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Abstract.  The advancement of colorectal cancer emphasizes how important it is for
colonoscopic imaging to accurately segment polyps. Learning-based techniques have made
significant progress in the field of polyp medical image segmentation; however, recurring
issues such as the identification of small object segments, poorly defined lesion boundaries,
and complex backgrounds still exist. In order to overcome these constraints, we introduce
CDBT-Unet, a brand-new framework that enhances segmentation performance by
integrating two significant innovations. Initially, the transformer layer's convolutional prior
speeds up convergence and extracts the fine-grained local texture that is essential for tiny
flat polyps. By prioritizing horizontal-vertical background relationships through cross-
shaped attention, it improves boundary delineation in complex backgrounds by reducing
computation and accelerating convergence. The intricate background and edge blurring issue
of polyp segmentation is well-considered in this point. Second, in order to improve
accuracy, our dual-path encoder uses the MaxViT block to strategically balance global
dependency modeling and local feature preservation. Combining multilevel feature fusion
with coordinate space focus mechanisms and channel refinement improves edge response in
multiscale fusion. The issue of boundary blurring is the main focus. Under the same
experimental setup, our model outperforms the state-of-the-art ConDseg model by 3.72%
and the baseline (TransUnet) by 7.32% in terms of Dice scores when tested on the Kvasir-
SEG and CVC-ClinicDB datasets. Even in the presence of motion artifacts or low contrast,
the framework demonstrates exceptional robustness in segmenting polyps of various sizes.
Furthermore, the attention maps that were produced enhanced interpretability and gave
physicians practical knowledge about how to make decisions when modeling.

Keywords: Medical Image Segmentation, Cross-Attention Transformer, Dual Path Encoder,
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1. Introduction

Colorectal cancer, predominantly arising from adenomatous polyps, underscores the critical need for
precise polyp segmentation in colonoscopic imaging. Although deep learning approaches have
evolved from foundational U-Net [1] architectures to advanced transformer-based [2-5] models like
ConDSeg [6], significant challenges persist due to the the identification of small object segments,
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poorly defined lesion boundaries and overly complex backgrounds. To address these limitations, we
propose CDBT-Unet, featuring two key innovations: (1)a Cross-Shaped Window Transformer block
[7] that replaces conventional vision transformers [3-5] through specialized horizontal-vertical
attention mechanisms. (2) a dual-branch encoder architecture comprising distinct feature extraction
pathways. The Morphology-Aware Branch employs MaxViT blocks [8] to capture global polyp
characteristics and spatial hierarchies through their combined channel-wise attention and grid-based
operations, effectively modeling long-range dependencies and shape variations that local operators
often miss. Conversely, the Texture-Sensitive Branch retains the original TransUnet [9]
convolutional backbone, preserving high-frequency edge details and local texture patterns through
its inductive bias for spatial locality - features frequently diluted in pure transformer architectures.
These complementary pathways are integrated through our novel Coordinate-Spatial Fusion
Module, which adaptively combines their outputs using both Coordinate Attention for
positionsensitive feature enhancement and SaENet’s channel-spatial attention for cross-dimensional
context modeling. Coordinate attention encodes spatial position information into channel features
and enhances edge responseresponse [10] in multiscale fusion. The channel recalibration [11] further
enhances the response to tiny target features, effectively improving the detection and segmentation
of small polyps. Experimental results demonstrate CDBT-Unet’s superiority over existing
approaches, with significant improvements in both mDice score and mIoU metrics compared to
baseline and state-ofthe-art methods, while maintaining computational efficiency crucial for clinical
deployment. Experimental results demonstrate that CDBT-Unet achieves a 7.32% higher Dice score
and 9.17% greater mean IoU than its TransUnet [9] baseline, while surpassing the state-of-the-art
ConDSeg model by 3.72% in Dice score and 5.17% in mean IoU.The architecture’s particular
effectiveness in challenging small-polyp and lowcontrast scenarios, combined with its interpretable
attention maps, offers substantial potential for improving early diagnosis and surgical planning in
clinical practice.

