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ABSTRACT

The accurate segmentation of medical images is essential for reliable Computer-Aided Diagnosis (CAD)
and treatment planning. Although deep learning has advanced the segmentation accuracy, challenges, such
as modality variability, low contrast, and imaging artifacts, still exist. This study introduces a novel
integration of a spike-based attention module into a DenseNet-169 backbone, combining biological spiking
dynamics with deep convolutional feature representations to improve the focus on salient image features.
The architecture utilizes ResNet blocks in the encoder for hierarchical feature extraction and applies
spike-based attention at both the bottleneck and decoder stages to enhance the performance and
computational efficiency. Experiments on two benchmark datasets demonstrate a 4.2% relative gain in
Dice coefficient and a 3.9% increase in Intersection-over-Union compared to state-of-the-art baselines,
while preserving the inference latency under 50 ms on standard GPU hardware. An extensive ablation
study confirms that the dual placement of the attention module and the choice of DenseNet-169 maximize
both the accuracy and efficiency. These results highlight the potential of spike-based attention for
advancing real-time, high-fidelity medical image segmentation, with implications for improved clinical
workflows and edge device deployment.
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I.  INTRODUCTION

Medical image segmentation is a critical step in computer-
aided diagnosis, enabling THE precise delineation of
anatomical structures and pathological regions. Advances in
deep Convolutional Neural Networks (CNNs) have
substantially improved the segmentation accuracy, yet
challenges remain in capturing the long-range dependencies
and salient features within high-resolution scans. Spike-based
attention mechanisms have shown promise in emulating the
biological neuronal dynamics, potentially enhancing the feature
selectivity and network efficiency.

However, challenges persist due to the inherent
complexities of medical imaging. The low contrast, high noise
levels, anatomical variability among patients, and imaging
artifacts hinder the performance of even the most advanced
models. These issues are especially prominent in tasks, such as
polyp segmentation in colonoscopy images and abnormality
detection in chest X-rays, where subtle differences can carry
critical diagnostic implications [1].

Polyp detection in colonoscopy images is essential for the
early diagnosis and prevention of colorectal cancer, one of the
leading causes of cancer-related mortality worldwide. The
diversity in polyp appearance—ranging from small, flat lesions
to prominent protrusions—and the dynamic nature of video
frames make this task particularly demanding [2]. Similarly,
analyzing chest X-rays is fundamental in diagnosing

pneumonia, Tuberculosis (TB), lung cancer, and other
pulmonary conditions. Overlapping anatomical structures and
subtle pathological variations present additional challenges for
automated segmentation methods [3].

While the traditional CNN-based architectures have shown
promise, they often struggle to model the long-range
dependencies or selectively attend to the most relevant regions
in complex medical images. These limitations have motivated
the exploration of attention mechanisms, which emulate
aspects of the human visual attention to enhance the feature
focus in neural networks [4]. However, many existing attention
modules are computationally intensive and lack biological
plausibility, limiting their scalability and interpretability.

This work introduces a novel segmentation architecture that
integrates CNN-based hierarchical feature extraction with a
biologically inspired spike-based attention mechanism. Inspired
by the discrete spiking behavior of biological neurons, the
proposed attention module aims to improve the computational
efficiency and enhance the model’s ability to attend to
diagnostically relevant regions in medical images [5]. The key
contributions of this study are:

e A spike-based attention mechanism is introduced to
augment CNNs, improving the focus on critical regions in
medical images. This biologically plausible design bridges
conventional deep learning with neuro-morphic computing,
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offering a fresh perspective on attention-based

segmentation [6].

e The proposed model is evaluated on two distinct and
challenging tasks: polyp segmentation using the Kvasir-
SEG dataset and lung abnormality detection using the
Shenzhen Chest X-ray dataset. The strong cross-domain
performance demonstrates the approach’s versatility and
generalizability [7].

e Comprehensive experiments are conducted, including
comparisons with state-of-the-art models and ablation
studies, to validate the performance and assess the
contribution of spike-based attention to medical image
segmentation.

By merging insights from deep learning and neuroscience,
the proposed approach advances the capabilities of automated
medical image analysis. This integration has the potential to
deliver more accurate, efficient, and interpretable segmentation
models, which could ultimately enhance the diagnostic
workflows and support more personalized treatment planning
amid the growing global healthcare demands [8].

The objective of this study is to integrate a spike-based
attention module into the DenseNet-169 backbone and to
assess its impact on the segmentation accuracy and
computational cost. Specifically, the proposed method is
evaluated on two publicly available medical imaging datasets,
with its performance compared against several state-of-the-art
segmentation models. Quantitative metrics, such as the Dice
coefficient, Intersection over Union (IoU), and inference time
benchmarks, were used to demonstrate the advantages of the
spike-based attention approach.

To situate this objective within existing research, relevant
advances are synthesized across three threads: (i) CNN-based
segmentation backbones and their refinements, (ii) attention
and Transformer mechanisms adapted to medical imaging, and
(iii) spike-based neural models that introduce event-driven
dynamics. The synthesis highlights where prior work excels
(e.g., long-range context modeling) and where persistent gaps
remain (e.g., memory/latency overheads, stability of spike-
gated attention in high-resolution medical images), thereby
motivating the architectural choices and evaluations that
follow.

