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Abstract

Ground-glass opacities (GGOs) and consolidations
(CONs) are key radiological markers for staging pneu-
monia, and their accurate segmentation is crucial for
disease assessment. However, GGOs and CONs exhibit
distinct lesion characteristics: GGOs feature blurred
borders and heterogeneous density, while CONs, though
denser, closely resemble the gray-scale of normal pul-
monary structures. Both lesions are morphologically
diverse and heterogeneously distributed, posing signif-
icant challenges for high-precision segmentation in pul-
monary CT images. To address this, this paper pro-
poses a deep learning segmentation architecture named
FreqMamba-UNet. First, a dual-path fusion encoder
combines frequency-domain and spatial-domain fea-
tures. Frequency-domain information enhances sensi-
tivity to the blurred boundaries of GGOs and ampli-
fies texture differences to distinguish CON from nor-
mal tissue. Second, a multi-scale feature bridge based
on Mamba is designed to model long-range dependen-
cies between diffuse lesions. Finally, a dual-decoder ar-
chitecture optimizes segmentation strategies for GGOs
and CON separately, enhancing adaptability to distinct
lesion characteristics. Experiments on public COVID-
19 CT datasets demonstrate that the proposed model
outperforms mainstream methods including U-Net, U-
Net++, Attention U-Net, and Inf-Net, achieving optimal
results in metrics such as F1 score and IoU. This exhibits
excellent generalization capability and clinical applica-
bility potential.
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1. Introduction

Pneumonia is an inflammatory lung disease caused by
various pathogens including bacteria, viruses, and fungi,
posing significant risks to vulnerable populations such as
children, the elderly, and immunocompromised individu-
als [1] . Statistics indicate that over 2.5 million people die
annually from lung inflammation. Its high incidence and
mortality rates, coupled with the growing issue of antibi-
otic resistance, collectively constitute a major global health
challenge [2, 3] .

Chest computed tomography (CT) demonstrates high
sensitivity for detecting early-stage disease and can iden-
tify minute lesions, making it widely used for pneumonia
diagnosis and prognosis [4]. Pneumonia’s CT presenta-
tion evolves dynamically with disease progression and in-
dividual variations, featuring typical radiographic charac-
teristics including bilateral patchy ground-glass opacities
(GGO) and denser consolidation (CON). GGOs appear as
areas of increased density with blurred margins, typically
presenting as round or oval opacities. CONs manifest as
more dense, pure-white areas with indistinct or blurred bor-
ders due to inflammatory exudate or hemorrhage, poten-
tially appearing as irregular or patchy regions. The coex-
istence of both indicates different stages of alveolar injury,
serving not only as a key indicator for early diagnosis but
also closely correlating with disease severity and prognosis
[5, 6, 7, 8]. A single lesion on pulmonary CT often con-
tains multiple pathological changes such as GGOs, CONs,
or even fibrosis, leading to overlapping imaging features.
Infected areas exhibit low contrast against normal tissue,
while CONs, crazy paving sign and non-pulmonary tissue
boundaries appear blurred. Additionally, lesions often dis-
play irregular morphology and discrete spatial distribution
[9, 10]. However, traditional convolutional neural networks
(CNNs) extract only spatiotemporal features, prone to los-
ing critical edge details and struggling to accurately identify
the blurred borders of GGOs or the subtle transition zones



between CON and lung parenchyma in CT images. While
U-Net and its variants demonstrate excellent performance,
they still fail to effectively capture the long-range spatial
correlations required for diffuse lesions in CT, thereby com-
promising segmentation accuracy.

To address the aforementioned challenges, this pa-
per proposes a medical image segmentation architecture
named FreqMamba-UNet.By integrating frequency-domain
and spatial-domain analysis with collaborative modeling
of global and local features, it optimizes segmentation
for GGO and CON characteristics, thereby enhancing the
model’s segmentation accuracy and robustness. This ar-
chitecture comprises three components: First, a dual-path
fusion encoder is designed. By concurrently integrating a
multi-level wavelet frequency domain branch and a CNN
spatial domain branch, it utilizes the Discrete Wavelet
Transform(DWT) to preserve high-frequency information.
This effectively merges the image’s frequency domain in-
formation with spatial context, enhancing the ability to cap-
ture high-frequency details such as the fuzzy boundaries
of GGOs. Second, a multi-scale feature bridge based on
Mamba is introduced between the encoder and decoder.
This enables cross-scale feature interaction and modeling of
global dependencies, addressing the heterogeneity in lesion
morphology and distribution. Finally, a dual-decoder paral-
lel architecture is adopted, customizing dedicated segmen-
tation paths for GGOs and CONs. Attention mechanisms
or Edge Enhancement Modules(EEM) are selectively inte-
grated with spatial pyramid pooling to enhance the model’s
adaptability to the characteristics of these two heteroge-
neous lesions and improve overall segmentation accuracy.
Experiments conducted on publicly available datasets in-
cluding COVID-19 CT segmentation, segmentation dataset
nr.2, and Synapse demonstrate superior segmentation per-
formance of the proposed architecture across multi-class
segmentation tasks when compared against eight segmen-
tation architectures. The main contributions of this paper
are as follows:

(1) Constructing a multi-level wavelet-frequency domain
branch based on the Wavelet Frequency Merger(WFM)
to fuse frequency-domain and spatial-domain features,
thereby enhancing perception of high-frequency informa-
tion such as edges and textures.

(2) Designing a multi-scale feature bridge based on
Mamba to model long-range dependencies among multi-
scale features.

