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Abstract
Accurate wound segmentation is crucial for the precise diagnosis and treatment of various skin conditions through image
analysis. In this paper, we introduce a novel dual attention U-Net model designed for precise wound segmentation. Our
proposed architecture integrates two widely used deep learning models, VGG16 and U-Net, incorporating dual attention
mechanisms to focus on relevant regions within the wound area. Initially trained on diabetic foot ulcer images, we fine-tuned
the model to acute and chronic wound images and conducted a comprehensive comparison with other state-of-the-art models.
The results highlight the superior performance of our proposed dual attention model, achieving a Dice coefficient and IoU of
94.1% and 89.3%, respectively, on the test set. This underscores the robustness of our method and its capacity to generalize
effectively to new data.

Keywords U-Net · Attention networks · Wound segmentation · Medical imaging · Deep learning

Introduction

Skin wounds have a substantial negative impact on patients’
health and quality of life, and represent a substantial eco-
nomic burden to the healthcare system worldwide. Recent
reports indicate that close to one billion individuals world-
wide experience both acute and chronic wounds [1, 2]. Acute
wounds can heal within a predictable period of time depend-
ing on the nature of the injury whereas chronic wounds such
as diabetic foot ulcers (DFU), leg- or pressure ulcers fail
to resolve and are characterized by pathological processes,
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such as continuous inflammation, persistent infections, and
necrosis [3]. The management and treatment of such wounds
are challenging, requiring a systematic and multidisciplinary
approach to the patient, their comorbidity, and the wound
itself [4]. Clinical practice shows that each clinician may
hold diverse and unique perspectives onwound therapy based
on their prior experiences. Nonetheless, every one of these
healthcare providers is delivering wound care. It is therefore
important to push efforts into the standardization of wound
monitoring and management. An accurate wound assess-
ment includes a comprehensive patient history, etiology of
the wound, the wound characteristics such as size, depth,
condition of the wound bed and peri-wound area including
the amount, color, and consistency of exudate as well as signs
of infection [5].

Standard clinical practice for wound examination mainly
involves techniques to measure the wound dimensions, such
as measuring the perimeter with a ruler or outlining the
wound on a transparent sheet to calculate surface area.
These methods are highly subjective, time-consuming, and
are prone to errors. Alternatively, medical imaging technol-
ogy based on artificial intelligence (AI) and deep learning
techniques (DL) has increasingly become a common prac-
tice for automatic assessment of chronic wounds in clinical
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settings in recent years. This shift has brought about radical
changes in wound care practices. Unlike the measurement
methods mentioned above, techniques based on AI and auto-
matic image analysis offer the potential to reduce the risk
of infection while improving the accuracy, speed, and objec-
tivity of wound diagnosis. Additionally, AI and DL helped
reduce the burden on healthcare professionals by automating
wound assessment routines. Thus, providing clinicians with
valuable information regardingwoundprogressionover time,
allowing them to have more time to focus on more complex
aspects of the wound management. This collaborative effort
between technology and healthcare professionals can lead
to enhanced outcomes for medical practitioners and patients
alike.

The first step towards an effective automated image anal-
ysis is to provide efficient algorithms for segmenting the
wound area or what we call the region of interest (ROI). This
step aims to identify and separate the ROI from the surround-
ing healthy tissue while eliminating all background elements
in an image. The segmentation of wound images can be a
challenging task due to their variability in size, shape, texture,
and color because of the presence of different tissue types,
as well as the presence of artifacts and noise in the images.
Nonetheless, the accurate segmentation of these images is
crucial for effective wound management, as it enables clin-
icians to accurately measure and track the healing progress
over time.

Recent advances in DL have enabled the development of
powerful semantic segmentation algorithms forwound image
analysis providing reliable and promising results. DL seman-
tic segmentation algorithms use fully convolutional neural
networks (FCNs) to process images and generate pixel-wise
output maps that classify each pixel in the image as belong-
ing to the wound or non-wound class. TheU-Net architecture
[6] is a widely used FCN architecture for medical image seg-
mentation tasks, as it has demonstrated high performance and
accuracy in a variety of applications including wound image
segmentation. Its versatility and performance have made it a
popular choice among researchers in the field.

However, there are also several challenges associated
with the use of DL for wound segmentation. First, in the
case of wound images, collecting a large dataset with accu-
rate ground truth segmentation masks can be difficult and
time-consuming. Also, wounds show considerable variabil-
ity, presenting a challenge for DL algorithms to generalize
on new, unseen wound images. Finally, wound segmentation
in a clinical environment remains challenging due to lighting
conditions, noise, and artifacts such as shadows, reflections,
and debris,which can interferewith the segmentation process
and lead to inaccurate results and require additional post-
processing steps.

This paper proposes a novelwound segmentation architec-
ture using U-Net and a dual attention mechanism comprising

attention gates (AG) [7] and squeeze-and-excitation (SE)
blocks [8]. In the proposed approach, attention gates are used
to highlight the most important features in the image, while
SE blocks are used to recalibrate the feature maps to empha-
size the most informative channels. By combining these two
powerful techniques, the network can benefit from both spa-
tial and channel-wise feature selection, which can enhance
the accuracy of the segmentation by reducing the impact of
noise and irrelevant information in the input. Additionally,
the improved U-Net architecture was built upon a pre-trained
VGG16 model backbone [9] to further improve the perfor-
mance and reduce the computational cost.

