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Abstract. Colorectal cancer (CRC) screening critically relies on precise polyp 
segmentation. However, existing methodologies often struggle with lesion hetero-
geneity, indistinct boundaries, and elevated rates of missed diagnoses. In response 
to these challenges, this study proposes BiGAMR-Net, a novel deep learn-
ing framework that synergistically combines Bidirectional Gated Attention with 
Multi-scale Residual Learning to enhance segmentation performance. The pro-
posed architecture comprises three core components: (1) a channel-wise Squeeze-
and-Excitation attention mechanism designed to suppress irrelevant noise and 
emphasize discriminative features; (2) Multi-scale Residual (MR) blocks, which 
utilize parallel atrous convolutions to capture diverse receptive fields while main-
taining stable gradient propagation; and (3) A Bidirectional Fusion Module (BFM) 
facilitates dynamic, cross-scale feature integration to align spatial and semantic 
information. Comprehensive evaluations across five benchmark datasets (NBI, 
Kvasir-SEG, CVC-ClinicDB, CVC-ColonDB, ETIS) demonstrate that BiGAMR-
Net achieves state-of-the-art performance, with mean Dice scores of 0.956 on 
Kvasir-SEG and 0.958 on ETIS exceeding the performance of competitive mod-
els such as nnUNet and DuckNet by up to 4.4%. The framework performs robustly 
in challenging scenarios, including narrow-band imaging and complex mucosal 
patterns. Ablation studies further validate the effectiveness of the BFM in refin-
ing lesion boundaries (3.8% Dice improvement) and the MR module in detecting 
small lesions (2.9% IoU gain). These findings underscore the clinical promise 
of BiGAMR-Net in reducing diagnostic oversights and improving the reliabil-
ity of CRC screening. Future research will focus on enabling real-time inference, 
enhancing cross-modality generalization, and conducting large-scale clinical trials 
to support broader clinical translation. 

Keywords: Polyp segmentation · Bidirectional attention · Multi-scale residual 
learning · Colonoscopy · Convolutional neural network (CNN)

L. Yang and S.-C. Pao–contributed equally to this work. 

© The Author(s), under exclusive license to Springer Nature Singapore Pte Ltd. 2025 
D.-S. Huang et al. (Eds.): ICIC 2025, LNBI 15866, pp. 165–176, 2025. 
https://doi.org/10.1007/978-981-95-0027-7_15 

http://crossmark.crossref.org/dialog/?doi=10.1007/978-981-95-0027-7_15&domain=pdf
http://orcid.org/0000-0002-4748-2882
https://doi.org/10.1007/978-981-95-0027-7\sb {15}


166 L. Yang et al.

1 Introduction 

Colorectal cancer (CRC) remains a significant global health burden and is one of the 
leading causes of cancer-related mortality, accounting for a substantial proportion of 
cancer deaths annually [1]. Most CRC cases originate from adenomatous polyps, under-
scoring the critical importance of early detection and removal in effective prevention 
and treatment [2]. Colonoscopy is widely regarded as the gold standard for detecting 
and excising polyps before malignant transformation [3]. However, the accurate identi-
fication and segmentation of polyps during colonoscopy pose substantial challenges due 
to the considerable polyp morphology, size, and texture variability. Furthermore, polyp 
detection is highly dependent on the subjective assessment of endoscopists, leading to a 
considerable rate of missed or misdiagnosed polyps, which can adversely affect patient 
outcomes. 

Image segmentation, a fundamental task in computer vision, aims to assign each pixel 
in an image to a specific category, thereby facilitating precise object delineation [4]. In 
recent years, deep learning-based image segmentation techniques have demonstrated 
remarkable success across various domains, including medical imaging [5]. Salient 
object detection, which focuses on identifying and segmenting the most visually dis-
tinctive objects within an image, has inspired similar methodologies in medical image 
analysis [6]. Specifically, automated polyp segmentation has emerged as a promising 
approach to improve detection efficiency and accuracy while reducing the cognitive 
burden on clinicians [7]. 

Despite the notable progress in deep learning-driven polyp segmentation, several 
challenges persist. First, the substantial heterogeneity in the polyp morphology com-
plicates the generalization of models across diverse datasets [8]. Second, polyps often 
exhibit blurred or indistinct boundaries, making their differentiation from surround-
ing normal tissue difficult [9]. Third, small polyps are particularly prone to be over-
looked, especially in complex endoscopic environments where they might be obscured 
by mucosal folds [10]. 