(3) A dual-decoder parallel architecture is adopted, with
dedicated segmentation paths tailored for the heterogeneous
characteristics of GGO and CON, enhancing segmentation
accuracy and performance across different target regions.

2. Related Methods

In recent years, medical image segmentation methods
have achieved significant progress, evolving from tradi-
tional approaches (e.g., edge detection, fuzzy logic, and
graph models [11] ) to deep learning (DL)-based segmen-
tation algorithms. Among these, convolutional neural net-
works (CNNs) have demonstrated superior performance in
medical image segmentation tasks due to their robust local
feature extraction and spatial modeling capabilities [12, 13]
. As an early classic CNN-based architecture, the U-Net
model established the foundation for the encoder-decoder
segmentation paradigm, with its core principles serving as a
crucial reference for subsequent improved models. Concur-
rently, frequency-domain representations have been proven
to serve as an effective complementary modality to spatial-
domain features due to their sensitivity in capturing global
textures and periodic signals . By separating and extracting
high-frequency edge information and low-frequency struc-
tural information from images, they further enhance the ac-
curacy of medical image segmentation.

2.1. U-Net-Based Segmentation Architecture

The classic U-Net proposed by Ronneberger et al. [14]
employs a symmetric encoder-decoder architecture to ex-
tract multi-level features and achieve precise localization.
Zhu et al.’s [15] CoupleNet captures local and global in-
formation through dual branches, laying the foundation for
feature collaboration modeling. Zhou et al. [16]introduced
U-Net++ with nested dense skip connections to narrow se-
mantic gaps and enhance accuracy; Oktay et al. [17] em-
bedded attention gates into skip connections in Attention
U-Net to optimize lesion localization. Fan et al.’s [18]Inf-
Net models lesion boundaries using parallel decoders and
attention modules; Paluru et al.’s [19]Anam-Net achieves
lightweight architecture with AD blocks, retaining feature
capacity while reducing parameters to 1/7.8 of U-Net. Zhao
et al.’s [20] SCOAT-Net builds upon U-Net++ by incorpo-
rating spatio-channel attention to enhance feature selectiv-
ity; Bougourzi et al.’s [21]D-TrAttUnet fuses Transformers
with CNNs, using dual decoders to enhance robustness in
handling diffuse lesions. Dang et al.’s [22]CAD-Unet com-
bines capsule networks with U-Net, employing dual-path
coupling to capture lesion spatial orientation while dual de-
coders focus on segmenting effective lung regions.

2.2. Frequency-Domain Segmentation Methods

As research progresses, frequency-domain methods
demonstrate significant potential in medical image seg-
mentation. They capture high-frequency edges and low-
frequency structural features, effectively addressing limita-
tions of traditional spatial-domain methods such as blurred
boundary segmentation and missed detection of subtle le-
sions [23, 24, 25]. This advantage has been validated: Rao



Figure 1: Overall Architecture Diagram of the FreqMamba-UNet Model.

et al.’s GFNet [26] maps spatial features to the frequency
domain for enhanced reconstruction, achieving accuracy
comparable to ViT and CNN in ImageNet classification;
Showrav et al.’s Hi-gMISnet [27] employs wavelet trans-
form frequency decomposition to address multi-scale object
segmentation challenges; Resmi et al.’s [28] combined DCT
frequency domain analysis with spectral attention to adapt
to complex scenarios like low contrast and small targets, of-
fering a frequency domain solution for pathological image
analysis.

3. Method

3.1. Overall Network Architecture

This paper proposes a medical image segmentation ar-
chitecture, FreqMamba-UNet, which employs collaborative
modeling for simultaneous GGO and CON lesion segmen-
tation to enhance the model’s performance in distinguishing
these two lesion types within infected regions. Within this
architecture, multi-level wavelet branches are integrated in
parallel with the CNN encoder branch. The former cap-
tures high-frequency edge information through the Wavelet
Fusion Module (WFM), particularly suited for the precise
detection of GGO’s blurred boundaries. while the latter
employs DoubleConv and an Edge Fusion Module (EFM)
to extract spatiotemporal texture features. To enable effi-
cient interaction and information transfer of multi-scale fea-
tures between encoder and decoder, a Mamba-based multi-
scale feature bridge is introduced between them. Address-
ing the morphological heterogeneity of GGO and CON, two
independent decoding paths are designed: the GGO de-
coder focuses on segmenting typical GGO-affected regions,

while the CON decoder emphasizes precise identification
of minute CON lesions by integrating spatial pyramid pool-
ing with an Edge Enhancement Module (EEM). The overall
network architecture is illustrated in Figure 1.

3.2. Dual-Path Fusion Encoder

The dual-path fusion encoder consists of parallel multi-
level wavelet branches and CNN encoder paths, achieving
cross-path information collaboration through feature fusion.
Its specific structure and principles are as follows:

3.2.1 Multi-level Wavelet Branches

The high-frequency components in wavelet transforms
(LH, HL, HH subbands, corresponding to horizontal, verti-
cal, and diagonal edge information respectively) can effec-
tively enhance edge gradient features and improve resolu-
tion capabilities in low-contrast regions. Therefore, this pa-
per introduces a multi-level wavelet branch based on a fre-
quency domain feature fusion (WFM) module. By extract-
ing high-frequency edge features through frequency domain
analysis, it compensates for the deficiency of traditional
spatial branches in capturing edge details. This branch
comprises three WFM modules employing a multi-level
wavelet decomposition mechanism. After each decompo-
sition level, the high-frequency and low-frequency com-
ponents at the current level undergo channel-dimensional
integration and redundant information compression. The
processed low-frequency features (LL subband) are then
fed into the next WFM module for further decomposition.
The final output is a feature map containing multi-scale
frequency-domain information, enabling simultaneous ex-



