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ABSTRACT 
 
 

An Adaptive Multi-Branch U-Net with Prior-Guided Fusion for 

HEp-2 Cell Segmentation 

Gamil Abdel Azim *1˒2˒3 and Hanaa Abu-Zinadah 4  

 

Accurate segmentation of HEp-2 cell images is a crucial step in indirect immunofluorescence (IIF) analysis for the 

diagnosis of autoimmune diseases. To keep computational efficiency, especially for deep learning models, 

maintaining high segmentation efficiency is still a major challenge.  

To address this challenge, we propose An Adaptive Multi-Branch U-Net with Prior-Guided Fusion, a lightweight 

adaptive multi-branch U-Net with a prior-guided fusion (AMP-net), which is specially designed for effective HEp-

2 cell segmentation. 

The proposed Model combines MobileNetV2 encoder, multi-branch architecture, adaptive prior fusion and dual-

head learning strategy for simultaneous mask and border prediction.  

The proposed Model (AMP-Net) improves localization and edge delineation by integrating complementary prior 

information from Otsu thresholding and distance-transform maps, which improve segmentation quality.  

Extensive experiments on the MIVIA HEp-2 dataset with 5-fold cross-validation show that the proposed model 

achieves a mean accuracy of 97.97%, precision of 94.83%, sensitivity of 96.57%, specificity of 98.46%, Dice 

coefficient of 95.61% and Intersection over Union of 91.65%.  

The best fold has a Dice coefficient of 96.76% and Intersection over Union of 93.74%. With no data 

augmentation, AMP-Net achieves a Dice coefficient of 0.950 ±  0.016 and 0.956 ± 0.017 with augmentation. 

Similarly, the IoU rises from 0.905 to 0.916.  

The results obtained show that AMP-Net consistently maintains accuracy, robustness and computational efficiency, 

and thus is suitable for practical biomedical image segmentation applications. Qualitative evaluation also 

demonstrated the robustness of the proposed model (AMP-Net) with Dice score of 98%, 97% and 95% for the 

best, average and challenging segmentation cases respectively while preserving accurate cellular boundaries and 

structural consistency.  

Besides quantitative evaluation, AMP-Net is proposed as a practical segmentation module for HEp-2 computer-

aided diagnosis to achieve accurate cell isolation for further ANA pattern classification and quantitative 

morphological analysis. 

Keywords: HEp-2 cell segmentation; biomedical image segmentation; deep learning; U-Net; MobileNetV2; prior-

guided fusion; light neural networks; indirect immunofluorescence (IIF); computer-assisted medical diagnosis. 
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Introduction 
HEp-2 (Human Epithelial Type-2) cell segmentation is an important step in the diagnosis of autoimmune and connective 

tissue diseases using indirect immunofluorescence (IIF) antinuclear antibody (ANA) test.  

Despite the introduction of new techniques for ANA detection, the HEp-2 IIF assay is still considered the “gold standard” 

for ANA screening due to its high sensitivity and ability to display characteristic staining patterns associated with different 

autoimmune diseases.  

 

However, microscopic analysis of HEp-2 images manually is tedious, time consuming and highly dependent on the 

expertise of the laboratory personnel. Moreover, the accuracy of interpretation and diagnosis is hampered by a range 

of factors including variation in illumination, specimen degradation, overlapping cells, low-contrast regions, morphological 

diversity and imaging artifacts. So, the demand for reliable computer-aided diagnosis (CAD) systems for rapid and 

accurate HEp-2 image analysis is growing. ¹˒² Recent advances in deep learning have greatly improved biomedical 

image analysis, including HEp-2 cell classification, detection, and segmentation. ³˒⁴  

 

Convolutional neural networks (CNNs) have been very successful in extracting discriminative features of images and have 

become the dominant approach for medical image analysis. 

 

Object detection methods, such as YOLO and Faster R-CNN, provide efficient localization, but they usually produce 

coarse bounding-box predictions and thus inaccurate delineation of cellular boundaries. Consequently, these approaches 

are not applicable to quantitative cellular morphology analysis, which requires pixel-level segmentation with high 

accuracy. ⁵  

 

Semantic segmentation techniques overcome this limitation by assigning class labels to individual pixels, thus allowing 

precise characterization of cellular structures. U-Net and its variants have achieved an outstanding performance in 

biomedical image segmentation tasks among these methods. ³  

 

Recent studies investigated deep learning methods for HEp-2 cell segmentation and analysis. More advanced U-Net 

variants (e.g., attention-based architectures and lightweight encoder-decoder networks) have been shown to achieve 

promising results in cellular structure extraction and segmentation performance improvement. However, many current 

methods rely on computationally expensive backbones, require large, annotated datasets, or suffer from a lack of 

robustness in dealing with overlapping cells, low-contrast regions, and imaging artifacts. In addition, boundary 

preservation is still a major problem, especially in crowded cell images where the exact delineation of each cell is 

required for quantitative analysis. Such limitations highlight the need for lightweight and adaptive segmentation 

frameworks that can effectively exploit both image appearance and structural prior information. 

 

Conventional encoder-decoder architectures in HEp-2 image analysis still suffer from a few problems, such as the difficulty 

in preserving fine boundaries, insufficient localization of small cellular structures, sensitivity to imaging noise and 

illumination variations, and relatively high computational complexity. Recently, the feature modelling capacity of 

segmentation networks based on transformers has been improved, but often at the expense of requiring large-scale 

training datasets and computing resources, constraining their practical deployment in resource-limited medical settings.⁶˒⁷ 

Although U-Net and its variants have been widely successful, the challenges of preserving fine cellular boundaries, 
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localizing small structures, and robustness to illumination variation and imaging noise still need to be addressed. The 

attention-based and transformer-based segmentation models improve feature representation but usually need large 

amounts of training data and computational resources. Accurate delineation of overlapping cells and low-contrast regions 

is still unresolved. Hence, there is a pressing need for lightweight and robust segmentation frameworks that can effectively 

incorporate complementary prior information and are computationally efficient. ³˒⁶˒⁹⁻¹³  

 

To tackle these challenges for accurate HEp-2 cell segmentation, we propose a lightweight Adaptive Multi-Prior Network 

(AMP-Net). The proposed framework employs a MobileNetV2-based encoder to efficiently trade off segmentation 

accuracy and computational complexity. In contrast to conventional CNN-based segmentation methods that utilize only 

RGB image information, AMP-Net exploits complementary prior representations of Otsu thresholding and distance-

transform maps. These priors provide extra structural and spatial information that helps to improve object localization 

and boundary refinement. 

 

In addition, a Feature Attention Fusion Module (FAM) is proposed to effectively fuse multi-scale semantic and spatial 

features via channel and spatial attention mechanisms. We also incorporate a boundary-aware refinement strategy to 

further boost the segmentation quality by preserving fine cellular structures as well as reducing the uncertainty in difficult 

regions such as the regions with cell overlap or low contrast. The resulting architecture is compact in design and can 

achieve a robust segmentation performance with a significantly reduced computational burden. 

