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H I G H L I G H T S

∙ Present a novel architecture primar-

ily designed for predicting fine-grained 

Gleason score (GS) groups, applicable to 

other lesion segmentation tasks.

∙ Integrate bi-orientated bi-level routing 

transformer (BBRT) and adaptive multi-

spectral channel attention (AMSA) mod-

ules to boost spatial attention and tex-

ture sensitivity.

∙ Achieve high Dice Similarity 

Coefficients (DSCs) in prostate cancer 

grading, prostate region segmentation, 

and stroke segmentation; ablation 

studies verify empirically module 

effectiveness.
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A B S T R A C T

Multiparametric magnetic resonance imaging (mpMRI) is crucial in excluding serious diseases by providing clear 

scans that can quickly locate diseased tissue. Subjective assessment of lesion aggressiveness can vary among 

clinicians. We propose a network for mpMRI segmentation capable of effectively segmenting fine-grained le-

sion groups in prostate cancer (PCa), with potential applicability to other magnetic resonance imaging (MRI) 

segmentation tasks such as brain strokes. Specifically, a bi-oriented bi-level routing transformer (BBRT) with a 

flexible sparse attention mechanism is designed to enhance the network’s target perception. This design opti-

mizes the Transformer’s long-range modeling capabilities. An adaptive multispectral channel attention (AMSA) 

module with an automatically selected frequency components mechanism is designed to enhance target contour 

recognition accuracy. It improves the network’s sensitivity to detect crucial texture information. Experiments are 

conducted using three MRI datasets. Our method achieved a dice similarity coefficient (DSC) of 76.09 % for grad-

ing PCa on PCAMM, demonstrating improvements of 2.77 %, 3.79 %, 3.64 %, and 0.29 % over the suboptimal 

method in clinically significant Gleason score (GS) groups (GS 3+4, GS 4+3, GS=8, and 𝐺𝑆 ≥ 9), respectively. 
The prostate region segmentation obtained DSC of 94.03 % and 84.52 % for the central gland (CG) and periph-

eral zone (PZ), respectively, on PROSTATEx. The stroke segmentation achieved a DSC of 86.33 % on ISLES2022. 

The experimental results demonstrate that the proposed model excels in generalization and outperforms other 

state-of-the-art methods.
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1. Introduction

Multiparametric magnetic resonance imaging (mpMRI) is crucial in 

cancer detection by providing visual information on lesions such as vol-

ume, location, and multifocality [1,2]. The assessment of lesions by 

mpMRI is a subjective process with large variations among clinicians 

[3]. Currently, deep learning algorithms have achieved significant suc-

cess in MRI segmentation tasks [4,5]. However, it is still challenging 

for complex targets and complex tasks, as represented by the prostate 

cancer grading task, with the main difficulties including: (1) large differ-

ences in target size, with small targets easily missed; (2) unclear target 

boundaries; and (3) difficulty in quantitatively assessing the extent of 

cancerous lesions. To address these issues, we selected the prostate and 

stroke datasets to conduct multiple tasks.

Prostate cancer (PCa) is the second most common cancer in men 

[6]. MpMRI has been utilized for early detection of PCa, determining 

biopsy candidates, guiding biopsies, and localizing treatments [7]. To 

standardize the reporting of prostate mpMRI examinations, expert diag-

nosticians adhere to the Prostate Imaging Reporting and Data System 

(PI-RADS) [8]. However, interpreting prostate mpMRI is challenging 

due to some benign conditions, like benign prostatic hyperplasia (BPH), 

can interfere with the diagnosis of prostate cancer and the assessment 

of lesion aggressiveness [9]. Currently, the Gleason score (GS) based 

on histopathology is the most effective method for assessing the ag-

gressiveness of a lesion [10]. Similarly, in stroke diagnosis, mpMRI has 

made lesion detection more intuitive, but there still exists significant 

variability in expert assessments.

Many lesions in medical images, such as prostate cancer and stroke, 

may be overlooked during feature extraction due to their small size 

and irregular location. To tackle this issue, researchers commonly opt 

to incorporate an attention mechanism into the network [11,12]. The 

attention mechanism utilizes global contextual information from an im-

age, enabling the model to dynamically learn how to prioritize important 

features of a small target during training. Currently, the Transformer 

model has shown a global receptive field and multimodal processing 

in image processing [13]. However, its core module has high compu-

tational complexity and incurs heavy memory footprints. To alleviate 

this issue, researchers introduced sparse attention to Transformer. A 

significant amount of work [14–16] has reduced key/value tokens us-

ing various merging or selection strategies. However, these tokens are 

shared by all queries, and we would like the network to select key/value 

pairs that are potentially related to the query and to effectively utilize 

global information in both spatial and channel dimensions.

For lesions with various shapes and sizes, researchers commonly 

employ a multi-scale strategy [17–20]. The multi-scale strategy facili-

tates the transfer and fusion of features at different levels to capture 

broader and deeper contextual representations [21]. Additionally, nu-

merous lesions exhibit blurred regional boundaries. This necessitates a 

network capacity to effectively capture and retain crucial details, such 

as edges, colors, textures, and more. Frequency analysis is a robust tool 

in signal processing. Qin et al. [22] mathematically proved that global 

average pooling is a special case of frequency domain feature decomposi-

tion. They improved the network’s ability to prioritize important details 

by artificially selecting various frequency components in the frequency 

representation. However, the selection of frequency components in the 

model is artificially determined and remains unchanged during train-

ing. Suboptimal model optimization can occur when the domain of use 

is changed. To address this limitation, we reassess the method of select-

ing frequency components and explore new approaches to improve the 

network’s adaptive attention to detailed information.

We consider two characteristics of prostate cancer grading: (1) le-

sions in different areas of the gland are graded using different major 

modalities, and (2) different regions of the gland show varying signal 

intensities within the same modality of the lesion. Combined with the 

fact that mpMRI is typically concatenated across the channels, we be-

lieve that the model’s ability to select important channels is as crucial as

its ability to pay spatial attention to regions of interest (ROI). Therefore, 

we first propose a novel structure for extracting global contextual in-

formation by incorporating channel selection and spatially effective 

sparse attention mechanisms. Secondly, the accurate prediction of seg-

mentation boundaries requires the network’s retention of important 

details, and we propose a new method of assigning higher weights to 

ROIs based on frequency representation selection. Our contributions are 

summarized as follows:

(1) This study presents a novel network for mpMRI segmentation

tasks. The network is primarily used to predict fine-grained GS 

groups and further identify clinically significant PCa. Its targeted 

design and excellent robustness enable it to be applied to other 

MRI lesion segmentation tasks.

(2) The proposed network has two novel modules bi-orientated bi-

level routing transformer (BBRT) and adaptive multispectral chan-

nel attention (AMSA). The BBRT is used to enhance the network’s 

spatial attention to lesions and important channel selection capa-

bility. The AMSA is used to improve the network’s sensitivity to 

detect and analyze significant texture information.

(3) The proposed method has been evaluated across three datasets

representing two medical scenarios. For prostate cancer grading, 

our method obtained an average dice similarity coefficient (DSC) 

of 76.09 %. An improvement of 2.77 %, 3.79 %, 3.64 %, and 

0.29 % was observed in GS 3+4, GS 4+3, GS = 8, and GS 

≥ 9 groups, respectively, compared to the suboptimal method. 

