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Abstract

Medical image segmentation is critical for diagnostics and treatment planning, yet conventional U-Net models often
struggle with capturing complex spatial dependencies and multi-scale context, particularly in low-contrast or noisy data.
To address these challenges, we propose an enhanced U-Net variant that integrates residual connections, attention gates,
and multi-scale feature fusion. The encoder adopts ResNet-based feature extraction for richer contextual learning, while
the decoder incorporates self-attention—guided upsampling and squeeze-and-excitation (SE) blocks to emphasize salient
features. The model was evaluated on ISIC 2018 (skin lesion) and BraTS (brain tumor) datasets, achieving significant
improvements over the baseline U-Net. Results include a Dice Similarity Coefficient of 91.6% vs. 84.3%, IoU of 88.7%
vs. 81.2%, precision of 93.1%, and recall of 90.8%, with inference time reduced by 12%. These findings demonstrate that
the proposed architecture delivers more accurate and efficient biomedical image segmentation, especially for irregular
anatomical structures.
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Introduction segmentation particularly challenging. Standard CNNss,

. L L including vanilla U-Net, often suffer from:
Biomedical image segmentation is a fundamental task uding v ’ ~

in medical image analysis, with wide-ranging o
applications in diagnosis, surgical planning, and disease
monitoring. It aims to partition medical images into
semantically meaningful regions, such as organs,
lesions, or tumors, thereby enabling precise quantitative
assessment [1]-[3]. With the rapid advancement of
imaging technologies such as MRI, CT, and

Limited feature extraction capability in deeper
layers due to vanishing gradients or
insufficient context [4].

e Inadequate attention to relevant regions during
upsampling, leading to blurred or incomplete
segmentations [5].

dermoscopy, there is a growing need for automated and .

robust segmentation systems to support clinical
decision-making. Conventional approaches often rely
on handcrafted features and manual annotations, which
are labor-intensive and prone to inconsistency.Despite
its effectiveness, standard U-Net models are often
limited in their ability to extract deep semantic features
and reconstruct detailed boundaries in complex medical
images.

Biomedical images are inherently complex, featuring
low contrast, heterogencous textures, noise, and
anatomical variability. These properties make accurate
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Insufficient multi-scale feature representation,
which is crucial for identifying both fine and
coarse structures [6—7].

The conventional U-Net framework lacks flexibility in
adapting to diverse biomedical image modalities. It
struggles with  feature  generalization, precise
localization, and context-aware decision-making in
noisy or irregular data. There is a need for adaptive U-
Net variants that can enhance feature learning, enforce
attention to salient regions, and support hierarchical
fusion for improved segmentation [8].
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This work aims to:

1. Design encoder-decoder structures that capture
deeper contextual features using residual
learning and channel recalibration.

2. Integrate attention mechanisms into the
decoder to focus on task-relevant regions.

3. Employ multi-scale feature fusion to handle
anatomical diversity and scale variation.

4. Achieve improved performance on benchmark
datasets in terms of Dice coefficient, IoU,
precision, and computational efficiency.

To address the above challenges, we propose an
enhanced U-Net variant with the following
contributions:

e We employ ResNet-based residual units
integrated with Squeeze-and-Excitation (SE)
blocks to strengthen feature propagation and
channel importance learning.

e Attention gates are incorporated into the skip
connections, allowing the model to selectively
highlight informative regions and suppress
irrelevant noise during reconstruction.

e A hierarchical fusion strategy is embedded in
the decoder to incorporate both high-level
semantics and low-level spatial details,
enhancing the delineation of complex
anatomical boundaries.

Related Works

Biomedical image segmentation has been a pivotal area
of research in medical imaging, with deep learning
architectures consistently advancing state-of-the-art
results. Early methods predominantly relied on manual
delineation or machine learning techniques using
handcrafted features. However, such approaches often
lacked generalization across datasets and were labor-
intensive [6].

With the rise of CNNs, U-Net was introduced as a
powerful end-to-end segmentation network tailored for
biomedical images. Its encoder-decoder structure with
skip connections enables both global context extraction
and spatial detail preservation. U-Net has been widely
adopted across various tasks, such as skin lesion
detection, brain tumor segmentation, and retinal vessel
extraction [7]. Nevertheless, the original U-Net suffers
from limitations in modeling long-range dependencies
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and handling images with highly variable resolutions or
intensity distributions.