The aim of this study is to evaluate the performance of
the proposed model in terms of segmentation accuracy and
compare it with other state-of-the-art models. We conducted
extensive experiments on several databases, focusing on
diabetic foot ulcers because of their chronic wound charac-
teristics, ischemia, and infection [10]. Our method provides
accurate and reliable segmentation, making it suitable for
wounds of various types and sizes, regardless of their loca-
tion or healing stage.

RelatedWork

Wound Segmentation

One of the earliest works in this domain was conducted by
Wang et al. [11],where the authors introduced a deep learning
encoder-decoder architecture for wound segmentation. The
training was performed on a dataset of 650 images from the
NYU database [12]. The achieved IoU score was of 47.3%
indicating amodest performance. Goyal et al. [13] took a dif-
ferent approach and compared various Fully Convolutional
Network (FCN) architectures for automated segmentation
of diabetic foot ulcers (DFU) and surrounding skin using a
dataset of 705 images. Their findings showed that FCN-16s
outperformed other architectures, achieving dice scores of
79.4% for ulcer regions and 85.1% for the surrounding skin.

In an attempt to improve segmentation quality, Li et al.
[14] developed a system based on MobileNet using 950
wound images. Employing a preprocessing step involving
watershed and dynamic thresholding, the authors aimed to
simplify the segmentation task and enhance network per-
formance. As a result, they obtained an average IoU index
of 85%. A two-stage wound segmentation pipeline was later
proposed by [15], which comprised wound segmentation and
skin detection to overcome complex background elimination
in clinical environments. By combining skin and wound seg-
mentation masks, the authors achieved an impressive Dice
score of 99.26%and an IoUof 98.48%.However, thismethod
relied on a relatively small dataset of 569 images, requiring
additional skin annotations.
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To address the challenge of limited data, Mahbod et al.
[16] proposed an ensemble of LinkNet and U-Net networks
with EfficientNetB1 and B2 pretrained weights. Various
augmentation techniques were applied, resulting in an aver-
age Dice Similarity Coefficient of 88.80%. Gamage et al.
[17] compared Mask-RCNN, Faster RCNN with Mask-
RCNN extension, and U-Net for ulcer segmentation using
400 ulcers. Despite employing an offline data augmentation
approach to expand the training dataset, the Mask-RCNN
modelwith aResNet-101 backbone achieved only an average
precision of 50.84%, which is considered to be a suboptimal
performance. Another study by Zahia et al. [18] also used
Mask-RCNNwith a ResNet-50 backbone to segment wound
areas. A mean Dice score of 83% was achieved. However,
this method was tested on a small dataset of 200 images.

More recently, the dataset released during the DFUC2022
Challenge has prompted the development of various deep
learning methods for diabetic foot ulcer segmentation. The
published papers offer unique contributions to the field,
exploring different challenges of DFU segmentation and
proposing novel solutions. The baseline paper by Kendrick
et al. [19] introduced a patch-based framework using FCN32
with a VGG backbone, achieving first place in the challenge
with an impressive Dice score of 72.87%. Similarly, Chen
et al. [20] presented a novel patch-based approach using
higher-resolution images. By dividing images into smaller
patches, performing segmentation on each patch, and then
reassembling the results through an ensemble approach, the
method effectively captures fine-grained details, leading to
higher accuracy and improved performance. However, rely-
ing solely on patches may limit the model’s ability to capture
larger-scale patterns and contextual information.

Some papers focused on enhancing existing architectures
and backbones to improve efficiency and boundary detection
capabilities. HarDNet-DFUS [21] enhanced the backbone
and decoder of the HarDNet-MSEG introduced in [22]. The
method shows promising results, particularly in capturing
intricate details within the ulcers. However, the segmenta-
tion performance may still be affected by issues like class
imbalance. The authors in [23], introduced edge loss, lead-
ing to improvedpreservation of lesion boundaries ofOCRNet
[24]. This approach enhances boundary detection, leading to
more precise segmentation results compared to the original
network.

Scebba et al. [25] conducted a comparative study of
various state-of-the-art segmentation models, including U-
Net, ConvNet, DeepLabV3 (ResNet-101 backbone), and
FCN (VGG16 backbone). While their approach highlighted
strengths and weaknesses across models, their pipeline
involved a multi-step process comprising wound detection,
post-processing, and segmentation. This design introduces
computational overhead and complexity, which may hin-

der real-time applications. Furthermore, the authors did not
incorporate advanced attention mechanisms, potentially lim-
iting the ability to focus on relevant features effectively.