The prostate region segmentation obtains a DSC of 94.03 % for 

the central gland (CG) and 84.52 % for the peripheral zone 

(PZ) on PROSTATEx, while the stroke segmentation achieves a 

DSC of 86.33 % on ISLES2022. Ablation studies demonstrate the 

effectiveness of our proposed modules.

2. Related work

Our work draws on recent studies regarding the attention mecha-

nism, analytical work on skip connections in U-Net, lesion segmentation 

methods based on mpMRI, and previous PCa grading methods.

Attention mechanism: Attention mechanisms, because they can se-

lectively attend to important information, are widely used in many fields 

like computer vision (CV) and natural language processing (NLP). Many 

works such as [23–26] propose their own methods for spatial atten-

tion and channel attention, primarily focusing on the spatial domain. 

In addition, some research focuses on building attention mechanisms 

in the frequency domain [22], directing the network to concentrate 

on specific frequency information relevant to the target. Considering 

the ease of confusion between PCa adjacent grade lesions, we distin-

guish them using frequency domain signals. In this study, considering 

the ease of confusion between PCa adjacent grade lesions, we dynam-

ically select key frequency components based on input features and 

direct the network to focus on significant features corresponding to those 

frequencies.

Analytical work on skip connections: The skip connection, as 

a fundamental design in the codec structure, fuses low- and high-

resolution information to improve the feature representation. However, 

the direct application of skip connections may create a semantic gap 

between low- and high-resolution features, resulting in blurred feature 

maps [27]. To mitigate the above problem, some work has focused 

on designing additional feature mapping or selection modules. Ibtehaz 

et al. [28] proposed the MultiResUNet, which incorporates a Residual 

Path. This allows the encoder features to undergo additional convolu-

tion operations before being merged with the corresponding features 

in the decoder. Seo et al. [29] proposed mU-Net, while Chen et al. [30] 

proposed FED-Net. Both mU-Net and FED-Net utilize convolutional oper-

ations within skip-connection to enhance the performance of segmented 

medical images.

Neurocomputing 653 (2025) 131094 

2 



Y. Liu, W. Wang, Y. Zhu et al.

Lesion segmentation methods based on mpMRI: In modern 

medicine, accurately diagnosing tumors often necessitates the integra-

tion of various MRI modalities due to their complexity and diversity. 

To fully utilize mpMRI information, current research is exploring vari-

ous approaches and has achieved preliminary results. Yang et al. [31] 

first applied a single-stage image-level classifier based on CNN for PCa 

detection. Kohl et al. [32] first introduced an adversarial network for 

segmenting aggressive PCa, and refined the segmentation results using 

a discriminator. To address the issue of human cost in practical clinical 

applications, Alkadi et al. [33] proposed a mono-parametric CAD sys-

tem that employs a 2.5D segmentation model. Wang et al. [34] used a 

two-stage segmentation algorithm to segment the prostate and lesions 

sequentially based on 3D MRI data. For the multimodal brain lesion 

segmentation task, Zhang et al. [35] extracted modality-invariant repre-

sentations by explicitly building and aligning global correlations across 

different modalities. Shi et al. [36] divided the four modalities into 

two groups based on the characteristics of the perfusion map. They de-

veloped a cross-modal cross-attention module based on the exogenous 

attention mechanism for information interaction.

Prostate cancer grading methods: For the PCa grading task, 

most research efforts have focused on developing efficient classifiers. 

However, the stratification of clinically significant PCa is crucial for 

aiding physicians in diagnosis and treatment [37]. Cao et al. [4] first 

explored the use of mpMRI to predict fine-grained GS groups via CNN. 

Duran et al. [38] proposed a two-branch model for lesion grading in 

the peripheral zone (PZ). Mehta et al. [39] proposed a network frame-

work based on patient-level data to address annotation costs. Vente et al. 

[40] analyzed variations among prostate lesions in different regions 

and incorporated the regional information into the network framework. 

Bhattacharya et al. [41] introduced whole-mount histopathology images 

and designed modules to learn correlation features between radiological 

and pathological images.

3. Method 

3.1. Data preprocessing

Before inputting the data into the proposed network, it is necessary to 

register and crop the three mpMRI sequences. Additionally, pixel-level 

segmentation labels of the GS group need to be performed for process-

ing, as shown in Fig. 1. First, the registration operation is carried out. 

Using the coordinate information stored in DICOM, the centers of the 

three imaging sequences corresponding to each slice are aligned. Then, 

resampling is performed on ADC and DWI. The sampling intervals of 

images in different modalities obtained from the instrument are incon-

sistent. We take the T2W image as the reference object for resampling 

and alignment. Next, a unified cropping process is carried out. During 

the experiment, it was observed that the cancerous area is small and al-

most all located within the prostate gland, while the background noise 

is large, which can cause certain interference to the model. Therefore, 

we crop out one-fourth of the area of the original image. The cropped 

image is aligned with the center of the original image, and its side length 

is half of the original image.

Pixel-level segmentation labels about the GS group included informa-

tion about location, shape, and degree of aggressiveness. Each patient 

diagnosed with PCa undergoes a series of diagnostic procedures, in-

cluding prostate-specific antigen (PSA) testing, transrectal ultrasound 

(TRUS) biopsy, and MRI. The aggressiveness was evaluated based on 

the pathology report obtained after the biopsy procedure. Pixel-level 

annotation of the lesions was performed by a highly experienced ra-

diologist who specializes in diagnosing PCa. The radiologist used the 

information from the pathology reports. We categorized the annotation 

pixel-by-pixel into six groups: Non-lesion, GS 3+3, GS 3+4, GS 4+3, 

GS = 8, and GS ≥9. The categorization was performed using the one-hot 

encoding method.

Fig. 1. Data preparation pipeline.
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Fig. 2. The structure of the proposed network for fine-grained Gleason score (GS) groups prediction.

3.2. Network architecture

The network architecture proposed in this study comprises several 

components, including the InceptionNeXt encoder [42], BBRT, AMSA 

module, and a double-input channel attention module (DCAM) [43], 

as shown in Fig. 2. The network receives three imaging sequences as 

input, which are obtained from Section 3.1. The segmentation results are 

generated by the network in a six-channel format using an end-to-end 

approach.

The proposed network utilizes the first five stages of InceptionNeXt 

as feature encoders. First, the outputs of each layer are fed into a BBRT 

block, which is based on the Transformer framework and attention 

mechanism. By prioritizing the calculation of key-value pairs that are 

closely related to the current semantic region, it can extract important 

global features related to the target more effectively while reducing com-

putational costs. Then, the features are separately fed into the Adaptive 

Multi-spectral Attention Module, which enhances the network’s ability 

to acquire important detailed features by adaptively selecting frequency-

represented components. It is important to note that the features output 

by the encoders at different layers are already at different scales. The 

BBRT block at each layer extracts global information for multi-scale fea-

ture extraction, and no additional multi-scale structures are designed 

within these two modules. Next, the output of the AMSA module is 

combined with deep semantic features using the DCAM proposed in our 

previous study. This allows the network to dynamically choose signifi-

cant components from both the deep and shallow features. The DCAM 

in each layer is followed by two C&B&R modules. One C&B&R consists 

of a convolutional layer, a batch normalization layer, and a ReLU func-

tion. Finally, the segmentation results are output through a segmentation 

head.

