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Abstract. With the continuous advancement of medical technology, medical im-
age segmentation plays a pivotal role in various aspects of disease diagnosis, treat-
ment planning, and therapeutic evaluation. In recent years, methods based on
U-shaped Convolutional Neural Networks (CNNs), U-shaped Transformer archi-
tectures, and U-shaped Mamba models have achieved significant progress in this
domain, greatly promoting research and application development. Although CNNs
excel at local feature extraction, they are inherently limited in modeling global de-
pendencies due to the locality of convolution operations. Transformers address this
limitation through self-attention mechanisms that capture long-range dependencies
effectively, but their quadratic computational complexity with respect to sequence
length severely impacts efficiency. While the Mamba architecture demonstrates
promising performance in long-sequence modeling, its generalization to other tasks
remains limited. To address these challenges, this paper proposes RCLD-UNet, an
efficient asymmetric U-shaped encoder-decoder network designed for 2D medical im-
age segmentation. Built upon the U-Net backbone, RCLD-UNet incorporates the
Recurrent Criss-Cross Attention (RCCA) module in the encoder, which leverages
sparse connections and recurrent operations to efficiently capture global contex-
tual information, thereby overcoming the limitations of standard convolutions in
modeling global dependencies. In the decoder, a Linear Deformable Convolution
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(LDConv) module is introduced to enhance feature extraction through irregular
convolutions, while ensuring linear parameter growth to balance performance and
computational cost. Extensive experimental results on three public datasets indi-
cate that RCLD-Unet achieves superior performance compared to existing methods.
Specifically, the proposed model achieves average Dice Similarity Coefficients (DSC)
of 84.14%, 92.02%, and 80.84% on the Synapse, ACDC, and MoNuSeg datasets,
respectively.

Keywords: RCLD-UNet, medical image segmentation, convolutional neural net-
works, recurrent criss-cross attention, linear deformable convolution

1 INTRODUCTION

With the continuous advancement of deep learning technologies, computer vision
has seen widespread adoption in medical image analysis. As a key task within
this field, medical image segmentation plays an essential role in a variety of clinical
and research applications, such as vessel segmentation in retinal images, cell seg-
mentation in electron microscopy (EM) images, tumor segmentation in computed
tomography (CT) and magnetic resonance imaging (MRI) scans, liver segmentation,
and multi-organ segmentation. These advanced segmentation techniques have not
only enhanced the understanding of medical images but also significantly improved
the accuracy and efficiency of computer-aided diagnosis.

Convolutional Neural Networks (CNNs) have been widely adopted in the field
of medical image segmentation, particularly with the introduction of Fully Convo-
lutional Networks (FCNs) [1] and their variants such as U-Net [2]. U-Net, with
its symmetric encoder-decoder architecture and skip connections, has effectively
combined local and spatial features, achieving notable success in medical image seg-
mentation. Subsequently, numerous U-Net-based variants have been proposed to
further enhance segmentation performance. For example, U-Net++ [3] improves
feature fusion through nested and dense skip connections; UNet3+ [4] introduces
full-scale skip connections and deep supervision to better capture both fine-grained
and coarse-grained features; and Attention U-Net [5] incorporates attention gating
modules in the decoder to focus on salient regions, thereby enhancing the extrac-
tion of relevant local features and improving segmentation accuracy. Despite the
strength of convolutional operations in local feature extraction, CNNs are inher-
ently limited by their receptive fields, making it difficult to model global contextual
dependencies. Although techniques such as dilated convolutions [6], image pyra-
mids [7], and attention mechanisms [8] have been introduced to mitigate this issue,
CNNs still struggle to capture long-range dependencies within images, which re-
stricts their ability to meet the high-precision and global perception requirements
of medical image segmentation tasks.
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Figure 1. Comparison of parameter and Dice accuracy trade-offs on the Synapse dataset

Dataset
Num

of Class
Ima-
ges

Input
Size

Modality Train Valid Test

Synapse 9 30 224× 224 CT
18 (2 211
slices)

– 12

ACDC 4 100 224× 224 MRI
70 (1 304
slices)

10 (182
slices)

20 (40
slices)