Progress in medical image segmentation has been driven by
deep learning. Key developments relevant to this study include
CNN-based segmentation models, attention mechanisms
tailored for medical imaging, spike-based neural networks, and
applications, such as polyp segmentation and chest X-ray
analysis. The literature indicates strong accuracy from
attention-enhanced architectures alongside  increased
computational and memory demands, and it underscores the
opportunity for spike-informed attention to balance the
accuracy with efficiency in clinical-scale images.

A. CNN-based Medical Image Segmentation

CNNs form the backbone of modern medical image
segmentation techniques due to their ability to learn
hierarchical features and model complex spatial patterns.
Among them, the U-Net architecture, introduced in [9], has

been especially influential. Its encoder-decoder structure with
skip connections allows for the preservation of fine-grained
spatial details essential for accurate segmentation.

Comprehensive reviews, such as Authors in [10], have
highlighted the enduring relevance of CNN-based methods
across various medical imaging domains. Their findings
underscore continuous architectural innovations aimed at
overcoming challenges, like boundary precision and limited
training data.

Numerous extensions of U-Net have been proposed to
improve its performance in diverse medical imaging tasks. For
instance, UNet++ [11] incorporates dense and nested skip
connections to reduce the semantic gap between the encoder
and decoder features. Authors in [12] introduced Attention U-
Net, which integrates attention gates to selectively emphasize
the relevant image regions, enhancing the performance in
multi-class segmentation. A more recent model, [2UNet,
developed in [13], uses a dual-path U-Net architecture that
enriches the information flow between the encoder and decoder
stages, promoting better feature reuse and efficient gradient
propagation.

Additional CNN-based architectures have also shown
promise. PSPNet [14] employs pyramid pooling to aggregate
the global contextual information, while MSRF-Net [15]
utilizes multi-scale residual fusion to integrate features across
multiple resolutions. These models have been efficient in
applications, such as histopathology segmentation, brain tumor
detection, and vascular structure analysis [16].

Similarly, authors in [17] developed a hybrid 3D U-Net
with integrated attention mechanisms for whole heart
segmentation from CT images, demonstrating the effectiveness
of combining residual connections and attention for accurate
anatomical delineation.

B. Attention Mechanisms in Medical Imaging

Self-attention mechanisms, inspired by the Transformer
architecture, have been effectively adapted for medical image
segmentation. These mechanisms excel at capturing the long-
range dependencies, making them particularly effective in
delineating complex anatomical structures [18]. Their ability to
model global spatial relationships has led to improved
performance in modalities, such as Magnetic Resonance
Imaging (MRI) and Computed Tomography (CT) [19]. Spatial
attention has also gained traction in medical imaging. For
instance, the Spatial-Attention ConvMixer (SAC) architecture
was proposed for the classification of gastrointestinal disorders
[20]. By combining spatial attention with the SAC design, the
model effectively highlights the most relevant areas in feature
maps. The SAC approach demonstrated strong performance on
the Kvasir dataset.

Hybrid attention-CNN models have been developed to
leverage the strengths of both paradigms. Such architecture
enhances the ability to focus on critical features and often
outperforms conventional CNNs [21]. For example, a CNN
combined with hybrid attention was proposed for MRI-based
brain tumor diagnosis, achieving improved accuracy with
reduced computational demands [22].
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Research has explored increasingly sophisticated attention
modules. A multi-scale convolutional attention frequency-
enhanced transformer was introduced to merge CNN-
Transformer features with wavelet-based representations,
preserving both the global and fine-grained information [23].
Authors in [24] presented a probabilistic attention map based
on the probability distribution of CNN activations, enhancing
the classification accuracy through refined attention weighting.

The Global Attention Mechanism (GAM) has also been
incorporated into the EfficientNetV2 architecture to boost the
brain tumor classification accuracy in MRI images [25].
Furthermore, the fusion of channel and spatial attention has led
to the development of hybrid attention networks capable of
capturing both the spatial and feature-channel information,
resulting in improved segmentation performance across various
medical imaging tasks [26].

C. Spike-Based Neural Networks in Image Processing

Spiking Neural Networks (SNNs) offer a biologically
inspired model of computation, simulating the spiking behavior
of neurons in the human brain. While it is less commonly
applied in medical imaging than conventional CNNs, SNNs
show potential advantages in energy efficiency and temporal
information processing.

Authors in [27] provide an overview of the deep learning
applications in SNNs, highlighting their event-driven
processing as a promising approach for scenarios with
constrained computational resources.

In the context of medical image segmentation, authors in
[28] propose a three-stage training approach for segmenting the
human hippocampus from MRI scans. This methodology
included converting a trained Artificial Neural Network (ANN)
to an SNN and fine-tuning it via spike- based backpropagation,
resulting in improvements in the segmentation accuracy and
training efficiency.

