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Abstract

Medical images commonly exhibit low contrast, weak boundaries, and complex textures.
In addition, significant semantic differences exist between deep-level semantic features
and shallow-level detail features, posing challenges for multi-scale feature fusion in terms
of detail preservation and structural consistency. To address these issues, a frequency-
enhanced and bidirectional feature-guided segmentation network (FBNet) is proposed. The
network comprises two core components. The frequency-based enhancement (FBE) module
employs the Fast Fourier Transform and applies adaptive modulation to the amplitude
spectrum through a content-aware gating mechanism, enhancing detail expression and
inter-structural contrast. The Bidirectional Guided Feature Fusion module (BGF) enables
bidirectional interaction between shallow and deep features. Additionally, the Structure
and Edge Awareness (SEA) module is constructed using directional and variance attention
mechanisms to achieve collaborative optimization of structural modeling and edge per-
ception. Experiments on four medical image segmentation datasets show that, compared
to the second-best method, FBNet achieves improvements of 2.12, 1.57, 1.37, and 1.56 per-
centage points on the mloU metric and 1.54, 1.11, 0.84, and 1.03 percentage points on the
mDice metric.

Keywords: frequency enhancement; Fast Fourier Transform; structural and edge aware;
bidirectional feature-guided

1. Introduction

Medical image segmentation is an essential technology for aiding disease diagnosis,

guiding surgical procedures, and evaluating treatment outcomes. However, due to imaging
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mechanisms to model global contextual information within images. However, both ap-
proaches have certain limitations [5,6]. Due to the limited receptive field inherent in
convolutional kernels, CNNs have difficulty in capturing the global correlation between
features. Transformers, meanwhile, struggle with capturing fine-grained local details,
particularly in complex structural regions where edge information is prone to loss. In re-
sponse, researchers have proposed various hybrid architectures and attention mechanisms.
For instance, models like HiFormer [7], TransFuse [8], and CSWin-UNet [9] integrate CNN
and Transformer architectures to fuse local details with global semantics, achieving com-
plementary advantages. Among these, TransFuse employs a parallel dual-branch structure
for multi-level fusion of features extracted by CNN and Transformer, representing one of
the most representative architectures in this direction. On the other hand, models such as
GA2Net [10], TransUNETR [11], and LKCA-Net [12] incorporate diverse attention mecha-
nisms, including spatial attention, channel attention, and deformable large-kernel attention.
These mechanisms allow the models to adaptively focus on key regions and improve their
ability to recognize complex shapes.

Although existing methods have improved overall target segmentation performance,
issues such as inaccurate edge segmentation and loss of fine details persist when handling
complex textures and weak boundaries. Crucially, most current hybrid models are pri-
marily confined to feature modeling within the spatial domain, rendering them inherently
susceptible to the effects of low contrast and noise interference commonly encountered in
medical imaging. In addition, to further strengthen the capacity to perceive and localize tar-
get structures, multi-scale feature fusion strategies have been widely adopted. For example,
methods such as SECA-Net [13], HiFormer [7], and UCTransNet [14] enhance structural
perception by aggregating features from different hierarchical levels. SECA-Net combines
attention gating layers with parallel dilated convolutions to achieve multi-scale feature
fusion. UCTransNet introduces a channel-wise cross-attention mechanism to model inter-
level dependencies. However, because shallow features contain richer detailed information
while deep features focus on high-level semantic information, there exists a significant
semantic gap between them. As a result, existing approaches still face challenges in cross-
level feature fusion, making it difficult to simultaneously maintain structural consistency
and detail integrity in complex scenarios.

To address the above challenges, a frequency-enhanced and bidirectional feature-
guided segmentation network (FBNet) is proposed for medical image segmentation, which
jointly improves model performance from both the frequency and spatial domains. Unlike
traditional hybrid architectures that rely solely on spatial-domain feature modeling, FBNet
introduces a frequency-domain enhancement mechanism. The core of this design lies in the
direct modulation of the magnitude spectrum via content-aware gating, which physically
enhances structural contrast and texture intensity, thereby overcoming the intrinsic limita-
tions of spatial-domain operations in handling low contrast and ambiguous boundaries.
Specifically, a frequency-based enhancement module (FBE) is constructed to strengthen
feature detail representation and contrast by leveraging the Fast Fourier Transform and a
content-aware gating mechanism. In addition, a Bidirectional Guided Feature Fusion mod-
ule (BGF) is constructed to establish bidirectional interactions between shallow and deep
features, enabling complementary integration of spatial details and semantic information.
Furthermore, a Structure and Edge Awareness (SEA) module is introduced, which employs
directional and variance-based attention mechanisms to explicitly strengthen sensitivity to
structural variations and boundary regions. The contributions are summarized as follows:

1.  We propose a frequency-enhanced and bidirectional feature-guided segmentation
network (FBNet), which jointly addresses the challenges of low contrast, weak bound-
aries, and multi-scale feature integration.
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2. Wedesign a frequency-based enhancement (FBE) module. It leverages the Fast Fourier
Transform and content-aware gating to adaptively enhance feature details and inter-
structural contrast in the frequency domain.

3. A bidirectional feature fusion module (BGF) is developed to facilitate mutual guid-
ance between shallow and deep features. Within this module, a Structure and Edge
Awareness (SEA) mechanism is integrated to jointly optimize structural modeling
and edge detection.

4.  Extensive experiments in four medical image segmentation datasets (Kvasir-SEG,
CVC-ClinicDB, Glas, and ISIC2018) demonstrate that FBNet achieves superior perfor-
mance over existing state-of-the-art methods, with improvements of up to 2.12% in
mloU and 1.54% in mDice compared to the second-best approach.