Figure 2: Multi-level wavelet branches. Figure (a) shows
the WFM module diagram, while Figure (b) depicts the
WaveletFusion module diagram—a feature fusion submod-
ule within WFM—used to fuse frequency-domain features
with original CNN encoder features.

traction of high-frequency edge features and low-frequency
structural features from the input CT image.
(1) HaarDWT

The predefined HaarDWT comprises four fixed 2x2 fil-
ters: Wll, Wlh, Whl, and Whh, corresponding to different
frequency component extractions. Let the input feature map
be x with shape [B,C,H,W ], where B is the batch size, C
is the number of channels, and H/W is the height/width.
Each channel undergoes an independent wavelet transform,
calculated as in (1).

Y = Conv2D(X, {Wll,Wlh,Whl,Whh},
stride = 2, groups = C)

LL = Y0:C , LH = YC:2C

HL = Y2C:3C , HH = Y3C:4C

(1)

Where W = [W ll,W lh,Whl,Whh]T ∈ R4×1×2×2.
HaarDWT stacks the four filters into a tensor of shape

[4, 1, 2, 2]. This is then expanded to [4C, 1, 2, 2] via
repeat(C, 1, 1, 1), enabling independent filter application
per channel. Group convolution decomposes each input im-
age into four subbands: the low-frequency component LL
preserves global structure, while the three high-frequency
components LH , HL, and HH capture edge details in hor-
izontal, vertical, and diagonal directions.
(2) Wavelet Feature Fusion Module (WFM)

The module structure of WFM is. shown in Figure
2(a) This module recursively applies Haar wavelet trans-
forms to achieve multi-level wavelet decomposition, fusing
frequency-domain features extracted from wavelet branches
with spatial-domain features extracted from the encoder.
Specifically, the first level decomposes the feature map out-
put from the first DoubleConv block in the CNN encoder.
Each subsequent level decomposes the low-frequency com-

ponent ( LL) passed from the previous level and trans-
mits it to the next level. Assuming the input feature map
is x(l) with shape [B,C,H,W ], the formula for extracting
frequency-domain features is shown in (2).

LL(l), {LH(l), HL(l), HH(l)} = Haar-DWT(X(l))

LL(l)
proc = ReLU

(
BN

(
Conv3×3(LL

(l))
))

F
(l)
combined = Concat[LL(l), LH(l), HL(l), HH(l)]

F
(l)
wavelet = Γ

(l)
wavelet(F

(l)
combined)

Γ
(l)
wavelet = Conv1×1

(
ReLU

(
BN

(
Convgroup

3×3 (·)
)))

(2)

Here, l ∈ {1, 2, 3} denotes the decomposition level; LL(l)
proc

represents the input to the next level of decomposition;
F

(l)
wavelet denotes the frequency domain features extracted at

level l; Conv3×3(·) denotes a 3× 3 convolution; BN(·) de-
notes batch normalization; ReLU(·) denotes the ReLU ac-
tivation operation; and Concat(·) denotes the channel con-
catenation operation.

The WaveletFusion structure within the WFM module is
illustrated in Figure 2(b). The formula for calculating the
fused features is shown in Equation (3). It employs a chan-
nel attention mechanism to enhance critical information in
the encoder features, fuses frequency-domain and spatial-
domain features through feature concatenation and convo-
lution, and performs adaptive upsampling to match the orig-
inal feature dimensions.

Wred = Conv1×1(Win)

α = σ
(
Conv1×1

(
ReLU

(
Conv1×1

(
GAP(Fenc)

))))
Ffused = Γfuse

(
Concat

[
α⊙ Fenc,Wred

])
Γfuse = ReLU

(
BN

(
Conv3×3(·)

)) (3)

Here, Win ∈ RB×3×H×W denotes the frequency-domain
features extracted by the wavelet branches, Fenc ∈
RB×C×H×W represents the spatial-domain features ex-
tracted by the encoder, GAP(·) indicates global average
pooling, σ(·) denotes the Sigmoid function, and ⊙ signifies
channel-wise multiplication.

3.2.2 CNN Encoder Path

The CNN encoder path consists of five DoubleConv
modules. Each module employs a ”double convolution +
residual connection” design to enhance feature depth while
preventing gradient vanishing, progressively extracting spa-
tiotemporal features. Each convolutional block is followed
by an Edge Fusion Module (EFM). This module extracts
edge features via separable convolutions and dynamically
weights edge and texture features using lightweight chan-
nel attention, thereby enhancing local responses at lesion



Figure 3: Schematic of CNN encoder modules: (a) DoubleConv module with residual connections; (b) EFM module; (c)
EdgeFeatureFusion submodule within EFM.

boundaries . The module structure diagram forpath this is
shown in Figure 3.
(1) DoubleConv

DoubleConv employs the classic ”Convolution-BN-
ReLU” combination, consecutively applying two 3×3 con-
volutional layers to increase the receptive field. Residual
connections adjust channel dimensions via 1×1 convolu-
tions before summing with the main branch output, preserv-
ing low-level features while learning high-level feature dif-
ferences. The module structure is shown in Figure 3(a). Let
the input feature be x; the module calculation formula is
shown in (4).