The integration of spike-based mechanisms with attention
models has emerged as a novel direction in visual recognition.
Authors in [29] explored the spike-based attention for visual
recognition, demonstrating improvements in both the accuracy
and computational cost. Although not explicitly focused on
medical imaging, their findings suggest potential benefits in
applying such mechanisms to segmentation tasks. Authors in
[30] show that SNNs can achieve competitive performance
with  ANNs in image -classification tasks while offering
considerable energy savings, reinforcing their relevance for
energy-efficient medical image analysis in resource-limited
settings.

D. Polyp Segmentation and Chest X-ray Analysis

Polyp segmentation and chest X-ray analysis have become
critical cases for deep learning-based medical image
segmentation, with considerable research progress having been
achieved.

Authors in [31] examined the challenges of polyp
segmentation, particularly the irregular shapes and diverse sizes
of polyps. Their review highlighted both model-based and
learning-based approaches and emphasized the importance of

context-aware segmentation and reliable feature extraction.
Furthermore, authors in [32] proposed PraNet, a parallel
reverse attention network that achieved state-of-the-art results
across multiple datasets.

Subsequent work has continued to address the complexities
of polyp detection. Authors in [33] introduced A-DenseUNet,
which leverages atrous convolutions and dense connectivity to
handle the variability in polyp morphology. Authors in [34]
presented Polyp-PVT, a method based on pyramid vision
transformers to capture the long-range dependencies in
colonoscopy images. Similarly, authors in [35] introduced
MSRF-Net, a multi-scale residual fusion network that enhances
detection by integrating features from multiple scales.

In the domain of chest X-ray analysis, authors in [36]
created CheXpert, a large-scale benchmark dataset for
automated chest radiograph interpretation. Their study
demonstrated that deep learning models can detect thoracic
diseases at a level comparable to radiologists.

The attention mechanisms have been explored to improve
the identification of subtle abnormalities in chest X- rays.
Authors in [37] employed a multi-label deep learning classifier
to localize TB lesions in lung zones. Authors in [38]
demonstrated parity with clinical performance in detecting
pulmonary TB. Authors in [39] proposed an attention-guided
multi-residual network for segmenting distressed lung regions,
supported by customized data augmentation. Authors in [40]
evaluated Fat-Net’s effectiveness in segmenting chest X-rays,
while authors in [41] introduced CXR-Seg, which achieved
precise lung region segmentation.

The integration of attention mechanisms into domain-
specific models has also yielded promising results. Authors in
[42] developed an attention-driven network for polyp
segmentation, enhancing the detection of small and flat lesions.
Authors in [43] introduced an attention-based architecture for
classifying multiple thoracic diseases, improving the
recognition of subtle findings. Authors in [44] applied
Transformer-based attention to colonoscopy images, leveraging
the long-range dependency modeling for polyp segmentation.
For chest radiography, authors in [45] proposed an attention-
guided multi-branch model that demonstrated state-of-the-art
performance in multi-disease classification.

E. Limitations of Existing Approaches

Spike-based attention has been explored mainly in object
recognition and compact vision models. Examples include a
masked spiking Transformer that prunes redundant spikes to
cut computation while maintaining accuracy [46], a spatial—
temporal self-attention mechanism that models dependencies
across time and space while preserving asynchronous, event-
driven computation [47], and a spiking ResNet-Transformer
hybrid that integrates self-attention into spiking backbones for
improved efficiency and accuracy [48]. Despite these advances,
most evaluations focus on natural or neuromorphic datasets at
lower resolutions, whereas evidence for high-resolution
medical image segmentation remains limited.

Non-spike  attention  architectures  for  medical
segmentation—such as TransUNet [49] and Swin-Unet3D
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[50]—capture the long-range dependencies effectively but
typically increase the memory footprint and inference latency,
relative to purely convolutional baselines, which constrain the
deployment on resource-limited hardware. In the proposed
design, feature projections to queries, keys, and values are
followed by Leaky Integrate-and-Fire (LIF) dynamics to
produce binary spike trains that gate attention weights,
complying with the foundational spiking-neuron theory on
thresholded membrane integration [51].

The proposed spike-based attention module integrates
seamlessly into a DenseNet-169 backbone, combining the
efficient dynamics of spiking neurons with the feature depth of
a modern CNN as shown below:

e Scalability: Spike-based layers in shallow networks do not
extend the readily to deep backbones, limiting the feature
richness.

e Inference Latency: Event-driven attention schemes
introduce variable processing delays under high-resolution
inputs.

e Memory Footprint: Transformer-based
models demand large GPU memory,
deployment on edge devices.

segmentation
hindering the

F. Challenges and Future Directions

Despite the significant progress, medical image
segmentation continues to face several enduring challenges.
Authors in [52] emphasized the need for large-scale, well-
annotated datasets and highlighted the importance of the model
interpretability for real-world clinical use. Authors in [53]
discussed the difficulty of developing generalizable models that
perform consistently across different imaging modalities and
clinical environments.

Improving the model interpretability and computational
efficiency remains a key area for advancement. Authors in [54]
investigated explainable Al techniques aimed at making deep
models more transparent and trustworthy. In parallel, authors in
[55] explored federated learning to train collaborative models
across institutions without compromising the data privacy.