We extensively experimented on the HEp-2 cell segmentation dataset to evaluate the effectiveness of AMP-Net, and we 

used a strict 5-fold cross-validation protocol. The performance was evaluated using the Dice coefficient, Intersection over 

Union (IoU), precision, recall and boundary quality metrics. To provide a comprehensive assessment of the proposed 

framework, some additional analyses were performed i.e. threshold optimization, post-processing evaluation, ablation 

studies and statistical significance testing. 

 

To our knowledge, AMP-Net is one of the first HEp-2 segmentation frameworks that jointly exploits adaptive prior-guided 

fusion of Otsu threshold maps and distance-transform representations in a lightweight multi-branch architecture. This 

approach improves boundary preservation and localization accuracy without significantly increasing computational 

complexity. 

 

Experimental results demonstrate that AMP-Net achieves competitive segmentation performance with low model 

complexity. Higher Dice and IoU scores mean better cell segmentation accuracy and better boundary preservation. 

Moreover, due to the lightweight nature of the proposed architecture, it has high applicability to deployment in practical 

CAD systems and resource-limited biomedical imaging applications. 

 

Our main contributions are summarized as: 

1. We propose a lightweight adaptive multi-prior network for accurate HEp-2 cell segmentation, named AMP-

Net. 

2. We propose a multi-prior integration strategy combining RGB images, Otsu threshold maps and distance-

transform maps to improve the robustness of localization and the accuracy of segmentation. 

3. We present a Feature Attention Fusion Module (FAM) which uses channel and spatial attention mechanisms to 

perform effective multi-scale feature fusion. 

https://doi.org/10.18103/mra.2026.0423
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4. A boundary-aware refinement mechanism to improve boundary delineation and preserve fine cellular 

structures. 

5. We provide extensive experimental validation with 5-fold cross-validation, threshold optimization, ablation 

studies and statistical analysis. 

6. We show that the AMP-Net achieves a good trade-off between segmentation accuracy and computational 

efficiency, which makes it applicable to real-world biomedical image analysis tasks. 

 

2. Literature Review 

The segmentation of HEp-2 cell images has attracted much attention due to its importance in the indirect 

immunofluorescence (IIF) analysis and computer-aided diagnosis of autoimmune diseases. Current methods can be broadly 

categorized into three types: classical image processing approaches, convolutional neural network (CNN)-based 

architectures, and transformer-based segmentation frameworks. 

 

2.1 TRADITIONAL IMAGE PROCESSING TECHNIQUES 

Early segmentation algorithms for HEp-2 cells were mainly based on traditional image processing techniques such as 

thresholding, morphological operations, edge detection, watershed transforms, active contour models, and level set 

methods. Computationally efficient segmentation was achieved by Otsu thresholding and morphological filtering but was 

often degraded by illumination variations, background noise, and cell shape diversity. ¹ 

Active contour and level set methods achieved better boundary localization but often needed extensive parameter tuning 

and failed when cells touched or overlapped. However, despite their computational efficiency, these methods still had 

limited robustness and generalization abilities for different acquisition conditions. 

 

2.2 CONVOLUTIONAL NEURAL NETWORK (CNN) BASED SEGMENTATION ARCHITECTURES¹ 

Deep learning has greatly improved the state-of-the-art in biomedical image segmentation. Ronneberger et al. proposed 

U-Net, which has become the most influential CNN architecture for medical image segmentation due to its encoder-

decoder structure and skip connections that preserve spatial information. ² Since then, many variants have been proposed 

to improve the segmentation performance. 

 

Attention U-Net uses attention gates to identify relevant areas of an image while suppressing irrelevant background 

information. ³ Residual U-Net employs residual connections to help gradient propagation and to improve optimization 

stability.4 UNet++ further enhances feature fusion with nested dense skip connections that bridge the semantic gap 

between encoder and decoder representations. ⁵ These architectures have shown outstanding success in a wide range of 

biomedical segmentation tasks. 

 

2.3 LIGHTWEIGHT CNN BASED MODELS 

Recently, there have been substantial efforts to design lightweight segmentation architectures to reduce computational 

complexity while maintaining competitive accuracy. The MobileNetV2-based U-Net models employ depthwise separable 

convolutions and inverted residual bottlenecks to significantly reduce the number of trainable parameters and floating-

point operations.6 Such lightweight architectures are very appealing for real-time medical imaging applications and 

deployment on resource-constrained devices. 

https://doi.org/10.18103/mra.2026.0423
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Pang et al.⁷ proposed GA-UNet, also known as Ghost Attention U-Net, which boasts competitive segmentation 

performance and significantly lower computational cost. Similarly, Umirzakova et al showed the efficiency of 

MobileNetV2-based networks for cervical cell segmentation with efficient inference on low-power hardware.8 These 

studies emphasize the necessity of lightweight deep learning models in practical healthcare applications. 

 

U-Net models based on MobileNetV2 leverage depthwise separable convolutions and inverted residual bottlenecks 

introduced by Sandler et al21 to significantly reduce the computational complexity while preserving the segmentation 

performance. 

 

2.4 MULTI-TASK AND HYBRID SEGMENTATION APPROACHES 

Another active research line includes multi-task learning and hybrid segmentation frameworks. Multi-task approaches 

improve segmentation performance by learning auxiliary tasks simultaneously, e.g. boundary detection, classification or 

localization. Percannella et al. proposed a multi-task framework for HEp-2 image analysis, integrating segmentation with 

complementary diagnostic tasks, and demonstrated improved overall performance compared to single-task approaches. 

⁹ Hybrid methods combine classical image priors with deep learning architectures. Threshold maps, edge maps, or 

distance transforms can be utilized to provide prior information to CNN models to achieve better localization accuracy, 

boundary delineation, and robustness to imaging artifacts. ¹ Such approaches show how domain knowledge can be used 

to improve deep learning-based segmentation systems. 

 

2.5 SEGMENTATION MODELS BASED ON TRANSFORMERS 

More recently, transformer-based architecture has emerged as a powerful alternative for medical image segmentation 

due to its capability to capture long-range dependencies and global contextual information. TransUNet employs 

convolutional feature extraction and transformer modules to simultaneously learn local and global representations. ¹⁰ 

Swin-Unet uses hierarchical shifted-window self-attention mechanisms to increase the segmentation performance with less 

computational cost. ¹¹, ¹² UNETR takes it one step further by using transformers as the main encoder backbone. Furthermore, 

Pyramid Vision Transformer (PVT)-based architectures aim to maintain global contextual modeling while reducing 

computational complexity. 13 Zhou et al. proposed nnWNet, a hybrid CNN-transformer framework for evaluating 

benchmark-based biomedical image segmentation. 14 While they perform impressively, Transformer-based approaches 

are generally much more computationally intensive, memory demanding, and data hungry than lightweight CNN 

architectures. 