2. Related Work

In the field of medical image segmentation, CNN- and Transformer-based techniques
have achieved considerable advancements [15-18]. Convolutional architectures represented
by U-Net [19], together with their subsequent derivatives like UNet++ [20], UNet3+ [21],
and nnUNet [22], have been extensively employed in diverse medical tasks. However,
the inherent shortcomings of CNNs in modeling distant spatial dependencies were later
mitigated by the advent of Transformer models, which drove further progress in this
domain. For example, models such as UNETR [23] and Swin-UNet [24] enhanced the mod-
eling of global contextual information through self-attention mechanisms. Furthermore,
Transformer layers were incorporated into the CNN backbone in Trans-UNet [25] to enable
the joint modeling of both local and global information. However, in complex scenarios
where the boundaries between target tissues and surrounding regions are ambiguous,
these methods struggle to accurately distinguish foreground from background, resulting in
limitations in structural consistency and segmentation precision.

To strengthen the capacity to recognize target regions, many studies have intro-
duced various attention mechanisms or incorporated multi-scale feature fusion. Attention-
UNet [26] introduced attention gating mechanisms in skip connections to focus on key
target regions. GA2Net [10] enhanced the salient features of target regions through
a mask-guided attention module while effectively suppressing irrelevant information.
TransUNETR [11] combined gated convolution with local self-attention mechanisms to
strengthen the modeling of pathological structural details. Moreover, HiFormer [7] em-
ployed cross-attention to fuse shallow local information with deep semantic information.
UCTransNet+ [14] utilized a channel-wise cross-attention mechanism to fuse multi-scale
features and capture channel dependencies across different scales. M2SNet [27] aggregated
features from different hierarchical levels through multi-scale subtraction operations, em-
phasizing discriminative information. Although these methods improve feature saliency
and target recognition to some extent, they still suffer from inaccurate edge delineation and
insufficient detail preservation when handling weak boundaries and low-contrast regions.

On the other hand, some studies have enhanced boundary segmentation performance
by introducing edge priors or frequency-domain information. MEGANet [28] and FoBS [29]
constructed edge-guided attention by employing the Laplacian operator and deformable
Laplacian convolution, respectively, with the aim of strengthening responses in bound-
ary regions. Concurrently, frequency-domain information has been gradually introduced
into medical segmentation tasks. AdaptUNet [30] enhanced image edge and texture fea-
tures using a two-dimensional discrete wavelet transform. MADGNet [31] proposed a
multi-frequency channel attention mechanism based on the 2D DCT, which enhanced
edge details by extracting diverse features from different frequency bands. FRUNet [32]
captured frequency-domain information across different channels through Fourier channel
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attention to improve the perception of edge details. Although the aforementioned meth-
ods demonstrate the potential of edge operators and frequency-domain information for
boundary modeling, the lack of decoupled analysis and targeted processing of frequency
components makes it difficult to enhance edge contrast while preserving structural in-
tegrity. Consequently, challenges remain in achieving robust segmentation performance in
low-contrast regions.

To provide a more intuitive comparison of existing studies, Table 1 summarizes the
strengths and weaknesses of the various methods discussed above. Based on this analysis,
we propose a frequency-enhanced and bidirectional feature-guided segmentation network
(FBNet), which aims to achieve the synergistic optimization of structural modeling and
edge perception. The proposed FBNet employs frequency-based enhancement modules
(FBE) to perform content-aware adaptive modulation of the amplitude spectrum, thereby
improving image contrast and structural details at the frequency-domain level. Meanwhile,
a Bidirectional Guided Feature Fusion module (BGF) is devised to enable deeper structural
modeling and enhanced edge awareness.

Table 1. Strengths and limitations of different segmentation architectures.

Category Representative Models Advantages Limitations
- Limited receptive field;
U-Net [19], UNet++ [20], Efficient local feature .. ’
CNN-based methods nnU-Net [22] extraction; widely adopted. inability to model long-range

global dependencies.

Insufficient local detail

UNETR [23], Swin-UNet [24],  Global context modeling via . .
capture; challenges in regions

Transformer-based methods

Trans-UNet [25] self-attention. with ambiguous boundaries.
Attention-UNet [26], Enhanced target saliency; ;T;g;ctl:i?t ijiij::;;ﬁ?gon
Attention & multi-scale fusion GA2Net [10], HiFormer [7], multi-scale feature P
. . weak-boundary,
UCTransNet+ [14] integration. low-contrast regions
Lack of decoupled analysis
and targeted processing of
Strengthened boundary frequency components;
Edge-enhanced methods MEGANet [28], responses; improved difficulty balancing edge

MADGNet [31], FRUNet [32] perception of texture details. enhancement and structural

integrity in
low-contrast regions.

3. Methods
3.1. Overall Architecture

The overall architecture of FBNet is shown in Figure 1. It follows the classic
encoder-decoder paradigm and mainly consists of the hierarchical feature encoder,
the frequency-based enhancement module (FBE), and the cascaded decoder. To ef-
fectively capture global contextual information, we adopt the pre-trained PVT-v2-
B2 [33] as the backbone during the feature encoding stage. Given an input image
I € RBX3*HXW ‘the encoder uses its hierarchical Transformer structure to progressively

generate feature maps {t1,fy,t3,t4} at four different scales, with spatial resolutions of

% X %, % X %, % X %, 35 X %} and corresponding channel numbers of [C, 2C,4C, 8C],
where the default channel dimension is 64. To further enhance structural contrast and
texture clarity, a frequency-based enhancement module (FBE) is introduced after each
level of the encoder output. This module performs adaptive weighting and modulation of
the amplitude spectrum based on frequency-domain decomposition and a content-aware

gating mechanism, significantly enhancing structural and texture features of the target
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regions in the frequency domain. Features enhanced by the FBE module not only re-
tain spatial-domain semantic information but also possess clearer structural and detailed
characteristics, providing richer representations for subsequent decoding.
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Figure 1. Overall architecture of FBNet.