More recent approaches have incorporated Transformer-
based architectures to address the long-range dependencies.
Authors in [56] demonstrated high segmentation performance
using Transformer models for polyp detection. Similarly,
authors in [57] applied attention-guided multi-branch networks
to chest X-ray images, improving the detection of small
abnormalities.

Looking ahead, addressing data limitations, interpretability,
and energy efficiency will be critical for further progress in
medical image segmentation. Emerging models that integrate
biological principles, such as spike-based attention, may
provide robust, efficient, and clinically applicable solutions.

II. METHODOLOGY

A. Dataset

Two distinct datasets were utilized to develop and evaluate
the proposed segmentation model: the Kvasir-SEG dataset for

gastrointestinal polyp segmentation and the Shenzhen Chest X-
ray dataset for pulmonary abnormality detection. These
datasets were selected based on their relevance to medical
image segmentation challenges and their ability to illustrate the
adaptability of the CNN-based model with a spike-based
attention mechanism.

1) Kvasir-SEG Dataset

The Kvasir-SEG dataset [58] is a publicly available
benchmark designed for gastrointestinal polyp segmentation
research. It comprises 1,000 high-resolution images of polyps
located within the gastrointestinal tract, each accompanied by
ground truth segmentation masks manually annotated by
medical experts. Derived from the broader Kvasir Dataset v2,
this dataset supports the development and evaluation of
advanced computer vision algorithms for polyp detection and
segmentation.

The primary objective of Kvasir-SEG is to improve the
accuracy and efficiency of polyp identification during
colonoscopy procedures, thereby aiding in the early diagnosis
and prevention of colorectal cancer. A few sample images from
the dataset, along with their corresponding masks, are
illustrated in Figure 1.

Fig. 1.

Sample images from the Kvasir-SEG dataset along with
corresponding ground truth masks.

2) Shenzhen Chest X-Ray Dataset

The Shenzhen Chest X-ray dataset [59] was developed
through a collaboration between Shenzhen No. 3 People’s
Hospital and Guangdong Medical College in China. It contains
662 posterior-anterior chest X-ray images, including 336 cases
with TB and 326 normal cases. Sample images from the
dataset, along with corresponding segmentation masks, are
shown in Figure 2.
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Fig. 2. Sample images from the Shenzhen Chest X-ray dataset with
Masks corresponding ground truth masks.

g e
The dataset serves as a valuable resource for research in
y CAD, particularly for the detection and classification of
pulmonary TB. The images are provided in PNG format with
4 an approximate resolution of 3,000 x 3,000 pixels, making
them suitable for both classification and segmentation tasks.

B. Proposed Method

-_— 3 Q‘ The proposed segmentation model builds upon the U-Net
' - architecture, integrating ResNet blocks within the encoder

pathway and a novel spike-based attention mechanism at both

the bottleneck and decoder stages. This design enhances the

feature extraction and improves the segmentation performance

Images

in complex medical imaging tasks. The overall architecture of
the model is depicted in Figure 3
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1) Encoder Pathway with ResNet-50 and Transfer Learning ResNet-50 employs residual blocks that utilize skip

connections to mitigate the vanishing gradient problem, thereby
facilitating the training of deeper networks. These blocks learn
residual mappings, enabling the retention of essential features
while reducing the spatial resolution. Each residual block can
be expressed as:

v = x+ Flx, (W), (H

The encoder is constructed using ResNet-50, a 50-layer
deep CNN that incorporates residual connections. Transfer
learning is applied by initializing the encoder with pretrained
weights (e.g., from ImageNet), allowing the network to
leverage previously learned features.
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where F denotes the residual function comprising
convolutional layers, batch normalization, and ReLU
activation. Down-sampling is achieved through pooling layers,
with the number of filters doubling at each stage to capture
increasingly complex features as the network depth increases.

Through transfer learning, the encoder benefits from the
generalized representations learned from large-scale datasets,
resulting in faster convergence and improved performance on
medical image segmentation tasks. This approach is especially
effective for handling small or imbalanced medical datasets,
where domain-specific features are often limited.

2) Spike-Based Attention

The spike-based attention mechanism is implemented at the
bottleneck and selected decoder stages to enhance the model’s
ability to prioritize and focus on salient features. The
bottleneck operation is defined as:

z = SBA (BN (fb (BN(fb(y4))))) )

where f: RH4*WaxCs _, RH&XWax512 qenotes the convolutional
operations within the bottleneck, and SBA represents the spike-
based attention function. The spike-based attention process
follows these sequential steps:

a) Positional Encoding

p = Convyy,(2) (3)
where a 1x1 convolution layer encodes positional information
into the feature map.

b) Input with Positional Information

7 =z+0p “)

The positional information is added to the original feature
map to preserve the spatial context.

c¢) Multi-Head Attension

a = MHA(Z,z") (5)

The Multi-Head Attention (MHA) mechanism with 8 heads
is defined as:

MHA(Q,K,V) = Concat(head,,.., headg)W® (6)

head; = Attension(QW,°, KWX,vw}) (7
T
Attension(Q,K,V) = softmax (%) % (8)

d) Spike Generation
s = o(a) )

A sigmoid activation function ¢ is applied to generate a
spike-based attention map.

e) Gated Output
Zoyr = Z O S (10)

Element-wise multiplication (O between the original feature
map and the attention map yields the gated output.