Fconv = ReLU
(
BN

(
Conv3×3(

ReLU(BN(Conv3×3(x)))
))

Fa = ReLU
(
BN

(
Conv1×1(x)

))
DoubleConv(x) = Fconv + Faux

(4)

(2) Edge Fusion Module (EFM)
The EFM module structure is shown in Figure 3(b).

This module extracts image edge and contour features by
employing depth-separable convolutions to reduce compu-
tational load. Predefined directional convolution kernels
specifically capture edge information in horizontal, vertical,
and other orientations. Given input features x, both basic
edge feature extraction and directional edge feature extrac-
tion are performed. The results are concatenated channel-
wise and fed as edge features to the EdgeFeatureFusion
module, as calculated by Equation (5).

Fbase edge = ReLU
(
BN

(
C1×1(Conv3×3,depthwise(x))

))
Fdirection edge = ReLU

(
Conv3×3,direction(x)

)
EdgeEnhancement(x) = Concat(Fbase edge,

Fdirection edge)

(5)

Additionally, the EdgeFeatureFusion in EFM combines
original features with edge features. Through a channel at-
tention mechanism, it autonomously focuses on important
features while suppressing redundant information, enhanc-
ing the effectiveness of feature representation. The calcula-
tion formula is shown in (6).

Fedge = EdgeEnhancement(x)

Ffused init = ReLU
(
BN

(
C1×1(Concat(x, Fedge))

))
α = Sigmoid

(
C1×1

(
ReLU

(
C1×1

(
AvgPool(Ffused init)

))))
FeatureFusion(x) = x+ α⊙ Ffused init

(6)

3.3. Multi-scale Bridge Based on Mamba

This paper designs a multi-scale feature bridge based on
Mamba as the core module connecting the encoder and de-
coder, with its module diagram shown in Figure 4. Its robust
sequence modeling capability efficiently captures cross-
region feature dependencies, addressing the limitation of
insufficient long-range spatial correlation capture. Simul-
taneously, Mamba’s context aggregation capability narrows
the semantic gap between low-level and high-level features
in the encoder through global information exchange. Fea-
tureGate dynamically balances the weights of raw features
and bridged features, preventing fine-grained edge features
from being diluted by high-level semantic features.

3.3.1 Mamba

Mamba is a novel sequence model designed to ad-
dress the computational inefficiency of Transformers when
processing long sequences while enabling content-aware
reasoning. It builds upon structured state space mod-
els (SSMs) through a series of enhancements, achieving



Figure 4: MambaBridge Module Diagram.

content-sensitive sequence processing via a selective mech-
anism while maintaining linear time complexity [29] . Its
principle involves transforming the fixed parameters of tra-
ditional SSMs into input-dependent dynamic parameters,
enabling the model to adaptively adjust information prop-
agation based on current input. Specifically, Mamba imple-
ments this mechanism through the calculation formula (7):

x′
t = Winxt ∈ R2ED

[A,B,C,D] = split(x′
t)

st = exp (−∆t)⊙ st−1 +Bt ⊙ xt

yt = Wout(Ct ⊙ st) ∈ RD

(7)

where xt ∈ RD is the input vector at time t, Win and
Wout are the input and output projection matrices, respec-
tively, E is the scaling factor, N is the state dimension,
A ∈ RNB,C ∈ RN∆ ∈ RN is the input-dependent dy-
namic parameter, st ∈ RN is the state vector at time t,
⊙ denotes element-wise multiplication, and softplus(x) =
log(1 + exp(x)) ensures the non-negativity of ∆.

3.3.2 Feature Serialization and Mamba Processing

The Mamba module converts the multi-scale features
output by the encoder into a sequence format (B ×N ×C,
where N is the flattened length of the spatial dimension).
Through selective state updates and gated convolutions, it
captures long-range dependencies within the feature se-
quence while preserving edge details of small-sized CON
lesions. By stacking two layers of Mamba processing with
MLP mapping, it enhances semantic correlations across
scales.
(1) Feature Sequentialization

Let the input feature map be X ∈ RB×C×H×W (where
B is the batch size, C is the number of channels, and H,W
are the spatial dimensions). The calculation formula for the
serialization operation is shown in (8).

Xm = Reshape
(
Permute(X, [0, 2, 3, 1]),

[B,H ×W,C]
) (8)

Here, permute(X, [0, 2, 3, 1]) moves the channel dimension
to the end, while reshape(·) flattens the spatial dimensions
into sequence length H ×W .
(2) Mamba Processing

Mamba Bridge is a module integrating the Mamba se-
quence model with feature fusion mechanisms, comprising
LayerNorm, Mamba, and MLP residual connections. The
calculation formula is shown in (9).

x̂ = LayerNorm(x)

xmamba = Mamba(x̂)
xmlp = MLP(x̂) = W2 · GELU(W1 · x̂)

xout = x+ xmamba + xmlp

(9)

Here, W1 ∈ RC×C and W2 ∈ RC×C represent the MLP
layer weights.

3.3.3 Multi-scale Feature Reconstruction and Opti-
mization

Sequence features processed by Mamba are restructured
into spatial features matching the input scale, correspond-
ing to fine-grained and coarse-grained features in the en-
coder. The FeatureGate module dynamically fuses origi-
nal encoder features with Mamba-processed features, filter-
ing key information from the bridged features to output an



optimized combination of ”original features + bridged fea-
tures.”