The decoder is configured to facilitate effective integration of features across multiple
scales and fine-grained reconstruction, consisting of three decoding stages, each composed
of the Bidirectional Guided Feature Fusion module (BGF). To address the semantic gap
between shallow and deep features, the BGF module establishes bidirectional interactions
between shallow detail and deep semantic features. Simultaneously, the Structure and Edge
Awareness module (SEA) explicitly models directional characteristics of target structures
and strengthens responses in boundary regions. Finally, by progressively recovering the
spatial resolution of the feature maps, the decoder produces more accurate segmentation
results. Algorithm 1 summarizes the complete forward pass of the proposed FBNet,
detailing each phase from input to output in a step-by-step manner.

Algorithm 1 Procedure of the FBNet.

1: Input: Input image I € RB*3*H*W; Encoder: PVT-v2-B2 E
2: Output: Final segmentation mask S € REX1xHxW
3 {t1,t,t3,t4} < E(I) // Phase 1: Multi-scale Feature Extraction
4: fori =1to4do

5: M;, P; + FFT(tl)
6

7

8

9

M] + Gating(M;)
ej + IFFT(M], P;)
: end for // Phase 2: Frequency-domain Feature Enhancement
: d4 < ey
10: forj =3 downto1ldo
11:  dyp < UpSample(d;, 1)
122 f; + BGF(ej, dup)
13 dj < SEA(f)

14: end for // Phase 3: Cascaded Decoding and Bidirectional Fusion
15: S +— o(Conv(UpSample(d;))) // Phase 4: Final Reconstruction and Output
16: return S
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3.2. FBE Module

The frequency-based enhancement module (FBE) is one of the core components of
FBNet. It is designed to explore frequency-domain information of image features and
enhance the capability to recognize critical structures and fine-grained boundaries in
medical images. As shown in Figure 2, the FBE module maps feature representations to the
frequency domain via the Fourier Transform. Leveraging the decoupled characteristics of
the amplitude and phase spectra, it adaptively modulates the amplitude spectrum through
a content-aware gating mechanism to enhance feature contrast and edge clarity.

Adaptive selection

of kenel size: K

ResBlock f;
7

@ Addition ® Position-wise Dot Product

@ Sigmoid @ Global Average Pooling
Figure 2. Architecture of the FBE Module.

Specifically, the FBE module first applies FFT to the spatial features t; € REXCxH*W

from the encoder at stage i, mapping them from spatial representation to frequency repre-
sentation. According to Euler’s formula, the frequency-domain features can be decomposed
into an amplitude spectrum M and a phase spectrum P.

F(t;) = FFT(t;) = M- &I (1)

where, the amplitude spectrum M represents the energy distribution of the image across
different frequency components, reflecting the image’s contrast and texture strength.
The phase spectrum P encodes the geometric structure and positional information of
the image. Modulating the amplitude spectrum, while preserving the phase information,
can enhance the saliency of lesion structures without introducing geometric distortion.
Therefore, to achieve adaptive enhancement of frequency-domain features, a content-aware
gating mechanism is introduced in the frequency domain to modulate the amplitude
spectrum, as depicted in Figure 2. Specifically, an efficient channel attention (ECA) mod-
ule [34] is used to generate channel-wise weights Ggca € [0, 1]HXW, and global contextual
information e; € REXC*H*W jg Jeveraged to adaptively weight the responses at different
frequencies. Lesion regions in medical images typically manifest as abnormal energy dis-
tributions within specific frequency ranges; thus, channel-wise modulation of frequency
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responses can effectively highlight structural features associated with lesions. This process
can be formalized as
Geca = 0(Convsys(GAP(t;))) (2)

e; =t; ® Geca 3)

where 0(-) denotes the Sigmoid activation function, and GAP represents the global aver-
age pooling operation. Since the amplitude spectrum encodes the image’s contrast and
texture strength, weighting and modulating the amplitude spectrum using global features
e; € RBXCXHXW enhances the energy response of key frequency components, thereby
strengthening critical structural features. This enables the model to focus on regions with

complex textures and low contrast. This process can be formalized as
M = Conviy1 (M) ®@e; + M (4)

where, ® denotes element-wise multiplication, M represents the original amplitude spec-
trum, and M denotes the modulated and enhanced amplitude spectrum.

Finally, the enhanced amplitude spectrum M is recombined with the original phase
spectrum P and transformed back to the spatial domain via the Inverse Fourier Transform
(IFFT). To mitigate potential semantic shifts caused by the frequency-domain reconstruction
and to maintain stable gradient propagation, a residual block is further applied to the
reconstructed features for integration. This process can be formalized as

fi = Res(Re(IFFT (M- ")) ) 5)

where Re(-) denotes taking the real part. Res represents the residual block, which includes
two convolutional layers and a skip connection. f; € REXCXHXW ig the feature after
frequency-domain enhancement. This design not only enhances structural details and
feature contrast in the frequency domain but also preserves semantic consistency in the
spatial domain, providing more discriminative feature representations for subsequent
cross-level fusion and fine-grained segmentation.

3.3. BGF Module

The Bidirectional Guided Feature Fusion module (BGF) is devised to achieve effec-
tive fusion of multi-level features between the encoder and decoder, while incorporating
directional and variance-based attention mechanisms to jointly strengthen the structural
modeling and edge-awareness capabilities.

As depicted in Figure 3, this module achieves complementary fusion between struc-
tural details and semantic context through bidirectional interactions between shallow
feature f; and deep feature f; ;. Specifically, deep features are first processed through aver-
age pooling, convolution, and an activation function to extract global semantic information
and compress spatial dimensions, thereby enhancing their semantic guidance capabil-
ity. Shallow features are processed via convolution and an activation function to retain
rich local structural information. Next, shallow and deep features interact bidirectionally
through element-wise multiplication, allowing shallow features to gain semantic guidance
while deep features are supplemented with structural details, achieving complementary
enhancement across feature levels. The operation can be expressed as:

hi = o(Avgpool(Convy 1 (Up(fir1)))) © fi 6)

hit1 = 0(Convsyxs(fi)) ® Convixa (Up(fit1)) 7)

https:/ /doi.org/10.3390/a19040303
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where, Up denotes the upsampling operation. Avgpool represents average pooling. i; and
hit1 represent the features after bidirectional interaction.