On a different approach, the integration of convolutional
and transformer-based models in [26] and [27] both high-
light the importance of leveraging transformers in medical
image analysis. Still, optimizing the combination and interac-
tion between these components and addressing issues related
to computational complexity is crucial for achieving the
best performance. Additionally, Cassidy et al. [28] proposed
an Enhanced Harmonic Densely Connected Hybrid Trans-
former Network for chronic wound segmentation, utilizing
multi-color space tensormerging to improve feature learning.
Their work showed significant improvements in Dice scores
for wounds on darker skin tones, addressing an important gap
in wound segmentation. However, the added complexity of
the hybrid transformer architecture could pose challenges
for computational efficiency and scalability, especially in
resource-limited settings like mobile health applications.

Other authors tried to address data challenges to enhance
the robustness of the segmentation models. Galdran et al.
[29] addressed the challenge of out-of-distribution samples
by exploring the optimal combination of cross-entropy and
soft Dice losses for lesion segmentation, demonstrating
enhanced performance against unseen data. Hresko et al.
[30] introduced a refined mixup augmentation strategy that
outperforms traditional mixup augmentation and other data
augmentation techniques, leading to improved segmentation
results. Meanwhile, Brungel et al. [31] extended the dataset
using synthetic data, enabling improved generalization capa-
bilities. However, the quality of the generated synthetic data
should be carefully addressed and evaluated.

Attention Networks

Attention-based DL models have shown great potential in
various computer vision tasks [32]. In the context of wound
image segmentation, attention networks have been employed
to effectively capture relevant features and focus on wound
regions, offering improved accuracy of segmentationmodels.

The first paper to introduce attention networks specifi-
cally for medical image segmentation was Oktay et al. [7],
who proposed the U-Net architecture that employs an atten-
tion gate mechanism for pancreas segmentation from CT
images. Experimental results demonstrated improved seg-
mentation accuracy compared to the standard U-Net model.
A similar approach was proposed by Wang et al. [33] to
perform brain tumor segmentation and experimental results
supported the efficacy of adding an attention block to enhance
Unet accuracy. The authors in [34], replaced Unet with a
Residual UNet++ architecture obtained by adding residual
units to a nested Unet architecture. The proposed approach
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improved segmentation accuracy on three different medical
image datasets.

Another attention mechanism is to model channel-wise
dependencies of the feature maps in a soft-attention man-
ner using Squeeze and Excitation Networks (SENets) [8].
SENets have been successfully applied to various medi-
cal imaging modalities when combined with Unet variants,
improving segmentation accuracy, and highlighting relevant
structures [35–37]. Liang et al. [38] introduced RSEA-Net,
integrating residual and SE blocks, which enhanced feature
recalibration, significantly improving segmentation accuracy
across various medical datasets.

Chae et al. [39] proposed a Residual U-Net architecture
tailored for pressure ulcer segmentation. While effective,
their model is computationally demanding, which limits its
practicality for deployment in resource-constrained envi-
ronments. Additionally, Chae et al. incorporated SE and
attention blocks, but their lack of layered recalibration con-
strained the model’s ability to capture fine-grained details
in deeper layers. Moreover, as the model was specifically
designed for pressure ulcer segmentation, it risksweaker gen-
eralization to other wound types with diverse characteristics.

A notable recent contribution is the MedSAM paper
[40], which introduced a specialized deep learning archi-
tecture with a self-attention mechanism for segmenting
various medical images. MedSAM requires the selection of
a bounding box for the region of interest (ROI), helping
the model focus on specific areas and improving segmenta-
tion accuracy.WhileMedSAMdemonstrated state-of-the-art
performance across various datasets and effectively handles
class imbalance, its computational complexity necessitates
further optimization for practical deployment.

While attention networks and squeeze and excitation
mechanisms offer a promising opportunity to enhance the

efficiency of medical image segmentation, there is a lack
of research conducted specifically in the context of wound
image segmentation.

ProposedMethod

The aim of this research is to investigate the effect of atten-
tion layers and transfer learning on the performance ofwound
segmentation. The models will be trained and tested on dif-
ferent datasets to evaluate their ability to generalize. In this
section, we introduce the techniques used in the Dual atten-
tionU-Net, beginningwith the baselineVGG16-Unetmodel,
followed by associated spatial and channel attention mod-
ules. An overview of the proposed architecture is presented
in Fig. 1.

Overview of the Baseline VGG16-UNet

The baseline model integrates twowidely used architectures,
VGG16 and U-Net, for image recognition and segmentation
tasks. The encoder network from VGG16 and the decoder
network from U-Net are combined to provide the benefits of
both architectures. U-Net is a popular deep learning archi-
tecture designed for image segmentation tasks, consisting
of an encoder network that captures context information
and a decoder network that performs segmentation based on
encoded features.

VGG16 is a popular convolutional neural network (CNN)
that serves as a baseline architecture for many computer
vision tasks [9]. It was trained on the ImageNet dataset, a
large-scale image recognition dataset with over 14 million
images in more than 20,000 classes. By using VGG16 as a
backbone for U-Net and pre-trained weights from VGG16,

Fig. 1 Overview of the proposed dual attention VGG6-UNet
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the network achieves better performance (see the “Results
and Discussion” section) and faster convergence, especially
when working with limited data [41, 42].

In VGG16-U-Net, the VGG16-based encoder extracts
high-level features from the input wound image, while the U-
Net-based decoder performs pixel-wise segmentation. Also,
the VGG16 model is modified to include skip connections
to the decoder network, which helps preserve fine-grained
details during the segmentation process.