The calculation formula for the feature gating mecha-
nism used to adaptively fuse original and bridged features
is shown in (10).

retention = σ(Conv(GlobalAvgPool(Xpridged)))

gate = σ(Conv(GlobalAvgPool(
Conv(Concat(Xoriginal, Xbridged ◦ retention)))))

Xout = gate ◦Xpridged + (1− gate) ◦Xoriginal

(10)

Here, xoriginal denotes the original features, xbridged repre-
sents the Mamba-processed features, retention evaluates the
importance of bridged features, and gate is the final fusion
weight.

Finally, Mamba outputs sequences converted back into
feature map form. This process is the inverse of the
serialization operation, remapping sequences into two-
dimensional feature maps to complete multi-scale feature
reconstruction.

3.4. Dual Decoder

In CT scans, ground-glass opacities (GGOs) exhibit low
contrast and blurred boundaries, while consolidation (CON)
features high density and relatively clear borders, present-
ing significant differences. Traditional single decoders of-
ten misclassify normal lung tissue as GGOs or fibrotic re-
gions as CON. The dual decoder shares features from the
encoder and Mamba bridge, employing distinct network de-
signs to adapt to the segmentation requirements of different
lesions.

3.4.1 GGO Decoder

Given the blurred boundaries and susceptibility to small
lesion misdetection characteristic of GGO lesions in imag-
ing, the decoder must possess robust feature retention and
detail capture capabilities. It should supplement contextual
information for blurred boundaries through multi-scale fea-
ture fusion, thereby preventing misdetection due to insuffi-
cient information.

This decoder embeds a CBAM attention module at each
decoding layer. Channel attention filters key feature chan-
nels, while spatial attention enhances lesion region re-
sponses. Simultaneously, a feature fusion pathway based
on CBAM attention achieves refined integration of encoder
features and bridged features. The decoding process adopts
the classic ” + DoubleConv” architecture, progressively
mapping high-dimensional semantic features back to the
image domain. The final segmentation result for GGO is
output via a 1×1 convolution.

3.4.2 CON Decoder

Addressing the imaging characteristics of CON le-
sions—high density in , relatively clear boundaries, yet
prone to confusion with fibrosis—the decoder requires en-
hanced edge localization and global morphological percep-
tion capabilities.

This decoder specifically incorporates an Edge Enhance-
ment Module (EEM) and Spatial Pyramid Pooling (SPP).
The EEM extracts high-frequency edge features via 3×3
convolutions, then generates an edge weight map through
Sigmoid activation. This weighting enhances feature re-
sponses along CON lesion boundaries. Spatial Pyramid
Pooling (SPP) captures the overall distribution characteris-
tics of CON lesions through adaptive global pooling, com-
pensating for segmentation biases in large CON regions
caused by local features. The decoding path continues to
employ a ”dual convolution + upsampling” strategy to pro-
gressively restore feature map resolution. Simultaneously,
by combining features from the Mamba bridge with low-
level encoder features, high-resolution details are priori-
tized to precisely locate CON boundaries.

3.5. Loss Function

In lung CT lesion segmentation tasks, the distinct char-
acteristics of GGO and CON lesions pose challenges for ac-
curate segmentation. GGOs exhibit blurred boundaries and
low contrast against normal tissue, while CONs feature high
density and may be accompanied by complex fibrotic struc-
tures. This model employs tailored loss functions for each
lesion type, utilizing a dual-lesion binary cross-entropy loss
function to guide network training. By separately constrain-
ing the prediction results for both lesion types, it achieves
precise segmentation of lesions with distinct characteristics.

The loss function formula is shown in (11), comprising
two core components: GGO segmentation loss, which con-
strains the prediction results for GGO lesions to optimize
segmentation accuracy in blurred boundary regions; and
CON segmentation loss, which constrains the prediction re-
sults for CON lesions to enhance segmentation accuracy in
high-density solid areas.

LTotal = LGGO + LCON

LGGO = −
B∑

m=1

W ·H∑
i=1

[
ymG,i log(p

m
G,i)

+(1− ymG,i) log(1− pmG,i)
]

LCON = −
B∑

m=1

W ·H∑
i=1

[
ymC,i log(p

m
C,i)

+(1− ymC,i) log(1− pmC,i)
]

(11)

Where B denotes the batch size, W and H represent the
width and height of the predicted mask, respectively, ymG,i ∈



{0, 1} and ymC,i ∈ {0, 1} denote the ground truth labels
(GGO and CON) for pixel i in the m-th sample, respec-
tively, and pmG,i ∈ [0, 1] and pmC,i ∈ [0, 1] denote the model’s
predicted probabilities for pixel i being GGO and CON in
the m-th sample, respectively.

4. Experiments and Results

4.1. Datasets

The proposed algorithm was evaluated on three pub-
licly available datasets: , including COVID-19 CT seg-
mentation, segmentation dataset nr.2 [30]—most existing
public datasets with complete, fine-grained annotations for
both GGO and CON lesions are COVID-19-related, and
these two are representative ones—and the Synapse multi-
organ segmentation dataset (Synapse). Table 1 provides an
overview of the datasets used in this paper.

Name Dataset 1 Dataset 2 Dataset 3

Dataset
COVID-19

CT
Segmentation

Segmentation
Dataset Nr.2 Synapse

CT-Scans 40 9 30
Slices 100 829 3779
Used Slices 100 829 2211

Table 1: Dataset Overview.