MoNuSeg 2 44 224× 224
Microscopy
Images

24 6 14

Table 1. Detailed introduction of the dataset we used

The successful application of Transformer architectures in natural language pro-
cessing (NLP) has inspired extensive exploration of their potential in visual tasks.
As a pioneering work, Vision Transformer (ViT) [9] introduced the Transformer
architecture into computer vision by dividing 2D images into sequences of position-
encoded patches, demonstrating performance comparable to or even surpassing tra-
ditional CNN-based methods on several large-scale visual benchmarks. This val-
idated the Transformer’s strong capability in modeling long-range dependencies.
Building on this strength, researchers have further investigated the integration of
CNNs and Transformers. In 2021, TransUNet [10] was the first to propose a hy-
brid framework that effectively combines high-resolution local features extracted
by CNNs with global contextual information encoded by Transformers, enabling
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precise segmentation of complex structures and lesion regions in medical images.
Subsequently, a series of 3D medical image segmentation models such as Trans-
BTS [11], CoTr [12], and UNETR [13], as well as 2D models including MTU-Net [14],
TMU [15], UCTransNet [16], ScaleFormer [17], MISSFormer [18], and MedT [19],
have been developed, further validating the effectiveness of CNN-Transformer hybrid
architectures in medical image segmentation. In parallel, pure Transformer-based
models such as SegFormer [20] and Swin-Unet [21] have also emerged, exploring
the potential of fully Transformer-driven frameworks in this domain. Despite the
remarkable performance of both Transformer-based and hybrid CNN-Transformer
models, their high computational complexity and resource consumption remain ma-
jor limitations, particularly when applied to high-resolution medical image segmen-
tation tasks.

In recent years, the Mamba architecture, based on state space models (SSMs),
has garnered significant attention in medical image segmentation tasks, leading
to the development of variants such as U-Mamba [22], VM-UNet [23], and HC-
Mamba [24]. Compared with CNNs and Transformers, Mamba demonstrates su-
perior performance in capturing long-range dependencies while maintaining lin-
ear computational complexity, thereby improving efficiency. However, Mamba is
primarily suited for long sequence modeling, and the advantages of SSM mech-
anisms are limited in other tasks, resulting in constrained performance improve-
ments.

In summary, existing segmentation methods based on CNNs, Transformers, and
Mamba architectures each exhibit certain limitations. To address these challenges,
we propose an asymmetric U-shaped encoder-decoder network, named RCLD-UNet.
It builds upon the simple yet effective U-Net architecture and comprises an encoder,
a bottleneck, a decoder, and skip connections. Specifically, the encoder incorporates
the Recurrent Criss-Cross Attention (RCCA) module from CCNet [25] to enhance
global context modeling and compensate for the limitations of conventional convolu-
tions in capturing spatial dependencies. In the decoder, the Linear Deformable Con-
volution (LDConv) module from LDConv [26] is adopted to enable flexible feature
reconstruction while maintaining linear parameter growth. Extensive experiments
conducted on three public datasets—Synapse, ACDC, and MoNuSeg—demonstrate
that RCLD-UNet achieves strong segmentation performance and good generalization
with low parameter overhead. The main contributions of this work are summarized
as follows:

1. RCCA modules are introduced at each stage of the U-Net encoder and the
bottleneck. These modules adopt a dual recurrent design with parameter shar-
ing based on the Criss-Cross Attention (CCA) mechanism, effectively avoiding
parameter growth during recurrence. This enhances the ability to model contex-
tual information and compensates for the limitations of convolution in capturing
global dependencies.

2. To address the need for deep feature modeling in the decoder, LDConv modules
are introduced in its deeper layers to replace the conventional double convolution
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structure. These modules leverage a flexible sampling mechanism and a linear
parameter design, which not only reduce computational and memory overhead
but also enhance the feature modeling capability of the decoder.

3. Experimental results on the Synapse, ACDC, and MoNuSeg datasets demon-
strate that the proposed model outperforms various state-of-the-art methods
with only a modest increase in parameter count, highlighting its potential and
advantages in medical image segmentation. Table 1 provides detailed informa-
tion on the three datasets, and Figure 1 illustrates that RCLD-UNet achieves
high Dice Similarity Coefficient (DSC) scores despite a modest increase in pa-
rameter count.

The remainder of this paper is organized as follows: Section 2 reviews related
work. Section 3 details the overall architecture of the proposed model and its key
modules. Section 4 describes the datasets and experimental settings. Section 5
concludes the paper with a summary of the main findings and contributions.

2 RELATED WORK

2.1 U-Net and Its Variants

CNN-based U-shaped architectures, with U-Net as the classical representative, form
the foundation of a modern medical image segmentation. Subsequent variants like
U-Net++ [3], ResUNet [27], Attention U-Net [5], and CE-Net [28] introduced dense
connections, residual units, attention gates, and context modules, respectively, to en-
hance feature fusion and representation. In recent years, Transformer-based models
such as MaxViT-UNet [29], EMCAD [30], ScaleFormer [17], MISSFormer [18], and
VM-UNet [23] have emerged, incorporating multi-axis attention, hybrid attention,
or even state space modeling to push the limits of performance. Table 2 summarizes
representative U-Net variants and their architectural innovations.