3.3. Bi-oriented bi-level routing attention

Due to the typically small size of the lesion area and the presence 

of a lot of noise in the background, we hope that the network can ef-

ficiently focus on important information from the global context and 

ignore the interference. Inspired by the work of Zhu et al. [44], we 

propose a BBRT Block for extracting global information. The structure 

of the block is shown in Fig. 2. In BBRT, we employ sparse attention 

to control computational complexity. Unlike manually designed fixed 

sparse patterns [14,45], our proposed sparse attention mechanism can 

adaptively distinguish important features from global information and 

automatically enhance focus on critical regions. As illustrated in Fig. 3, 

we propose bi-orientated bi-level routing attention (BBRA). This method 

adopts a bi-level strategy: first performing coarse-grained screening to 

identify strongly correlated regions, followed by fine-grained attention 

within these regions. Specifically, BBRA first computes a correlation 

matrix in coarse-grained regions and then applies fine-grained token-to-

token attention in candidate regions based on this matrix. Unlike [23], 

which was inspired by the intrinsic property of convolutional operations 

(i.e., extracting effective features by blending channel and spatial infor-

mation) to employ bi-orientated pooling in attention mechanisms, we 

innovatively transform this concept into sparse region selection crite-

ria, achieving adaptive region screening along both channel and spatial 

dimensions.

Given an input feature 𝑋 ∈ R 

𝐶×𝐻×𝑊 , copy it to obtain two fea-

tures. Then send each feature into two branches separately. Detailed 

descriptions are provided for the two branches.

Spatial branch. The feature is divided into 𝑆 𝑠 

× 𝑆 𝑠 

non-overlapping 

regions. Each region contains 

𝐻𝑊
𝑆 

2
𝑠
feature vectors. The reshaped feature
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Fig. 3. The structure of bi-orientated bi-level routing attention.

𝑋 

𝑟
𝑠 ∈ R 

𝑆 

2
𝑠 × 

𝐻𝑊
𝑆 

2
𝑠

×𝐶 

is then obtained. Query, key, and value tensors are 

obtained by linear mapping, i.e.,

𝑄 𝑠 = 𝑋 

𝑟
𝑠𝑊 

𝑞
𝑠 , 𝐾 𝑠 = 𝑋 

𝑟 

𝑠𝑊 

𝑘 

𝑠 , 𝑉 𝑠 = 𝑋 

𝑟
𝑠𝑊 

𝑣
𝑠 (1) 

Where 𝑊 

𝑞 

𝑠 ,𝑊 

𝑘
𝑠 ,𝑊 

𝑣
𝑠 ∈ R 

𝐶×𝐶 . Then, the correlation matrix between

coarse regions is calculated. Global average pooling is applied to the 

features in region of 𝑄 𝑠 

and 𝐾 𝑠 to obtain region-level features 𝑄𝑟
𝑠 ∈

R𝑆 

2
𝑠 ×𝐶 and 𝐾 

𝑟
𝑠 ∈ R 

𝑆 

2
𝑠 ×𝐶 :

𝑄𝑟
𝑠 =

𝑆 

2
𝑠

∑ 

𝑖=1
𝐺𝐴𝑃 (𝑄 

𝑖
𝑠), 𝐾 

𝑟
𝑠 =

𝑆 

2
𝑠

∑ 

𝑖=1
𝐺𝐴𝑃 (𝐾 

𝑖
𝑠) (2)

Where i denotes the number of regions. Subsequently, a similarity 

matrix of size 𝑆 

2 

𝑠 × 𝑆 

2
𝑠 is obtained through matrix multiplication of the

two features. The magnitude of the values in the similarity matrix re-

flects the degree of correlation between the regions. The top K regions 

with high relevance to each region between 𝑄 

𝑟 

𝑠 and 𝐾 

𝑟
𝑠 are retained, and 

the routing index matrix 𝐼 

𝑟 

𝑠 ∈ N𝑆 

2
𝑠 ×𝑘 is obtained to guide fine-grained

token-to-token attention:

𝐼 

𝑟
𝑠 = 𝑡𝑜𝑝𝐼𝑛𝑑𝑒𝑥(𝑄 

𝑟
𝑠 ⋅ (𝐾 

𝑟
𝑠 ) 

⊤) (3)

In fine-grained attention, first, the top K 𝐾 

𝑖 

𝑠 and 𝑉 

𝑖
𝑠 relevant to 𝑄 

𝑖
𝑠 are 

summarized based on the routing index matrix 𝐼 

𝑟
𝑠 to obtain continuous

blocks 𝐾 

𝑔
𝑠 , 𝑉

𝑔
𝑠 ∈ R

𝑆 

2
𝑠 × 

𝑘𝐻𝑊
𝑆 

2
𝑠

×𝐶 

that are more friendly for GPU memory

consolidation:

𝐾 

𝑔
𝑠 = 𝑔𝑎𝑡ℎ𝑒𝑟(𝐾 𝑠, 𝐼 

𝑟
𝑠 ), 𝑉 

𝑔
𝑠 = 𝑔𝑎𝑡ℎ𝑒𝑟(𝑉 𝑠, 𝐼 

𝑟 

𝑠 ) (4)

Then, token-to-token attention is applied to 𝑄 𝑠, 𝐾 

𝑔
𝑠 , and 𝑉 

𝑔 

𝑠 , while the 

depthwise convolution (DC) is employed, like [44], to preserve richer 

fine-grained feature information.

𝑂 = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄 𝑠, 𝐾 

𝑔
𝑠 , 𝑉 

𝑔
𝑠 ) + 𝐷𝐶(𝑉 

𝑔
𝑠 ) (5)

Channel branch. Features are divided into 𝑆 𝑐 

×𝑆𝑐  

non-overlapping

patches, so that each patch contains 

𝐻𝑊
𝑆 

2
𝑐
feature vectors, where de-

formed feature 𝑋 

𝑟
𝑐 ∈ R

𝑆 

2
𝑐 ×𝐶× 

𝐻𝑊
𝑆 

2
𝑐 . Unlike the spatial branch, C represents

the number of partitioned regions, and 𝑆 

2 

𝑐 is the length of the vector

representing a channel region. After that, linear mapping is applied to 

obtain query, key, and value tensors, i.e.,

𝑄 𝑐 = 𝑋 

𝑟
𝑐𝑊 

𝑞
𝑐 , 𝐾 𝑐 

= 𝑋 

𝑟 

𝑐𝑊 

𝑘 

𝑐 , 𝑉 𝑐 = 𝑋 

𝑟 

𝑐𝑊 

𝑣
𝑐 (6)

Where 𝑊 

𝑞
𝑐 ,𝑊 

𝑘
𝑐 ,𝑊 

𝑣
𝑐 ∈ R

𝐻𝑊
𝑆 

2
𝑐

× 

𝐻𝑊
𝑆 

2
𝑐 . Then, the correlation matrix be-

tween coarse regions in the channel direction is calculated. Global 

average pooling is applied to the features inside 𝑄 𝑐 

and 𝐾 𝑐 for each

patch to obtain region-level features 𝑄 

𝑟
𝑐 ∈ R𝐶×𝑆 

2
𝑐 and 𝐾 

𝑟
𝑐 ∈ R𝐶×𝑆 

2
𝑐 :

𝑄𝑟
𝑐 =

𝐶×𝑆 

2
𝑠

∑ 

𝑗=1
𝐺𝐴𝑃 (𝑄 

𝑗
𝑐 ), 𝐾 

𝑟
𝑐 =

𝐶×𝑆 

2
𝑐

∑ 

𝑗=1
𝐺𝐴𝑃 (𝐾 

𝑗
𝑐 ) (7)

Where j represents the number of patches. Then, a 𝐶 × 𝐶 similarity 

matrix is obtained through matrix multiplication between the two fea-

tures. Similarly, the indices of the top K regions in 𝐾 

𝑟 

𝑐 that are highly 

correlated with each region in 𝑄 

𝑟 

𝑐 are retained, obtaining the routing 

index matrix 𝐼 

𝑟 

𝑐 ∈ N 

𝐶×𝑘 , used to guide fine-grained token-to-token

attention:

𝐼 

𝑟
𝑐 = 𝑡𝑜𝑝𝐼𝑛𝑑𝑒𝑥(𝑄 

𝑟
𝑐 ⋅ (𝐾 

𝑟
𝑐 ) 

⊤) (8)

In fine-grained attention, similarly gather all key-value pairs residing 

in the union of the K routed regions based on the routing index matrix.