The convolutional blocks in the encoder network consist
of two or more consecutive 3 × 3 convolutions, followed
by a ReLU activation function and a 2 × 2 max-pooling
operation. In the decoder network, the convolutional blocks
are similar to those used in U-Net, consisting of a 2 × 2
up-convolution (also known as transposed convolution), fol-
lowed by concatenation along the channel dimensionwith the
corresponding feature map from the encoder network. The
concatenated feature maps are then passed through two or
three consecutive 3 × 3 convolutions with ReLU activation,
depending on the layer. Finally, skip connections connect the
corresponding encoder and decoder layers to preserve spatial
information during the up-sampling process.

Dual Attention Pipeline

Attention mechanisms in neural networks refer to a way of
selectively focusing on parts of the input during the process-
ing of a neural network. The idea is inspired by the human
brain’s ability to selectively process specific regions of input
stimuli based on their relevance to the current task goals. In
the context of semantic segmentation, attention mechanisms
are used to selectively focus on specific regions of an image
that are most relevant for segmentation [43, 44]. The idea is
to assign a weight to each pixel in the feature maps based
on its importance for the final segmentation output. Pixels
with high weights are given more attention during the seg-
mentation process, while pixels with low weights are given
less attention.

One popular approach for incorporating attention mech-
anisms in semantic segmentation is the use of a spatial
attention module so-called attention gate (AG). This module
takes two inputs, the featuremap from the encoder network at
that level and the generated decoder output after an attention
gate has been applied at the previous level, then generates
a set of attention maps that indicate the importance of dif-
ferent regions in the feature map for segmentation. These
attention maps are computed by passing the input image
through a CNN and then applying a sigmoid activation func-
tion to the resulting feature map. The obtained maps are then
used to selectively combine features from different regions
of the feature map during the decoding process through an
element-wise multiplication. This allows the decoder net-
work to focus on the most relevant regions of the feature
map for segmentation, while ignoring regions that are less
relevant. The structure of the additive attention gate intro-
duced in [7] is illustrated in Fig. 2.

Another approach for incorporating attentionmechanisms
in semantic segmentation is the use of a channel attention
module. This module takes as input the feature map from the
encoder network and generates a set of attention vectors that
indicate the importance of different channels in the feature
map for segmentation. The attention vectors are then used
to selectively scale the features in each channel during the
decoding process. This allows the decoder network to focus
on the most relevant channels of the feature map for segmen-
tation, while suppressing channels that are less relevant.

Squeeze-and-Excitation (SE) is a type of attention mech-
anism that adaptively recalibrate the feature maps based on
their channel-wise relevance to the target task [45]. The SE
mechanism consists of two main components: the squeeze
operation and the excitation operation. The squeeze opera-
tion is used to compress the spatial dimensions of the feature
maps, reducing them to a global descriptor vector. This is
achieved by applying a global average pooling operation
over the feature maps along the spatial dimensions. The
resulting vector represents a summary of the channel-wise
features. The excitation operation is then used to generate

Fig. 2 The spatial attention module schematic, where g is the gating signal, xl is the input feature map,
⊕

denotes add, and
⊗

denotes the
elementwise multiplication. Figure reproduced from [7]
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Fig. 3 The channel attention module schematic, where C refers to the
number of channels and r is the reduction ratio

channel-wise weights based on the learned importance of
each feature map channel. This is achieved by passing the
global descriptor vector through two fully connected layers
with ReLU and sigmoid activations, which learn to generate
a set of channel-wise weights [8, 46]. These weights are then
applied to the original feature maps to highlight important
channels and suppress irrelevant ones. The architecture of
the channel attention module is shown in Fig. 3.

By adding SE blocks after each encoder and decoder, the
network is able to performcontext detection at different levels
of abstraction. The SE blocks after the earlier encoders can
detect coarse-grained context, while the SE blocks after the
deeper encoders and decoders can detect fine-grained local-
ization. This approach allows the network to make better
feature selection, resulting in better segmentation perfor-
mance.

Databases

In this study, we utilized three distinct chronic wounds
databases, as outlined below:

WTS Dataset

The Wound Tissue Segmentation dataset (WTS) was col-
lected for the purpose of this study. It is composed of images

from multiple sources to ensure the representation from var-
ious wound pathologies and types. The collected wounds
could be chronic or acute. The chronic ones include dia-
betic foot ulcers, pressure ulcers, venous ulcers,mixedulcers,
and arterial ulcers. On the other hand, acute wounds include
burns, traumatic wounds, and surgical wounds, including
skin grafts. This dataset comprises six skin tones according
to the Fitzpatrick scale [47]. The data collection procedure
was approved by Geneva’s research ethics committee (deci-
sion N°2022-00827) and all participants gave their consent
to share their wound images.

For data diversity, wound images from two public databa-
ses were included [48, 49]. Consent for inclusion in theWTS
was granted by the authors. The dataset consists of a total of
2230 images, each accompanied by corresponding annota-
tions. It was then partitioned into training, validation, and
test sets with a 70%, 20%, and 10% split ratio, respectively.
The distribution of wound types and sizes was carefully con-
sidered to ensure a comprehensive representation.