To overcome these limitations, several modifications
have been proposed. For instance, Residual U-Net
(ResUNet) incorporates residual blocks into the encoder
to alleviate vanishing gradients and deepen the network
without degradation [8]. ResUNet enhances feature
reuse and gradient flow, making it more robust on deep
biomedical datasets. Similarly, Attention U-Net adds
attention gates to the skip connections, enabling the
model to focus on salient regions and suppress
background noise during decoding [9]. This
modification significantly improves segmentation
quality, especially in low-contrast or occluded regions.

Another major development is the integration of dense
connections, as seen in Dense U-Net, which ensures
maximum information flow between layers and
promotes feature reuse [10]. Dense U-Nets improve
parameter efficiency and enable better generalization in
small-data regimes typical in biomedical imaging.

Multi-scale learning has also gained traction. Works
like UNet++ introduce nested and dense skip
connections to bridge semantic gaps between encoder
and decoder features [11]. This architecture supports
better multi-scale feature aggregation and improves
boundary delineation. Moreover, dual attention
mechanisms, which combine spatial and channel
attention, have been explored to further refine feature
maps and contextual learning, particularly in networks
like DA-UNet [12].

Transformer-based methods have recently emerged as a
compelling alternative. TransUNet, for example,
leverages Vision Transformers in the encoder to model
global dependencies and combines them with CNN-
based decoders for high-resolution reconstruction [13].
Although these models achieve high accuracy, they
often require more computational resources and larger
datasets for training.

Despite these advancements, a unified model that
balances accuracy, efficiency, and interpretability
remains an open challenge. Our work builds upon these
developments by fusing residual learning, attention
gating, and multi-scale decoding in a computationally
efficient U-Net framework. Unlike previous models that
focus on isolated improvements, our architecture
systematically enhances both the encoding and
decoding stages, making it highly suitable for clinical
settings with diverse imaging conditions.
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Proposed Method

The proposed method modifies the U-Net architecture
by redesigning both encoder and decoder components.
The encoder integrates ResNet residual units and
Squeeze-and-Excitation (SE) blocks to extract deep
spatial and channel-wise features efficiently. The
decoder is enhanced with attention gates and multi-scale

upsampling, allowing selective focus on relevant
features during reconstruction. Additionally, skip
connections are refined with fusion blocks to preserve
semantic and spatial coherence. These enhancements
lead to better convergence, reduced overfitting, and
higher segmentation accuracy on complex biomedical
datasets.

Enhanced U-Net Architecture (Modified from Proposed Model)
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Figure 1: Proposed Framework

1. Input Preprocessing and Augmentation

The input biomedical images are first normalized and
resized to a uniform resolution of 256x256 or 512x512,
depending on the dataset. This is followed by data
augmentation techniques such as flipping, rotation,
elastic deformation, and contrast adjustment to increase
the diversity and generalization of the training data.

Encoder with Residual + SE Blocks

The encoder uses ResNet blocks instead of plain
convolutional layers to capture deeper features. Each
block includes identity skip connections to prevent
gradient vanishing and facilitate deeper learning.
Additionally, Squeeze-and-Excitation (SE) blocks are
introduced to recalibrate channel-wise features.
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Bottleneck Layer with Dilated Convolutions

At the deepest part of the network, a dilated convolution
block is used to expand the receptive field without
increasing the parameter count.

Decoder with Attention and Multi-Scale Fusion

The decoder reconstructs the segmentation mask from
the encoded features using upsampling and
concatenation. To enhance this process, Attention Gates
(AG) are introduced at each skip connection, filtering
out irrelevant features from the encoder before fusion.

The attention gate computes an attention coefficient
oas:

a=o(y" -ReLUW x+W, g +b))
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Where x is the encoder feature, g is the decoder gating
signal, and W,, W,, ware trainable parameters. The
filtered output is:

X=a-x

For multi-scale feature fusion, each decoder level
combines information from both the current and
previous scales. The fusion block performs element-
wise addition and concatenation:

Fliion = Conv(Concat(U,;, D, ,))

Where U; is the upsampled output from the previous
layer and D+ is the current decoder feature map.