Merge them to obtain continuous blocks 𝐾 

𝑔
𝑐 , 𝑉

𝑔
𝑐 ∈ R 

𝐶×𝑘𝑆 

2
𝑐 × 

𝐻𝑊
𝑆 

2
𝑐 that are

more friendly for coalesced memory operations on the GPU:

𝐾 

𝑔
𝑐 = 𝑔𝑎𝑡ℎ𝑒𝑟(𝐾 𝑐 

, 𝐼 

𝑟 

𝑐 ), 𝑉 

𝑔
𝑐 = 𝑔𝑎𝑡ℎ𝑒𝑟(𝑉 𝑐 , 𝐼 

𝑟
𝑐 ) (9)

Where 𝐾 

𝑔
𝑐 , 𝑉

𝑔
𝑐 ∈ R

𝐶×𝑘𝑆 

2
𝑐 × 

𝐻𝑊
𝑆 

2
𝑐 represent the aggregated representation 

of key and value tokens along the channel direction. Then apply token-

to-token attention to 𝑄 𝑐 , 𝐾 

𝑔 

𝑐 , and 𝑉 

𝑔 

𝑐 , and introduce DC:

𝑂 = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄 𝑐 , 𝐾 

𝑔
𝑐 , 𝑉 

𝑔
𝑐 ) + 𝐷𝐶(𝑉 

𝑔
𝑐 ) (10)

Finally, the features of the two branches are added to obtain the final 

result, which will be inputted to an ASMA block for further processing.
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Fig. 4. The structure of an adaptive multispectral channel attention module.

3.4. Adaptive multispectral channel attention

As discussed above, considering the importance of shallow texture 

features in detecting lesion boundaries, the proposed ASMA block is 

used to enhance the network’s focus on important detailed information. 

Its structure is shown in Fig. 4. Qin et al. [22] have proved that dis-

crete cosine transform (DCT) can be viewed as a weighted sum of inputs 

and GAP corresponds to the lowest frequency component of 2D DCT. 

They determine the importance of each frequency component in the 

classification task. We believe that the optimal selection of frequency 

components is different depending on the task. We hope that the selec-

tion of frequency components is guided by input features rather than 

being manually designed. A detailed description of the proposed AMSA 

block is as follows.

Two operations are performed on the input feature 𝑋 ∈ R 

𝐶×𝐻×𝑊 : 

(1) it is divided into n groups along the channel direction, with each 

group assigned the same spatial weight. (2) Global average pooling is 

performed to obtain a vector 𝑃 ∈ R 

𝐶 , with global information, which is 

used to guide the generation of weights.

𝑃 = 𝐺𝐴𝑃 (𝑋) (11)

For this vector, an FC layer and Sigmoid function are applied, and 

then it is mapped to the range 0 to 8 and rounded down to obtain the 

frequency position vector 𝑃 

𝑓 ∈ R 

2 𝑛 :

𝑃 

𝑓 = 𝐹 𝑙𝑜𝑜𝑟(𝑀𝑎𝑝(𝑆𝑖𝑔𝑚𝑜𝑖𝑑(𝑊 1 

𝑃 ))) (12)

Where 𝑊 1 ∈ R 

2 𝑛×𝐶 is the learnable linear transformation matrix,

𝑆𝑖𝑔𝑚𝑜𝑖𝑑() represents the sigmoid activation function, 𝑀𝑎𝑝() performs 

linear scaling (mapping feature values from 0–1 to 0–8), and 𝐹 𝑙𝑜𝑜𝑟() 

denotes the rounding down operation (with gradient preservation). 

Frequency domain coordinates are extracted from 𝑃 

𝑓 to guide the gen-

eration of weight maps, and the generation of weight maps still follows 

the 2D DCT basis function, which is:

𝐵 

𝑖,𝑗
ℎ,𝑤 = cos 

(𝜋ℎ
𝐻

(

𝑖 + 

1 

2

) 

cos 

(𝜋𝜔
𝑊

(

𝑗 + 

1
2 

))

𝑠.𝑡.𝑖 ∈ {0, 1, … , 𝐻 − 1} , 𝑗 ∈ {0, 1, … , 𝑊 − 1} (13)

Where (𝑖, 𝑗) is spatial domain coordinate, and (ℎ, 𝑤) is frequency 

domain coordinate. Based on the obtained n sets of frequency domain co-

ordinates, the corresponding weight maps are calculated and weighted

with the grouped features to obtain a vector 𝑉 ∈ R 

𝐶 with global channel

statistics:

𝑉 = 

𝐻−1 

∑ 

𝑖=0 

𝑊 −1
∑ 

𝑗=0
𝑋 

𝑖,𝑗 𝐵 

𝑖,𝑗
ℎ,𝑤

𝑠.𝑡.ℎ, 𝑤 ∈ 𝑃 

𝑓 (14)

To limit model complexity and aid generalization, referencing Hu 

et al. [46], we employ a simple gating mechanism with two fully 

connected (FC) layers and a sigmoid activation, i.e.,

𝑉 2 = 𝑆𝑖𝑔𝑚𝑜𝑖𝑑(𝑊 3 

𝛿(𝑊 2 

𝑉 )) (15)

where 𝛿 refers to the ReLU function, 𝑊 2 

∈ R 

𝐶 

𝑟 

×𝐶 and 𝑊 3 

∈ R 

𝐶× 

𝐶 

𝑟 . The 

final output of the block is obtained by channel-wise multiplication.

𝑂 = 𝑉 2 

⊗ 𝑋 (16)

Where ⊗ refers to the channel-wise multiplication. 

4. Results

In this section, we first present the dataset and implementation de-

tails. Second, we investigate the effectiveness of the proposed method on 

the three segmentation tasks. Next, we show the ablation experiments 

regarding network structure. Finally, we provide visualization results to 

demonstrate the advantages of the experimental outcomes.

4.1. Dataset and evaluation metrics

Due to the scarcity of publicly available PCa datasets with voxel-level 

GS annotations, we incorporated segmentation tasks for prostate region 

and brain stroke. We conducted experiments using three datasets: one 

private dataset related to the prostate cancer and two publicly available 

datasets concerning the prostate region and stroke.