Model Year Key Improvements

U-Net [2] 2015 Encoder-decoder architecture with skip connections
UNet++ [3] 2018 Nested skip connections with deep supervision
Attention U-Net [5] 2018 Attention gates in skip connections
ResUNet [27] 2018 Use of ResBlocks instead of standard convolutions
CE-Net [28] 2019 Context encoder module between encoder and decoder
MISSFormer [18] 2021 Transformer-based encoder with context bridge
ScaleFormer [17] 2022 Cross-scale interaction and dual-axis attention
MaxViT-UNet [29] 2023 Multi-axis attention (MaxViT blocks) in decoder
VM-UNet [23] 2024 State space module (VSS)
EMCAD [30] 2024 Multi-scale convolution and hybrid attention

Table 2. Summary of U-Net and its representative variants with key architectural im-
provements
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2.2 Evolution of Attention Mechanisms

Attention mechanisms have been extensively applied in vision tasks to enhance
spatial, channel, and contextual modeling. Classic methods such as Squeeze-and-
Excitation Network (SENet) [31], Convolutional Block Attention Module
(CBAM) [32], and CCNet [25] focus on channel recalibration, combined attention,
and criss-cross contextual reasoning, respectively. With the rise of Transformers,
attention-based segmentation models have rapidly evolved. Swin-Unet [21] and
CSWin-UNet [33] adopt window-based and cross-shaped attention to balance ef-
ficiency and global context modeling. TransUNet [10] and UCTransNet [16] intro-
duce multi-head and channel attention into encoder and skip connections, improv-
ing semantic representation. Efficient Attention [34] and Visual Attention Network
(VAN) [35] further reduce complexity while preserving long-range modeling capac-
ity. Table 3 summarizes representative attention mechanisms, their key innovations,
and integration points.

2.3 Development in Convolutional Operations

The design of convolution operations has continued to evolve to improve recep-
tive field modeling, deformation adaptability, and computational efficiency. Classic
methods such as dilated convolution [6], deformable convolution [36], and depth-
wise separable convolution [37] optimize the structure through sparse sampling,
learnable offsets, and factorized operations, respectively. Ghost convolution [38]
reduces redundant computation via linear feature generation, while involution [39]
enhances spatial modeling by adopting a ”spatial-specific, channel-shared” strategy.
ConvNeXt [40] modernizes conventional convolutional architectures by integrating
key design elements from Transformers, leading to improved performance on vi-
sion tasks. Recent approaches include LDConv [26] for linear deformable modeling,
FADC [41] for frequency-adaptive dilation, PConv [42] with a pinwheel-shaped pat-
tern for small object detection, and FDConv [43] combining frequency and spatial
modulation to enhance frequency-domain representation. Table 4 summarizes the
core ideas, advantages, and typical applications of these convolutional operations.

3 METHOD

This section provides a systematic introduction to the proposed RCLD-UNet model.
We first present an overview of its overall architecture and processing flow, followed
by an in-depth analysis of the structural design, implementation, and functional
roles of each integrated module within the network.

3.1 Model Architecture

Figure 2 a) illustrates the overall architecture of the proposed RCLD-UNet. The
model adopts a typical U-shaped structure composed of an encoder, a decoder,
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Figure 2. a) The overall architecture of RCLD-UNet. b) Recurrent Criss-Cross Attention
(RCCA) module: A 3×3 convolution is used for channel compression, followed by recursive
Criss-Cross Attention (CCA) to enhance contextual features. The output is then fused
with the original input via channel-wise concatenation to introduce residual information.
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a bottleneck, and skip connections, enabling progressive extraction and fusion of
multi-scale features.

In the encoder, to enhance the model’s ability to capture global contextual infor-
mation, an RCCA module is introduced after each convolutional block. The feature
maps sequentially pass through four encoding stages, each consisting of a double
convolutional block followed by an RCCA module. Max-pooling is applied at each
stage to progressively reduce spatial resolution and extract high-level semantic fea-
tures. The layer-wise integration of RCCA effectively improves the global perception
capability of local features.

The bottleneck serves as a crucial bridge between the encoder and decoder and
plays an important role in semantic representation. Therefore, an RCCA module
is also integrated into this stage to further enhance the global representation of
features. The encoded features first pass through a double convolutional block,
followed by RCCA processing, yielding globally enhanced semantic representations
that provide the decoder with richer contextual information.

In the decoder, to strike a balance between parameter efficiency and feature
reconstruction capability, LDConv modules are introduced in the two deeper decod-
ing stages, replacing traditional double convolution blocks. This design reduces the
number of model parameters while improving segmentation performance. The bot-
tleneck output is first processed by two deep decoder stages (each consisting of an
LDConv module and bilinear upsampling), followed by two shallow decoder stages
(each consisting of a double convolutional block and bilinear upsampling), progres-
sively restoring spatial resolution to achieve fine-grained segmentation output.

3.2 Criss-Cross Attention (CCA)

The CCNet introduces the CCA module, as shown in Figure 3. This module can
extract information from the horizontal and vertical directions for each position,
thereby simulating global dependencies in the image with minimal computational
cost and memory usage. Assuming the output feature of the double convolution is
F ∈ RC×W×H , whereW andH are the width and height of the feature map, and C is
the number of channels. First, we pass the feature F through two 1×1 convolutional
layers to obtain two feature maps, Q andK, respectively, where {Q,K} ∈ RC′×W×H .
Here, C ′ represents the reduced number of channels after convolution. Subsequently,
we generate an attention map A ∈ R(H×W−1)×(W×H) from Q and K through the
Affinity operation. This attention map A reflects the correlation between the
features of Q and K. The specific operation is that for each position u in the
feature map Q, its corresponding vector Qu ∈ RC′

can be obtained. Based on this
positional information, the set of all feature vectors in K that lie in the same row
and column as position u can be obtained as Ωu ∈ R(H+W−1)×C′

. The Affinity
operation is described as follows:

di,u = QuΩ
T
i,u, (1)



468 B. Su, M. Zhao, Y. Lin, P. Jin

where di,u ∈ D represents the degree of correlation between the features Qu and
Ωi,u, i = [1, . . . , H+W −1], D ∈ R(H+W−1)×(W×H). Applying the softmax operation
along the channel dimension of D yields the attention map A.

