Acc Pre Sen DSC IoU

SGD 89.78 91.68 90.12 90.53 85.72
Adam 96.71 9797 96.84 95.56 91.49
RMSprop  93.88 95.14 94.12 93.46 89.32

The Adam optimizer yielded better results than
other optimizers due to its adaptive adjustment of
the learning rate and efficient handling of sparse
gradients. Furthermore, Table 7 presents a detailed
performance evaluation of the impact of the loss func-
tion.

Table 7. Impact of loss function.

Loss Function Acc Pre Sen DSC IoU

Mean Squared Error  88.65 91.02 90.10 89.22 84.10
Focal Loss 94.89 96.02 95.28 94.18 90.42
Binary Cross-Entropy 96.71 97.97 96.84 95.56 91.49

Binary cross-entropy proved to be the most effec-
tive loss function for binary segmentation problems,
as it strikes a good balance between precision and
sensitivity. Finally, Table 8 provides the impact of the
number of epochs.

Training for 50 epochs provided optimal balance
between training duration and performance, since
additional epochs lead to diminishing improvements.
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Fig. 11. DFAB-UNet SDM results on PH2 and HAM1000 datasets.

Table 8. Impact of number of epochs.

Number of Epochs  Acc Pre Sen DSC IoU

20 92.89 9478 93.58 93.01 88.45
50 96.71 97.97 96.84 95.56 91.49
100 95.89 97.02 96.30 95.12 90.98

This subsection presents a comprehensive analysis
and validation of the DFAB-UNet hyperparameters,
demonstrating that the selected parameters maxi-
mize performance in distinguishing skin lesions from
normal tissue while maintaining computational effi-
ciency. Our systematic evaluation shows that the best
performance was obtained using a batch size of 10,
a learning rate of 1 x 107>, and Adam optimization.
For this binary segmentation task, the appropriate

loss function is the binary cross-entropy. Training
for 50 epochs provides a good balance between
performance and computational time. Thus, these
hyperparameter choices guarantee that DFAB-UNet
achieves state-of-the-art segmentation performance
with minimal computational cost.

Conclusion

The goal of this study was to design an accurate
and robust model for skin lesion segmentation, tar-
geting effective operation on dermoscopic images
with minimal pre-processing. The presented DFAB-
UNet framework achieves the goal by introducing
a dual focus attention block to the conventional
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U-Net, which has the capability of capturing local
detailed structure and global contextual information.
In contrast to many current approaches, the deep
network works on downscaled input images with
minimal pre-processing and post-processing and thus
can be applied in real clinical work. The efficiency
of the proposed model was successfully validated
by performing extensive experiments on the PH2
and HAM10000 benchmark datasets. The DFAB-UNet
performed remarkably well in the chosen metrics, ac-
curacy, sensitivity, precision and and the DSC, while
outperforming or being on par with the results of
more sophisticated and more pre-processed models.
These results indicate that the major aim of this
work, to establish a consistent, effective and weakly
dependent segmentation model for limb lesion anal-
ysis, is well achieved. However, though the proposed
DFAB-UNet performs favorably on benchmark data
sets, a few challenges remain before clinical transla-
tion. First, the dermoscopic datasets, such as PH2 and
HAM10000 used here, do not fully model variability
in natural clinical conditions where image qual-
ity, acquisition modality and patient demographics
can vary significantly. This may affect model gen-
eralization and usefulness in different populations.
Secondly, our previous framework is limited to binary
lesion segmentation and is unable to address multi-
class discrimination of lesions, which is also essential
in clinical diagnosis. Thirdly, although the model re-
duces pre-processing of input volume to a minimum,
artifacts like hair, bubbles and uneven light are still
probable pitfalls that could influence the accuracy of
segmentation. Finally, integration into clinical prac-
tice requires attention to computational efficiency,
interpretability, and alignment with regulatory stan-
dards. These limitations will be an important focus
of future work, which includes additional validation
on larger-scale multi-center data sets, introduction
of artifact suppression modules and construction of
explainable AI methods to boost clinician confidence
in automated output. Future work could consider in-
tegrating lightweight artifact suppression modules or
extending the model to multi-class lesion classifica-
tion to improve its diagnostic capability.
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