The process of labeling the images was conducted by
a wound care specialist nurse who annotated the wound
area and the tissue type (granulation, slough, necrosis, and
epithelialization) by indicating their contours. Only the
wound area is used as ground truth in this study. To validate
the accuracy of labeling, a dermatologist carefully reviewed
the annotations. This rigorous annotation process ensures the
dataset’s reliability andmakes it a valuable resource for train-
ing and evaluating AI models for wound recognition and
analysis. Figure 4 provides visual examples of the wound
annotations from the training set.

The dataset’s diversity is a key strength, as it includes
wound images of varying sizes, shapes, colors, stages of
healing, and skin tones. This diversity poses challenges for
accurate segmentation, which is crucial for real-world appli-
cations in clinical settings. By exposing the model to such
diverse scenarios, it is better prepared to handle the complex-
ities encountered during actual clinical use, including home
care.

DFUC Dataset

The Diabetic Foot Ulcer Segmentation Challenge dataset
(DFUC) was released at the 2022 MICCAI conference [19]
and comprises 2000 images for training and 2000 images
for testing, featuring pictures of both DFU and other foot
conditions acquired with close-ups of the full foot using
three different cameras. However, only the training set
was released with corresponding ground truth segmentation
masks. In this study, we divided the available data into our
own training (70%) and validation (30%) splits.
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Fig. 4 Some images from our database (a) and corresponding ground truth (b)

STANDUP Dataset

STANDUPdataset [15] comprises 569 images acquired from
two sites, the Hospital Nacional Dos de Mayo in Lima, Peru,
and the CHROHospital in Orleans, France. The photographs
were taken following a practical and straightforward image
acquisitionprotocol designed for clinical settings.This proto-
col involved capturing a single image of thewound area using
a smartphone camera from a frontal perspective, under suit-
able room lighting, and without flash. The collected dataset
showcases wounds of different sizes and are in various stages
of healing. The entire database was used as a test set in the
current study.

FuSeg Dataset

The Foot Ulcer Segmentation Challenge (FuSeg) was orga-
nized in conjunction with the 2021 International Conference
on Medical Image Computing and Computer-Assisted Inter-
vention (MICCAI) [50]. The FuSeg dataset consists of
1210-foot ulcer images collected over a period of two years
from 889 patients. This dataset focuses on the segmenta-
tion of foot ulcers, particularly diabetic foot ulcers, and
includes high-resolution images along with corresponding
ground truth segmentation masks. The diversity of wound
images in terms of size, shape, and texture makes this dataset
valuable for testing the generalization capability of wound
segmentation model

Experimental Results and Discussion

Implementation

The proposed wound segmentation model was developed
using the Python programming language and implemented
in the Keras deep learning framework. The dataset was split
into training (70%), validation (20%), and test (10%) sets,
ensuring balanced wound pixel distribution and avoiding
data leakage by including only one image per patient. Input
images and masks had a resolution of 640 × 480 pixels.

Table 1 demonstrates significant variability in wound
sizes, with a maximum of 161,154 pixels in the training
set, ensuring that both small and large wounds were ade-
quately represented. Such diversity is crucial for effective
model training and performance on unseen data.

One of the challenges inwound imaging segmentation lies
in the notable difference in the number of pixels belonging to
the wound region compared to the background region. This
class imbalance can introduce bias during model training,
leading to poor wound delineation. To mitigate this issue, we
employed a weighted cross-entropy loss function.

Themodel was trained using the Adam optimizer for opti-
mization with a learning rate of 1E-05. Also, early stopping
is applied to prevent overfitting. The training process was
stopped if the validation loss did not decrease for 10 epochs.
This helped to prevent the model frommemorizing the train-
ing data and resulted in a better generalization ability of the
model. A batch size of 2 was considered due to memory

Table 1 Wound pixel distribution across dataset subsets

Dataset subset % of total data Total wound pixels Mean pixels/image Max pixels/image Min pixels/image

Training set 70% 21,718,410 13,922 161,154 0

Validation set 20% 6,200,854 13,780 142,694 0

Test set 10% 3,018,539 13,721 103,491 0
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Table 2 Performance
comparison of U-Net backbones

Network DICE IoU

U-net **83.40% (1.80 × 10−6) **74.70% (1.43 × 10−5)

VGG16 U-Net **86.90% (2.83 × 10−6) **79.10% (1.78 × 10−5)

ResNet50 U-Net **68.90% (5.06 × 10−6) **61.00% (2.72 × 10−5)

MobileNetV2 U-Net **85.50% (2.73 × 10−6) **77.30% (1.30 × 10−5)

Inception U-Net **77.70% (1.99 × 10−6) **68.80% (1.18 × 10−5)

DenseNet U-Net **78.10% (6.48 × 10−6) **69.00% (3.34 × 10−5)

EfficientNet U-Net **82.90% (7.56 × 10−7) **73.90% (3.20 × 10−6)

**Significant at p-value < 0.01
The bolded values indicate the best performance

constraints. The same settings for optimizer, learning rate,
and loss function were used for all models to ensure a fair
comparison between all networks.