N\

fi

—» Conv 1x1

ResBlock
X Conv Ix1 Ui

fina

Figure 3. Architecture of the BGF Module.

To address the anisotropy of target structures and blurred boundaries in medical
images, the SEA module is designed, as shown in Figure 4, to enhance features from the
perspectives of directional and variance-based uncertainty. Directional attention explicitly
models spatial dependencies along different directions, improving the ability to perceive
texture and structural distributions across multiple orientations. Specifically, feature di-
mensions are rearranged, treating the spatial dimensions (H or W) as “pseudo-channel”
dimensions to model spatial dependencies along the row and column directions separately.

! Conv 7x7 °
% w

c

Y
X

Conv 7x7>(c)

O
il d
=
<
<

Y
0

Var °

Y
0

Var Variance operation

Figure 4. Architecture of the SEA Module.

The input feature tensor h € RB*C*HxW g converted into row-oriented tensor fy €
RBXHXCXW and column-oriented tensor fiy € REXWXHXC which are then aggregated
using pooling operations and gating function ¢(+) to capture directional information f’ ..
This process can be formalized as

fr;w = Permute(h,[(0,2,1,3);(0,3,2,1)]) ©)

f'uw = 0 (Convy1(Pool (fu;w))) ® fr:w €

Finally, the features are mapped back to their original dimensions through an inverse
permutation, yielding the final directionally enhanced features fy.jy:

frw = Permute(f'w, [(0,2,1,3);(0,3,2,1)]), frw € REXCH>W (10)
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High-variance regions typically correspond to structural boundaries, lesions, or areas
with abrupt texture changes. Based on this property, an attention mechanism based on
variance is employed within the SEA module to identify and enhance high-uncertainty
regions. Specifically, for the input features /, the variance at each spatial position (H, W) is
computed along the channel dimension C to obtain variance maps V € RE*1XH>XW Thijg
process can be formalized as

C
VBiHW = 1 Y (hgcaw — HBaw) (11)
c C=1

where pp 1w denotes the channel-wise mean at the spatial position. The Sigmoid function
is subsequently used to generate a position-sensitive uncertainty weight map Ay, which is
multiplied by the input features 1 element-by-element to explicitly enhance the response of

high-variance regions.
Ay =0o(V) (12)

where, Fy represents the enhanced features. By reinforcing high-variance regions, this
mechanism significantly enhances sensitivity to structural changes and boundary areas.

Finally, the SEA module fuses the directionally and variance-enhanced features to
produce the output feature Fsg 4, which is further integrated through a residual block to
maintain semantic consistency and enhance feature robustness.

Fspa = (FH + FW + Fv> (14)

ST

3.4. Loss Function

To comprehensively evaluate the similarity between model predictions and ground
truth labels, an objective function combining Binary Cross Entropy (BCE) loss [35] and
Dice loss is adopted for network training. The rationale for this combination lies in its
intrinsic complementarity for medical image segmentation tasks. Specifically, the Dice
loss quantifies the overlap between regions, helping to enhance the overall structural
consistency of the segmentation results, which aligns with the structural modeling objective
of the BGF module. Meanwhile, BCE loss calculates the discrepancy between predicted
masks and ground-truth labels at the individual pixel level. By focusing on pixel-level
accuracy, it provides precise supervision for the fine-grained textures and edge information
enhanced by the FBE module. The integration of these two losses enables the model to
achieve an optimal balance between regional consistency and pixel-level precision.

N
2 ,;1 (Gi-Gi)
Lpjce =1— le N (15)
YO+ ¥ G
i=1 i=1
1N
Lpee = =5 Z [Gilog(O;) + (1 — G;)log(1 — O;)] (16)

Il
—

where, N denotes the total number of samples. G; and O; represent the ground-truth value
and predicted value of the i-th pixel, respectively.
The overall loss function can be expressed as:

Ltotal = LDice + Lbce (17)
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where, Lp;. indicates the Dice loss, Ly, denotes the BCE loss, and L;y, represents the
overall loss.

4. Experiments
4.1. Experimental Settings

All experiments were conducted on a server equipped with an Intel Xeon Gold 6226R
CPU, 256 GB RAM, and an NVIDIA RTX 3090 GPU with 24 GB of memory. The models
were implemented using the PyTorch 1.13 deep learning framework with CUDA 11.7. With
a batch size of 8, our model was trained for 200 epochs. The Adam optimizer was employed
with a weight decay of 1 x 10~# and learning rate of 1 x 10~*. During data preprocessing,
since the original Kvasir-SEG, CVC-ClinicDB, and ISIC2018 datasets contain images of
varying resolutions, all images from these datasets were uniformly resized to 384 x 384,
while those from the Glas dataset were adjusted to 512 x 512. To enhance data diversity
and improve model robustness, training images were augmented using techniques such as
random rotation, horizontal and vertical flipping, and color jittering.

4.2. Datasets

Kvasir-SEG dataset [36]: This open-access dataset contains gastrointestinal polyp
images along with their corresponding segmentation masks, containing 1000 images. The
original images have varying resolutions, ranging from 332 x 487 to 1920 x 1072. Following
previous research settings [37], 880 images are used for training, while 120 images are
reserved for testing.

CVC-ClinicDB dataset: Extracted from colonoscopy videos, this dataset includes
612 images with their corresponding masks [38]. The original image resolution is primarily
384 x 288. Following previous research settings for dataset splitting [39], 428 images are
used for training, while 184 are reserved for testing.