2. Related work

The evolution of polyp segmentation architectures has been shaped by the need to reconcile
conflicting demands of anatomical fidelity and computational practicality. By using symmetric skip
connections that preserve spatial details while hierarchically aggregating semantic context, early
encoder-decoder frameworks—such as U-Net [1]—established a fundamental paradigm.
Nevertheless, the modeling of long-range spatial dependencies is inevitably limited by their
dependence on localized convolutional operations, which is a crucial constraint when segmenting
polyps with diffuse boundaries or those embedded within intricate mucosal textures. In order to
address this, later developments, like TransUNet [9], integrated vision transformers [9] (ViT) to use
self-attention mechanisms to capture global contextual relationships. Although these architectures
are useful for enhancing coherence for larger lesions, they frequently overlook the directional bias
present in endoscopic anatomy, such as the preponderance of vertical luminal structures and
horizontal mucosal folds, which results in inefficient attention allocation and unnecessary
computational overhead. In order to improve boundary precision by iteratively improving edge
predictions, PraNet introduced reverse attention mechanisms. However, its single-scale
convolutional processing is unable to adjust to the wide variability in polyp size seen in clinical
practice, especially for flat or small lesions (¡5 mm) [12].ConDSeg and other recent state-of-the-art
methods use multistage frameworks to enforce prediction consistency and decouple semantic feature
learning. Although they show increased robustness, these designs limit their applicability in real-
world scenarios with imperfect labels by introducing cascaded computational complexity and
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heavily relying on high-quality annotated data for training. Additionally, current approaches usually
ignore the synergistic calibration of spatial and channel-wise feature relationships, favoring one over
the other. For example, spatial attention modules may not effectively suppress irrelevant background
textures, while channel attention mechanisms may not encode positional specificity that is essential
for lesion localization. The need for architectures that naturally harmonize multiscale feature
representation, adaptive cross-dimensional attention, and directional anatomical priors is highlighted
by these unsolved issues.

3. Methodology

3.1. Network architecture

Two key innovations are introduced by CDBT-Unet to improve polyp segmentation through
anatomical prior integration, as shown in Fig 1. The traditional skip connection pathway is first
redesigned as a Dual-Branch Hierarchical Encoder. The Texture-Preserving Branch uses
convolutional operations to preserve high-resolution edge details, while the Morphology-Aware
Branch uses MaxViT blocks with grid-based window attention [3] to capture multiscale spatial
relationships. Both local boundary characteristics and global polyp morphology can be modeled
simultaneously thanks to this dual-path design.A novel Channel-Coordinate Attention Module is
used to fuse the branches' multilevel features. It combines two techniques: (1) axial position [13]
encoding, which explicitly preserves spatial relationships along endoscopic imaging planes; and (2)
entropy-adaptive channel weighting, which suppresses mucosal background interference. Second,
the framework includes a Cross-Shaped Window Transformer, which strategically limits self-
attention computation to axial stripes that are orthogonal [13]. While removing computationally
unnecessary relationships, this directional attention mechanism [14] naturally corresponds with the
two most common anatomical orientations in colonoscopy—horizontal mucosal folds and vertical
lumen structures. In situations where traditional isotropic attention usually fails, the transformer's
anisotropic receptive fields [15] are especially useful for: (1) keeping focus on tiny polyps next to
larger lesions, and (2) maintaining boundary continuity across low-contrast regions.

Figure 1. Network architecture
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3.2. MaxVit module

The aims to achieve efficient multi-scale feature modelling through the Multi-axis Attention
mechanism. It focuses on combining convolution + block attention + grid attention in each module,
thus striking a balance between representing local structures and modelling long-range
dependencies. Its core design significantly reduces computational complexity while maintaining
global modelling capabilities [26-28].

1) Anatomically-Aware Attention Decomposition: Given an input feature map    ,
MaxViT models long-range dependencies along anatomically salient orientations through axial
attention decomposition.

2)  Horizontal Attention: Partition the feature map into      horizontal strips with dimension  
 :

(1)

where     ,     ,     are projection matrices. The strip height Sh adapts to anatomical
structures, e.g., increasing     in regions with prominent mucosal folds.

3) Vertical Attention: Similarly partition into     vertical strips   :

(2)

4)  Multi-Scale Feature Integration: The MaxViT module achieves an optimal balance between
global and local feature modeling through its hierarchical design. The multi-axis attention
mechanism captures long-range dependencies along anatomically salient orientations [16,28]
(vertical lumen structures and horizontal mucosal folds), while the MBConv blocks [17] preserve
high-resolution spatial details critical for polyp boundary delineation [26].

3.3. Cross-shaped attention mechanism blocks

Vision Transformer as the last layer of the model downsampling when the attention layer, it makes
the downsampled image cut into 9 blocks, and then calculate the relationship between each block
and all the other blocks, which makes his convergence slower and too much attention to the global
information, the introduction of the cross-shaped attention mechanism can be both concerned about
the global information, while not need to calculate the relationship with all the other blocks,. This
saves arithmetic and the cross-shaped window also effectively extracts long-distance dependencies.