Figure 3. The specific process of the Criss-Cross Attention (CCA) module

Then, the feature map F is passed through another 1 × 1 convolutional layer
to generate a feature map V ∈ RC×H×W , which is used for feature adaptation. For
each position u in the feature map V , we can obtain a corresponding vector Vu ∈ RC

and a set Φu ∈ R(H+W−1)×C . This set Φu is the collection of feature vectors that
are either in the same row or in the same column as position u. The Aggregation
operation, as defined by Equation (2), is used to gather contextual information.

F ′
u =

H+W−1∑︂
i=0

Ai,uΦi,u + Fu. (2)

F ′
u represents the feature vector at position u in F ′ ∈ RC×W×H. Ai,u represents the

scalar value at position u with channel index i in A. The contextual information is
added to the local features F to enhance the pixel-wise representation capabilities.
Therefore, the CCA module possesses powerful context extraction capabilities, en-
abling it to aggregate contextual information purposefully based on the attention
map, making it more robust in semantic segmentation tasks.

3.3 Recurrent Criss-Cross Attention (RCCA)

Due to the limitation that a single CCA operation can only capture contextual in-
formation along horizontal and vertical directions, it fails to model the dependencies
between pixels located on non-intersecting paths in the feature map. To address this
issue, CCNet introduces a recurrent mechanism based on the original CCA module
to enhance global modeling of non-local pixel relationships. Specifically, the RCCA
module stacks two CCA operations in a recurrent manner to form an R-shaped
structure, thereby enabling both direct and indirect information exchange between
any pair of pixels.
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Figure 4. Spatial information propagation in the RCCA module. The first attention step
establishes direct dependencies along horizontal and vertical directions, while the second
enables indirect connections via intermediate pixels, allowing each position to aggregate
contextual information from the entire feature map.

Algorithm 1 Pseudocode of the Recurrent Criss-Cross Attention (RCCA) module

Require: Input feature map x ∈ RB×C×H×W , recurrence steps r
Ensure: Refined feature map y
1: x1 ← Conv3×3(x)→ BN→ Activation ▷ Channel reduction
2: for i = 1 to r do
3: Compute Q,K, V ← Conv1×1(x1)
4: Reshape Q,K along height and width axes:

Qrow, Krow ← reshape(Q,K, axis = H)
Qcol, Kcol ← reshape(Q,K, axis = W )

5: Compute attention energies:
Erow ← QrowK

⊤
row + INF mask

Ecol ← QcolK
⊤
col

6: Apply softmax:
Arow, Acol ← softmax([Erow, Ecol])

7: Compute attended values:
Vrow, Vcol ← reshape(V )
outrow ← VrowA

⊤
row

outcol ← VcolA
⊤
col

8: Aggregate with residual connection:
x1 ← γ · (outrow + outcol) + x1

9: end for
10: x2 ← Conv3×3(x1)→ BN→ Activation
11: xcat ← Concat(x, x2) ▷ Channel-wise fusion
12: y ← Conv3×3(xcat)→ BN→ Dropout
13: return y
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As illustrated in Figure 2 b), the RCCA module first applies a 3× 3 convolution
to compress the channel dimension of the input feature map. It then successively
performs two CCA operations to model spatial dependencies. The resulting feature
map is further processed by another 3×3 convolution, concatenated with the original
input along the channel dimension, and passed through a final 3× 3 convolution to
match the target output dimension.

As shown in Figure 4, the RCCA propagation mechanism allows contextual in-
formation to be transferred between any two spatial positions. Even if two pixels
are not located in the same row or column, indirect connections can be established
through intermediate positions, thereby approximating global receptive field mod-
eling.

With this dual-recurrent design, the RCCA module effectively captures dense
and global contextual representations, producing feature maps with enhanced se-
mantic expressiveness. The pseudocode of the RCCA module is presented in Algo-
rithm 1.

3.4 Linear Deformable Convolution (LDConv)

LDConv, proposed in [26], aims to overcome the limitations of standard and de-
formable convolutions in terms of sampling flexibility and parameter efficiency. Tra-
ditional convolution operations rely on fixed, regular sampling grids that primarily
focus on local regions, making it difficult to effectively capture global contextual
information. Deformable convolution introduces learnable offsets to adjust the sam-
pling positions of the original convolution kernel to a certain extent, partially allevi-
ating the receptive field limitations of standard convolution. However, both methods
share a common drawback: their sampling grids remain regular in structure, and as
the kernel size increases, the number of parameters grows quadratically, leading to
significant computational and memory overhead.