Glas dataset [40]: This dataset consists of 165 microscopic images stained with hema-
toxylin and eosin, with resolutions ranging from 581 x 442 to 775 x 522. The optical
magnification factor, while important for assessing microspecimen quality, is not specified
in the original dataset. This limitation is common among public histopathology datasets.
Following standard partitioning methods [41], 85 images are assigned for the training set,
and 80 images are used for testing.

ISIC2018 dataset: This dataset is derived from the 2018 International Skin Imag-
ing Collaboration (ISIC) Public Dataset for Skin Lesion Segmentation, which comprises
2594 images and corresponding ground-truth labels. The original images have varying reso-
lutions, ranging from 450 x 600 to 2016 x 3024. Following the setup of previous studies [42],
these images were randomly split into 2074 training images and 520 test images.

4.3. Evaluation Metrics

Four commonly used metrics are adopted to comprehensively evaluate the segmenta-
tion performance of our proposed method from different perspectives, including the mean
Intersection over Union (mloU), mean Dice coefficient (mDice), Accuracy (ACC), and mean
absolute error (MAE). Among them, mDice quantifies the overlap between predicted seg-
mentation and ground truth, reflecting the similarity between them. mloU calculates the
intersection over union between predicted segmentation and ground truth, evaluating
the coverage accuracy of the target area. ACC reflects the model’s overall prediction
capability. Boundary segmentation precision is measured using the MAE metric, which
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calculates the average absolute difference between predicted values and ground-truth
labels. The formulation is as follows:

1 N
AE:—Z i — G 1
M N,-:1|Ol Gl (18)

where O; represents the prediction for the i-th pixel, and G; indicates the associated ground-
truth value.

4.4. Analysis of Experimental Results

We conducted qualitative and quantitative comparisons between our FBNet and
eight state-of-the-art methods, including Swin-UNet [24], HiFormer [7], MEGANet [28],
MADGNet [31], GA2-Net [10], TransUNETR [11], ConDSeg [43], and LKCA-Net [12].

Quantitative Evaluation

Table 2 reports the segmentation results on the Kvasir dataset, where the best results
are highlighted in bold. Across all four metrics, the proposed FBNet demonstrated superior
performance, achieving 92.82% mDice, 87.92% mloU, and 98.18% ACC, while also obtaining
the lowest MAE of 0.0184. In comparison to the second-best model, FBNet improved mDice
by 1.54 percentage points and mloU by 2.12 percentage points. Furthermore, in comparison
with the frequency-domain methods MEGANet and MADGNet, FBNet shows increases
of 2.56 and 2.01 percentage points in mDice, as well as 3.61 and 2.85 percentage points
in mloU. This performance gain primarily stems from the model’s enhanced capability
to represent complex lesion regions. By employing the frequency-domain enhancement
module for content-aware adaptive modulation of the amplitude spectrum, FBNet can
more robustly identify and localize lesion bodies from a frequency perspective. Meanwhile,
the MAE significantly decreases from 0.0258 (GA2-Net) to 0.0184, which intuitively reflects
the high consistency between the predicted masks and ground truth in terms of boundary
morphology. This demonstrates that the BGF module, through its orientation and variance
attention mechanisms, can sensitively capture gradient changes at lesion boundaries,
significantly strengthening the perception of weak boundaries.

Table 2. Quantitative results on the Kvasir dataset.

Methods Years mDice mloU ACC MAE|
Swin-UNet [24] 2022 89.70 83.66 97.20 0.0280
HiFormer [7] 2023 89.26 82.54 96.87 0.0356
MEGANet [28] 2024 90.26 84.31 97.31 0.0270
MADGNet [31] 2024 90.81 85.07 97.35 0.0309
GA2-Net [10] 2024 91.28 85.80 97.42 0.0258
TransUNETR [11] 2026 89.92 83.67 96.99 0.0301
ConDSeg [43] 2025 90.13 84.60 96.89 0.0311
LKCA-Net [12] 2026 90.13 84.17 97.14 0.0314
Ours - 92.82 87.92 98.18 0.0184

Note: | indicates lower values are better. Best results are in bold.

Tables 3-5 further validate the generalization capabilities of FBNet across different sce-
narios. Table 3 presents the segmentation results on the CVC-ClinicDB dataset. FBNet also
performed exceptionally well, achieving 94.97% mDice and 90.69% mloU—improvements
of 1.11 percentage points and 1.57 percentage points, respectively, over the second-best
model, GA2-Net. Furthermore, it achieved a minimum MAE of 0.0081, demonstrating
excellent pixel-level accuracy in the segmentation of polyp lesions. FBNet continues to per-
form robustly when applied to the Glas and ISIC2018 datasets, which feature more complex
tissue structures and greater inter-individual variability. Unlike endoscopic polyp datasets,
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the Glas dataset contains glandular structures with highly irregular topologies, charac-
terized by blurred boundaries and dense inter-glandular spaces, which makes boundary
segmentation extremely challenging. Furthermore, the limited number of training sam-
ples in the Glas dataset constrains the feature representation learning capabilities of deep
models. Despite these inherent complexities and data scarcity, FBNet still outperforms
other state-of-the-art models, demonstrating its robustness and high accuracy when han-
dling small sample sizes and complex morphologies. On the Glas dataset, FBNet achieved
94.03% mDice and 89.14% mloU, outperforming the second-best model, MEGANet, by
0.84 percentage points and 1.37 percentage points, respectively, while achieving a minimum
MAE of 0.0593. Compared to MADGNet, FBNet achieves improvements of 1.02% and
1.75% in mDice and mloU, respectively. Although the aforementioned comparison methods
also incorporate frequency-domain operations, their enhancement processes are primarily
confined to local regions or specific frequency bands. In contrast, the amplitude spectrum
adaptive modulation strategy employed by FBNet demonstrates superior segmentation
performance in addressing the challenges posed by the complex structures of the Glas
dataset. On the ISIC2018 dataset, FBNet achieved 91.95% mDice and 86.17% mloU, repre-
senting improvements of 1.03 and 1.56 percentage points, respectively, over the second-best
model. These results further validate FBNet’s robustness in handling the challenges of
weak boundaries and low contrast in medical images by enhancing its ability to model
structural and edge information.