To overcome these challenges, this study proposes BiGAMR-Net, a Bidirectional 
Gated Attention and Multi-scale Residual Network, as an advanced deep learning frame-
work designed to facilitate accurate and automated polyp segmentation. The proposed 
architecture synergistically integrates three core innovations: (1) Bidirectional Gated 
(BiG) mechanisms that enable dynamic fusion of hierarchical features through our BFM 
module, effectively bridging low-level spatial details with high-level semantic infor-
mation; (2) Attention (A) mechanisms implemented via squeeze-and-excitation (SE) 
blocks that perform channel-wise recalibration, where adaptive feature refinement ampli-
fies discriminative channel responses while suppressing noisy activations; (3) Multi-
scale Residual (MR) structures combining improved atrous convolutions with stabilized 
residual connections, achieving comprehensive receptive field coverage while maintain-
ing gradient flow integrity. Extensive experimental evaluations on multiple benchmark 
datasets demonstrate the proposed approach’s superiority over existing state-of-the-art 
methods, highlighting its potential for improving clinical outcomes in colorectal cancer 
screening and diagnosis.



BiGAMR-Net 167

2 Methodology 

In this section, we introduce our BiGAMR-Net’s architecture and the details of its 
constituent modules. We first provide an overview of the network structure, followed by 
a detailed description of its fundamental components, including SEMR and BFM. 

2.1 SEMR Block 

The proposed SEMR block is designed to improve multiscale feature extraction and 
enhance segmentation accuracy, particularly for medical image segmentation tasks. To 
address the limitations of conventional residual and atrous convolutional modules, the 
SEMR block incorporates three key enhancements: an improved atrous convolution 
block, an optimized residual connection, and the integration of Squeeze-and-Excitation 
(SE) attention mechanisms. Together, these modifications enable more effective feature 
representation and segmentation performance. 

As illustrated in 错误未找到引用源。, the SEMR block consists of a parallel atrous 
convolution module, a residual connection block, and an SE attention module. The 
enhanced atrous block replaces the sequential dilated convolutions of traditional archi-
tectures with parallel dilated convolutions (dilation rates: 1, 2, 3), which are subsequently 
fused through concatenation and a 1 × 1 convolution. This parallel structure facilitates 
extracting fine-grained details and global contextual information, thus improving the net-
work’s ability to capture critical features at multiple scales. The residual connection block 
stabilizes gradient propagation while integrating 1 × 1 convolutions to align channel 
dimensions, ensuring compatibility across varying feature map resolutions (Fig. 1). 

Fig. 1. The architecture of the proposed SEMR block. 

To further refine the extracted features, the SEMR block employs an SE attention 
mechanism that adaptively recalibrates channel-wise feature responses. This mecha-
nism significantly enhances the contrast between foreground and background regions, 
particularly benefiting polyp segmentation by emphasizing informative features and 
suppressing less relevant ones.
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SEMR block effectively balances local and global feature extraction while maintain-
ing computational efficiency. Combining parallel atrous convolutions, enhanced residual 
connections, and adaptive attention mechanisms improves segmentation accuracy and 
robustness, particularly in complex medical imaging scenarios. 

2.2 BFM 

The Bidirectional Fusion Module (BFM) is designed to enhance multi-scale feature 
aggregation by effectively integrating low-level and high-level features. It improves 
segmentation accuracy by addressing the limitations of conventional skip connections 
and enhancing cross-scale information flow. 

As  shown in Fig.  2, BFM consists of a bidirectional gating mechanism that adaptively 
regulates the exchange of features between low-level and high-level inputs. Unlike the 
SBA module [22], which relies solely on element-wise weighting, BFM introduces 
two gating functions (AL and AH ) to refine feature fusion selectively. These gating 
mechanisms act as feature selectors, allowing the model to enhance relevant information 
while suppressing redundancy. 

Fig. 2. The architecture of the proposed BFM. 

BFM modulates the information using AL and integrates high-level guidance via an 
upsampled high-level representation for low-level features. This effectively preserves 
fine-grained details, such as polyp boundaries and textures. In contrast, BFM incor-
porates spatially aligned low-level information via AH for high-level features, refining 
global semantic understanding while maintaining structural consistency. 

The bidirectional design facilitates smoother cross-scale feature interaction and 
retains essential details throughout the segmentation process. By leveraging multiplica-
tive gating functions, BFM provides a more stable gradient flow, improving training 
convergence and reducing optimization difficulties. 