To address these issues, this paper incorporates the LDConv module into the
decoder to replace the conventional double convolution structure. By leveraging a
more flexible sampling strategy and a parameter structure with linear growth, the
LDConv module enables more efficient feature modeling. According to the original
paper, when the number of sampling points is set to N = 5, LDConv can effectively
substitute the standard 3×3 convolution, offering improved computational efficiency
and modeling flexibility. Therefore, this paper adopts N = 5 as a representative
example, and Figure 5 illustrates the overall pipeline of the LDConv module. The
feature extraction process of the module mainly consists of the following three steps:

1. Initial Sampling Coordinates Generation. Based on the number of sam-
pling points N , initial sampling offsets Pn are generated using the sampling
algorithm proposed in the original LDConv paper. These offsets are then added
to the central reference coordinate P0, yielding the base sampling coordinates
P0 + Pn. This step constructs a set of sampling locations corresponding to
a convolutional kernel with N sampling points on the feature map.
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Figure 5. LDConv Module. It first assigns initial sampling coordinates to convolutions
of arbitrary sizes and adjusts the sample shape with learnable offsets. Compared to the
original coordinates, resampling changes the sampling shape at each position.
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Algorithm 2 Pseudocode of the Linear Deformable Convolution (LDConv) module

Require: Feature map x ∈ RB×C×H×W , number of sampling points np, stride s
Ensure: Output feature map y
1: offset← Conv3×3(x) ▷ Learn 2np offsets (x and y directions)
2: p0 ← generate regular grid positions based on H,W, s
3: pn ← generate static kernel shape offsets based on np

4: p← p0 + pn + offset ▷ Final sampling positions
5: for each sampling position pi in p do
6: Compute 4 neighboring grid points: qlt, qrb, qlb, qrt
7: Compute bilinear interpolation weights: glt, grb, glb, grt
8: Sample features from x: xqlt , xqrb , xqlb , xqrt

9: Compute interpolated feature:

xoffseti ← glt · xqlt + grb · xqrb + glb · xqlb + grt · xqrt

10: end for
11: Reshape xoffset along height dimension for grouped 1D convolution
12: y ← Conv1D + BN + SiLU(xoffset)
13: return y

2. Learnable Offset Adjustment. A convolutional operation is employed to
generate an offset tensor with dimensions (B, 2N, H, W), representing learnable
2D coordinate shifts for each of the N sampling points at every spatial location.
These offsets are added to the initial sampling coordinates to obtain the final
sampling locations, which are spatially adaptive and dynamically configured for
each position in the feature map, enabling deformable kernel shapes.

3. Feature Resampling and Output Generation. Based on the adjusted sam-
pling coordinates, features at the corresponding locations are obtained via in-
terpolation and resampling. These sampled features are then processed through
a sequence of convolution, normalization, and activation operations to produce
the final output feature map.

Through the above three steps, the LDConv module enables the construction of
convolutional kernels with an arbitrary number of sampling points, thereby achieving
a flexible and efficient feature extraction mechanism. Algorithm 2 presents the
pseudocode detailing the specific operations of the LDConv module.

4 EXPERIMENT

4.1 Datasets

To comprehensively evaluate the performance of the proposed model, we conducted
experiments on three datasets: Synapse, ACDC, and MoNuSeg.
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Synapse: The Synapse dataset consists of 30 abdominal CT scans, comprising
a total of 3 779 axial clinical abdominal CT images. Each CT volume contains
approximately 85 ∼ 198 slices with a resolution of 512 × 512 pixels and a voxel
spacing of ([0.54 ∼ 0.54]× [0.98 ∼ 0.98]× [2.5 ∼ 5.0])mm3. Following the protocol
of TransUNet, we split the dataset into 18 training and 12 testing cases. We report
the average DSC and HD for eight abdominal organs: aorta, gallbladder, spleen,
left kidney, right kidney, liver, pancreas, and stomach.

ACDC: ACDC is one of the challenge tasks from MICCAI 2017, aiming to
segment the end-diastolic (ED) and end-systolic (ES) frames in cardiac cine-MRI.
The challenge collected MRI scans from various patients, with each scan manually
annotated with three anatomical labels: left ventricle (LV), right ventricle (RV),
and myocardium (MYO). Following the processing strategy used in Perspective +
UNet, we divided the ACDC dataset into a training set (70 cases), a validation
set (10 cases), and a test set (20 cases), and evaluated the model’s segmentation
performance using the average DSC.

MoNuSeg: The MoNuSeg dataset is an important component of the multi-
organ nuclei segmentation challenge held at MICCAI 2018. We selected 30 images
from the dataset for training and 14 images for testing. Following the methodology
of UCTransNet, we employed the DSC and IoU as evaluation metrics to assess the
segmentation performance of our model.