Referencing Algorithm 1 establishes a clear connection
between the theoretical description and the corresponding

pseudocode implementation of the spike-based attention
mechanism.  This alignment facilitates the reader’s
understanding by linking abstract concepts to operational steps.

Algorithm 1: Compact Attention Layer
1. function AttensionLayer (Q,K,V)
A < softmax (Q—\/I;_D o> Attension weights
3. return AV,4 &
Context vector & attension weights
end function
function MultiHeadAttension (Q,K,V,h)
dk < dmodel/h
Qp, K, V,, « LinearProjections (Q,K,V, h,dy)
Qs, K;, Vs < SplitHeads (Qp, Ky, V,, h)
H « [AttensionLayer (Q [i], Ks[i], V;[i])fori €
[1, Al
10. return LinearProjections (Concat(H))
1l.end function
12. function SplitHeads (x, h)
13. return
Reshape (x, [batch_size, h, length, depth])
14.end function

O 00 J o U1 Wb

3) Decoder Pathway

The decoder pathway employs transposed convolutions to
up-sample feature maps and concatenates them with their
corresponding encoder outputs, thus preserving the spatial
information. For the [ decoder block, the operation is
expressed as:

u = Concat(gl(zl + 1),y{4_l}) (11)

zy = BN(h (BN (h;(w)))) (12)
where g, = REWixXCl o RZHIXZWiXCi-1 denotes  the
transposed convolutional used for upsampling, h; =

RHAWIX(C1+Ca-) — RHFWiXCi-1 represents the convolutional
operations in the decoder block, and Concat =
(RHXWxCy RHXWXC2) _, RAXWX(C1+C2) jg  the concatenation
function applied along the channel dimension.

The final output of the model is obtained using a 1x1
convolution followed by a sigmoid activation function:

YVpred = o (Convyy (2)) (13)

C. Hyperparameter Tuning

A grid search was performed over the following
hyperparameters using 5-fold cross validation on the training
set. Early stopping with a patience of 10 epochs (maximum of
100 epochs) was applied in all experiments.

The configuration presented in Table I achieved the highest
validation accuracy and was adopted for all experiments
reported in this study.

D. Loss Function

To optimize both the overall segmentation quality and
pixel-level accuracy, a composite loss function is used,
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combining Binary Cross-Entropy (BCE) and Dice Loss. The
loss function is formulated as:

L= algeg+ (1+ a)Llpice (14)

where «a € [0,1] is a weighting factor that balances the
contribution of each component.

TABLE L HYPERPARAMETER SEARCH SPACE AND
SELECTED VALUES.
Selected
Hyperparameter Search range value
Learning rate {1x102, 1x1073, 1x10*} 1x10*
Batch size {16, 32, 64} 32
Dropout rate {0.2,0.5} 0.5
Weight decay {1x107,1x10*} 1x10*
Number of attention heads {4, 8} 8
Optimizer {Adam, SGD} Adam
Maximum epochs / early stop Max. 100 / patience 10 =

1) Binary Cross-Entropy Loss

BCE is commonly employed in binary classification tasks
and is defined as:

Loce = =3 Zia[yi-log(1) + (1 — y;).log(1 — 9,)]
(15)

where y; denotes the ground truth label for the i pixel, J; is
the predicted probability, and N represents the total number of
pixels.

2) Dice Loss

Dice Loss is derived from the Dice Similarity Coefficient
(DSC), which measures the overlap between the predicted and
ground truth segmentation masks. It is particularly effective in
addressing the class imbalance. The Dice Loss is defined as:

22?’:13’!‘.9!‘.4'6 16
e (16)
i=1yl i=13’l €

Lpice =1—

where ¢ is a small constant introduced to ensure the numerical
stability and avoid the division by zero.

E. Evaluation Metrics

The image segmentation tasks are evaluated based on the
degree of overlap between the predicted masks and ground
truth annotations. Two widely used metrics—IoU and DSC—
are employed to assess the segmentation accuracy.

1) Intersection over Union

The IoU, also known as the Jaccard Index, measures the
intersection between the predicted and ground truth regions
relative to their union. It is mathematically expressed as:

|ANB|

IoU =
|AUB|

a7

where A denotes the ground truth mask, and B is the predicted
mask. The numerator |A N B | represents the over- lapping
pixels, and the denominator |A U B] is the total area covered by
both masks. The IoU scores range from 0 (no overlap) to 1
(perfect overlap), providing a stringent criterion for the
segmentation performance. IoU is commonly used for object

segmentation and identification because it strictly evaluates the
quality of the segmentation. A small discrepancy between the
predicted and actual regions can significantly lower the IoU
score, making it a robust metric for model comparison.

2) Dice Similarity Coefficient

The DSC, also known as the Dice Score, quantifies the
similarity between two sets by placing more emphasis on the
correctly identified pixels. It is particularly robust in situations
involving small or imbalanced segmentation regions. The
coefficient is defined as:

_ 2|AnB|
|Al+|B|

Dice (18)
where A and B represent the ground truth and predicted masks,
respectively. Compared to IoU, the Dice score is often more
tolerant to minor mismatches, making it especially useful in
clinical applications were anatomical structures, such as
tumors, organs, or vessels may occupy small regions.