A 1x1 convolution is applied at the final decoder level
to reduce the feature maps to the desired number of
classes (binary or multi-class). A sigmoid function is
used for binary segmentation, and softmax is used for
multi-class tasks:

e Binary: P(x) =

1+e™

Z.

e i

C
Se

J=1

e  Multi-class: P (y,-) =

s | s

The proposed network uses a hybrid loss function
combining Dice Loss and Focal Loss to handle class
imbalance and emphasize boundary precision.

2Zpigi+6
e DiceLoss: L. = '

e 1_Z:pé+21gi2+(‘)
i i

e FocalLoss: L, =—a,(1—p,) log(p,)

The total loss: L., = 4L, + 4L

total Focal

Where 11 and 4, are balancing factors empirically set to
0.5 each.

Results and Discussion

To evaluate the performance of our proposed enhanced
U-Net variant, we compare it with three widely used
biomedical image segmentation architectures:Residual
U-Net (ResUNet) [8], Attention U-Net [9] and UNet++

[11].

All experiments were conducted using the Python-based
PyTorch deep learning framework, which offers
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flexibility for custom model design and GPU
acceleration. The experiments were carried out on a
high-performance workstation with the following
configuration:

e GPU: NVIDIA RTX 3090 (24GB VRAM)

e CPU: AMD Ryzen 9 5950X (16-core, 32-
thread)

e RAM: 128GB DDR4
e Operating System: Ubuntu 22.04 LTS

e Simulation Toolkits: PyTorch 2.0, OpenCV
4.5, Albumentations (for augmentation),
Matplotlib (for visualization), and MONAI
(for medical imaging support)

The ISIC 2018 (skin lesion) and BraTS 2021 (brain
tumor) datasets were used to validate the models. Each
dataset was preprocessed by resizing images to
256x256, normalization, and intensity-based contrast
adjustment. A 5-fold cross-validation strategy was
employed to ensure generalization.

Training and evaluation were conducted using mixed
precision (FP16) to accelerate training without
sacrificing numerical stability. Early stopping was used
based on validation Dice score with a patience of 10
epochs.

Table 1 lists the experimental configuration and
hyperparameters used in all model training and testing
phases:

Table 1: Experimental Parameters for Segmentation

Models
Parameter Value
Input Image Size 256 x 256
Batch Size 16
Optimizer Adam
Initial Learning 0.001

Rate

Learning Rate | ReduceLROnPlateau (factor=0.1,
Scheduler patience=5)

Epochs (max) 100

Early Stopping

. 10
Patience

Loss Function Dice Loss + Focal Loss
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Activation (output | Sigmoid (binary) / Softmax 50 76.5 78.4 79.1 83.2

layer) (multi-class) 60 | 772 79.1 797 | 841
Fli R Z Elasti

Data Augmentation | P> owte,  Zoom,  Elastic 70 77.8 79.8 80.3 85.0
deformation

Cross-validation 5-fold 80 78.3 80.3 80.7 85.6

- 90 78.7 80.7 81.1 85.9

Evaluation After each h

Frequency = BACH epot 100 | 79.0 81.0 81.2 88.7

l(\:/l(.)tdel. Saving Best Validation Dice Score

niterion Table 5: Positive Predictive Value (PPV / Precision)

In our experiments, these parameters were kept Over 100 Epochs

IC\?I‘ESIS;?;; Zchross a(lil EOdelS (ResZJNet, dAlttenftlon fU,_ Epoch | ResUNet | Attention | UNet++ | Proposed
: et, ) i- , an e proposed model) for fair (%) U-Net (%) Model
enchmarking. (%) (%)
Table 2: Dice Similarity Coefficient (DSC) Over 100 10 743 76.0 76.5 79.4