Table 3. Quantitative results on the CVC-ClinicDB dataset.

Methods mDice mloU ACC MAE|
Swin-UNet [24] 92.49 86.79 98.77 0.0123
HiFormer [7] 91.15 85.18 98.27 0.0188
MEGANet [28] 91.70 86.06 98.27 0.0173
MADGNet [31] 93.27 88.08 98.81 0.0377
GA2-Net [10] 93.86 89.12 98.85 0.0115
TransUNETR [11] 91.63 86.25 98.45 0.0155
ConDSeg [43] 92.10 86.94 98.64 0.0136
LKCA-Net [12] 93.60 89.12 98.77 0.0132
Ours 94.97 90.69 99.20 0.0081

Note: | indicates lower values are better. Best results are in bold.

Table 4. Quantitative results on the Glas dataset.

Methods mDice mloU ACC MAE/|
Swin-UNet [24] 90.66 83.60 90.71 0.0929
HiFormer [7] 91.53 85.11 91.66 0.0994
MEGANet [28] 93.19 87.77 93.44 0.0661
MADGNet [31] 93.01 87.39 93.16 0.1219
GA2-Net [10] 93.11 87.66 93.40 0.0660
TransUNETR [11] 91.77 85.35 91.86 0.0814
ConDSeg [43] 92.53 86.57 92.78 0.0722
LKCA-Net [12] 93.00 87.58 93.33 0.0798
Ours 94.03 89.14 94.17 0.0593

Note: | indicates lower values are better. Best results are in bold.

Additionally, five independent experiments were conducted on four medical datasets
to evaluate the performance benefits of FBNet. Statistical comparisons were subsequently
performed using one-way analysis of variance (ANOVA) followed by post hoc Dunnett’s
test. In the figure, the symbol *** indicates that the difference is statistically significant
(p <0.0001) Compared to the latest segmentation model and suboptimal models across var-
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ious datasets, our approach demonstrates statistically significant differences (p < 0.0001) on
all datasets, as detailed in Figure 5. These results further validate the statistical significance
and reliability of our approach. To provide a more comprehensive evaluation, we have
included two supplementary tables in Appendix A that present the complete statistical
comparison results for all models, further validating the robust superiority of FBNet.

Table 5. Quantitative results on the ISIC2018 dataset.

Methods mDice mloU ACC MAE|
Swin-UNet [24] 89.61 82.88 95.91 0.0487
HiFormer [7] 90.75 84.41 96.49 0.0408
MEGANet [28] 90.92 84.61 96.69 0.0334
MADGNet [31] 89.33 82.22 93.73 0.0707
GA2-Net [10] 90.50 84.13 96.54 0.0392
TransUNETR [11] 90.87 84.56 96.61 0.0339
ConDSeg [43] 90.21 83.81 96.29 0.0460
LKCA-Net [12] 90.89 84.47 96.70 0.0380
Ours 91.95 86.17 97.23 0.0282

Note: | indicates lower values are better. Best results are in bold.
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Figure 5. Statistical analysis results for four datasets. **** denotes p < 0.0001.

Qualitative Evaluation.

Figures 6 and 7 present qualitative comparisons on the Kvasir and CVC-ClinicDB
datasets, respectively. As illustrated in the figures, other methods such as Swin-UNet and
GA2-Net exhibit boundary leakage or false segmentation of large background areas in
low-contrast regions, primarily due to their over-reliance on spatial-domain pixel features.
Although MEGANet and MADGNet incorporate frequency-domain operations to enhance
edge response, they still suffer from boundary discontinuities and over-segmentation in
low-contrast areas. This indicates that their local or band-limited frequency-domain en-
hancement is insufficient for handling complex boundary scenarios. In contrast, FBNet
leverages the FBE module to boost the amplitude spectrum response, thereby strength-
ening the signal at low-contrast edges. This enables the model to effectively maintain
the integrity of target contours in complex scenes. Furthermore, regarding the minute
lesions in Figures 6 and 7, other models show significant omissions or false identifications
of the background, whereas FBNet accurately captures and localizes these tiny regions.
These results indicate that the proposed SEA module effectively improves the model’s
sensitivity to regions with high local variation and enhances its ability to perceive fine
structural details.
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Figure 6. Qualitative results for the Kvasir dataset. Red bounding boxes highlight regions of
performance differences.
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Figure 7. Qualitative results for the CVC-ClinicDB dataset. Red bounding boxes highlight regions of
performance differences.
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Figure 8 presents the qualitative results on the Glas dataset, further demonstrating
the superiority of the proposed method. In the Glas dataset, the boundaries of target
regions are extremely fragmented and intricate. Other methods exhibit issues such as over-
connected within glandular structures, boundary discontinuities, or spurious segmentation
results. In particular, MEGANet and MADGNet still exhibit excessive connectivity within
glandular structures and blurred boundaries between glands when dealing with the densely
packed and irregularly shaped glands in the Glas dataset. This limitation stems from their
reliance on local frequency-domain decomposition, which makes it difficult to capture the
global structural consistency required for complex topological structures. In contrast, our
method generates results that exhibit greater similarity to the ground truth. It not only
accurately preserves the internal lumen structures of the glands but also produces smooth
and coherent boundaries. In the dataset of skin lesions shown in Figure 9, the challenge
of the segmentation task lies in the low contrast between the lesions and the surrounding
normal skin, as well as occlusion caused by complex artifacts such as hair. A qualitative
comparison reveals that, when faced with such noisy scenarios, the feature representation
capabilities of most models are significantly limited. Swin-UNet exhibits severe under-
segmentation and local noise issues, while MEGANet and TransUNETR display significant
morphological distortions in cases of hair occlusion and low-contrast lesion boundaries.
In contrast, FBNet effectively suppresses interference from skin texture and hair noise,
enabling precise lesion localization even under low-contrast conditions. In particular,
for complex and irregular lesions, the segmentation masks generated by FBNet are closer
to the ground truth labels thanks to the bidirectional guidance fusion module, which
accurately captures fine edges.