After training the models on the DFUC dataset, we con-
ducted an evaluation to assess their performance on two
other datasets which were not used during training: WTS
and STANDUP. Each database represents a unique set of
challenges. This evaluation was carried out to test the gener-
alization ability of each network and determine which model
performed the best on unseen data.

PerformanceMetrics

The evaluation metrics selected to evaluate the segmenta-
tion performance of the proposedmethod are Dice Similarity
coefficient (DSC) and Intersection over Union score (IoU).

• Dice coefficient: Also known as the F1-score, it is a com-
monly used metric in medical image analysis to quantify
the degree of overlap between the segmented and the
ground truth mask [51].

• IoU score: Also called Jaccard index, it measures the
similarity between two sets of pixels, specifically the
overlap between the predicted and ground truth segmen-
tationmasks [52]. The IoU is calculated as the ratio of the
intersection of the predicted and ground truth segmenta-
tion masks to their union.

To assess the statistical significance of the observed dif-
ferences in performance metrics, we conducted a detailed
statistical analysis. First, a normality test was performed to
determine whether the data followed a normal distribution,
ensuring the appropriate statistical test was applied. Subse-
quently, a paired t-test was conducted to compare the Dice
and IoU scores across methods. The analysis was performed
at a significance level of 99% (p−value < 0.01), indicating
that differences were unlikely to have occurred by chance.

Results and Discussion

Backbone Architecture Evaluation

A thorough set of experiments was conducted to deter-
mine the most suitable backbone architecture for the wound
segmentation task with U-Net. Various state-of-the-art back-
bone architectures were systematically evaluated including
VGG16 [9], VGG19 [9], ResNet50 [53], Inception ResNet
v2 [54], MobileNet [55], DenseNet [56], and EfficientNetB0
[57]. The mean values of Dice and IoU scores are reported in
Table 2, along with the corresponding p-values from paired
t-tests to establish statistical significance. Results marked
with ∗∗ indicate statistically significant differences (p< 0.01)
compared to the baseline U-net.

Among the tested backbones, VGG16 and MobileNetV2
outperformed other architectures.VGG16 was chosen as the
best backbone architecture based on its superior perfor-
mance. However, MobileNet V2 reached a very close DICE
and IoU score with approximately half less parameters than
VGG16, which make it an ideal candidate for an application
on mobile devices.

Ablation Experiments

Todetermine the impact of attention layers and transfer learn-
ing on wound segmentation performance, we conducted an
analysis of variousmodels.We compared the standard U-Net
model against U-Net with a VGG16 backbone (VGG16 U-
Net), VGG16 U-Net with a squeeze-and-excitation module
(SE VGG16 U-Net), VGG16 U-Net with spatial attention
gates (AG VGG16 U-Net), and our proposed dual attention
network (SE AG VGG16 U-Net) including spatial (AG) and
feature (SE) attention. Table 4 provides a summary of our
wound segmentation results including mean DICE and IoU
scores along with standard deviations (±σ ). To extend our
analysis, we conducted a cross-dataset evaluation to assess
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the generalization capability of our models across diverse
wound datasets. This approach aims to identify potential
limitations and benchmark the effectiveness of our model
in real-world healthcare settings. Additionally, we recorded
the number of parameters and execution time per epoch for
each model, which are presented in Table 3.

The results reveal that utilizing VGG16 as a backbone
architecture considerably enhances the performance of the
standard U-Net model across all metrics. The VGG16 U-Net
model showed a 5% improvement in IoU and a 4% increase
in Dice coefficient on the STANDUP dataset. Additionally,
there was an increase of 14% and 13% in IoU and Dice for
the FuSeg dataset. The performance improvement is simi-
lar on the WTS and DFUC sets. Moreover, VGG16 U-Net
requires fewer training parameters, leading to improved com-
putational efficiency.

We also found that incorporating SE modules after each
encoder-decoder block further improved performance with-
out adding any additional computational cost. The proposed
SE VGG16 U-Net achieved higher Dice and IoU than
VGG16 U-Net for the four testing sets (a 4% and 5% IoU
improvement for STANDUP and WTS, respectively). This
underscores the efficacy of integrating SE modules for both
performance and efficiency gains.

Moreover, introducing Attention Gates (AG) alone into
the (VGG16 U-Net) architecture demonstrates a positive
impact on segmentation results. The (AG VGG16 U-Net)
achieves competitive results, surpassing the baseline U-Net
on all four databases, including DFUC, STANDUP, FuSeg,
and WTS. This indicates that introducing attention mech-
anisms, even without Squeeze-and-Excitation (SE) blocks,
enhances the model’s ability to focus on relevant features
during the segmentation process.

Comparing the results of the SE VGG16 U-Net and the
AG VGG16 U-Net, it is evident that both attention mecha-
nisms contribute positively to segmentation accuracy. The SE
VGG16U-Net achieves higher scores on datasets like DFUC
and WTS, but the AG VGG16 U-Net remains competitive
across all datasets. This suggests thatwhileSEblocks provide
an additional level of feature recalibration, AG gates alone
are effective in capturing relevant information forwound seg-
mentation.