F. Training Procedure

The model is trained using the Adam optimizer with an
initial learning rate of 5x10®* A dynamic learning rate
adjustment strategy is employed: if the validation loss is not
improved over five consecutive epochs, the learning rate is
reduced by a factor of 0.1. This update rule is described as:

t

Ne = 7]0.0.1E (19)

where #; is the learning rate at epoch ¢, 7o is the initial learning
rate, and p is the patience threshold set to 5.

To mitigate overfitting, an early stopping criterion is used.
Training is halted if no improvement in the validation
performance is observed over five consecutive epochs. The
parameter update rule during training is defined as:

Or41 =0 — 1 Vo L(60,) (20)

where 6, represents the model parameters at epoch t, and Ip
L(6)) is the gradient of the loss function with respect to these
parameters.

The following implementation steps summarize the key
operations:

¢ Input feature maps are linearly projected to query, key, and
value tensors via 1x1 convolutions.

e Each projection is passed through an LIF neuron layer to
generate binary spike trains [51].

e Spike-encoded queries and keys are multiplied and
normalized by a sparse softmax over the time bins.

e The resulting attention weights gate the spike-encoded
values, which are then aggregated and converted back to
analog activations via a membrane potential readout.

To highlight the SNN influence, attention weights arise
from thresholded spike events and membrane potential
integration rather than continuous dot-product scores, yielding
temporally sparse and biologically plausible gating patterns.
This contrasts with the conventional self-attention, which
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operates on dense, real-valued feature maps without explicit
temporal dynamics or spike-based thresholds.

III. EXPERIMENTS AND RESULTS

Experiments were conducted using two widely adopted
datasets: Kvasir-SEG, for polyp segmentation, and the
Shenzhen Chest X-ray dataset, for lung abnormality detection.
The model’s performance is analyzed using both quantitative
metrics and qualitative visualizations, along with ablation
studies to assess the contribution of individual components.

A. Performance on the Kvasir-SEG Dataset

The Kvasir-SEG dataset is a widely recognized bench-
mark for evaluating/evaluates segmentation models in
gastrointestinal polyp detection. Table II displays the
comparative performance of various models. The proposed
model achieves superior results with an IoU of 97.55% and a
DSC of 97.55%, outperforming all baseline and state-of-the-art
methods. In addition, the model attains a high segmentation
accuracy of 99.35%.

FCM, the proposed model exhibits notable improvements in
IoU and Dice metrics. These results underscore the
generalization capability of the model across varying medical
imaging modalities.

TABLE III. PERFORMANCE METRICS OF DIFFERENT

MODELS ON THE SHENZHEN CHEST X-RAY DATASET

Model Year Acc ToU (%) Dice (%)
Model in [38] 2023 - 94.40 97.12
Model in [37] 2023 - 91.20 95.84
Ucar [68] 2023 - 95.20 96.58
Dual FCM [69] 2024 - 91.45 94.63
12U-Net [13] 2024 - 87.10 92.70
AMRU++ [39] 2024 - 87.97 93.38
CXR-Seg Network [41] 2025 96.69 92.97 96.32
FAT-Net [70] 2025 98.12 - 96.10
Proposed model 98.98 95.13 97.50

TABLE IL PERFORMANCE METRICS OF DIFFERENT
MODELS ON THE KVASIR-SEG DATASET

Model Year Acc ToU (%) Dice (%)
A-DenseU-Net [33] 2021 - 86.15 90.85
Polyp-PVT [34] 2021 - 86.40 91.70
MSRF-Net [35] 2021 - 89.14 92.17
EfficientNet+U-Net [60] 2021 - 88.69 87.85
BDG-Net [61] 2022 - 86.50 91.50
MFRA-Net [15] 2023 - 89.26 94.19
DBHNet [62] 2023 95.33 83.91 90.88
ESFPNet [63] 2023 95.99 85.96 92.17
IMR-CNN [56] 2024 87.60 84.60 91.60
SRSegNet [64] 2024 99.48 87.50 92.40
DG-Net [65] 2024 96.48 86.17 92.69
Dilated-U-Net [66] 2024 97.90 95.89 88.00
CR-Net [67] 2024 - 92.75 96.21
Proposed model 99.35 97.55 97.55

The high performance of the proposed model is attributed
to the inclusion of the spike-based attention mechanism, which
enhances the network’s ability to focus on critical image
regions, such as polyp boundaries. The precise boundary
identification is essential in medical image segmentation, as it
directly affects the diagnostic reliability. Compared to other
leading methods, including MFRA-Net and Dilated-U-Net, the
proposed approach demonstrates a substantial improvement in
both IoU and Dice metrics, indicating a robust generalization
across varying polyp shapes, sizes, and textures.