Due to limited data availability, this study combined
Dataset 1 and Dataset 2—two core datasets—to evaluate
model performance in multi-class segmentation tasks. The
COVID-19 CT segmentation dataset comprises 100 axial
CT slices collected from over 40 confirmed patients. Anno-
tated by professional radiologists, it is specifically designed
for multi-class segmentation tasks, providing detailed dif-
ferentiation of lesion types. Segmentation Dataset No. 2
comprises 829 slices from 9 sets of 3D CT scans, with 373
slices featuring dual-label annotations (simultaneously con-
taining both binary and multi-class annotations) by radiol-
ogists. This makes it a comprehensive dataset suitable for
both types of segmentation tasks. Dataset 3 was used to val-
idate model generalization. Synapse comprises abdominal
CT scans from 30 patients (3,779 axial slices), annotated by
specialists for eight abdominal organs: aorta, gallbladder,
left kidney, right kidney, liver, pancreas, spleen, and stom-
ach. In the experimental setup, to simulate the limited data
scenario encountered in clinical practice, only 18 training
cases from this dataset were used, further divided into an
8:2 training-to-test split.

This study applied multimodal data augmentation tech-
niques, including random rotation (-35° to +35°), elastic de-
formation, Gaussian blurring, and random occlusion. Aug-
mentation intensity was balanced with data fidelity through

hierarchical probability settings (e.g., geometric transfor-
mation p=0.8, color transformation p=0.5) to prevent ex-
cessive distortion of key pathological features and enhance
model generalization.

4.2. Evaluation Metrics

The F1 score is the harmonic mean of precision and re-
call, reflecting the balance between true and false positives
in positive class predictions. The Jaccard index(IoU) cal-
culates the ratio of the intersection to the union of pre-
dicted and ground-truth regions, commonly used in seg-
mentation tasks. Recall (sensitivity/true positive rate) quan-
tifies a model’s ability to cover positive samples.Specificity
measures the model’s ability to identify negative samples.
Sensitivity measures the proportion of correctly identified
positive samples (target class) out of all true positive sam-
ples.The calculation formula is shown in Formula (12).

F1 = 100× 2TP
2TP+FP+FN ,

IoU = 100× TP
TP+FP+FN ,

Rec = 100× TP
TP+FN ,

Spec = 100× TN
FP+TN ,

Sensitivity = TP
TP+FN

(12)

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

4.3. Experimental Setup

The primary parameter configurations for this study are
shown in Table 2:

Category Configuration
GPU NVIDIA GeForce RTX 4090
PyTorch Version 1.12.1
CUDA Version 12.2
Programming Language Python 3.10.13
Image size 224
Epoch 120
Batch size 6
Optimizer Adam

Learning rate
epoch ≤ 50: 1e-4

50 < epoch ≤ 90: 1e-5
90 < epoch: 1e-6

Table 2: Experiment Configuration Table



Model GGO CON
F1 IoU Rec Spec Sens F1 IoU Rec Spec Sens

U-Net 61.22 44.11 50.43 99.20 50.43 55.04 37.96 53.88 99.19 53.88
U-Net++ 64.00 47.06 52.78 99.19 53.88 46.83 30.57 45.63 99.11 44.62

Attention-Unet 58.22 41.06 45.37 99.42 45.37 50.58 33.85 50.72 99.03 50.72
Inf-Net 68.17 51.71 59.81 99.13 59.81 52.97 36.02 51.67 99.13 51.67

AnamNet 70.34 54.25 66.58 98.74 66.58 51.14 34.36 48.53 99.20 48.53
SCOAT-Net 61.12 44.01 49.17 99.35 49.17 54.82 37.76 57.08 99.01 57.08
D-TrAttUnet 63.93 46.98 49.17 99.24 53.37 53.98 36.96 57.08 99.01 55.92
CAD-Unet 70.71 54.69 65.43 99.04 68.28 59.61 42.47 65.74 98.85 65.74

Ours 72.68 57.08 76.28 98.22 75.35 63.29 46.30 69.32 98.95 72.99

Table 3: COVID-19 Dataset Comparison Experiment Results

4.4. Experimental Results

4.4.1 Comparative Experiments on COVID-19
Datasets

On the merged dataset combining Dataset 1 and Dataset
2, the proposed FreqMamba-UNet model is compared
with U-Net, U-Net++, Attention-UNet, Inf-Net, AnamNet,
SCOAT-Net, D-TrAttUnet, and CAD-Unet. Given that ef-
ficient model design is crucial for practical clinical appli-
cations in medical image segmentation, this paper also pro-
vides the number of parameters and computational cost of
the models when processing batches of 6 images. The com-
parative experimental results are shown in Table 3.

Model Params (M) FLOPs (G)
U-Net 7.85 10.80

U-Net++ 36.63 106.17
Attention-Unet 34.88 51.02

Inf-Net 17.27 30.77
AnamNet 4.63 19.42

SCOAT-Net 10.21 30.10
D-TrAttUnet 103.78 41.24
CAD-Unet 15.06 22.68

Ours 17.34 22.87

Table 4: COVID-19 Dataset Resource Consumption Results

Experimental results demonstrate that our model
achieves outstanding performance in the COVID-19 CT
multi-lesion segmentation task. It ranks first in both F1

score (72.68) and recall (75.35) for ground-glass opacity
(GGO) segmentation, surpassing the second-best model by
over 2.34 points. For CON segmentation, it achieved an F1

score of 63.29 and an IoU of 46.30, surpassing the second-
best model by 3.68 and 3.83 points respectively, demon-
strating significantly improved boundary segmentation ac-
curacy. Moreover,as shown in Table 4, our model’s param-
eter count (17.34M) is only 47% of U-Net++ and 17% of D-

TrAttUnet, while its computational cost (22.87G FLOPs) is
substantially lower than most comparison models, achiev-
ing a balance between high performance and lightweight
design. To showcase our model’s performance in COVID-
19 CT lesion segmentation, Figure 5 compares predicted
masks and ground truth (GT) for GGO/CON regions.