Table 3 Number of parameters

Network Params Time per epoch (s)

U-net 31,032,840 139

VGG16 U-Net 25,862,402 79

SE VGG16 U-Net 25,892,354 87

AG VGG16 U-Net 26,123,558 93

SE AG VGG16 U-Net 26,153,510 97

Our experimental results demonstrate that the combina-
tion of spatial and feature attention remarkably improves
the performance of our proposed method, achieving the
highest performance. Specifically, on the DFUC set, our
method achieved a Dice coefficient of 90.2% and an IoU
of 83.5%, indicating highly accurate segmentation. More-
over, the results on STANDUP show that the proposed dual
attention method exhibits improved generalization with an
increase of over than 5% for the IoU score and 3% for the
Dice coefficient, compared to the single attentionmodel with
(SE). On the FuSeg dataset, similar performance improve-
ments were observed, validating the robustness of the dual
attention approach. Furthermore, in comparison to standard
U-Net, the overall improvement was of 9% for the IoU score
and 7% for the Dice coefficient for DFUC and 14% and 10%,
respectively for STANDUP. Similar trends were observed in
the WTS database with an improvement of 11% for IoU and
9% for Dice. These improvements are statistically significant
(p < 0.01), suggesting that the dual attention mechanism
effectively enhances the model’s ability to focus on rele-
vant regions. The minimal variation in standard deviations
underscores the robustness of the method. These results indi-
cate that incorporating the attention gates played a critical
role in enhancing the segmentation performance and gener-
alization ability of the single attention model (SE VGG16
U-Net). Additionally, the computational cost of adding the
AG module is still relatively small compared to the overall
computational cost of training a standard U-Net network.

Generalization Experiments

To assess the generalization capability of our models across
diverse wound datasets, we conducted cross-dataset eval-
uations. The aim was to identify potential limitations and
benchmark the effectiveness of our model in real-world
healthcare settings.

Despite the overall high performance of our model, differ-
ences in performance were observed between WTS and the
other databases, as indicated in Table 4. A notable challenge
emerged in WTS, where donor sites in skin grafts were erro-
neously considered as a single wound during segmentation
as can be seen in Fig. 5c.

To address this issue, we opted for fine-tuning the model
architecture to better align with the characteristics of our
WTS database. The training was performed on the training
and validation sets described in the “WTS Dataset” section.
The refined model now successfully and precisely segments
donor sites for skin grafts, rectifying the earlier miscon-
ception of grouping them as a single entity as illustrated
in Fig. 5 and reported in Table 5. The presented outcomes
are derived from evaluations conducted on the test set. This
adaptation demonstrates the model’s flexibility and capacity
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Fig. 5 Segmentation results on WTS dataset: a original image, b ground truth, c predicted mask before fine-tuning, and d after fine-tuning

for improvement, refining our approach for optimal results
in a clinical setting.When benchmarked against state-of-the-
art methods, including MedSAM, our Dual U-Net achieved
the highest performance metrics (94.10% Dice and 89.30%
IoU), underscoring its robustness. Additionally, the p-values
from the paired t-tests confirmed that these results were sta-
tistically significant (p − values << 0.01), reinforcing the
robustness of our Dual U-Net.

Table 5 Wound segmentation results on WTS after fine-tuning, com-
pared to the state of the art

Network DICE (%±σ ) IoU (%σ )

U-net [6] **84.40± 0.13 **75.50± 0.20

(1.80 × 10−6) (1.43 × 10−5)

DeepLabv3+ [58] **77.10± 0.21 **67.80± 0.29

(6.36 × 10−5) (2.66 × 10−4)

Segnet [59] **88.90± 0.09 **81.50± 0.15

(2.89 × 10−6) (2.06 × 10−5)

LinkNet [60] **91.70± 0.07 **85.60± 0.12

(3.43 × 10−6) (3.19 × 10−6)

Hardnet-DFUC [21] **92.61± 0.10 **89.10± 0.12

(3.41 × 10−7) (2.36 × 10−7)

MedSAM [40] **78.16± 0.20 **73.14± 0.24

(0.0) (1 × 10−4)

Dual U-Net (Ours) ** 94.10± 0.05 ** 89.30± 0.09

(1.39 × 10−7) (1.56 × 10−6)

∗∗Significant at p-value < 0.01
The bolded values indicate the best performance

Figure 6 provides a comparison of the segmentation con-
tours generated by our proposed dual attention model and
the standard U-Net in comparison to the ground truth, using
selected images from the WTS test set. As shown, our
method exhibits a superior ability to focus on thewound area,
leading to amore robust and reliable segmentation. Addition-
ally, qualitative generalization performance on STANDUP
is shown in Fig. 7. The results obtained demonstrate the
generalizability of our proposed method. It shows impres-
sive performance not only on unseen data, but also on other
wound types that are larger and more complex. This high-
lights the ability of our method to accurately segment various
types of wounds, which is a critical requirement for practical
clinical applications.