 

2.6 RESEARCH GAP AND MOTIVATION  

Despite impressive segmentation performance of U-Net variants and transformer-based architectures, there are still 

several open challenges for HEp-2 cell analysis. These include strong segmentation of overlapping cells, precise 

delineation of low-contrast boundaries, resilience to imaging artefacts and intensity variations, and efficient deployment 

in resource-limited environments. 15  

 

Recent benchmarking studies on HEp-2 segmentation have demonstrated that model performance is strongly affected by 

training protocols, augmentation strategies and architectural complexity. 16  

 

https://doi.org/10.18103/mra.2026.0423


  

Medical Research Archives | https://doi.org/10.18103/mra.2026.0423 7 

THE EUROPEAN SOCIETY OF MEDICINE 
 

Moreover, the results of these studies underline the need of rigorous cross-validation and statistical evaluation for a 

reliable performance estimation. 

 

To overcome such limitations, we present a lightweight adaptive multi-branch segmentation framework, AMP-Net, that 

utilizes MobileNetV2-based feature extraction and adaptive prior-guided fusion. AMP-Net improves boundary 

preservation and localization accuracy with low computational complexity by combining complementary prior information 

from Otsu threshold maps and distance-transform representations. The proposed architecture has approximately 3.89 

million trainable parameters, which achieve an effective trade-off between segmentation accuracy and computational 

efficiency, making it especially applicable for practical HEp-2 cell analysis and resource-limited biomedical imaging 

scenarios. 

 

To overcome these limitations, we propose AMP-Net, a lightweight Adaptive Multi-Branch U-Net with Prior-Guided Fusion 

for HEp-2 cell segmentation. Unlike traditional CNN-based segmentation methods, which only utilize the information from 

RGB images, AMP-Net incorporates complementary structural priors from the Otsu threshold maps and distance-transform 

representations via an adaptive fusion mechanism. Moreover, a Feature Attention Fusion Module (FAM) and boundary-

aware refinement strategy are proposed to enhance the multi-scale feature fusion and boundary preservation. With only 

3.89 million trainable parameters, AMP-Net achieves an effective trade-off between segmentation accuracy and 

computational efficiency, which is suitable for practical CAD systems and resource-constrained biomedical imaging 

applications. 

 

2.7 RECENT PROGRESS OF MEDICAL IMAGE SEGMENTATION 

Recent developments in medical image segmentation have been centered around reducing the model complexity and 

improving the segmentation accuracy and boundary delineation. Boundary-aware learning strategies have been 

demonstrated to be effective in preserving fine anatomical structures and refining object contours. Li et al. demonstrated 

that the combination of boundary supervision and multi-scale feature fusion can improve the segmentation performance 

significantly, especially in the challenging low-contrast regions. 17 Light-weight segmentation frameworks have also 

gained considerable attention due to their suitability for real-time clinical applications and edge-computing devices. 

Several studies have presented attention mechanisms, efficient convolutional blocks, and lightweight backbone networks 

to achieve a favorable balance between segmentation accuracy and computational cost18,19 Moreover, hybrid methods 

combining handcrafted priors with deep neural networks have shown increased robustness and interpretability, especially 

for biomedical imaging problems where annotated data is scarce and imaging artifacts are present.²⁰ More recently, 

medical image segmentation research has progressed towards scalable architectures and foundation models. MedNeXt 

re-examines convolutional neural networks with transformer-inspired scaling strategies and demonstrates state-of-the-art 

performances over a broad range of medical image segmentation tasks. Foundation model-based approaches have also 

emerged as a promising direction 27.  

 

LiteMedSAM adapts the Segment Anything Model (SAM) into a lightweight framework for medical image segmentation28, 

while EfficientSAM improves the computational efficiency through masked image processing without loss of segmentation 

accuracy.29  Likewise, SAMed adapts the Segment Anything Model to medical imaging, demonstrating the power of 

prompt-based segmentation in different biomedical tasks.30  More recently, Vision Mamba-based state-space models 

have demonstrated remarkable potential for medical image analysis. VM-UNet combines Vision Mamba blocks with a 

https://doi.org/10.18103/mra.2026.0423
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U-Net architecture to efficiently model long-range spatial dependencies.³¹  On the other hand, Mamba-UNet proposes 

a pure visual Mamba encoder-decoder architecture as an efficient alternative to transformer-based segmentation models 

with reduced computational complexity.³² Despite these considerable advances, accurate HEp-2 cell segmentation 

remains a challenge due to overlapping cells, heterogeneous fluorescence staining patterns, low contrast boundaries, and 

great inter-cell morphological variability. Furthermore, many recent foundation-model and Vision Mamba-based methods 

require large-scale pretraining, increased model complexity, or high computational resources, thus limiting their 

applicability in resource-constrained clinical settings. Thus, there is still a strong need for lightweight, efficient, and robust 

segmentation architectures that can effectively combine domain-specific prior knowledge with deep feature learning. To 

solve these problems, in this paper, an efficient and accurate HEp-2 cell segmentation network (AMP-Net) with strong 

generalization ability is proposed. 

 

3. Methodology 

3.1 THE PROPOSED NET (AMP-NET) STRUCTURE 

In this section, we present a lightweight segmentation architecture named AMP-Net for accurate and robust HEp-2 cell 

segmentation. The model employs an encoder-decoder architecture based on U-Net and consists of three main parts, 

namely, (a) a lightweight feature encoder, (b) an adaptive multi-branch feature extraction module, and (c) a prior-

guided feature fusion strategy. Besides, a dual-head supervision mechanism is designed to learn segmentation masks and 

boundary information jointly. 

 

 

Fig. 1a AMP-net Architecture  

 

https://doi.org/10.18103/mra.2026.0423
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The overall architecture is illustrated in the two figures, Fig. 1a and 1b. Given an input image, the network extracts 

multilevel features through a MobileNetV2-based encoder. These features are enhanced using a multi-branch module 

that captures multi-scale contextual information. A prior representation, constructed from classical image processing 

techniques, is adaptively fused with the learned features to guide segmentation. The decoder reconstructs the 

segmentation map progressively, and two output heads predict the final mask and its corresponding boundary. 

 

 

Fig. 1b AMP-net Architecture design  

 

3.2 LIGHTWEIGHT ENCODER  

To improve computational efficiency, MobileNetV2 is used as the backbone encoder of AMP-Net. MobileNetV2 uses 

inverted residual blocks and depthwise separable convolutions, which significantly reduce the number of parameters and 

floating-point operations (FLOPs) while maintaining strong feature encoding capabilities.  