To highlight the core comparative analysis and en-
sure image readability, Figure 6 presents the performance
curves of four state-of-the-art benchmark models (Anam-
Net, SCOAT-Net, D-TriAttUnet, CAD-Unet) alongside our
proposed model for medical image segmentation tasks.
These curves track the evolution of F1 scores and IoU
scores for GGO and CON during training iterations. Re-
sults indicate that all models demonstrate performance im-
provements with increasing training iterations, converging
after 80–100 iterations. Our model not only achieves supe-
rior final performance but also exhibits faster learning rates
and smoother performance curves during the initial training
phase (first 20 iterations), reflecting exceptional optimiza-
tion characteristics and training stability.

4.4.2 Synapse Dataset Comparison

To validate the model’s generalization capability, this
study conducted experiments on the publicly available
Synapse multi-organ segmentation dataset despite limited
data scale (restricted annotated data for GGO and CON).
Specifically, the aorta and pancreas structures from Synapse
were selected for validation. The aorta typically appears
as a homogeneous soft tissue density structure in CT im-
ages,exhibiting low contrast between its boundaries and sur-
rounding tissues. This resembles the blurred boundaries
and weak contrast features trained by the GGO decoder.
To validate whether the GGO decoder can generalize to
other non-nodular anatomical structures with similar imag-
ing characteristics, the aorta was analyzed using the GGO
decoder. The pancreas typically presents as a sharply de-
fined anatomical structure in CT scans,exhibiting local con-



Model Aorta Spleen
F1 IoU Rec Spec Sens F1 IoU Rec Spec Sens

U-Net 73.00 57.49 67.14 99.97 67.14 82.14 69.70 80.16 99.91 80.16
U-Net++ 77.90 63.80 75.01 99.97 75.01 84.04 72.48 82.94 99.92 82.94

Attention-Unet 71.85 56.06 65.94 99.97 65.94 82.49 70.20 81.01 99.91 81.01
Inf-Net 73.70 58.35 67.97 99.97 67.97 82.56 70.30 78.44 99.93 78.44

AnamNet 51.34 34.53 37.97 99.98 37.97 65.30 48.48 65.05 99.80 65.05
SCOAT-Net 76.70 62.21 71.60 99.98 71.60 85.41 74.54 82.38 99.94 82.38
D-TrAttUnet 67.83 51.32 57.99 99.98 57.99 78.44 64.53 70.05 99.95 70.05
CAD-Unet 72.86 57.31 64.37 99.98 64.37 82.60 70.36 78.81 99.93 78.81

Ours 79.95 66.60 83.41 99.96 83.41 86.43 76.10 89.48 99.88 90.59

Table 5: Synapse Dataset Comparison Experiment Results

trast characteristics similar to the high contrast and well-
defined boundaries used to train the CON decoder. To
test the CON decoder’s segmentation capability on non-
tumorous, normally structured organs with clear bound-
aries, the pancreas was segmented using the CON decoder.
Comparative experimental results are shown in Table 5.

Experimental results demonstrate that the Ours model
achieves outstanding performance in multi-class segmenta-
tion tasks for the aorta and spleen. Specifically, for aor-
tic segmentation, our model achieves an F1 score of 79.95,
surpassing the second-best model SCOAT-Net (76.70) by
3.25 points. Its recall rate (83.41) significantly outper-
forms all comparison models, demonstrating robust aortic
lesion detection capabilities. For spleen segmentation, our
model’s F1 score (86.43) and IoU (76.10) surpassed the
second-place SCOAT-Net by 1.02 and 1.56 points respec-
tively, while its recall (89.48) demonstrated a significant
advantage, reflecting breakthroughs in spleen boundary seg-
mentation accuracy. Overall, this approach enhances sensi-
tivity and segmentation accuracy for aortic and splenic le-
sion detection while maintaining high specificity through
optimized network architecture and training strategies. To
visually demonstrate the model’s multi-class segmentation
performance on the Synapse dataset, Figure 7 presents com-
parisons between predicted masks and ground truth (GT)
labels for selected aortic and splenic segmentation tasks.

4.4.3 Ablation Studies

To evaluate the effectiveness of the proposed model and
its components, ablation experiments were conducted to in-
vestigate the impact of different components on model per-
formance. Following advanced research methodologies, we
established ”GD+CD” (dual-decoder architecture, where
GD and CD correspond to GGO and CON decoders, respec-
tively) as the baseline. We then progressively introduced
EFM, WFM, and Mamba bridges, examining performance
under scenarios such as single-decoder and cross-decoder

task adaptation. We conducted multi-class segmentation
task tests on a dataset combining Dataset 1 and Dataset 2
to clarify the value of each component. The experimental
results are shown in Table 6.