Finally, the fused features from both branches are concatenated and processed 
through a 3 × 3 convolutional layer, refining the final representation before segmen-
tation prediction. This adaptive fusion strategy significantly improves segmentation per-
formance, particularly in challenging medical imaging tasks, where precise boundary 
delineation is crucial.
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3 Experiments 

3.1 Datasets 

To comprehensively evaluate the proposed BiGAMR Model, extensive experiments were 
conducted on five benchmark datasets: NBI (Narrow Band Imaging) dataset, Kvasir-
SEG[12], CVC-ClinicDB dataset [13], CVC-ColonDB dataset [14], and ETIS dataset 
[15]. 错误未找到引用源。presents the distribution of the dataset across the training, 
validation, and test sets, along with the pixel dimensions of the images. 

The NBI dataset consists of 1,000 images, with 700 allocated for training, 100 for 
validation, and 200 for testing, all at a resolution of 1280 × 1080. This dataset is derived 
from the ISICDM2024 Challenge Task 1 on NBI Polyp Segmentation. Similarly, the 
Kvasir-SEG dataset comprises 1,000 images, divided into 800 for training, 100 for 
validation, and 100 for testing, with image resolutions ranging from 332 × 487 to 1920 
× 1072. The partitioning of both datasets follows the official splits provided by their 
respective sources. 

For the remaining datasets, an 8:1:1 ratio was applied for random partitioning. The 
CVC-ClinicDB dataset contains 612 images, with 489 assigned to training, 62 to vali-
dation, and 61 to testing, at a resolution 384 × 288. The CVC-ColonDB dataset consists 
of 380 images, divided into 304 for training, 38 for validation, and 38 for testing, with a 
resolution of 574 × 500. Lastly, the ETIS-LaribPolypDB dataset includes 196 images, 
with 156 designated for training, 21 for validation, and 19 for testing, at a resolution 
1255 × 966. 

3.2 Implementation Details 

All experiments used the same dataset to ensure a fair and consistent evaluation. The 
model was implemented using the TensorFlow framework and deployed on multiple 
NVIDIA A800 GPUs, each with 80GB of memory. Multi-GPU training was managed 
through TensorFlow’s MirroredStrategy, with the number of available GPUs verified 
at runtime. Data augmentation used Albumentations to enhance model generalization, 
improve robustness, mitigate overfitting, and optimize performance on previously unseen 
data. 

All input images were resized to 352 × 352 pixels, and the model was trained for 
300 epochs with a mini-batch size of 8. A polynomial decay learning rate schedule was 
employed, starting at 1 × 10–4 and progressively decreasing to 1 × 10–6 over 1,000 
steps, with a decay power of 0.2. The AdamW optimizer from TensorFlow Addons 
was utilized alongside this learning rate strategy. The Dice loss function was adopted 
to maximize the overlap between predicted segmentation and ground truth, effectively 
mitigating class imbalance, particularly given the relatively small proportion of polyps 
within the images. This process is mathematically formulated in (1). 

DiceLoss = 1 − Dice (1)
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3.3 Evaluation Metrics 

Four widely adopted metrics comprehensively evaluate the proposed polyp segmenta-
tion model’s performance: mean Dice Coefficient (mDice) [11], mean Intersection over 
Union (mIoU), Precision, and Recall. These metrics quantitatively assess segmentation 
accuracy by measuring the degree of overlap between predicted masks and ground truth 
annotations. The Dice Coefficient and IoU are key indicators of overall segmentation 
similarity, capturing spatial agreement and segmentation completeness. Meanwhile, Pre-
cision and Recall provide insights into the model’s capability to detect polyp regions 
while accurately minimizing false positives and negatives. Collectively, these metrics 
facilitate a rigorous and holistic assessment of segmentation effectiveness. 

4 Result 

4.1 Qualitative Results 

In this study, we conducted a series of experiments utilizing five datasets, including 
NBI, Kvasir-SEG, CVC-ClinicDB, CVC-ColonDB, and ETIS-LaribPolypDB, to evalu-
ate the learning efficacy of BiGAMR-Net. We systematically compared the segmentation 
performance of BiGAMR-Net with that of previously reported state-of-the-art (SOTA) 
models using a range of evaluation metrics. 