 

Let 𝑰𝝐 𝑹𝑯𝒙𝑾𝒙𝟑  be the input image. The encoder then generates a set of hierarchical feature maps: 

{𝐹1  , 𝐹2, 𝐹3, 𝐹4, 𝐹5} 

Each of these corresponds to a different spatial resolution level, which the decoder later exploits through skip connections. 

https://doi.org/10.18103/mra.2026.0423
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3.3 MULTI-BRANCH FEATURE EXTRACTION MODULE 

We propose a multi-branch module to process the encoder features in parallel for better feature encoding. The module 

is designed to learn complementary information in different receptive areas. 

 

Given an input feature map F, the multi-branch module performs several parallel transformations. 

𝐹(𝑘) = ℬ𝑘 (𝐹), 𝑘 = 1,2, … 𝐾 

where ℬ𝑘   denotes the k-th branch (e.g., convolutional operations with different kernel sizes or dilation rates). All 

branches’ outputs are concatenated and fused:  

𝐹𝑀𝐵 = 𝐶𝑜𝑛𝑐𝑎𝑡(𝐹(1), … . , 𝐹𝑘) 

This design enables the network to extract local and global contextual information, which is particularly important for 

segmenting cells with different shapes and sizes. 

 

3.4 ADAPTIVE PRIOR FUSION  

To further steer the segmentation process, we add prior information from classical image processing techniques. 

Specifically, we use two complementary priors: 

• A threshold-based prior (e.g., Otsu segmentation) and  

• A distance prior (e.g., distance transform)  

 

These priors are merged into a multi-channel prior map: 

𝑷𝝐 𝑹𝑯𝒙𝑾𝒙 𝟐 

An adaptive mechanism fuses the learned features to the priors. Let F be the feature map and P the prior map 

respectively.  

The fusion is defined as: 
   
𝐹𝑓𝑢𝑠𝑒𝑑

= 𝛼 𝐹 + 𝛽 𝜙 (𝑃) 

Where  𝜙(. ) is a learnable transform (e.g., convolution) and  𝛼,  𝛽  are learned implicitly by the network. This flexibility 

allows the model to dynamically balance learned features and prior knowledge.  

 

3.5 DECODER AND FEATURE COMBINATION 

The decoder is U-Net-like, recovering spatial resolution progressively through upsampling. Skip paths merge encoder 

features with decoder features at each level. A feature combination module (FAM) is adopted to improve the feature 

integration. This module adaptively weights and combines multi-source features for improving the quality of the 

reconstructed segmentation.  

 

 

3.6 DUAL HEAD LEARNING  

AMP-Net uses a dual-head output design to learn segmentation masks and boundary maps together. The mask head 

produces the final segmentation output while the boundary head learns the contours of the objects. This auxiliary task 

helps the network better capture fine structures and improve segmentation accuracy. The overall loss function is then 

written as:  

ℒ = ℒ𝑚𝑎𝑠𝑘 +   𝜆 ℒ𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 

https://doi.org/10.18103/mra.2026.0423
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where  𝜆 controls the weight of the boundary loss. In our experiments, we use small weights to emphasize the segmentation 

accuracy but still get the benefit of boundary supervision.  

Finally, the proposed AMP-Net integrates the lightweight design, multi-scale feature extraction, and prior-guided 

learning into a single framework.  

 

This combination allows the model to generate accurate and well-structured segmentation outputs without post-processing. 

Therefore, AMP-Net is efficient and practical for biomedical image analysis tasks. Appendix A provides a detailed 

mathematical formulation of the proposed AMP-Net. 

 

3.7 MATHEMATICAL FORMULATION OF AMP-NET 

In this section, we present the fundamental mathematical formulation of the AMP-net (Adaptive Multi-Branch Prior 

U-Net) model.  

 

Firstly, the following notation 

1-Notation 

Let  𝑰𝝐 𝑹𝑯𝒙𝑾𝒙𝟑 : input RGB image, 𝑷𝝐 𝑹𝑯𝒙𝑾𝒙 𝑪𝒑 : prior map, 𝑌 𝜖 {0,1}𝐻𝑥𝑊 : ground truth mask and 𝑌̂  : predicted 

segmentation where Cp =number of channels in the prior map.  

 

With Otsu prior only  𝑐 𝑝 = 1, Distance transforms prior only  𝑐 𝑝 = 1, Otsu + distance prior   𝑐 𝑝 = 2 and Otsu + 

distance + edge/boundary prior  𝑐 𝑝 = 3 

 

2 Encoder Representation 

The encoder extracts multilevel features defined as 

𝐹𝑖 = 𝜀𝑖(𝐼) , 𝑖 = 1, … , 𝐿 

where: 𝜀𝑖 : encoder block and  𝐹𝑖  ∈ 𝑅𝐻𝑖  𝑥 𝑊𝑖 𝑥 𝐶𝑖 

 

3 Multi-Branch Feature Extraction 

Given a feature map F, the multi-branch module applies * transformations*: 

𝐹(𝑘) =  𝜎(𝑊𝑘 ∗ 𝐹 + 𝑏𝑘), 𝑘 = 1,2 … . , 𝐾 

 

where: *: convolution, 𝜎: activation function, and the output is presented by:  

𝐹𝑀𝐵 = 𝐶𝑜𝑛𝑐𝑎𝑡(𝐹(1), … . , 𝐹𝑘) 

 

4 Prior Transformation 

The prior map is transformed as follows: 

𝑃 = ̀ 𝜑(𝑃) 

where 𝜑(. )   is a learnable mapping (e.g., convolution layers). 

 

5 Adaptive Prior Fusion 

Feature–prior fusion is defined as:     𝐹𝑓𝑢𝑠𝑒𝑑 = 𝐹𝑀𝐵 + 𝛾𝑃̀     where   𝛾 is a learnable scaling factor. 

https://doi.org/10.18103/mra.2026.0423
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6 Decoder Reconstruction 

At each decoder level:  𝐷𝑖 =   U (𝐷𝑖+1) + 𝜑(𝐹𝑖)  where: U: up sampling and  𝜑( . ) : feature alignment 

 

7 Feature Aggregation Module 

The aggregated feature is:  𝐹𝑎𝑔𝑔 = ∑ 𝑤𝑖𝑖 𝐹𝑖         where   are learnable weights. 

 

8 Dual-Head Outputs (Segmentation Head): 𝑌̂ = 𝜎(𝑊𝑚 ∗ 𝐹𝑎𝑔𝑔) and the boundary head:    𝐵̂ = 𝜎(𝑊𝑏 ∗ 𝐹𝑎𝑔𝑔) 

 

9 Loss Function 

The total loss is defined by: 

ℒ = ℒ𝑚𝑎𝑠𝑘 +   𝜆 ℒ𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 

Where ℒ𝑚𝑎𝑠𝑘  is the segmentation loss,   ℒ𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦  is the boundary refinement loss, and λ is a weighting factor that 

balances their contributions. 