Discussion

In summary, our dual attention model demonstrates state-
of-the-art performance in wound segmentation, surpassing
the classical U-Net architecture with fewer parameters,
shorter training times, and superior accuracy. The metrics
acrossmultiple databases were particularly impressive, high-
lighting the model’s capacity to generalize effectively to
diverse wound types and datasets. Qualitative results fur-
ther emphasize this strength, as the segmentation contours
closely approximate the ground truth. The ability to accu-
rately segment unseen wound types underscores the model’s
robustness and generalizability, which are critical for practi-
cal clinical applications.
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Fig. 6 Qualitative results: Red, green, and blue contours represent ground truth, the outputs of U-Net, and the proposed Dual Attention network,
respectively

In addition to the comparisons in the results section,
our Dual attention model offers significant advantages over
other SOTA methods. Chae et al. [39] employed a Residual
U-Net with attention mechanisms for pressure ulcer seg-
mentation, but their approach was computationally intensive
and tailored to a single wound type. In contrast, our model
leverages a VGG16-based encode, reducing parameters and
training time while maintaining high accuracy. Furthermore,
the inclusion of SE blocks at each encoder and decoder
layer enables multi-level feature recalibration, improving the
model’s ability to capture both coarse and fine-grained fea-
tures. Our model also addresses limitations in [25], who used

Fig. 7 Segmentation results of the proposed method on STANDUP
dataset

a multi-step segmentation process without attention mech-
anisms. By integrating dual attention mechanisms directly,
our model reduces complexity while improving accuracy. As
shown in the results section, it achieved an IoU of 82.7% on
the FuSeg dataset, surpassing Scebba et al.’s 80%, demon-
strating the efficiency and superiority of our design.

The effectiveness of the proposedmethod can be attributed
to the incorporation of the dual attention mechanism, which
enables it to identify and focus on the wound area, leading
to improved segmentation performance. In addition, our
method is more computationally efficient, making it a more
cost-effective solution for wound segmentation in clinical
settings. In conclusion, the proposed dual attention network
is highly effective, achieving state-of-the-art performance in
terms of accuracy, precision, and generalization. The results
demonstrate its potential for practical clinical applications,
such as wound monitoring and treatment evaluation.

Despite the advantages of our dual attention model for
wound segmentation, several limitations must be acknowl-
edged. While our model demonstrated strong performance
across four external databases, the training dataset includes
images representing six different skin tones, enhancing its
applicability. However, it may still not fully encompass the
diverse population of wound patients, which could affect the
generalizability of our results. A validation study involv-
ing a larger, more ethnically diverse cohort is essential to
establish the robustness of our model across varying skin
types and wound conditions. Additionally, challenges in
feature extraction can significantly impact the accuracy of
wound segmentation, particularly when dealing with subtle
wound characteristics. Imaging artifacts and lighting varia-
tions can obscure essential features, making it difficult for
the model to differentiate between wounds and surround-
ing tissue. This limitation becomes particularly pronounced
in cases of small non-open wounds, which may lack pro-
nounced features and are often difficult to detect. As a result,
the model may not detect actual wounds, leading to false
negatives. This emphasizes the critical need for robust fea-
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ture extraction methods that enhance detection capabilities
and ensure reliable performance in clinical settings. Address-
ing these limitations through future research and refinement
will be critical to improving the reliability and applicability of
the model in real-world wound care scenarios. By comparing
our approach to SOTA methods, we have demonstrated that
the proposed dual attention network not only offers state-of-
the-art performance but also provides practical advantages in
terms of efficiency, accuracy, and generalization, reinforcing
its value for clinical applications.

Conclusion and FutureWork

In this paper, we proposed a novel Dual attention VGG16-
UNet model for wound image segmentation. The proposed
model integrated the VGG16 and U-net architectures and
included dual attention mechanisms that include attention
gates and squeeze-and-excitationmodules. By leveraging the
high-level features extracted by the VGG16 architecture, the
segmentation ability of the U-Net architecture has increased
remarkably. Moreover, the inclusion of dual attention mech-
anisms further improved the model’s ability to focus on the
relevant regions of the wound area, leading to improved
segmentation accuracy. Our model achieved superior perfor-
mance compared to other sotamodels, providing a promising
solution to the challenge of wound segmentation and opens
up new avenues for the development of more accurate and
efficient wound analysis systems that can be used in clinical
routine.

The proposed segmentation scheme can aid medical pro-
fessionals in the monitoring and evaluation of wound healing
over time, enabling faster wound management and more
effective treatments. Further research can be carried out to
investigate the transferability of the proposedmodel to differ-
ent datasets. In collaboration with imito AG1 and the Haute
Ecole de Santé of Geneva, we are collecting a large wound
database using a customized Wound documentation App
imitoWoundR. In this database, which will be available for
research under the Open Science Initiative, we are collecting
not only wound images, but also wound 3D meshes using
the Structure Sensor,2 a video of the wound, the patient’s
medical history, the wound status and the treatment. Fur-
thermore, the potential of implementing the dual attention
model on a smartphone and the development of a real-time
wound segmentation system can be explored as potential
future directions.

1 https://imito.io/en
2 https://structure.io/
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