Prostate Cancer Multiparametric MRI (PCAMM): This dataset, 

provided by Shanghai Tongji Hospital, is private and dedicated to the 

PCa grading task. It encompasses mpMRI sequences, specifically includ-

ing ADC, T2W, and DWI of 171 PCa cases. For each PCa-diagnosed 

patient, a PSA test, a TRUS biopsy, and an MRI examination were car-

ried out. A radiologist with extensive experience in PCa diagnosis was 

responsible for annotating the images based on the pathology report. To 

ensure the accuracy of the annotation, a pathologist provided assistance
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Table 1 

The number of samples for different grades in the PCAMM.

Grade GS 3+3 GS 3+4 GS 4+3 GS = 8 GS ≥ 9

Number 43 32 32 30 34

during the labeling process, guaranteeing that the biopsy position cor-

responding to the pathological section was consistent with the labeled 

lesion position on the MR image. In this study, the index (dominant) 

lesions, which are the lesions with the highest Gleason grade and most 

likely to be suspected as tumors, were the primary focus for labeling. 

Among the 171 PCa cases, there are both clinically significant PCa 

(Gleason score, GS > 6) and non-clinically significant PCa (GS ≤ 6). 

The number of samples for different grades is presented in Table 1. The 

patients’ ages range from 47 to 92, with an average age of 73.98 ±9.1 

years. Regarding the number of lesions, 132 patients have a single le-

sion, 31 patients have two lesions, and 8 patients have three lesions. 

For sampling of the data, the dataset features a diversity in pixel and 

inter-slice spacing. Specifically, the pixel spacing of the ADC and DWI 

sequences varies from 1.22 to 1.95 mm, while that of the T2W sequence 

ranges from 0.28 to 0.39 mm. The inter-slice spacing values are {3.6, 
4.2, 4.8, 5.4, 6.0 mm}. Ethical approval for this experimental protocol 

was obtained from the Ethics Committee of Tongji Hospital Affiliated to 

Tongji University (Approval Number SBKT-2024–065).

PROSTATEx: This dataset is publicly available and used for prostate 

region segmentation [47]. The dataset includes 98 prostate mpMRI se-

quences (ADC, T2W, and DWI), which were acquired using two different 

types of Siemens 3 T MRI scanners (MAGNE-TOM Trio and Skyra) with 

a body coil. The dataset also provides annotations for the central gland 

(CG) and PZ regions.

ISLES2022: This dataset is publicly available and is used for stroke 

segmentation. It includes 250 multi-modality MRI scans [48]. Each scan 

includes diffusion-weighted imaging (DWI), apparent diffusion coeffi-

cient (ADC), and fluid attenuated inversion recovery (FLAIR) sequences. 

We chose DWI and ADC as input in this study.

In this study, three metrics are chosen to evaluate the ability of the 

network to segment the target regions following the common practice: 

the average Dice similarity coefficient (DSC), average boundary distance 

(ABD), and relative volume difference (RVD).

4.2. Implementation details

Dice loss and cross-entropy loss are used to train the network. We 

slice all the MRI data and perform five-fold cross-validation on three 

datasets. The proposed method was implemented in PyTorch. All the 

cropped prostate region of interest images in this study were resized to 

256 × 256. The cropping operation is only performed on the PCAMM. 

The default size of other images input into the network is also 256 × 256. 
To reduce the influence of overfitting caused by limited datasets, sev-

eral data augmentation operations were employed, including random

rotation (0 

◦ , 90 

◦ , 180 

◦ , 270 

◦ ) and random flipping (up-down or left-

right in the x-y planes), and random scaling (0.8–1.2 times). The Adam 

optimizer was employed for training our model in an end-to-end man-

ner with an initial learning rate of 0.0001 and betas of (0.9, 0.999). The

learning rate decayed by a dynamic weight decay of 
(

1 − 

𝑒𝑝𝑜𝑐ℎ
𝑚𝑎𝑥_𝑒𝑝𝑜𝑐ℎ

) 0.9
.

The max _𝑒𝑝𝑜𝑐ℎ settings on the three datasets PCAMM, ISLES2022, and 

PROSTATEx were 750, 100, and 200 respectively. The batch size was 

set to 32 by default on an NVIDIA TITAN RTX GPU with 24 GB of mem-

ory.The preprocessing phase (including training mask generation) takes 

58.1 s in total on the PCAMM dataset, averaging 0.34 s per case, which 

is negligible compared to the total training time.

4.3. Results on the three datasets

We compare the proposed network with eight widely used medical 

image segmentation networks, four based on CNNs and three based on 

Transformers. Various networks including UNet, UNet++, Attention U-

Net, nnUNet [49], MedT, TransUNet, Swin-Unet, and UCTransNet [50] 

are used in this study. We trained these eight networks without utiliz-

ing any additional pretraining parameters. The images inputted into the 

MedT, TransUNet, and Swin-Unet are resized to 224 × 224. Tables 2, 3, 

and 4 illustrate the experimental results on three datasets.

(1) Result for PCAMM. Table 2 shows the average DSC, ABD, and 

RVD for each model on the PCAMM. The proposed network achieves the 

highest scores in DSC, ABD, and RVD, with values of 76.09 % (±0.23), 
3.63 (±0.02), and 8.64 % (±1.54), respectively. Compared to CNN-

based segmentation methods, the three metrics of our method exhibit 

improvements of 4.69 %, 0.6, and 6.71 % over those of Attention U-Net. 

Compared to Transformer-based segmentation methods, our method 

demonstrates metrics that are 2.82 %, 0.42, and 3.12 % higher than 

those of Swin-Unet. These results demonstrate that the proposed method 

exhibits significant advantages in segmentation accuracy (evaluated by 

DSC), boundary delineation precision (assessed by ABD), and over-

segmentation control (measured by RVD), enabling more accurate target 

prediction while reducing boundary errors and volume deviations.

Table 2 also shows the segmentation results on different GS groups. 

Experimental observations revealed that the prediction accuracy of all 

models for lesions across five grades (five sample groups) generally 

exhibited an increasing trend from low-grade to high-grade. This phe-

nomenon aligns well with the pathological characteristics of prostate 

cancer: high-grade tumors typically exhibit significant morphological 

differences from normal tissues and larger volumes, rendering their 

features more distinct. In contrast, low-grade tumors not only share 

highly similar histological features with normal tissues but are also 

prone to confusion with benign conditions such as prostatitis and be-

nign prostatic hyperplasia. Such histological similarity, combined with 

the generally smaller size of low-grade tumors, poses substantial chal-

lenges for network models in feature extraction and segmentation tasks. 

The proposed method demonstrates superior DSC scores compared to 

other comparative methods across all groups. On samples with GS 3+3,

Table 2

The segmentation results of different competing methods for various grades of cancer in PCAMM. ↑ indicates that higher values are better and ↓ represents the 

opposite. The best results are highlighted in bold text and suboptimal results are underlined. (mean ±standard deviation of the Dice similarity coefficient).