 

The mask loss combines Binary Cross-Entropy (BCE) loss and Dice loss: 

 

Mask loss (ℒ𝑚𝑎𝑠𝑘 =Dice + BCE):  

Dice loss: 

ℒ𝐷𝑖𝑐𝑒 = 1 −
2 ∑ 𝑌 .  𝑌̂

∑ 𝑌 + ∑ 𝑌̂
 

where Y is the ground truth mask and Ŷ is the predicted probability map 

Final Prediction: 𝒀̂𝒇𝒊𝒏𝒂𝒍=𝑰(𝒚̂   > 𝝉)     where τ is the decision threshold, and I (·) is the indicator function that returns 1 if 

the condition is true and 0 otherwise. 

 

4. Experimental Environment 

In this section, we introduce the dataset, the preprocessing pipeline, the training strategy, the implementation details, and 

the evaluation metrics used to evaluate the proposed AMP-Net framework. 

 

4.1 DATASET 

Experiments were conducted on the MIVIA HEp-2 cell dataset, which consists of indirect immunofluorescence (IIF) images 

and manually annotated ground-truth segmentation masks. The dataset contains 28 tagged images, which is relatively 

small, and therefore appropriate for assessing the stability and generalization ability of deep learning models with 

limited data. 

 

Before training, all images were resized to 256x256. The corresponding masks were transformed into binary format 

where the foreground pixels denote the HEp-2 cell regions, and the background pixels denote the non-cell regions. 

 

4.2 DATA CLEANING 

To enhance the discriminative capability of the network, we produce prior maps for each input image. The prior 

information is composed of two complementary channels, namely, a threshold-driven prior generated by Otsu 
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segmentation. A distance transform prior encodes the spatial closeness between cell regions. The generated priors are 

concatenated to form a two-channel prior representation: 

𝑷𝝐 𝑹𝑯𝒙𝑾𝒙 𝑪𝒑 

Where 𝑪𝒑 = 𝟐 denotes the number of previous channels. The last input to the model is the RGB image along with the 

prior representation, as the latter captures the prior knowledge about the data distribution. All pixel intensities were 

scaled to [0, 1]. 

 

4.3. DATA AUGMENTATION 

To improve model generalization and prevent overfitting, we used several data augmentation techniques online during 

training to diversify the data. The dataset has only 24 images, but random transformations such as rotation, flipping, and 

contrast adjustment generate diverse variations every epoch. This approach provides the model with a significantly larger 

set of effective training examples without explicitly increasing the data set size. 

 

Augmentation techniques involved horizontal and vertical flipping, rotation by multiples of 90 degrees, and random 

brightness and contrast adjustments. These augmentations were done only on the training samples and not on the 

validation images. 

 

Each epoch has roughly 6 training batches of 4 images each, which is 24 images per epoch. This amounts to 2880 training 

sample passes over 120 epochs. Similarly, the validation phase contains around 2 batches per epoch, that is, 8 images 

per epoch, for a total of 960 validation sample passes throughout 120 epochs. 

 

4.4 TRAINING PROCEDURE 

Due to the small size of the data set, a 5-fold cross-validation strategy was used to ensure a reliable and statistically 

sound evaluation. In each fold we used about 80% of the data for training and 20% for validation. The proposed AMP-

Net model was trained using the Adam optimizer for 120 epochs with an initial learning rate of 0.0001. To improve 

convergence and to reduce overfitting, we use early stopping and learning rate reduction. The total loss function is a 

combination of segmentation and boundary control: 

ℒ = ℒ𝑚𝑎𝑠𝑘 +   𝜆 ℒ𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 

Where ℒ𝑚𝑎𝑠𝑘 is the segmentation loss,    ℒ𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 is the boundary refinement loss and  𝜆 is the weight factor of the 

boundary branch contribution. 

 

4.5 EVALUATION METRICS 

The performance of AMP-Net was assessed using several standard quantitative metrics for biomedical image 

segmentation: accuracy, precision, sensitivity (recall), specificity, Dice coefficient, and Intersection over Union (IoU).  

Let TP, TN, FP, and FN denote true positives, true negatives, false positives, and false negatives, respectively. 

 

1 Accuracy 

𝑨𝒄𝒖𝒖𝒓𝒂𝒄𝒚 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

 

Accuracy measures the overall proportion of correctly classified pixels. 
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2 Precision 

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

 

Precision measures the proportion of predicted foreground pixels that are correctly classified as positive. 

 

3 Sensitivity (Recall) 

𝑺𝒆𝒏𝒔𝒊𝒕𝒊𝒗𝒊𝒕𝒚 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

Sensitivity measures the model's ability to correctly identify cell regions. 

 

4 Specificity 

𝑺𝒑𝒆𝒄𝒊𝒇𝒊𝒄𝒊𝒕𝒚 =  
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 

 

Specificity quantifies the model's ability to correctly classify background pixels. 

 

5. Dice Coefficient 

𝑫𝒊𝒄𝒆 =  
2𝑇𝑃

2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 

The Dice coefficient evaluates the overlap between predicted and ground-truth segmentation masks. 

 

6 Intersection over Union (IoU)) 

𝑰𝒐𝑼 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 

IoU measures the intersection of prediction and ground truth relative to their union. 

 

4.6 IMPLEMENTATION DETAILS  

The proposed AMP-Net framework was implemented with TensorFlow/Keras. Due to limitations on CPU memory, the 

batch size was fixed at 4.  

 

All experiments were conducted with the same hyperparameters to ensure a fair comparison between configurations with 

and without data augmentation. 

 

We initialize the encoder backbone with MobileNetV2 weights pre-trained on ImageNet. The decoder and adaptive 

fusion modules are trained from scratch. 

 

4.7 COMPUTATIONAL COMPLEXITY 

The computational cost of the proposed AMP-Net was compared with conventional U-Net and lightweight MobileNet 

segmentation models to evaluate the efficiency of the proposed framework. The comparison includes the number of 

trainable parameters and the number of floating-point operations (FLOPs). 
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Model Parameters (M) FLOPs (G) Remarks 

U-Net (BaselIne)  ~31.0  ~15.0 High computational cost 

MobileNetV2 U-Net  ~3.5  ~2.5 Lightweight backbone 

AMP-Net (Proposed) 3.89 8.39 Adaptive multi-branch prior fusion, 

Table 1. Computational Complexity Comparison of AMP-Net and Related Structures.  

The proposed AMP-Net reduces  computational complexity significantly compared with the traditional U-Net model while 

achieving high segmentation performance. The model is based on the MobileNetV2 encoder and lightweight adaptive 

multi-branch prior fusion, which balances the effectiveness of segmentation and computational cost well. 