For this comparative analysis, we incorporated a total of six baseline models from 
the field of polyp segmentation, namely U-Net [16], UNet++ [17], ResUNet [19], 
ResUNet++ [18], nnUNet [20], and DuckNet [21]. To ensure a rigorous evaluation, all 
models were trained and assessed on the training, validation, and test partitions derived 
from the same dataset. The results of this performance comparison are presented in 
Table 2 and Table 3. It is noteworthy that, due to the random partitioning of the dataset 
and the potential for data leakage, obtaining performance metrics that accurately align 
with those reported in the original literature presents considerable challenges despite the 
availability of experimental code provided by the authors. 

Based on the results presented in Table 2 and Table 3, the experimental findings 
indicate that the proposed model achieves state-of-the-art performance in polyp segmen-
tation across four benchmark datasets, consistently surpassing existing methodologies 
in all evaluation metrics. Compared to widely adopted architectures, the proposed app-
roach demonstrates superior generalization capabilities, achieving the highest mDice 
and mIoU scores across relatively straightforward datasets (CVC-ClinicDB, Kvasir) 
and more complex ones (CVC-ColonDB, ETIS). Notably, while nnUNet and DuckNet 
exhibit competitive performance, their segmentation accuracy remains marginally lower 
than that of the proposed model. Moreover, the performance of conventional models such 
as ResUNet and ResUNet++ deteriorates significantly on complex datasets, underscor-
ing the necessity of advanced architectural designs. The pronounced performance decline 
observed across all models on the ETIS dataset highlights its challenging nature; how-
ever, the proposed model maintains the highest accuracy, demonstrating its robustness 
(Table 1). 

Concerning the mDice metric, BiGAMR-Net surpasses the second-best-performing 
DuckNet model by 4.1% and 2.4% on the NBI and Kvasir datasets, respectively, and
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Table 1. Dataset distribution and image resolutions. 

Dataset Train Validation Test Resolution 

NBI 700 100 200 1280 × 1080 
Kvasir-SEG 800 100 100 332 × 487 to 1920 × 1072 
CVC-ClinicDB 489 62 61 384 × 288 
CVC-ColonDB 304 38 38 574 × 500 
ETIS 156 21 19 1255 × 966 

Table 2. Polyp segmentation performance comparison on CVC-ClinicDB and CVC-ColonDB. 

Model CVC-ClinicDB CVC-ColonDB 

mDice mIoU mPrec mRec mDice mIoU mPrec mRec 

U-Net 0.868 0.795 0.910 0.850 0.793 0.721 0.839 0.765 

U-Net++ 0.926 0.862 0.939 0.915 0.933 0.874 0.951 0.915 

ResUNet 0.726 0.613 0.844 0.717 0.637 0.504 0.623 0.695 

nnUNet 0.948 0.905 0.958 0.944 0.931 0.881 0.934 0.936 

ResUNet++ 0.839 0.766 0.873 0.873 0.780 0.693 0.874 0.791 

DuckNet 0.940 0.887 0.916 0.965 0.915 0.843 0.923 0.906 

Ours 0.968 0.938 0.970 0.966 0.958 0.920 0.964 0.953 

Table 3. Polyp segmentation performance comparison on Kvasir and ETIS datasets. 

Model Kvasir Dataset ETIS Dataset 

mDice mIoU mPrec mRec mDice mIoU mPrec mRec 

U-Net 0.838 0.744 0.871 0.838 0.503 0.426 0.665 0.469 

U-Net++ 0.887 0.801 0.907 0.875 0.522 0.387 0.911 0.407 

ResUNet 0.648 0.510 0.672 0.692 0.369 0.261 0.580 0.365 

nnUNet 0.929 0.883 0.952 0.924 0.812 0.750 0.924 0.769 

ResUNet++ 0.343 0.273 0.705 0.329 0.524 0.450 0.604 0.518 

DuckNet 0.933 0.874 0.933 0.932 0.737 0.584 0.670 0.818 

Ours 0.956 0.917 0.959 0.954 0.958 0.920 0.957 0.960

outperforms both DuckNet and nnUNet by 4.4% and 2.7% on the CVC-ColonDB dataset. 
These results validate the model’s stability and generalization capability. 
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Figure 3 presents line graphs illustrating the mDice and mIoU performance of the 
above models on the entire dataset. These graphs demonstrate the performance vari-
ations among the different models across various datasets, with the proposed method 
consistently achieving high scores. 

Fig. 3. Compare the Dice and IoU metrics across all models evaluated on the entire dataset. 