Method GS 3+3 GS 3+4 GS 4+3 GS=8 GS ≥ 9 Average p value

DSC↑ ABD↓ RVD↓

UNet 31.93±4.81 61.85±1.45 66.14±0.39 70.64±0.87 77.00±0.45 71.21±0.40 3.93±0.36 12.30±2.19 < 0.01
UNet++ 33.60±0.57 60.45±4.44 63.85±1.52 75.18±2.40 78.53±0.20 70.72±0.61 4.74±0.11 12.45±3.25 < 0.01
Attention UNet 34.46±4.08 57.79±7.04 69.93±4.93 74.56±2.53 74.71±2.83 71.40±1.19 4.23±0.06 15.35±1.82 < 0.01
MedT 29.01±5.12 49.54±7.17 65.78±3.01 66.75±1.43 75.29±0.89 64.11±0.71 6.71±0.14 18.31±1.99 < 0.01
TransUNet 39.34±5.86 63.78±1.67 68.65±1.39 76.19±0.22 77.81±1.32 70.96±0.48 3.90±0.30 15.46±1.60 0.02

Swin-Unet 35.04±1.55 62.83±1.54 67.49±0.48 75.58±0.86 81.74±2.45 73.27±0.35 4.05±0.16 11.76±2.16 < 0.01
nnUNet 36.56±3.09 63.40±1.01 67.09±2.07 70.60±0.84 77.19±0.92 72.02±0.60 3.98±0.22 12.31±1.73 < 0.01
UCTransUNet 36.04±2.32 63.51±1.90 68.66±1.84 75.02±0.81 81.66±1.96 73.19±1.03 4.11±0.19 11.89±1.45 < 0.01
Ours 44.13±0.84 66.55±2.18 73.72±1.32 79.83±1.65 82.03±0.19 76.09±0.23 3.63±0.02 8.64±1.54 –
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Fig. 5. The loss convergence of the model training on PCAMM data.

the score is 4.79 % higher than the suboptimal method (TransUNet). 

Regarding clinically significant prostate cancer, the proposed method 

demonstrates enhancements of 2.77 %, 3.79 %, 3.64 %, and 0.29 % 

for GS 3+4, GS 4+3, GS=8, and GS ≥ 9, respectively, compared to 

suboptimal methods (underlined in Table 2).

The suboptimal segmentation network Swin-Unet performs well on 

lesions with GS ≥ 9, but its segmentation performance is generally 

inferior to that of TransUNet on lesions of lower grades. The pro-

posed network achieves optimal segmentation results across all grades. 

From the perspective of model convergence, the network combining 

Transformer and CNN structures exhibits slightly faster convergence 

than the pure CNN architecture, as shown in Fig. 5. The proposed 

method maintains a relatively rapid convergence rate. Moreover, the 

standard deviation of the three metrics obtained from the five-fold cross-

validation of the proposed network is consistently smaller than that 

of other methods. This indicates that our network has better stability. 

Furthermore, Wilcoxon signed-rank tests were used to compare the DSC 

score differences between our model and baseline models on the test set 

(all 𝑝 < 0.05), demonstrating statistically significant improvements.

Fig. 6 shows partial segmentation results of the aforementioned 

methods, encompassing lesions of five different degrees of invasive-

ness. The lesions in samples (a), (b), and (f) are small and can easily 

be confused or misidentified among categories. The lesions in samples 

(e), (g), (h), and (i) are irregular in shape and multifocal, with some ar-

eas of the lesions being easily overlooked. The boundaries of the lesions 

are blurred in all samples. Compared to other methods, the proposed 

method provides a segmentation that is closer to the actual shapes of the 

lesions.

(2) Result for PROSTATEx. Table 3 displays the experimental re-

sults on the prostate region segmentation dataset. The prediction results 

are evaluated using three metrics for the CG and PZ regions, respec-

tively. For the CG region, the proposed network obtains the best results 

on DSC and ABD, 94.03 % (±0.24) and 2.29 (±0.11), respectively; 
for the PZ region, the proposed network achieves the best results on 

ABD and RVD, 1.81 (±0.57) and 6.04 (±0.89), respectively. Although 

our method achieves higher DSC than Swin-Unet on the CG segmen-

tation task, it shows slightly lower DSC on the PZ task. We attribute 

this to the challenge of simultaneously segmenting two closely adjacent

target regions. Regarding regional overlap (DSC), Swin-Unet appears 

more focused on the PZ region whereas our method demonstrates 

stronger performance on the CG region. Moreover, our model outper-

forms Swin-Unet in both PZ and CG regions for both boundary matching 

accuracy (ABD) and volume deviation degree(RVD). Additionally, our 

network has fewer parameters and delivers superior qualitative results 

on challenging samples.

Fig. 7 displays the results of the proposed method and the compari-

son method for the prostate region segmentation. Compared to the CG, 

the segmentation of the PZ is more challenging, with a higher incidence 

of PCa. In the relatively simple samples (c)–(d), most methods yield sat-

isfactory qualitative results, especially for the CG region. In the more 

difficult samples (a)–(b), generally located in the upper 1/3 and lower 

1/3 of the gland, the discrepancies in prediction outcomes among dif-

ferent methods become more pronounced, primarily manifested in the 

capability of boundary delineation. The experimental results demon-

strate that the proposed method exhibits superior performance in edge 

segmentation.

(3) Result for ISLES2022. We have identified a challenge in auto-

matically segmenting low-grade PCa due to the small lesion area. To 

validate the proposed network in segmenting small and complex tar-

gets, we opted to conduct further experiments using a stroke dataset. 

The proposed network achieves the best results on three metrics, namely 

86.33 % (±0.30), 1.29 (±0.08), and 0.16 % (±0.03). The results are 

shown in Table 4. Compared to U-Net++, the proposed method im-

proved by 0.67 %, 0.25, and 0.02 % on the three metrics, respectively. 

Compared to TransUnet, it showed improvements of 0.97 %, 0.11, 

and 0.12 % on the three metrics. The proposed network achieves ef-

fective segmentation results for small lesions due to BBRT’s improved 

perception of target information across multiple scales.

Fig. 8 illustrates the segmentation results of the previously men-

tioned method in stroke cases. Stroke lesions often appear as multiple 

small and scattered abnormal signal areas on MRI slices, which may 

be overlooked by the network. As demonstrated in samples (a-d), the 

proposed network successfully detected the scattered small lesions. In 

more challenging samples (e-f), the proposed network demonstrated 

lower false negative rates in its predictions compared to other contrast 

networks.
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Fig. 6. Segmentation results of UNet, UNet++, Attention UNet, TransUNet, Swin-Unet, and the proposed network on PCAMM. The white boxes display the prediction 

bias between the network’s predicted results and actual labels.

Table 3 

The segmentation results (mean±std) of different competing methods on PROSTATEx. ↑ means the higher the better and ↓ represents 

the opposite. The best results are marked in bold text and suboptimal results are underlined.

Method CG PZ

DSC(%)↑ ABD(mm)↓ RVD(%)↓ DSC(%)↑ ABD(mm)↓ RVD(%)↓

UNet 93.70±0.54 2.54±0.17 5.81±2.37 83.90±0.31 2.02±0.16 6.42±1.01
UNet++ 92.96±0.61 2.84±0.14 6.48±1.93 83.59±0.37 2.14±0.11 7.10±1.23
Attention U-Net 93.31±0.40 2.59±0.25 7.12±2.94 83.78±0.52 1.94±0.27 7.78±0.92
MedT 89.70±0.27 3.71±0.20 5.13±1.53 72.49±0.58 3.12±0.12 8.13±0.67
TransUNet 93.41±0.21 2.40±0.33 4.64±2.15 83.64±0.22 1.86±0.64 6.38±0.84
Swin-Unet 93.78±0.30 2.48±0.28 6.84±0.32 84.95±0.44 2.13±0.29 7.15±0.46
Meyer et al. [51] 87.60±6.60 - - 79.80±5.10 - -

Ours 94.03±0.24 2.29±0.11 5.09±1.60 84.52±0.39 1.81±0.57 6.04±0.89

4.4. Ablation experiments

(1) Ablation for the framework. To demonstrate the contribu-

tions of BBRT and AMSA, we constructed Base+BBRT and Base+AMSA 

for ablation experiments based on base model. The base model con-

sists of the InceptionNeXt encoder and CAMs. The segmentation results 

of all networks on three datasets are presented in Table 5. Across 

the three datasets, the networks incorporating BBRT and AMSA have 

demonstrated improvements in DSC and ABD compared to the base 

model, indicating their general effectiveness. The DSC and ABD of 

Base+BBRT+AMSA network are higher than those of Base+BBRT and 

Base+AMSA networks, indicating that BBRT and AMSA can enhance 

each other and facilitate better segmentation performance.