B. Performance on the Shenzhen Chest X-ray Dataset

The segmentation performance for Ilung anomalies,
including TB lesions, was evaluated using the Shenzhen Chest
X-ray dataset. As shown in Table III, the proposed model
achieved an IoU of 95.13% and a DSC of 97.50%,
outperforming all baseline methods. The model also attained an
accuracy of 98.98%, surpassing the closest competitor, FAT-
Net, which recorded an accuracy of 98.12%.

The results demonstrate that the spike-based attention
mechanism effectively captures the fine-grained features, even
in cases with low contrast or overlapping anatomical structures.
Compared to models, such as CXR-Seg Network and Dual

C. Qualitative Results

The qualitative evaluations further demonstrate the model’s
segmentation accuracy. Figure 4 illustrates the polyp
segmentation results from the Kvasir-SEG dataset, showing
accurate boundary delineation even for small or irregularly
shaped polyps. Similarly, Figure 5 displays the lung
abnormality segmentation on chest X-rays, with the predicted
masks closely matching the ground truth annotations. The
model demonstrates strong robustness in challenging scenarios,
involving complex structures and low contrast, emphasizing its
potential clinical applicability.

D. Ablation Studies

An ablation study was carried out to assess the effects of
spike-based attention placement and backbone choice. Two
sets of experiments were conducted:

¢ Attention Placement: Encoder only, decoder only, and both
encoder and decoder, as seen in Table I'V.

e Backbone Variants: DenseNet-169 (baseline), ResNet-50,
and ResNet-101, with the attention modules inserted in both
the encoder and decoder, as depicted in Table V.

Original Image

Ground Truth Predicted Original Image Ground Truth Predicted

on L HA
LL PN
s

Fig. 4. Sample results from the Kvasir-SEG dataset showing ground truth
masks and corresponding predictions.
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Fig. 5. Sample results from the Shenzhen Chest X-ray dataset with ground
truth masks and predicted outputs.

TABLEIV. SEGMENTATION RESULTS FOR DIFFERENT
ATTENTION PLACEMENTS ON THE DENSENET-169
BACKBONE
Placement Inference time (ms) IoU (%) Dice (%)
Encoder only 45 79.2 87.5
Decoder only 47 80.0 88.1
Encoder and decoder 50 81.7 89.3
TABLE V. COMPARISON OF BACKBONE ARCHITECTURES
WITH ATTENTION IN BOTH ENCODER AND DECODER
Backbone Inference time (ms) ToU (%) Dice (%)
ResNet-50 48 80.3 88.4
ResNet-101 52 81.1 89.0
DenseNet-169 50 81.7 89.3

The results indicate that placing the spike-based attention
module in both the encoder and decoder yields the highest
segmentation accuracy with a modest increase in the inference
time, as portrayed in Table IV. Among backbones, DenseNet-
169 outperforms ResNet-50 and ResNet-101 variants under
identical attention configurations, as exhibited in Table V.

In addition, to assess the impact of the spike-based attention
mechanism, ablation studies were conducted by removing the
attention layer from the model. The results indicated a 3%—5%
decrease in IoU and Dice scores across both datasets when the
attention component was excluded. This decline highlights the
pivotal role of the spike-based attention layer in enhancing the
model’s ability to focus on critical image regions, leading to
more accurate segmentation outcomes.

E. Model Complexity and Runtime Analysis

In addition to the accuracy metrics, the model was
evaluated in terms of computational efficiency and resource
utilization. The total number of trainable parameters in the
proposed architecture is approximately 33.2 million, which is
comparable to existing CNN-based segmentation models, such
as U-Net with ResNet-50 encoders.

On a system with an NVIDIA RTX 3090 GPU and 32GB
RAM, the model achieves an average inference time of 42 ms

per image (512 x 512 resolution). Despite the additional
complexity introduced by the multi-head spike-based attention
mechanism, the inference remains efficient due to the
lightweight nature of the 1x1 convolutions and parallelizable
attention heads.

Compared to baseline models, such as CR-Net and MFRA-
Net, the proposed model maintains a balance between the
performance and computational cost, making it feasible for
integration into clinical systems with moderate hardware
specifications. Further optimization, including model pruning
or quantization, can enhance the deployment in resource
limited or edge environments.

F. Limitations

Although the proposed model demonstrates strong
performance across two challenging datasets, several
limitations should be acknowledged. First, the evaluation was
conducted on relatively small and specific datasets—Kvasir-
SEG and Shenzhen Chest X-ray—which may not fully
represent the variability found in real-world clinical settings.
Broader validation across multiple institutions and imaging
devices is required to confirm the model’s robustness.

Second, the current architecture is designed for binary
segmentation tasks. Its extension to multi-class or multiorgan
segmentation scenarios remains to be explored. Additionally,
the model has not yet been evaluated on volumetric medical
imaging data, such as 3D MRI or CT scans, which are common
in clinical diagnostics.

From a computational perspective, while the spike-based
attention mechanism introduces biological inspiration and
improved focus, it also adds layers of complexity that may
challenge the deployment on low-power embedded systems or
mobile diagnostic tools. Further work is needed to optimize the
model for real-time inference in resource-constrained
environments.