 

Despite the addition of modules for prior-guided fusion and dual-head supervision, AMP-Net still has a small architecture 

with just about 3.89 million trainable parameters, which is significantly smaller than the standard U-Net (10 million 

parameters). Moreover, the proposed framework requires about 8.39 GFLOPs for an input resolution of 256x256, which 

is practically feasible for practical biomedical image segmentation applications. 

 

These results show that AMP-Net provides a favorable balance between robustness, accuracy, and computational cost; 

thus, it can be suitable for resource-limited and real-world medical imaging settings. 

 

5. Results  

In this section, we evaluate the proposed AMP-Net model for HEp-2 cell segmentation experimentally. The model was 

tested with 5-fold cross-validation in two different experimental settings: with and without data augmentation. 

Performance evaluation was carried out using the Dice coefficient and the Intersection over Union (IoU) metric. 

Furthermore, threshold optimization and post-processing were evaluated to see if further improvements could improve 

segmentation effectiveness. 

 

5.1 RESULTS WITHOUT DATA AUGMENTATION 

Fold dice @0.5 IoU @0.5 
Best 

Threshold 
Dice Best IoU Best Dice Post 

Fold 1 0.9344 0.8774 0.60 0.9381 0.8839 0.9381 

Fold 2 0.9531 0.9104 0.45 0.9538 0.9118 0.9538 

Fold 3 0.9589 0.9212 0.44 0.9595 0.9222 0.9595 

Fold 4 0.9261 0.8641 0.46 0.9283 0.8672 0.9283 

Fold 5,,,, 0.9665 0.9353 0.64 0.9687 0.9393 0.9689 

Mean ± Std 0.9478   ± 

0.0170 

0.9017 ± 

0.0300 

0.518 ± 

0.094 

0.9497 ± 

0.0163 

0.9049 ± 

0.0291 

0.9497 ± 

0.0164 

Table 2 summarizes the 5-fold cross-validation results obtained without data augmentation. 
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For the first run, the mean Dice coefficient of the proposed AMP-Net was 0.9478 ± 0.0170 at the fixed threshold of 0.5. 

With threshold optimization, the Dice metric slightly increased to 0.9497 ± 0.0163, and the IoU reached 0.9049 ± 

0.0291.  

 

This small improvement indicates that the model is already well calibrated around the standard threshold. Post-processing 

resulted in almost no improvement; the Dice metric is still around 0.9497. This implies that AMP-Net directly generates 

clean segmentation masks without needing any morphological post-processing. 

 

5.2 RESULTS WITH DATA AUGMENTATION 

Table 3 shows the results obtained when data augmentation was applied during training. 

 

Fold Dice @0.5 IoU @0.5 Best 

Threshold 

Dice Best IoU Best Dice Post 

Fold 1 0.9645 0.9316 0.54 0.9651 0.9330 0.9651 

Fold 2 0.9743 0.9499 0.47 0.9748 0.9508 0.9748 

Fold 3 0.9625 0.9278 0.48 0.9628 0.9283 0.9628 

Fold 4 0.9305 0.8721 0.34 0.9348 0.8785 0.9348 

Fold 5 0.9157 0.8450 0.66 0.9405 0.8878 0.9405 

Mean ± Std 0.9495 ± 

0.0251 

0.9053 ± 

0.0445 

0.498 ± 

0.116 

0.9556 ±  

0.0171 

0.9157 ± 

0.0311 

0.9556 ± 

0.0171 

Table 3. results obtained with data augmentation 

 

With data augmentation, AMP-Net obtained a mean Dice score of 0.9556 ± 0.0171 after threshold optimization, 

whereas without augmentation, it was 0.9497 ± 0.0163.  

 

The mean IoU improved as well from 0.9049 to 0.9157. The results indicate that augmentation improves the 

generalization of the model. However, Dice@0.5 was more variable with augmentation. This is mainly due to the Fold 5, 

where Dice@0.5 was 0.9157, but it was optimized to 0.9405 after threshold optimization.  This shows that the quality 

of the model prediction was excellent, but the probability calibration varied in Fold 5.  

 

5.3 THRESHOLD OPTIMIZATION'S EFFECT: 

The threshold optimization gave a modest gain in both experimental settings. 

 

Setting Dice @0.5 Dice Best Threshold Gain 

Without it 0.9478 0.9497 +0.0019 

With it 0.9495 0.9556 +0.0061 

Table 4. Threshold optimization effect 

 

The gain from threshold optimization was very small without augmentation, indicating stable probability outputs around 

the default threshold of 0.5. The improvement with augmentation was larger, mainly because augmentation introduced 

more variability in the prediction confidence. Therefore, reporting Dice@0.5 and Dice at the best threshold are more 

complete evaluations. 

https://doi.org/10.18103/mra.2026.0423


  

Medical Research Archives | https://doi.org/10.18103/mra.2026.0423 17 

THE EUROPEAN SOCIETY OF MEDICINE 
 

5.4 POST-PROCESSING IMPACT 

The improvement due to postprocessing was negligible in all experiments. The best post-processing configuration always 

chose a kernel size of 1 and no hole filling, i.e., no meaningful morphological operation was required. 

This is an important result. It shows that AMP-Net learns spatial consistency and produces accurate segmentation masks in 

an end-to-end manner. Therefore, in comparison to segmentation pipelines relying on heuristic refinement, AMP-Net can 

produce high-quality predictions directly from the network output. 

 

5.5 COMPUTATIONAL COMPLEXITY  

The proposed AMP-Net has 3,891,190 parameters, or about 3.89 million. This makes the model significantly smaller than 

a standard U-Net, which usually has about 31 million parameters. The model size reduction mainly comes from the use of 

the MobileNetV2 encoder and lightweight feature module. 

 

Model Parameters 

Standard U-Net ~31.0 M 

MobileNetV2 U-Net ~3.5 M 

AMP-Net 3.89 M 

Table 5. Computational complexity comparison 

 

AMP-Net maintains a compact number of parameters even with an increased number of components such as adaptive 

prior fusion, multi-branch feature extraction, feature combination, and boundary head. The improved segmentation 

performance and robustness justify the modest increase over a basic MobileNetV2 U-Net. 

 

5.6 QUALITATIVE RESULTS   

 

Fig. 2 qualitative segmentation results 
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Fig. 2 shows the qualitative segmentation results of the proposed AMP-Net on Fold 5 of the MIVIA HEp-2 dataset, 

including the best, average, and worst prediction cases. For each example, we illustrate the original image, ground-truth 

mask, predicted segmentation, overlay visualization, and error map. In the best-case example (Dice = 0.9770), the 

predicted mask almost perfectly matches the ground truth with very few false positives and nearly no false negatives.  

 

The cell boundaries are well preserved, showing excellent localization ability and accurate foreground extraction. The 

overlay and error map confirm that AMP-Net has high segmentation quality and strong structural consistency.  