4.2 Evaluation Metrics

We employed three evaluation metrics to evaluate the performance of our model:
DSC, HD, and IoU. The prediction results can be categorized into true positives
(TP), false positives (FP), true negatives (TN), and false negatives (FN), and DSC
and IoU are calculated based on these values. The corresponding formulas are given
below:

DSC =
2× TP

2× TP + FP + FN
, (3)

IoU =
TP

TP + FP + FN
. (4)

HD can be described as:

HD(Y, Ŷ ) = max

{︃
max
y∈Y

min
ŷ∈Ŷ

d(y, ŷ),max
ŷ∈Ŷ

min
y∈Y

d(y, ŷ)

}︃
, (5)

where Y and Ŷ represent the ground truth and the predicted segmentation result
respectively. d(y,ŷ) represents the Euclidean distance between Y and Ŷ .
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4.3 Implementation Details

All experiments in this study were conducted on an NVIDIA RTX 3090 GPU
equipped with 24GB of memory. To mitigate the risk of overfitting, a variety
of data augmentation techniques were employed during training, including image
flipping, Gaussian noise addition, random rotation and scaling, among others, to
enhance the model’s robustness and generalization capability. For the Synapse and
ACDC datasets, input image resolution was uniformly set to 224 × 224, with 150
training epochs and a batch size of 8. The model was optimized using stochastic
gradient descent (SGD) with a learning rate of 0.05 and a weight decay coefficient
of 0.0001. For the MoNuSeg dataset, we adopted the training strategy proposed in
UCTransNet, maintaining the same input resolution of 224× 224, with a maximum
of 2 000 training epochs and an early stopping mechanism (patience = 50). This
task utilized the Adam optimizer with an initial learning rate of 0.001 and a batch
size of 4.

4.4 Loss Function

For the Synapse and ACDC datasets, we employ a combined loss function of multi-
class cross-entropy and Dice loss, while for the MoNuSeg dataset, we use a com-
bination of binary cross-entropy and Dice loss. The cross-entropy loss function,
which is suitable for both binary and multi-class classification tasks, measures the
discrepancy between predicted values and true labels. It can be succinctly expressed
as:

LossCE = −
N∑︂
i=1

yi log(ŷi). (6)

Dice loss is a metric used to evaluate the similarity between two samples, partic-
ularly suited for image segmentation tasks due to its ability to handle imbalanced
foreground and background pixels. A higher Dice coefficient indicates greater sim-
ilarity between the samples. For each pixel, the Dice coefficient is calculated as
per Equation (7), and the Dice loss is derived as per Equation (8). Both metrics
effectively quantify the performance of the segmentation model.

Dice =
2 ·

∑︁N
i=1 pi · gi∑︁N

i=1 pi ·
∑︁N

i=1 gi
, (7)

LossDice = 1− 2 ·
∑︁N

i=1 pi · gi∑︁N
i=1 pi ·

∑︁N
i=1 gi

. (8)

Here, pi represents the predicted probability for the ith pixel, gi denotes the true
label for the ith pixel, and N is the total number of pixels in the image. Thus, the loss
function used for the Synapse and ACDC datasets is calculated as per Equation (9),



RCLD-UNet: Medical Image Segmentation 475

while for the MoNuSeg dataset, it is computed using Equation (10).

Loss = 0.4 · LossCE + 0.6 · LossDice (9)

Loss = 0.5 · LossCE + 0.5 · LossDice (10)

For Equation (9), the 0.4 and 0.6 represent the weights for the cross-entropy loss
and dice loss, respectively. For Equation (10), we employ equal weights of 0.5 for
both the binary cross-entropy loss and dice loss.

4.5 Results and Discussion

We evaluate the proposed RCLD-UNet model on three benchmark medical im-
age segmentation datasets: Synapse, ACDC, and MoNuSeg. The evaluation in-
cludes comparisons with a wide range of representative methods covering vari-
ous architectural paradigms, including CNN-based models (e.g., U-Net, Att-UNet),
Transformer-based models (e.g., Swin-UNet, TransCeption), CNN–Transformer hy-
brid models (e.g., TransUNet, BRAU-Net++), Mamba-based architectures (e.g.,
VM-UNet), and CNN–Mamba hybrids (e.g., HC-Mamba).

4.5.1 Results on the Synapse Dataset

As shown in Table 5, we report the overall DSC, HD95, organ-wise Dice scores,
and parameter counts. The proposed RCLD-UNet achieves the highest DSC of
84.14% while reducing HD95 to 18.79, indicating superior segmentation accuracy
and boundary consistency. The visual comparisons in Figure 6 a) further demon-
strate the effectiveness of our model. In the first row, RCLD-UNet effectively reduces
the over-segmentation of the stomach observed in U-Net; compared to other meth-
ods, our model exhibits less over-segmentation in the stomach region. In the sec-
ond row, our method corrects the liver mis-segmentation issues observed in U-Net,
Swin-Unet, and TransCeption. Moreover, it achieves slightly better segmentation
performance for the pancreas and stomach compared to other methods. The third
row shows that, compared to TransUNet, our method yields more precise boundary
delineation for both the left and right kidneys. Although minor under-segmentation
is observed in the stomach for some cases, our model achieves relatively complete
gallbladder segmentation with only minimal over-segmentation. Overall, RCLD-
UNet exhibits superior robustness and generalization across multiple critical or-
gans.