The segmentation results for a challenging NBI task, comparing the proposed 
BiGAMR-Net with conventional deep-learning models, are presented in Fig. 4. The  
distinct imaging characteristics of NBI enhance mucosal microvascular structures and 
reduce the color contrast between polyps and the surrounding tissue, thereby limiting 
the effectiveness of color-based segmentation approaches. Additionally, lighting arti-
facts, including reflections and mucus-induced highlights, introduce interference that 
can degrade the performance of segmentation methods reliant on color and texture cues. 
Furthermore, the complex intestinal background, characterized by pronounced folds and 
uneven textures, increases the risk of false segmentation. 

Our proposed model exhibits robust segmentation performance across a diverse range 
of cases. Nevertheless, some images with high overall segmentation accuracy, particu-
larly those shown in the second, third, and sixth rows, still pose additional challenges. 
In these cases, the ground truth masks of the polyps display inconsistent contrast levels 
and blurred boundary definitions, impeding the model’s ability to delineate polyp con-
tours accurately. Such inconsistencies in annotation introduce ambiguity into the learn-
ing process, adversely affecting segmentation performance. Pronounced local contrast 
variations disrupt the model’s capacity to extract stable boundary features, resulting in 
incomplete edge segmentation, partial omission of polyp regions, and mis-segmentation 
or missed detections. 

Furthermore, uneven illumination and noise interference exacerbate these chal-
lenges, leading to incorrect boundary predictions in certain areas. Therefore, enhancing 
the model’s boundary detection capability in regions with contrast inhomogeneity is 
crucial for optimizing segmentation performance. The local contrast variance values 
corresponding to the six samples in Fig. 4 are presented in Fig. 5, and the corresponding
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formulas are shown in (2) and (3). 

σ2 c = 1 
M

∑M 

j=1

(
Lj − L)2 

(2) 

L = 1 
M

∑M 

j=1 
Lj (3) 

The contrast variance, denoted as σ2 c , is computed using the Laplacian operator, 
which quantifies intensity variations within the masked region of a grayscale image. 
Specifically, Lj represents the Laplacian-transformed grayscale intensity at pixel j within 
the mask region, while L denotes the mean Laplacian value across the masked area. 
Additionally, M corresponds to the total number of pixels within the mask. 

Fig. 4. Comparison of the proposed model with various segmentation methods on the NBI polyp 
dataset. Green, red, and yellow regions indicate true positives, false positives, and false negatives, 
respectively. 

4.2 Ablation Study 

To demonstrate the effectiveness of the SE-AR and BFM modules, we conduct an abla-
tion study to evaluate the performance of BIGAMR-Net. For comparative analysis, we 
substitute the primary module with a standard convolutional block comprising a 3 × 3 
convolution, batch normalization, and ReLU activation. The ablation study is performed
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Fig. 5. Local contrast variance values for the six samples. 

on the NBI and CVC-ClinicDB datasets. As presented in Table 4, the experimental 
results indicate that the AMR module significantly enhances the model’s sensitivity to 
small lesions through multi-scale feature fusion, yielding an improvement of 1.9% in 
mean Recall (mRec) on the NBI dataset. Furthermore, the bidirectional gating mecha-
nism of BiGAMR-Net further refines segmentation accuracy, particularly in delineating 
complex boundaries, resulting in a 1.0% increase in mIoU on the ClinicDB dataset. The 
cross-dataset evaluation confirms the model’s robustness and generalization capability 
across narrow-band imaging (NBI) and conventional endoscopy (ClinicDB). 

Table 4. Quantitative results for ablation studies on NBI and CVC-ClinicDB datasets. 

Method NBI CVC-ClinicDB 

mDice mIoU mPrec mRec mDice mIoU mPrec mRec 

CNN 0.930 0.869 0.942 0.918 0.955 0.914 0.960 0.950 

AMR-Net 0.940 0.887 0.943 0.937 0.963 0.928 0.961 0.964 

BiGAMR-Net 0.948 0.901 0.951 0.944 0.968 0.938 0.970 0.966 

5 Conclusion 

In this paper, we propose BiGAMR-Net, a polyp segmentation framework that com-
bines bidirectional gated attention and multi-scale residual modules to enhance feature 
representation. Extensive experiments on five benchmarks demonstrate state-of-the-art 
performance, especially in cases with blurred boundaries. Ablation studies confirm the 
effectiveness of BFM and MR in improving accuracy. BiGAMR-Net offers a reliable
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tool to reduce missed detections and assist endoscopic screening. Future work will focus 
on real-time applications, cross-modality adaptation, and broader clinical validation. 
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