 

The segmentation is still quite accurate and visually stable for the average case results (Dice = 0.9676). There are small 

boundary mismatches and some small under-segmented parts. But the overall cell morphology and structural details are 

well retained. This demonstrates the robustness of the proposed architecture for typical HEp-2 samples.  

 

The network produces reliable segmentation even with increased structural complexity and challenging cellular patterns, 

with the worst-case example (Dice = 0.9459).  

 

We can observe some inaccuracies in boundaries and small false positive areas, around thin structures and densely 

connected regions. Nevertheless, the predicted mask is well aligned with the ground truth, demonstrating that AMP-Net 

generalizes well even during challenging imaging conditions.  

 

The qualitative results demonstrate that AMP-Net can capture cell morphology, preserve fine contours, and produce 

smooth and coherent segmentation masks. The lightweight feature extraction, adaptive prior-guided fusion, and dual-

head learning contribute a lot to the accurate delineation of the HEp-2 cell region. 

 

Overall, the qualitative results show that AMP-Net can generate highly accurate segmentation masks with minimally false 

positive and false negative regions. Error maps show that most inaccuracies are localized in thin boundary regions, and 

that the overall morphology of the cells is consistently maintained. Even in difficult cases with dense and irregular 

structures, the proposed model can keep stable and coherent segmentation performance, which validates the effectiveness 

of the adaptive prior-guided fusion mechanism. 

 

In addition to the dice and IOU, accuracy, precision, sensitivity, and specificity are added as evaluation metrics.  

 

Metric Mean 

Accuracy 0.9797 

Precision 0.9483 

Sensitivity 0.9657 

Specificity 0.9846 

Dice 0.9561 

IoU 0.9165 

Table 6. Mean over all metrics 
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The proposed model AMP-Net attained an average Dice coefficient of 95.61% and an average IoU of 91.65% over 

the 5-fold cross-validation. The model also showed high sensitivity (96.57%) and specificity (98.46%), indicating strong 

foreground detection and background discrimination. 

 

Qualitative analysis reveals that AMP-Net creates highly accurate segmentation masks with very few false-positive and 

false-negative regions. Error maps show that the majority of errors are confined to thin boundary regions, while cellular 

morphology is consistently preserved in general.  

 

The proposed model has stable and coherent segmentation performance even on challenging cases with dense and 

irregular structures, which confirms the effectiveness of the adaptive prior-guided integration mechanism.  

 

The proposed model AMP-Net's qualitative segmentation results align well with the quantitative Dice scores and 

demonstrate excellent visual performance across various validation samples. In the best case, the predicted mask (Dice 

= 0.9770) is almost identical to the ground truth, with cell boundaries well preserved and only a small number of false 

positives and false negatives.  

 

The error map is dominated by a true-positive region with very few red pixels (false positives) and almost no blue (false 

negatives).  

 

The AMP-Net well captures fine cellular structure, smooth contours, and small isolated cells, and overlay visualization 

confirms excellent localization accuracy.  

 

The results demonstrate that the RGB branch is effective at extracting rich semantic features, the prior branch contributes 

to improving object localization, and the adaptive fusion system is efficient in producing correct segmentation masks. 

 

In the average case example (dice = 0.9676), the segmentation is still highly accurate and visually stable. Globally, 

AMP-net preserves cellular morphology well, although we observe minor boundary differences and small under-

segmented regions in a few cells. The prediction keeps clear shapes and accurately identifies the main features, showing 

it works well with typical HEp-2 samples. These results also confirm the effectiveness of the proposed multilevel feature 

combination strategy to address the variations in the cell appearance and structure. 

 

The proposed model AMP-Net still produces robust and coherent segmentation results even in the worst-case example 

(Dice = 0.9459) with highly dense cellular structures, irregular elongated shapes, overlapping regions, and stronger 

texture or background interference.  

 

Most foreground regions are still correctly identified, and the predicted contours remain visually consistent with the ground 

truth. The other errors are mainly due to local boundary inaccuracies and slight over-segmentation, not catastrophic 

segmentation failure. This observation is particularly important as complex biological morphology typically causes 

considerable degradation during segmentation performance; however, AMP-Net still maintains a Dice metric above 94%, 

demonstrating strong robustness and reliable behavior in challenging conditions. 
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5.7 STATISTICAL ANALYSIS 

 

Fig. 3. Fold cross Validation Performance 

 

The stability of AMP-Net was checked using five separate 5-fold cross-validation studies, resulting in a total of 25 

evaluations. We present boxplots (Fig. 3) to show the reliability and the consistency of the proposed model. Furthermore, 

accuracy and specificity had the most even distribution with median values of 98-99% and small interquartile ranges, 

suggesting high reliability and low variability between folds. Also, the sensitivity was commonly high, which means the 

model performed well in locating the positive HEp-2 regions on many validation sets.  

 

Some folds were more difficult to segment, especially the boundary areas and small structures, as indicated by the slightly 

higher variability of the Precision and Dice scores. In general, the high Dice coefficient confirmed the accurate 

segmentation performance. As expected, IoU has the largest spread for all metrics, as it is more sensitive to segmentation 

boundary errors and small false positive or false negative regions.  

 

The high median and tight distributions imply good resilience and excellent repeatability, which in turn implies that the 

proposed method can produce stable and generalizable segmentation results across different folds. 

 

 

Fig. 4. Confidence Interval 
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Statistical analysis also validates the robustness of the proposed AMP-Net model. The proposed AMP-Net was assessed 

through five repeated 5-fold cross-validation experiments (i.e., 25-fold evaluation). The model achieved an overall Dice 

score of 0.9556 ± 0.0061, with a 95% confidence interval [0.9102, 0.9893], indicating excellent segmentation accuracy 

and reproducibility. indicates that the model achieves consistently high segmentation accuracy and reliable generalization 

ability on the MIVIA HEp-2 dataset. 

 

5.8 COMPARISON WITH STATE-OF-THE-ART SEGMENTATION ARCHITECTURES 

Method Year Architecture Type Dice (%) IoU (%) Params (M) FLOPs (G) 

Standard U-Net [3] 2015 CNN Encoder–Decoder 88–92 80–85 ~31 ~50–70 

Attention U-Net [4] 2018 Attention CNN 90–93 82–86 ~34 ~60–80 

ResUNet++ [22] 2019 Residual CNN 91–94 83–87 ~35 ~60–90 

MobileNetV2 U-Net [6] 2020 Lightweight CNN 89–93 81–86 ~16.19* ~24.97* 

Swin-UNet [13] 2021 Transformer U-Net 94–96 88–91 ~27 ~45–60 

TransUNet [11] 2024 CNN + Transformer 93–96 87–91 ~100+ High 

BRAU-Net++ [23] 2024 Hybrid CNN–

Transformer 

94–96 88–91 — — 

EMCAD [24] 2024 Efficient Attention 

Decoder 

SOTA — 1.91 0.381 

MADGNet [25] 2024 Multi-frequency Multi-

scale Attention 

94–96 88–91 ~33.14 ~8.99 

AMP-Net (Ours, without 

augmentation) 

— Multi-branch + Prior-

Guided Fusion 

95.0 90.5 3.89 8.39 

AMP-Net (Ours, with 

augmentation) 

— Multi-branch + Prior-

Guided Fusion 

95.6 91.6 3.89 8.39 

Table 7. Comparison of the proposed AMP-Net with representative CNN-based and transformer-based medical image 

segmentation architectures in terms of segmentation accuracy and computational complexity.  