To further evaluate the practical applicability of the proposed method, a systematic
analysis of computational efficiency was conducted for all models, and the results are
presented in Table 6. To ensure the rigor of the comparison, all models were evaluated
under a unified experimental environment. The experimental results indicate that FBNet
achieves a superior balance between model complexity and segmentation performance.
Specifically, the computational complexity of FBNet is 20.09 GFLOPs, which is significantly
lower than that of representative models such as MEGANet (26.34 GFLOPs) and GA2-Net
(27.34 GFLOPs), and substantially lower than that of the computationally intensive model
ConDSeg. Benefiting from the synergistic effect of the efficient PVT-v2-B2 backbone and
the feature fusion module, FBNet is capable of extracting highly discriminative feature
representations while maintaining high computational efficiency. These results demonstrate
the potential of the proposed method in clinical medical image analysis scenarios.

Table 6. Computational cost comparison of different segmentation models.

Method FLOPs (G) Params (M)
Swin-UNet 25.54 41.34
HiFormer 17.75 34.14
MEGANet 26.34 29.27
MADGNet 25.82 33.37
GA2-Net 27.34 31.94
TransUNETR 12.48 10.25
ConDSeg 228.53 45.55
LKCA-Net 36.13 171.13
Ours 20.09 37.79
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Figure 8. Qualitative results for the Glas dataset. Red bounding boxes highlight regions of perfor-
mance differences.
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Figure 9. Qualitative results for the ISIC2018 dataset. Red bounding boxes highlight regions of
performance differences.
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4.5. Ablation Study

To assess the contribution of each key component, we conducted ablation experi-
ments by progressively removing individual components while maintaining the same
experimental settings. The quantitative results are summarized in Table 7.

Table 7. Ablation experiments for different modules.

FBK Bidirectional Guidance Mechanism SEA mDice mloU ACC MAE]

X X X 91.86 8632 9774 0.0228
v X X 9236 8719 97.82 0.0220
v v X 9244 8740 98.10 0.0193
v v v 9282 8792 98.18 0.0184

Note: x indicates that the module is not used; v indicates that it is used; | indicates lower values are better.

When all modules were removed, the model obtained its lowest performance,
with mDice and mloU at 91.86% and 86.32%, respectively. This indicates that relying
solely on conventional spatial convolutions is insufficient for fully capturing subtle bound-
ary information in medical images. After introducing the FBE module, mDice improved
to 92.36%, validating the effectiveness of the frequency-domain enhancement strategy.
By modulating the amplitude spectrum in the frequency domain, FBE effectively strength-
ens the edge response and texture detail representation in low-contrast regions, compensat-
ing for the limitations of spatial-domain operations in weak-boundary scenarios. Building
upon this, the integration of the bidirectional feature guidance mechanism further im-
proved mDice and mloU to 92.44% and 87.40%, respectively. By establishing bidirectional
interaction between shallow-level detail features and deep-level semantic features, this
module effectively suppresses background noise and mitigates the semantic gap issue in
multi-scale feature fusion. Ultimately, when the SEA module was combined, the model
achieved optimal performance, with mDice, mloU, and MAE reaching 92.82%, 87.92%,
and 0.0184, respectively, significantly outperforming the baseline model. The SEA module
explicitly enhances the model’s sensitivity to structural changes and boundary regions
through directional attention and variance attention mechanisms. The aforementioned
ablation experiments validate the synergistic effectiveness of each module. FBE strengthens
structural feature representation from the frequency-domain level, while BGF achieves re-
fined modeling through cross-layer feature guidance. By integrating with the SEA module,
the framework further focuses on local areas with high variation, thereby realizing a syner-
gistic optimization of structural modeling and edge perception. Collectively, these three
components enhance the model’s capability to perceive structural and edge information,
enabling more precise target segmentation.

Figure 10 presents the visualization results of segmentation under different module
combinations. It is evident that the baseline model, lacking structural and boundary-aware
guidance, struggles to accurately capture the morphology and contours of lesions. The in-
troduction of the FBE module enhances feature contrast and structural representation
capability, enabling the model to better capture structural characteristics of lesions. On the
basis of this foundation, the BGF module was subsequently integrated and combined with
cross-layer feature guidance and the SEA module. This strategy further strengthens the ca-
pability to perceive directional structures and boundary features. As a result, the structural
integrity and boundary accuracy of the segmentation results are significantly improved.
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Figure 10. Visualization of segmentation results across different module combinations.

To investigate the effectiveness of different loss functions, the segmentation perfor-
mance of Focal loss, Dice loss, BCE loss, and the combined Dice-BCE loss were all compared.
The quantitative results are reported in Table 8. Although Focal loss exhibits certain ad-
vantages in handling class imbalance, it is marginally outperformed by the other methods
in terms of overall regional consistency and boundary delineation capability. In contrast,
the combined Dice and BCE loss achieves the best results across all evaluation metrics,
including mDice, mloU, Acc, and MAE, demonstrating more stable and comprehensive
segmentation performance. These results indicate that integrating Dice loss with BCE
loss provides superior optimization performance in balancing regional consistency and
boundary detail preservation.

Table 8. Quantitative comparison of loss functions.

Loss Function mDice mloU ACC MAE|
Focal Loss 92.28 86.99 97.86 0.0214
Dice Loss 92.22 86.95 97.86 0.0214
BCE Loss 92.33 87.36 98.05 0.0202
Dice-BCE Loss 92.82 87.92 98.18 0.0184

Note: | indicates lower values are better.