(3)

(4)

The core operation     decomposes the standard self-attention into orthogonal
directional components:

X ∈ RH×W×C

Nh

Sh × W

Attnhorizontal (X) = Softmax(
(XWQ)(XWK)T

√dk
) (XW V )

WQ WK WV

Sh

Nv (H × Sv)

Attnvertical (X) = Softmax(
(XWQ)(XW T

K)

√dk
) (XW V )

X̂ l = FCSWin (LN (X l−1)) + X l−1

X l = GMLP (LN (X̂ l)) + X̂ l

FCSWin (⋅) 
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(5)

For polyp segmentation, this decomposition provides:
·Anisotropic Feature Capture: Horizontal attention sweeps capture longitudinal vessel structures

common in gastrointestinal polyps, while vertical attention detects transverse boundary
discontinuities.

·Directional Sensitivity: Separate treatment of orthogonal directions improves detection of polyp
margins with irregular shapes (e.g., Paris classification Type Is, IIa lesions).

The channel-mixing MLP    operates on position-wise features:

(6)

This can be a good enhancement to the model’s ability to model the diversity of polyp
morphology.

The combined operations capture clinically relevant patterns:

Table 1. Mathematical-clinical feature correspondence

Mathematical Operation Clinical Correlation

Horizontal attention Captures mucosal vascular patterns
Vertical attention Detects lesion margins against healthy tissue

MLP channel mixing Fuses RGB/NBI spectral information
Layer normalization Improving model robustness

3.4. Fusion module

This module combines the difficulties of polyp segmentation, and focuses on the fact that the
channel information has the same importance as the coordinate information. In the design of the
fusion module, we introduce the channel attention mechanism module (SaE), and at the same time
introduce the coordinate attention mechanism.

·Squeeze Aggregated Excitation (SaE) [18] is an improved module based on the channel attention
mechanism, which aims to generate more comprehensive channel weights and dynamically adjust
the contribution ratio of different feature branches by fusing features of different levels and scales
(e.g. shallow details and deep semantics). Enhancing the neural network’s ability to perceive key
features. Its core design is an extension of the classical SE (Squeeze-and-Excitation) module, which
significantly improves the model’s representation capability by introducing a multi-branch
aggregation strategy and crosslevel information fusion.

· Coordinate Attention [19] extracts horizontal and vertical position-sensitive information by
splitting the global twodimensional spatial attention into two one-dimensional directions, horizontal
and vertical feature encoding, respectively. The model can accurately capture the positional
relationship of the target in space, polyp fuzzy boundaries, and polyp directional texture, which is
especially suitable for polyp segmentation, a task that requires precise positioning. The attention
mechanism suppresses irrelevant background noise and highlights key features by dynamically
adjusting the channel weights, which is especially suitable for small target detection or lowcontrast

FCSWin Q = Concat Attn(Q1,K1,V1)

Horizontal scanning

, Attn(Q2,K2,V2)

V ertical scanning

⎛⎜⎝ ⎞⎟⎠ ⎡⎢⎣ 

⎤⎥⎦GMLP(⋅) 

GMLP () = W2 (GELU (W1 + b1)) + b2
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regions, such as the complex background of dim light during polyp cutting [30]. The proposed
fusion module combines coordinate-aware spatial attention and multibranch channel attention to
enhance polyp feature representation [29]. Given an input feature map    , the fusion
process first applies Coordinate Attention (CoordAtt) to model directional dependencies:

(7)

Where

(8)

(9)

(10)

where      and      denotes concatenation. This hybrid design
simultaneously captures position-sensitive patterns, local texture details, and channel-wise
interdependencies.

4. Experiment

4.1. Experimental setup

In this study, a multicentre dataset integration strategy was used to organically combine two
complementary publicly available datasets, Kvasir-SEG, which contains 1,000 high-quality
endoscopic images covering a wide range of polyp morphologies, and CVC-ClinicDB, which
provides 612 video frames of colonoscopy with dynamic imaging features. This combination
effectively overcomes the limitations of evaluating data from a single source.We evaluate on Kvasir-
SEG [20] and CVC-ClinicDB, resizing all images to 256 × 256 pixels. Photometric augmentation is
applied during training while preserving anatomical orientation.