 

Table 7 presents the comparison between the proposed AMP-Net and representative CNN-based and transformer-

based segmentation architectures reported in the literature. The traditional CNN-based models, such as U-Net, Attention 

U-Net, and ResUNet++, achieve competitive segmentation performance, but usually need 31-35 million trainable 

parameters and relatively high computational complexity. Transformer-based methods like Swin-UNet, TransUNet, and 

BRAU-Net++ improve feature representation further by modeling long-range dependencies, but these improvements are 

at the cost of significantly increased computational cost and memory requirements. 

 

In contrast, the proposed AMP-Net adopts a lightweight MobileNetV2 backbone along with adaptive prior-guided fusion 

and multi-branch feature extraction to achieve a favorable trade-off between segmentation accuracy and computational 

efficiency. AMP-Net only requires 3.89 million trainable parameters and 8.39 GFLOPs but achieves Dice coefficients of 

95.0% without data augmentation and 95.6% with data augmentation, equivalent to IoU values of 90.5% and 91.6%, 

respectively. These results are comparable to or better than those obtained from significantly larger CNN and 

transformer-based architecture. 
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Furthermore, in contrast to many recent segmentation frameworks that depend on computationally expensive transformer 

modules or sophisticated post-processing techniques, AMP-Net directly outputs accurate and well-structured segmentation 

masks through its adaptive prior-guided fusion mechanism and dual-head learning strategy. The high segmentation 

accuracy, low computational complexity, and compact model size of AMP-Net make it especially suitable for resource-

constrained biomedical image analysis systems and real-time clinical applications. 

 

6. Discussion 

The results show that the proposed model AMP-Net provides robust and stable segmentation performance for HEp-2 

cells. The effectiveness of this architecture was confirmed with a Dice coefficient of 0.9497 ± 0.0163 without 

augmentation. The Dice coefficient reached 0.9556 ±0.0171 with augmentation. IoU increased to 0.9157 ± 0.031.  

 

The observed improvement with augmentation suggests that the model benefits from the addition of extra spatial and 

intensity variations during training. This is especially important because the dataset size is only 28 annotated images. 

Cross-validation (5-fold) provides a robust evaluation and avoids the risk of reporting results of one lucky split.  

 

Another important observation is that post-processing could not significantly improve performance. This suggests the 

proposed adaptive prior fusion and dual-head learning strategy enables the model to output clean and well-structured 

masks directly. This reduces the segmentation pipeline and makes the method more practical. Overall, AMP-Net provides 

a good balance between segmentation efficiency and computational effectiveness. It has only 3.89M parameters and 

achieves high Dice and IoU scores, while being much lighter than a standard U-Net. The results support the AMP-Net as 

a robust and efficient model for HEp-2 cell segmentation. 

 

Model Parameters Parameters (M) FLOPs GFLOPs 

AMP-Net 3,891,190 3.89M 8,392,395,560 8.39G 

Table 8. Final complexity values 

 

AMP-Net contains 3.89 million parameters and requires 8.39 GFLOPs for a 256×256 input image. Compared to 

standard U-Net model, AMP-Net remains lightweight in terms of parameter count while achieving high segmentation 

effectiveness. 

 

Model Parameters (M) FLOPs (G) 

Standard U-Net ~31.0 ~15.0 

MobileNetV2 U-Net ~3.5 ~2.5–4.0 

AMP-Net 3.89 8.39 

Table 9.: Model Complexity values 

 

The proposed model AMP-Net has fewer parameters but higher FLOPs than a simple MobileNetV2-U-Net due to the 

prior branch, multi-branch bottleneck, FAM blocks, and dual-head decoder. 
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7.Conclusion  

We propose a lightweight prior-guided multi-branch segmentation network, AMP-Net, for automated HEp-2 cell 

segmentation. The proposed framework consists of a MobileNetV2-based encoder, a multi-branch feature extraction 

module, a prior-guided fusion strategy using Otsu thresholding and distance transform maps, a Feature Aggregation 

Module (FAM), and a dual-head decoder for simultaneous mask and boundary prediction. This structure allows the 

network to effectively fuse semantic, structural, and spatial information with low computational complexity.  

 

Extensive experiments on the MIVIA HEp-2 dataset showed that AMP-Net achieves high segmentation accuracy, with Dice 

consistently around 95% and IoU over 91% in repeated 5-fold cross-validation experiments. The repeated evaluation 

protocol confirmed the reliability and reproducibility of the proposed method, and the augmentation study showed the 

stable performance of the model under different training conditions. Qualitative analysis also demonstrated good cell 

localization, good boundary preservation, and good segmentation on difficult cases of overlapping cells and regions of 

low contrast. Besides the segmentation performance, AMP-Net also achieves good computational efficiency with only 

3.89 million trainable parameters and 8.39 GFLOPs on a (256 × 256) input image.  

 

The proposed AMP-net achieves an excellent tradeoff between segmentation accuracy and computational cost compared 

with conventional U-Net variants and transformer-based segmentation models, thus being applicable for real-world 

biomedical image analysis tasks and resource-limited scenarios. In conclusion, the experimental results show that AMP-

Net is an accurate, efficient and reproducible framework for HEp-2 cell segmentation and is a promising contribution 

towards computer-aided diagnosis of autoimmune diseases.  

 

8. Future works 

There are several directions of research to further improve the proposed framework. First, AMP-Net will be tested on 

larger and more diverse biomedical image segmentation datasets to further evaluate its generalization capability across 

different imaging modalities and clinical scenarios.  Second, future work will explore low-computational-cost transformer-

based modules and hybrid CNN-transformer architectures to learn long-range spatial dependencies while maintaining 

the computational efficiency of AMP-Net. Finally, the proposed framework will be extended to other medical image 

segmentation tasks, including retinal vessel segmentation, brain tumor segmentation, skin lesion segmentation, and other 

microscopy applications. Moreover, the optimization of AMP-Net for real-time inference on embedded and edge 

computing platforms can enable the integration of this model into practical computer-aided diagnosis systems for clinical 

use.  
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