Additionally, the performance of different backbone networks was explored, as shown
in Table 9. It can be observed that traditional convolutional backbone networks, ResNet30
and ResNet50 [44], achieve relatively stable performance in segmentation tasks. However,
both exhibit high parameter counts and computational costs, with ResNet50 reaching
70.25 million parameters. In contrast, the PVT series of backbones demonstrates supe-
rior performance while maintaining similar computational efficiency. This advantage
stems from their efficient global modeling and multi-scale feature extraction capabilities.
Specifically, PVT-v2-B0, as a smaller-scale model, exhibits the lowest computational cost of
3.74 G FLOPs but shows noticeably lower mDice and mloU scores compared with larger
variants. Both PVT-v2-B4 and PVT-v2-B2 substantially enhance segmentation performance.
Among them, PVT-v2-B2 achieves the optimal balance between performance and complex-
ity, with mDice, mloU, and MAE values of 92.82%, 87.92%, and 0.0184, outperforming
other backbone networks. Therefore, PVT-v2-B2 was adopted as the backbone network
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to perform feature extraction, enabling the model to obtain more discriminative feature
representations while retaining high efficiency.

Table 9. Performance comparison of different backbone networks.

Backbone FLOPs(G) Params(M) mDice mloU ACC MAE|

ResNet30 18.24 32.29 91.40 85.70 97.47 0.0257
ResNet50 42.92 70.25 91.43 85.97 97.63 0.0241
PVT-v2-B0 3.74 6.66 86.32 78.73 95.82 0.0423
PVT-v2-B4 37.49 74.99 92.55 87.66 97.87 0.0216
PVT-v2-B2 20.09 37.79 92.82 87.92 98.18 0.0184

Note: | indicates lower values are better.

5. Discussion

Beyond pixel-level segmentation precision (e.g., mDice and mloU), the capability
of computer vision algorithms to accurately distinguish and count individual targets is
equally vital in practical clinical deployment [45,46]. Determining whether a specific region
represents a single large lesion or is composed of multiple adjacent structures of varying
sizes holds fundamental clinical significance. Although the research focus of FBNet is
semantic segmentation, it demonstrates superior performance in boundary-aware modeling.
By leveraging frequency-domain enhancement and synergistic guidance between deep and
shallow features, FBNet effectively segments lesion boundaries characterized by complex
topologies and dense distributions. This precise grasp of structural integrity not only
enhances overall segmentation robustness but also provides more stable structural support
for subsequent instance-level segmentation, object counting, and multi-system integration.

6. Conclusions

To address the challenges of weak boundaries, low contrast, and complex textures
in medical image segmentation, a segmentation model named FBNet is proposed in this
paper from a joint frequency-domain and spatial-domain perspective. The model enhances
the perception of fine-grained features and structural consistency through two core designs.
First, the frequency-based enhancement module (FBE) employs a content-aware gating
mechanism to adaptively modulate amplitude spectra, strengthening feature details and
contrast from a global perspective. Second, the Bidirectional Guided Feature Fusion module
(BGF) achieves semantic complementarity between deep and shallow features. It employs
the Directional and Variance Attention mechanism to synergistically optimize structural
modeling and edge perception. Experimental results on multiple datasets demonstrate
that FBNet outperforms existing mainstream methods in both segmentation accuracy and
boundary consistency.

Despite the superior performance of FBNet, it still possesses certain limitations. The in-
tegration of frequency-domain transformations and feature fusion mechanisms inherently
increases computational overhead, which, to some extent, constrains the model’s deploy-
ment in resource-constrained scenarios. Therefore, future research will focus on model
lightweighting strategies, such as leveraging knowledge distillation techniques. Our goal
is to significantly reduce the memory footprint and inference latency while maintaining
high segmentation precision with only minimal loss, thus facilitating the deployment of
FBNet on edge devices and mobile healthcare platforms.
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Appendix A

Table A1l. Statistical comparison on the Kvasir and CVC-ClinicDB datasets.

Kvasir CVC-ClinicDB
Method
mDice (%) Std p-Value mDice (%) Std p-Value
Swin-UNet 89.70 0.11 p <0.0001 92.49 0.09 p <0.0001
HiFormer 89.26 0.09 p <0.0001 91.15 0.11 p <0.0001
MEGANet 90.26 0.10 p <0.0001 91.70 0.10 p < 0.0001
MADGNEet 90.81 0.14 p <0.0001 93.27 0.12 p < 0.0001
GA2-Net 91.28 0.12 p <0.0001 93.86 0.23 p <0.0001
TransUNETR 89.92 0.13 p <0.0001 91.63 0.11 p < 0.0001
ConDSeg 90.13 0.09 p <0.0001 92.10 0.11 p <0.0001
LKCA-Net 90.13 0.18 p <0.0001 93.60 0.13 p < 0.0001
Ours 92.82 0.17 - 94.97 0.11 -
Table A2. Statistical comparison on the Glas and ISIC2018 datasets.
Glas ISIC2018
Method
mDice (%) Std p-Value mDice (%) Std p-Value
Swin-UNet 90.66 0.10 p <0.0001 89.61 0.07 p <0.0001
HiFormer 91.53 0.11 p <0.0001 90.75 0.07 p < 0.0001
MEGANet 93.19 0.16 p <0.0001 90.92 0.14 p <0.0001
MADGNEet 93.01 0.06 p <0.0001 89.33 0.05 p < 0.0001
GA2-Net 93.11 0.07 p <0.0001 90.50 0.10 p < 0.0001
TransUNETR 91.77 0.11 p <0.0001 90.87 0.11 p < 0.0001
ConDSeg 92.53 0.07 p <0.0001 90.21 0.05 p <0.0001
LKCA-Net 93.00 0.07 p <0.0001 90.89 0.15 p <0.0001
Ours 94.03 0.09 - 91.95 0.04 -
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