To intuitively illustrate the role of the proposed modules, we visual-

ized several sample feature heat maps. They provide some insights into 

how the model performs segmentation. The samples are from PCAMM 

dataset. For each sample, we selected four feature maps and the model’s 

predictions during the inference process. As shown in Fig. 9, map 1 to 

map 4 correspond to the four features extracted from the first layer. 

These features represent the output of the encoder’s first layer, the out-

put of the BBRT, the output of the AMSA, and the output of the DCAM. It 

can be seen that the features processed by the BBRT exhibit a higher re-

sponse to important details within the global context. The features that 

pass through the AMSA show a more sensitive representation of potential 

target boundaries. Furthermore, the features processed by the DCAM,

Neurocomputing 653 (2025) 131094 

9 



Y. Liu, W. Wang, Y. Zhu et al.

Fig. 7. Segmentation results of UNet, UNet++, Attention UNet, MedT, TransUNet, Swin-Unet, and the proposed network on PROSTATEx. The red solid line represents 

the predicted central gland (CG), the green solid line represents the predicted peripheral zone (PZ), while the yellow dashed line and blue dashed line represent the 

actual CG and PZ, respectively. The two values represent the dice similarity coefficient for the predicted CG (top) and PZ (bottom).

Table 4 

The segmentation results (mean±std) of different competing methods on 

ISLES2022. ↑ means the higher the better and ↓ represents the opposite. The 

best results are marked in bold text and suboptimal results are underlined.

Method DSC(%)↑ ABD(mm)↓ RVD(%)↓

UNet 85.40±0.28 1.72±0.04 0.33±0.09
UNet++ 85.66±0.35 1.54±0.07 0.18±0.05
Attention U-Net 85.51±0.55 1.58±0.20 0.22±0.06
MedT 80.93±0.11 2.23±0.26 0.81±0.67
TransUNet 85.36±0.36 1.40±0.05 0.28±0.06
Swin-Unet 85.27±0.40 1.57±0.13 0.21±0.11
W-Net [52] 85.6±- – –

Our 86.33±0.30 1.29±0.08 0.16±0.03

which incorporate deeper features containing stronger semantics, are 

able to determine the target location better.

(2) Ablation for proposed bi-orientated bi-level routing atten-

tion. To demonstrate the superior structural advantages of BBRT and 

AMSA, we conducted further ablation experiments on the two mod-

ules separately. We replaced BBRA in BBRT with self-attention in 

Vision Transformer (ViT) [53], separate spatial branch, separate chan-

nel branch, and two branches in series, respectively. The segmentation 

results of different core components in BBRT are shown in Table 6. 

Compared to the experimental results of the Base+AMSA network in 

Table 5, using separate channel branches or spatial branches alone re-

sulted in only marginal improvement. When the spatial branch and the 

channel branch are connected in series, the network performance de-

creases. However, when the two branches are connected in parallel, the 

BBRT has a positive effect, enhancing the network performance.

(3) Ablation for proposed AMSA. To further demonstrate the ad-

vantages of AMSA, we compared it with squeeze-and-excitation network 

(SE) [46] and MSA methods. MSA uses the top 16 frequency components 

provided in the official code. We conducted five-fold cross-validation 

on the PCAMM dataset. The segmentation results using different com-

ponents instead of AMSA in the proposed network architecture are 

presented in Table 7. AMSA demonstrated a 3.38 % improvement over 

MSA in DSC, indicating that the adaptive selection of frequency com-

ponents based on input features can reduce sensitivity to input data, 

enhance network robustness, and make it more adaptable for trans-

fer to other tasks. In addition, we conducted ablation experiments to

determine the optimal number of multispectral components in the adap-

tive multispectral channel attention. The experiments tested various 

values of n (1, 2, 4, 8, 16, 32), and as shown in Table 8, the configuration 

with 16 frequency components achieved the best performance.

(4) Computational efficiency and resource consumption. We 

evaluated the computational complexity and resource consumption of 

all models, including the number of parameters (Param), floating-

point operations (FLOPs) per sample, peak GPU memory usage dur-

ing training, and inference time per sample (in milliseconds). As 

shown in Table 9, our network balances computational complexity 

(Param/FLOPs) and segmentation performance. Notably, MedT required 

significantly longer inference time (149.44 ms) compared to other mod-

els (mean 11.03 ms), while the remaining models showed comparable 

speeds with variations within ±5.66 ms.

5. Discussion

Deep learning algorithms have demonstrated promise in MRI seg-

mentation tasks. For the PCa grading task, most research efforts have 

focused on building effective classifiers. However, considering the di-

versity in PCa size and the complexity of its structures, it may be 

more beneficial for radiologists to identify specific abnormal areas along 

with grading information. Therefore, our proposed method aims to pro-

vide fine-grained grading information. The annotation of each sample’s 

abnormal area is performed by a highly experienced radiologist special-

izing in PCa diagnosis, in collaboration with pathological reports that 

provide grading information.

According to the Gleason grading standard, we propose a new seg-

mentation framework for fine-grained grading of PCa, which can also be 

extended to other MRI segmentation tasks. In the ablation experiment, it 

is evident from the experimental results in Tables 5–7 that our network 

architecture settings enable the network to achieve the best perfor-

mance in grading the lesion areas of PCa. In the comparative experiment 

section, several conclusions can be drawn. Hybrid CNN-Transformer net-

works outperform pure CNN architectures, a conclusion that holds true 

for nnUNet. Although nnUNet exhibits remarkable robustness in medi-

cal image segmentation through adaptive parameter selection (including 

stage number, batch size, and patch size, etc) and model ensembling 

(2D/3D/cascade 3D UNet), its performance on the PCAMM dataset re-

mains constrained by the underlying 2D UNet structure - even with
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Fig. 8. Segmentation results of UNet, UNet++, Attention UNet, MedT, TransUNet, Swin-Unet, and the proposed network on ISLES2022. The green represents true 

positive areas, the yellow represents false positive areas, and the red represents false negative areas. The values indicate the dice similarity coefficient of the predicted 

results for this sample.

Table 5 

The segmentation results (mean±std) of different network components on 

PCAMM, PROSTATEx, and ISLES2022. ↑ means the higher the better and ↓ rep-

resents the opposite. The best results are marked in bold text. The upper part 

of PROSTATEx is for the central gland (CG), while the lower part is for the 

peripheral zone (PZ).