Using ”GD+CD” as the baseline, we validated the
dual-decoder architecture’s foundational adaptability for
both tasks. After introducing the edge modules (EFM)
(”GD+CD+EFM” ), the GGO task’s F1 score improved to
70.74, indicating that (EFM) captures edge details to en-
hance (GGO) feature representation. However, the CON
task’s F1 score decreased to 60.40, reflecting EFM’s in-
terference with CON feature adaptation, necessitating fur-
ther optimization for synergy. Further adding WFM fre-
quency domain branch (”GD+CD+WFM+EFM” ), GGO
task F1 reached 71.07, demonstrating frequency domain in-
formation enhances feature dimensions. However, CON
task F1 dropped to 57.98, IoU was 40.82, Sens was 64.16
, indicating insufficient feature adaptability between WFM
and CON decoders, highlighting the need for component-
specific collaborative design. Introducing the Mamba
bridge (”GD+CD+Mamba+EFM” ) yields CON task F1 of
59.97, IoU of 42.83, and Sens of 69.80. While metrics show
some fluctuation, this validates the bridge’s enhancement of
feature interaction.

Using only the GGO decoder (”GD+Mamba+WFM
+EFM”), the GGO task achieved an F1 score of 71.32, IoU
of 55.43, and Sensitivity of 73.47. This demonstrates that
when a single decoder focuses on a specific task, it can
deeply adapt to target features alongside supporting mod-
ules. However, when the CON decoder operates indepen-
dently (”CD+Mamba+WFM+EFM”), its F1 score drops to
59.02, IoU to 41.87, and Sensitivity to 64.38—all signifi-
cantly lower than the dual-decoder architecture. These re-
sults not only validate the advantage of the dual decoders’
”shared feature foundation + task-specific customization”
coupling mechanism but also confirm the core reason for
insufficient cross-decoder adaptation: the significant radio-



Figure 5: Experimental comparison on the COVID-19 dataset.



Figure 6: Performance Curve Comparison for COVID-19 Dataset Experiments.

Figure 7: Experimental Comparison on the Synapse Dataset.

logical differences between GGO and CON make it difficult
for a single decoder to accommodate both heterogeneous
features simultaneously. In contrast, the dual-decoder de-
sign achieves precise adaptation through collaboration, en-
suring robust multi-task segmentation performance.

Attempting ”cross-decoder tasks”—using the GGO de-
coder to segment CON and the CON decoder to segment
GGO ( ”CD+GD+Mamba+WFM+EFM” )—yielded GGO
task F1 of 72.43, IoU of 56.77, and Sens of 74.74 . How-
ever, for the CON task , CON resulted in F1 dropping to
60.55, IoU of 43.42, Sensitivity to 61.20 . Performance sig-
nificantly deteriorated, indicating strong decoder-task cou-
pling. Cross-task deployment compromises feature adapt-

ability, further validating the value of dual decoders.

5. Conclusions and Discussion

The FreqMamba-UNet architecture proposed in this
study achieves a performance breakthrough in the segmen-
tation task of GGO and CON lesions in COVID-19 CT
images through frequency-domain-spatial-domain feature
fusion, global-local feature collaborative modeling, and a
dual-decoder customized segmentation strategy. Experi-
mental results demonstrate that this architecture outper-
forms classical models such as U-Net and Attention U-Net,
as well as state-of-the-art architectures like CAD-Unet, in
multi-class segmentation tasks .



Structure GGO CON
F1 IoU Sens F1 IoU Sens

GD+CD 70.38 54.29 72.23 61.70 44.61 70.31
GD+CD+EFM 70.74 54.73 70.37 60.40 43.27 69.02
GD+CD+WFM+EFM 71.07 55.12 73.39 57.98 40.82 64.16
GD+CD+Mamba+EFM 70.08 53.94 73.81 59.97 42.83 69.80
GD+Mamba+WFM+EFM 71.32 55.43 73.47 60.65 43.53 70.17
CD+Mamba+WFM+EFM 71.47 55.61 71.60 59.02 41.87 64.38
CD+GD+Mamba+WFM+EFM 72.43 56.77 74.74 60.55 43.42 61.20
Ours 72.68 57.08 75.35 63.29 46.30 72.99

Table 6: Ablation Experiment Results

Specifically, the parallel design of the multi-level
wavelet branches and the CNN encoder enables synergistic
extraction of high-frequency edge information and spatial
texture features in CT images. The Mamba-based multi-
scale feature bridge overcomes the limitation of traditional
skip connections, which only capture local correlations at
the same level. Through sequential modeling capabilities,
it effectively captures long-range spatial dependencies in
diffuse lesions while narrowing the semantic gap between
high- and low-level features. Addressing the radiologi-
cal differences between the two lesion types, the GGO
decoder enhances boundary details via CBAM attention,
while the CON decoder improves localization accuracy in
high-density regions through an Edge Enhancement Mod-
ule (EEM) and Spatial Pyramid Pooling (SSP), resolving
the inadequacy of a single decoder for heterogeneous le-
sions.

Despite improvements in segmentation metrics achieved
by FreqMamba-UNet, limitations remain. The study relies
on publicly available COVID-19 CT datasets, which fea-
ture limited anatomical regions and static slices, resulting in
insufficient generalization to complex comorbid scenarios.
The dual-path parallel design increases parameters, leading
to slower inference speeds compared to lightweight mod-
els. Furthermore, the absence of temporal CT data prevents
capturing lesion evolution dynamics for disease progression
monitoring.

Future work will expand data diversity to enhance ro-
bustness in complex scenarios; reduce computational com-
plexity through model pruning and knowledge distillation to
compress parameters; design spatiotemporal fusion variants
incorporating temporal CT to capture lesion dynamics; and
explore multimodal fusion with chest X-rays and clinical in-
dicators to improve synergy between segmentation and dis-
ease assessment.
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