4.5.2 Results on the ACDC Dataset

For the ACDC dataset, we evaluate Dice scores for the left ventricle, right ventri-
cle, and myocardium, as well as the average DSC, as summarized in Table 6. Our
model achieves the best performance across all categories, with an average DSC of
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Methods Avg. DSC (%) RV Myo LV

R50-U-Net [10] 87.55 87.10 80.63 94.92
R50 Att-UNet [10] 86.75 87.58 79.20 93.47
R50 ViT [21] 87.57 86.07 81.88 94.75
TransUNet [10] 89.71 88.86 84.53 95.73
Swin-Unet [21] 90.00 88.55 85.62 95.83
ScaleFormer [17] 90.17 87.33 88.16 95.04
UNETR [48] 88.61 85.29 86.52 94.02
UCTransNet [49] 89.69 87.92 85.43 95.71
MCTE [48] 91.31 89.14 89.51 95.27
MISSFormer [18] 91.19 89.85 88.38 95.34
UDTransNet [49] 90.11 89.06 86.10 95.18

RCLD-Unet 92.02 90.10 89.99 95.97

Table 6. Comparison of segmentation performance of different methods on the ACDC
dataset, with the best results highlighted in bold

92.02%. As shown in Figure 6 b), our method achieves more complete segmenta-
tion of the left ventricle and myocardium compared to other approaches, closely
approximating the ground truth, while slight differences remain in the segmentation
of the right ventricle. In the first row, both our method and the other methods
exhibit some degree of under-segmentation in the right ventricle. In the second row,
our method demonstrates relatively more complete segmentation of the right ven-
tricle compared to R50-UNet and MISSFormer. In the third row, unlike R50-UNet,
which fails to accurately capture the right ventricle, our method successfully seg-
ments it with high precision, further confirming its reliability in delineating cardiac
structures.

Methods DSC (%) IoU (%)

U-Net [2] 75.48 62.27
UNet++ [3] 77.13 64.13
R34-Unet [2, 50] 78.45 65.30
Att-Unet [5] 76.06 62.08
Swin-Unet [21] 79.03 65.74
MISSFormer [18] 77.64 63.74
UCTransNet [16] 80.08 66.98

RCLD-Unet 80.84 68.03

Table 7. Comparison of segmentation results from different methods on the MoNuSeg
dataset. The best results are highlighted in bold.

4.5.3 Results on the MoNuSeg Dataset

Table 7 presents quantitative comparisons on the MoNuSeg dataset, where our
model achieves the highest scores in both DSC and IoU. The qualitative results
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in Figure 6 c) further support this finding. In the first row, our method signifi-
cantly reduces background false positives compared to U-Net, though minor over-
segmentation remains. In the second row, our method achieves more complete seg-
mentation of the target nuclei, while other methods (such as U-Net, Swin-Unet,
MISSFormer, and UCTransNet) exhibit varying degrees of over-segmentation or
false positive regions. These results demonstrate the superiority of our method
in modeling nuclear boundaries and improving segmentation precision in complex
histopathological images.

4.6 Ablation Studies

To evaluate the impact of each module on model performance, we conducted a series
of systematic ablation studies on the Synapse dataset, including investigations on
the effectiveness of the introduced modules, the placement of RCCA modules, and
the integration of LDConv modules.

Methods Avg. DSC (%) Avg. HD (mm)

Baseline (U-Net) 76.85 39.70
Baseline+RCCA 83.76 20.59
Baseline+LDConv 82.68 27.09
Baseline+LDConv+RCCA 84.14 18.79

Table 8. Evaluation of the effectiveness of progressively introducing RCCA and LDConv
modules

4.6.1 Ablation Study on the Effectiveness of Individual Modules

As shown in Table 8, introducing the RCCA module into the U-Net encoder sig-
nificantly improves model performance, with the DSC increasing to 83.76% and
the HD decreasing to 20.59mm, despite an increase in the number of parameters.
Furthermore, integrating the LDConv module into the decoder leads to a slight
reduction in parameter count while also enhancing performance, achieving a DSC
of 82.38% and reducing the HD to 28.54mm. When both RCCA and LDConv
modules are incorporated simultaneously, the parameter count slightly decreases
compared to using only the RCCA module, and the model achieves its best per-
formance, with the DSC increasing to 84.14% and the HD further decreasing to
18.79mm.