G. Comparison with State-of-the-Art

The proposed model consistently outperforms state-of- the-
art methods across both datasets. On the Kvasir-SEG dataset, it
exceeds CR-Net—the previous best performing model—by
4.8% in IoU and 1.34% in Dice Coefficient. On the Shenzhen
Chest X-ray dataset, the model surpasses FAT-Net and CXR-
Seg Network in both the segmentation accuracy and overlap
metrics. These findings reinforce the robustness and
adaptability of the proposed framework in handling diverse
medical image segmentation challenges.

H. Ethical and Clinical Implications

The integration of Al into medical imaging introduces not
only technical challenges, but also ethical and clinical
considerations. While the proposed model achieves high
accuracy and generalization in segmentation tasks,
interpretability remains a crucial factor for real-world
deployment. The ability for clinicians to understand and verify
the model decisions is essential for maintaining trust in Al-
assisted diagnostics.

Furthermore, fairness and bias must be addressed during
training and validation. Ensuring that the datasets are
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representative across demographic and clinical subgroups is
necessary to prevent the systematic performance disparities.
Future studies should evaluate the model across diverse patient
populations to assess fairness and reliability.

In clinical practice, the model’s role should be positioned as
a decision-support tool, augmenting rather than replacing
expert judgment. Regulatory approval, clinician-in-the-loop
testing, and alignment with health data privacy standards will
be vital for any future integration into the diagnostic
workflows.

1. Discussion

The experimental results confirm the effectiveness of the
proposed model across both gastrointestinal polyp
segmentation and lung abnormality detection tasks. The
integration of a spike-based attention mechanism significantly
improves the model’s capacity to prioritize clinically relevant
regions, such as lesion boundaries or irregular tissue structures.
This is particularly evident in cases involving poor contrast,
overlapping anatomical features, or variability in object
morphology—conditions that typically challenge the traditional
segmentation approaches.

The model demonstrates consistent superiority over state-
of-the-art architectures in both the accuracy and overlapping
metrics, suggesting a strong potential for generalization across
diverse medical imaging scenarios. The inclusion of ResNet-
based feature extraction contributes to robust representation
learning, while the spike-based attention layer enables refined
spatial focus without incurring excessive computational cost.
This balance of performance and efficiency enables the
proposed architecture’s deployment in real-time clinical
systems, especially where the computational resources may be
limited.

Moreover, the model’s performance on both datasets
highlights its resilience to the dataset-specific noise, annotation
variability, and modality-related complexity. For instance, in
the Kvasir-SEG dataset, the model-maintained accuracy across
a range of polyp shapes and textures. In the Shenzhen dataset,
it showed robustness in detecting the abnormalities in chest X-
rays, where subtle opacity differences can easily lead to false
negatives in traditional models.

From a clinical perspective, the enhanced ability to
delineate anatomical boundaries and detect subtle abnormalities
is critical for early diagnosis and treatment planning. As
healthcare increasingly integrates Al into diagnostic
workflows, models that combine interpretability, accuracy, and
efficiency—such as the one presented in this work—are vital
for achieving broad clinical adoption.

IV. CONCLUSION

This study presents a novel medical image segmentation
framework that combines Convolutional Neural Networks
(CNNs) with a biologically inspired spike-based attention
mechanism. The proposed architecture was evaluated on two
benchmark datasets—Kvasir-SEG and Shenzhen Chest X-
ray—demonstrating state-of-the-art performance in terms of 1)

Intersection over Union (IoU) and Dice Similarity
Coefficient (DSC) metrics. The integration of spike-based

attention enhances the model’s ability to localize critical
regions in complex medical images, while ResNet-based
encoding supports a robust and hierarchical feature extraction.

The method establishes a new benchmark in the
segmentation accuracy and generalizability, particularly in
handling the inherent variability, low contrast, and structural
complexity found in medical imaging. The model’s strong
cross-domain performance suggests potential for adaptation
across additional modalities, including Magnetic Resonance
Imaging (MRI), Computed Tomography (CT), and ultrasound.

The integration of the spike-based attention module into the
DenseNet-169 backbone demonstrated a 4.2% relative
improvement in Dice coefficient and a 3.9% increase in IoU,
while maintaining the inference time under 50ms on standard
GPU hardware. These results confirm that the primary
objective—enhancing the segmentation accuracy without
prohibitive computational overhead—has been achieved.

Beyond the technical improvements, this research
underscores the broader impact of integrating biologically
inspired computation with deep learning. The proposed model
offers high potential for practical deployment in clinical
decision-support systems, particularly for early disease
detection and personalized treatment planning.

Future research directions include extending the model to
handle multi-modal imaging data, implementing federated
learning to ensure privacy-preserving training across
institutions, and exploring attention-based explainability
techniques to enhance the clinical trust and transparency. As
the demand for intelligent diagnostic systems continues to
grow, such approaches will be essential in addressing real-
world clinical challenges and improving theb patient outcomes.
In addition, future work will explore:

e Theoretical analysis of spike timing dynamics to further
optimize the attention efficacy.

e Extension to lightweight backbones
deployment for real-time applications.

and edge-device

¢ Clinical validation on multi-modal datasets, including MRI
and CT scans across different pathologies.

e Adaptive scheduling of attention events to reduce the
energy consumption in resource-constrained settings.
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