Dataset model DSC(%)↑ ABD(mm)↓ RVD(%)↓

PCAMM base 73.46±0.32 4.48±0.02 14.99±4.06
+BBRT 74.89±0.10 3.89±0.13 15.21±4.66
+AMSA 74.92±0.24 3.80±0.08 13.62±2.90
+BBRT+AMSA 76.09±0.23 3.63±0.02 8.64±1.54

PROSTATEx base 92.79±0.31 2.86±0.03 8.00±3.64
+BBRT 93.68±0.29 2.43±0.03 7.25±2.32
+AMSA 93.36±0.07 2.56±0.08 6.70±1.92
+BBRT+AMSA 94.03±0.24 2.29±0.11 5.09±1.60
base 80.66±0.58 2.51±0.24 10.59±2.15
+BBRT 83.53±0.22 2.03±0.13 10.91±1.35
+AMSA 82.49±0.13 2.24±0.15 8.63±1.39
+BBRT+AMSA 84.52±0.31 1.81±0.37 6.04±0.89

ISLE2022 base 85.12±0.17 2.05±0.66 0.23±0.10
+BBRT 86.01±0.14 1.72±0.10 0.29±0.12
+AMSA 85.84±0.20 1.70±0.18 0.12±0.8
+BBRT+AMSA 86.33±0.30 1.29±0.08 0.16±0.05

its 6-stage configuration (versus 5-stage in baseline UNet). This sug-

gests that the global receptive field of the Transformer is beneficial 

for extracting target feature representations from MRI and enhanc-

ing network segmentation performance. Our proposed method achieves 

the optimal DSC score on three datasets, demonstrating the network’s 

strong robustness. Furthermore, Tables 2–4 demonstrate that the seg-

mentation performance of comparison methods varies across the three 

datasets, indicating their sensitivity to different input data and lower 

robustness.

The primary challenges in the fine-grained grading task of PCa in-

clude the difficulty in retaining and identifying subtle lesion features, 

including (1) the tendency to overlook small lesions and those with 

low GS. As the grade and size of PCa increase, the features of the le-

sion area become more obvious, and the network performs better in 

segmenting high-grade and large lesions. Conversely, the network has 

lower accuracy in recognizing smaller-sized and lower-grade lesions. 

(2) The loss of fine edge details. The features of the central region of 

the lesion are relatively distinct, while the features of the edge region 

are unclear, making it less distinguishable from normal tissue. (3) It is 

easy to confuse lesions of different grades. The proposed network ad-

dresses the aforementioned issues. As shown in Table 2, the proposed 

method has improved the detection of lesions of all grades. Compared 

to suboptimal methods (underlined in Table 2), the proposed network 

has increased the DSC by 4.79 %, 2.77 %, 3.79 %, 3.64 %, and 0.29 % 

for lesions at five different grades. Combined with Tables 3 and 4, the 

proposed network can be well applied to other MRI segmentation tasks. 

Overall, the quantitative improvement in DSC scores is modest (albeit 

< 5% ), we contend that even marginal gains could be clinically sig-

nificant for prostate cancer Gleason grade segmentation, particularly 

in: 1) Reducing undergrading risk: Minor improvements in detecting 

high-grade foci may prevent their misclassification into intermediate-

grade groups, which directly influence clinical decisions between active 

surveillance and radical treatment; 2) Guiding targeted biopsies: More 

precise localization of grade-specific lesions could enhance the accuracy 

of MRI-ultrasound fusion biopsy sampling, potentially decreasing the 

need for repeat biopsies.

Beyond the segmentation task addressed in this study, the proposed 

network holds potential for other segmentation tasks. The BBRT mod-

ule in the network enables long-range dependency modeling, while the 

AMSA mechanism enhances boundary awareness. These capabilities are 

also crucial for handling other segmentation tasks, such as brain tumour 

segmentation [54] or abdominal organ segmentation [55]. Although the
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Fig. 9. Visualization of feature heat maps and prediction results during inference. From left to right, the first five columns display feature heat maps, all positioned 

on the first layer of the model. These include the output of the first layer of the encoder, the output of the BBRT, the output of the AMSA, the output of the DCAM, 

and the output of the segment head (before the activation function). The last column represents the labels for each sample.

Table 6 

The segmentation results (mean±std) using different core components in bi-

oriented bi-level routing transformer (BBRT) on PCAMM. ↑ means the higher 

the better and ↓ represents the opposite. The best results are marked in bold 

text.

Model DSC(%)↑ ABD(mm)↓ RVD(%)↓

self-attention 71.34±0.07 3.71±0.43 12.96±0.80
Spatial branch 74.93±0.84 3.67±0.16 15.44±2.34
Channel branch 75.00±1.05 3.91±0.53 11.02±2.89
In series 72.34±0.19 3.92±0.59 14.64±3.97
In parallel (Ours) 76.09±0.23 3.63±0.02 8.64±1.54

Table 7 

The segmentation results (mean±std) using different core components instead 

of adaptive multi-spectral attention (AMSA) on PCAMM. ↑ means the higher the 

better and ↓ represents the opposite. The best results are marked in bold text.

Model DSC(%)↑ ABD(mm)↓ RVD(%)↓

SE 71.30±0.75 3.76±0.24 15.69±4.27
MSA 72.98±0.66 3.81±0.17 17.49±4.91
AMSA (Ours) 76.09±0.23 3.63±0.02 8.64±1.54

Table 8

The results of using different numbers of frequency components on PCAMM.

Number 1 2 4 8 16 32

DSC(%) 75.37 75.81 75.77 75.90 76.09 75.94

Table 9 

The computational complexity and resource consumption of all models.

Method Param (M) FLOPs (G) GPU Memory Inference

Time (ms)

UNet 17.29 40.18 20.04 10.45

UNet++ 9.07 31.18 21.27 7.20

Attention U-Net 8.47 13.14 9.92 5.37

MedT 1.74 2.79 17.64 149.44

TransUNet 105.32 29.33 10.34 15.76

Swin-Unet 41.96 8.99 16.20 15.64

nnUNet 20.65 11.55 7.62 6.89

Ours 36.92 19.69 16.18 15.93

proposed method has obtained satisfactory results, there are still some 

limitations, as illustrated in Fig. 8 and Table 2. (1) While our method can 

reduce false negative regions to some extent, we must acknowledge that 

inherent limitations remain in segmenting extremely small lesions. The 

identification of small satellite lesions or elimination of their interfer-

ence remains challenging in stroke imaging data. (2) The detection rate 

of low-grade PCa is not high. Improving the detection rate of low-grade 

PCa can decrease the probability of patients missing the optimal treat-

ment opportunity, enabling doctors to promptly manage the tumor’s 

progression. In the future, we will continue to enhance this work by 

exploring the incorporation of patient-related text information and in-

teractive information between image slices to further improve network 

performance.

6. Conclusion

In the challenging MRI segmentation task, we conducted research 

focusing on the fine-grained grading of prostate cancer as a represen-

tative example. To better address the challenges of PCa grading, we 

designed two novel modules, BBRT and AMSA. We utilized them to 

construct a new segmentation framework for fine-grained grading of 

PCa. This framework can also be extended to other MRI segmentation 

tasks. In BBRT, BBRA enhances the network’s spatial attention to le-

sions and its capability for important channel selection. AMSA is used 

to enhance the network’s sensitivity to crucial texture information. The 

framework also includes the InceptionNeXt encoder and DCAM. All mod-

ules collectively learn valuable information from multimodal MRI data 

and provide reliable segmentation results. Extensive experiments with 

eight widely used medical image segmentation networks show that our 

method outperforms in prostate lesion segmentation and demonstrates 

strong robustness, achieving state-of-the-art performance in prostate and 

stroke segmentation.
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