4.6.2 Ablation Study on the Placement of RCCA Modules

As shown in Table 9, we evaluated the impact of inserting RCCA modules at dif-
ferent layers of the U-Net encoder and its bottleneck. In this experiment, RCCA
modules were progressively added layer by layer, starting from the first encoder layer
and extending to the entire encoder and bottleneck. The results indicate that as
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Figure 6. Comparison of visualization results of different methods on three datasets, with
RCLD-UNet showing the best segmentation results on all of them: a) Synapse; b) ACDC;
c) MoNuSeg.
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Methods Eco1 Eco2 Eco3 Eco4 Bottle
Avg.
DSC
(%)

Avg.
HD

(mm)

Params
(M)

UNet
+
RCCA

✗ ✗ ✗ ✗ ✗ 76.85 39.70 14.80
✓ ✗ ✗ ✗ ✗ 83.84 27.60 13.45
✓ ✓ ✗ ✗ ✗ 82.77 30.39 13.68
✓ ✓ ✓ ✗ ✗ 82.14 36.13 14.61
✓ ✓ ✓ ✓ ✗ 82.24 31.50 18.32
✓ ✓ ✓ ✓ ✓ 83.76 20.59 22.03

Table 9. Evaluation of RCCA placement in the encoder and bottleneck

more RCCA modules were introduced, the overall number of parameters gradually
increased. When the RCCA module was applied only to the first encoder layer, the
model achieved the highest DSC of 83.84%. However, when RCCA modules were
incorporated into all encoder layers and the bottleneck, the DSC slightly decreased
to 83.76%, while the HD was significantly reduced to its lowest value of 20.59mm.
Considering the trade-off between DSC and HD, we ultimately adopted the config-
uration with RCCA modules applied to all encoder layers and the bottleneck in the
final model design.

Methods
Params

(M)

Avg.
DSC
(%)

Avg.
HD

(mm)
Aor Gal LKid RKid Liv Pan Spl Sto

U-Net 14.80 76.85 39.70 89.07 69.72 77.77 68.60 93.43 53.98 86.67 75.58
U-Dec1 LD 11.85 83.02 27.70 89.44 68.20 85.74 83.14 95.23 70.19 90.93 81.25
U-Dec12 LD 11.48 82.68 27.09 89.53 69.24 87.10 80.99 94.19 69.05 90.80 80.57
U-Dec4 LD 13.34 82.76 28.67 90.35 71.03 82.25 81.11 94.81 71.10 90.88 80.54

Table 10. Evaluation of LDConv integration into the decoder

4.6.3 Ablation Study on the Integration of LDConv Modules

As shown in Table 10, we evaluated the effect of integrating LDConv modules into
different layers of the U-Net decoder. In this study, we define the deepest decoder
layer (closest to the bottleneck) as Layer 1 and the shallowest layer (closest to the
output) as Layer 4. When the LDConv module was applied to Layer 1 (U-Dec1 LD),
the model achieved the highest DSC of 83.02%. Upon further integration into Layer
2 (U-Dec12 LD), the DSC slightly decreased to 82.68%, while the HD95 was further
optimized to 27.09mm. Due to computational resource limitations, we also tested
the effect of applying the LDConv module only in Layer 4 (U-Dec4 LD), which
yielded a DSC of 82.76%, but with a less favorable HD95 compared to the deeper
configurations. Considering both performance and model complexity, we ultimately
selected the configuration with LDConv modules applied to Layers 1 and 2 as the
final model design.
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4.7 Limitations

Although the proposed model demonstrates strong performance in experimental
evaluations, several aspects still warrant further improvement. First, while a favor-
able balance between accuracy and parameter count has been achieved, the current
architecture has not yet been extended to incorporate more advanced paradigms
such as Transformer-based frameworks or the emerging Mamba family of large-
scale models. Second, the model has thus far been validated exclusively on 2D
medical image segmentation tasks, without exploration in 3D imaging or multi-
modal scenarios, which limits its applicability in real-world clinical settings. Fur-
thermore, despite outperforming most baseline methods in terms of parameter effi-
ciency, the model has yet to reach a truly lightweight level, and its inference speed
and computational efficiency remain areas with significant potential for optimiza-
tion.

5 CONCLUSION

This paper proposes a novel asymmetric U-shaped encoder-decoder architecture that
integrates RCCA and LDConv to enhance feature modeling and segmentation accu-
racy in 2D medical image segmentation tasks. Built upon the U-Net framework, the
model incorporates RCCA modules into the encoder to strengthen global contextual
representation, while LDConv is employed in the decoder to replace conventional
convolutions, alleviating spatial information loss during upsampling and improv-
ing the expression of complex structures and fine-grained details. Experimental
results demonstrate that the proposed method achieves excellent segmentation per-
formance and strong generalization across Synapse, ACDC, and MoNuSeg datasets.
Notably, it shows outstanding performance in the segmentation of organs such as
the spleen, pancreas, and heart, highlighting its potential in clinical applications,
including abdominal organ analysis and cardiac structure delineation, thereby pro-
viding valuable support for medical image-based diagnosis and treatment planning.
Future work may explore integrating RCCA modules into the decoder or skip con-
nections to enhance long-range dependency modeling and mitigate the semantic
gap between the encoder and decoder. In parallel, introducing LDConv into the en-
coder or bottleneck blocks could further improve the extraction of local structures
and high-level semantic features, thereby optimizing overall model performance and
adaptability.
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