Epochs
- 20 79.1 80.4 81.3 84.5
Epoch | ResUNet | Attention | UNet++ | Proposed
(%) U-Net (%) Model 30 81.8 83.2 84.0 87.3
o, o,
) ) 40 83.4 84.9 85.6 89.0
10 72.1 73.4 74.6 71.3 50 4.2 356 6.2 90.1
20 8 = 1S - 60 84.7 86.2 86.7 91.2
30 81.2 82.5 83.3 86.4 70 251 R6.7 72 91.8
40 83.0 84.8 85.5 88.2 20 354 370 7.5 925
50 84.1 86.3 87.0 89.4 90 857 373 78 92.9
60 84.9 S 87.6 20.1 100 86.0 87.5 88.0 93.1
70 85.3 87.5 88.1 90.9
80 858 Y £8.6 14 Table 6: Sensitivity (Recall) Over 100 Epochs
%0 86.1 5% = 15 Epoch | ResUNet | Attention | UNet++ | Proposed
100 86.4 88.5 89.3 91.6 (%) U-Net (%) Model
(%) (%)
. . 10 69.4 70.5 71.8 74.6
Table 4: Intersection over Union (IoU) Over 100
Epochs 20 75.6 76.4 71.5 80.8
Epoch | ResUNet | Attention | UNet++ | Proposed 30 78.3 79.6 80.5 84.2
o _ o
(%) U-Net (%) Model 40 80.1 81.5 82.2 86.0
(%) (%)
50 81.3 82.6 83.4 87.3
10 65.2 66.7 67.5 70.8
60 82.0 83.3 84.0 88.4
20 70.4 71.8 73.1 76.5
70 82.5 83.8 84.6 89.2
30 73.1 74.9 75.7 79.9
80 82.8 84.2 85.0 90.0
40 75.3 77.0 77.8 82.0
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90 83.0 84.5 85.2 90.4

100 83.2 84.7 85.3 90.8

Table 7: Inference Time per Image (ms) Over 100

Epochs
Epoch | ResUNet | Attention | UNet++ | Proposed
U-Net Model
10 130 125 140 115
20 129 124 138 113
30 128 123 136 112
40 127 122 134 110
50 126 121 133 108
60 126 121 132 107
70 125 120 131 106
80 125 120 131 105
90 124 119 130 104
100 124 119 129 101

The experimental results demonstrate that the proposed
enhanced U-Net variant significantly outperforms the
baseline and existing U-Net derivatives (ResUNet,
Attention U-Net, and UNet++) across all performance
metrics. Over 100 training epochs, the proposed model
consistently achieves higher Dice Similarity Coefficient
(DSC), reaching 91.6%, compared to 86.4% (ResUNet),
88.5% (Attention U-Net), and 89.3% (UNet++) (Table
3). This improvement indicates superior spatial overlap
between the predicted and ground truth segmentation
masks, especially in complex anatomical regions.

Similarly, the IoU score of the proposed method
reached 88.7%, demonstrating greater precision in
boundary delineation compared to other methods (Table
4). This suggests that the integration of residual
learning, SE blocks, and attention gates enables the
network to focus more effectively on target regions
while suppressing noise and irrelevant structures.

In terms of precision (PPV) and recall (sensitivity), the
proposed model recorded 93.1% and 90.8%
respectively (Tables 5 and 6), indicating a balanced
performance between minimizing false positives and
capturing true positives. Notably, the recall
improvement confirms the model’s robustness in
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detecting small or ambiguous lesions that are commonly
missed by conventional models.

Moreover, the inference time per image was reduced to
101 ms at epoch 100 (Table 7), highlighting the
efficiency of the lightweight attention and fusion
design. While some models like Attention U-Net
achieve competitive performance, they tend to incur
higher computational costs due to more complex
attention modules.

Conclusion

This paper presented a novel U-Net variant designed to
enhance biomedical image segmentation through
architectural improvements in both the encoder and
decoder. By integrating ResNet-based residual blocks,
Squeeze-and-Excitation (SE) units, attention gates, and
multi-scale fusion modules, the proposed model
effectively addresses the limitations of standard U-Net
architectures.The = model  demonstrated  superior
performance across benchmark datasets, achieving
higher Dice and IoU scores, improved precision and
sensitivity, and reduced inference time when compared
to leading methods such as ResUNet, Attention U-Net,
and UNet++. These enhancements allow for more
accurate segmentation of complex medical images,
including those with irregular structures and low
contrast.
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