Table 2. Datasets specification

Dataset Images Polyps Resolution Annotation Type

Kvasir-SEG 1,000 1,200 1920 × 1080 Pixel-level
CVC-ClinicDB 612 612 384 × 288 Pixel-level

4.2. Hardware and training protocol

The model was trained on 4× NVIDIA RTX 3090 GPUs using Adam optimizer (    ,  
 ,    ) with polynomial learning rate decay. The batch size is 16. Each 4 batch in

different GPUs to do the training simultaneously:

(11)

where      is the current iteration and T=10,000 is the total training iterations. The learning rate
progressively decreased from 1 × 10−3 to 1 × 10−5, ensuring stable convergence. Evaluation metrics
include mDSC, mIoU, Recall, and Precision.

X ∈ R
B×C×H×W

Xcoord = X⨀ (σ (Wh ∙ Poolh (X)) ∙ σ (Ww ∙ Poolw (X))) + X

Poolh (X) ∈ R
B×C×H×1,  Poolw (X) ∈ R

B×C×1×W

Xconv = ReLU (BN (Conv3×3 (ReLU (BN (Conv3×3 (Xcoord)))))) + Xcoord

Xout = Xconv ⨀σ (Wc ∙ [MLP 1 (y) ∥MLP 2 (y)∥MLP 3 (y)∥MLP 4 (y)])

y = GAP (Xconv) ∈ R
B×C ∥

η0 = 10−3

β1 = 0.9 β2 = 0.999

ηt = η0(1 − t
T )

0.9

t
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Table 3. Comparison with baseline models

Model MIoU(%) mPrecision(%) mDice(%)

CDBT-UNet 97.27 97.88 98.35
TransUNet 88.10 94.27 91.03

Pra-Ne 91.41 96.33 94.06
ResUnet 84.88 91.48 87.49

ResUnet++ 86.05 89.58 88.92
Swin-Unet 79.95 83.35 80.48

4.3. Comparative analysis with baseline models

As demonstrated in Table 3, CDBT-UNet achieves dominant performance across all metrics when
compared to classical segmentation architectures. The proposed model attains a 97.27% mIoU,
outperforming transformer-based [2] baselines such as TransUNet [9] (88.10%) and SwinUnet [21]
(79.95%) by significant margins of 9.17 and 17.32 percentage points respectively, which validates
the superiority of our cross-shaped attention over standard global self-attention mechanisms
[3,13,22,23] in capturing polyp morphology. Notably, even when compared to specialized polyp
segmentation designs like PraNet (91.41% mIoU), CDBT-UNet maintains a 5.86% absolute
improvement, highlighting the effectiveness of dual-path feature fusion. The precision-dice gap
between our method (97.88% mPrecision / 98.35% mDice) and ResUnet++ [24](89.58% / 88.92%)
further confirms enhanced boundary discrimination capability.

Figure 2. Architecture of the merge block

Table 4. Comparison with state-of-the-art methods

Model MIoU(%) mPrecision(%) mDice(%)

CDBT-UNet 97.27 97.88 98.35
ConDSeg 92.10 96.34 94.63
BMAnet 91.82 95.60 94.40

4.4. Comparison with state-of-the-art methods

Table 4 presents compelling evidence of the advances of CDBT-UNet beyond contemporary SOTA
methods. Our model surpasses the cascade architecture of ConDSeg (92.10% mIoU) by 5.17% and
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BMAnet’s [25]boundaryaware design (91.82%) by 5.45%The 98.35% mDice score not only sets a
record, but also demonstrates clinically critical improvements in recall-sensitive scenarios, where
even 1% enhancement could reduce diagnostic miss rates substantially.

4.5. Ablation study

To validate the necessity of each core innovation in our framework, we conduct a controlled ablation
study under identical training protocols on the dataset. As demonstrated in Table 5, the systematic
removal of key components reveals a critical observation:

The experimental results demonstrate the complete model achieves superior performance
(98.35% mDice), outperforming the cross-shaped attention-only and dual-branchonly variants by
4.28% and 0.65% respectively in mDice. This indicates non-linear complementarity between the
spatial attention mechanism and dual-branch feature fusion.

Table 5. Ablation study results comparison

Model mPrecision (%) mIoU (%) mDice (%)

Only Cross-shaped Attention 94.49 91.42 94.07
Only Dual-branch Encoders 97.15 96.27 97.70

Complete CDBT-UNet 97.88 97.27 98.35

4.6. Segmentation showcase

Figure 3 shows the segmentation of our model, even with complex backgrounds or small target
segmentation.

Figure 3. Polyp segmentation results
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