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A B S T R A C T

Transformer-based models is widely applied in the field of medical image processing in recent years, thanks
to its advantage in capturing global representations. However, while reaping high performance, the significant
computational complexity, high training cost, and redundant dependencies of the model cannot be ignored.
Therefore, our attention is drawn to the Multilayer Perceptron (MLP) as the complex self-attention alternative.
We propose a lightweight image segmentation model based on depth-wise separable convolution and MLP,
named UConvNeXt. It comprises both initial convolutional stages and MLP stages in the latent stage.
Specifically, we employ large-scale kernel depth-wise separable convolution to replace the convolution blocks
in UNet. The parameter is significantly reduced while maintaining the performance of the original model. In
contrast to static feature fusion, we propose a novel local feature weighted fusion MLP (LFWF-MLP) module.
In this module, contextual information is captured by shifting all tokens along the spatial directions. Feature
correlations between different positions are weighted fused, and key regions receive increased attention,
ultimately enhancing the segmentation performance. The experimental results demonstrate that, compared to
models with similar parameter levels, more powerful segmentation performance is exhibited by UConvNeXt.
Moreover, when compared to models with higher parameters than ours, comparable or even slightly superior
segmentation results are achieved by UConvNeXt. In terms of model scale, compared to the UNet, parameters
is reduced by 17 times, and computational complexity is lowered by 14 times, and inference speed is improved
by 3 times in UConvNeXts.
1. Introduction

As the essential technique in the field of medical diagnosis and
image analysis, medical image segmentation is utilized to accurately
extract crucial information include anatomical structures, pathological
tissues, or body organs from medical images. A better understanding of
the disease are achieved through this process by doctors, researchers,
and medical imaging professionals. For example, in the early diagnosis
and treatment of melanoma, the suspicious lesions on the skin are
segmented using medical image segmentation techniques, allowing po-
tential melanoma areas to be better located and quantified by doctors.
However, due to time-consuming and error-prone process, manually
annotating these critical information in clinical work is not feasible.
Therefore, there is a rapid growth in demand for automated and
accurate lesions segmentation. With the rapid development of deep
learning [1–3], an increasing number of deep neural networks have
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been proposed for medical image segmentation [4,5]. The powerful
representation learning capabilities and end-to-end training approach
of these models are leveraged by researchers, leading to significant
advancements in the field of medical image processing.

Since 2015, models based on U-Net [4] have been dominating the
development of medical image segmentation. The unique aspect of the
U-shaped network is the symmetric encoder–decoder architecture [6].
In the encoder part, the image is subjected to several down-sampling
operations, gradually reducing its size and extracting high-level fea-
tures. Then, in the decoder part, the feature maps are up-sampled to the
same size as the input image, and fine segmentation results are grad-
ually reconstructed. After the proposal of Vision Transformer [7], the
combination of it and the U-shaped architecture started to be explored
by researchers [8,9]. Leveraging the advantages of Transformers in
global modeling and capturing long-range dependencies, along with the
https://doi.org/10.1016/j.bspc.2024.106726
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inductive bias capabilities of CNN, further enhances the performance of
medical segmentation models.

However, due to the unique self-attention in Transformer models,
correlation computation is required between each token, resulting in
high computational complexity. For the Transformer model with an
input image size is 𝑛, the spatial complexity of its self-attention is as
igh as 𝑂(𝑛2). The indispensability of the Transformer model and the
ositive contributions of each parameter in the self-attention to the fi-
al results are currently being questioned by many researchers [10–12].
urthermore, the transition of segmentation techniques from labora-
ory settings to clinical environments (where testing and analysis are
erformed in the presence of patients) is hindered by computational
atency and large graphics memory overhead.

In this work, we focus on addressing the aforementioned issues
nd propose a cost-effective lightweight model called UConvNeXt. It is
esigned to have fewer parameters and computational expenses while
till maintaining the same segmentation performance as high-parameter
odels. Specifically, the design of UConvNeXt follows the principles of

he U-shaped network and is divided into two parts: the convolutional
tage and the MLP stage. In the convolutional stage, we use large-scale
ernel depth-wise separable convolution to improve the convolution
locks of UNet. In the lower part of the model, we design a novel
ocal feature weighted fusion MLP (LFWF-MLP) module. In the module,
onvolution features are projected into abstract tokens, and all tokens
re moved along the spatial dimensions to capture contextual infor-
ation. Feature correlations between different directions are computed

nd used as weights to guide feature fusion. We evaluate UConvNeXt on
he ISIC-2018 dataset [13], the 2018 Data Science Bowl [14], and the
reast UltraSound Images (BUSI) [15]. The results show that Compared
o models with similar parameters, UConvNeXt demonstrates stronger
egmentation performance. When compared to high-parameter models
uch as TransUNet [5] (with 59 times more parameters and 9 times
ore analysis speed) and FAT-Net [16] (with 17 times more parameters

nd 5 times more analysis speed), UConvNeXt achieves comparable
egmentation results.

The following are main contributions of this work:

• We propose a lightweight model named UConvNeXt for medical
image segmentation. In the model, large-scale depthwise separa-
ble convolutions are employed for feature extraction in the initial
convolutional stages. The LFWF-MLP module is utilized in the
latent stage to fuse features. The former enables the model to
achieve lightweight, while the latter enhances the segmentation
capabilities of model.

• We propose the LFWF-MLP module to enhance the ability to
fuse features between different pixels. Within the module, context
information is captured by moving all tokens along the spa-
tial dimension. Feature correlations between different tokens are
weighted and fused, increasing the focus on critical regions and
ultimately improving segmentation performance.

• We conduct experimental analysis using four public medical im-
age segmentation datasets, including ISIC-2018 [13], 2018 Data
Science Bowl [14], BUSI [15], and Synapse multi-organ segmenta-
tion dataset [17]. The experimental demonstrate that UConvNeXt
achieves better results compared to the SOTA method. In terms
of model scale, compared to the standard UNet, parameters is
reduced by 17 times, and computational complexity is lowered
by 14 times, and inference speed is improved by 3 times.

. Related work

This section primarily introduces deep learning models for med-
cal image segmentation, such as CNN-based and Transformer-based
odels, as well as the MLP model, which has recently been frequently
sed as an efficient alternative to transformer. It also elaborates on the

haracteristics and advantages of each model.

2 
2.1. CNN-based models

The Fully Convolutional Network (FCN) [18] is significant mile-
stone in the field of image segmentation. In FCN, traditional fully
connected layers are replaced with convolution layers, and the image
is pixel-wise mapped to segmentation results, preserving the spatial in-
formation of the image. In U-Net [4], an encoder–decoder architecture
is employed, where feature information is extracted by the encoder
through several layers of convolution and pooling operations, and
restored to the original image size using up-sampling and convolution
operations by the decoder. Recently, a pure convolutional neural net-
work model named ConvNeXt was designed by Liu et al. [19]. In their
work, the inverted bottleneck structure and large convolution kernels
are reexamined, and deep convolution operations are employed in
image classification tasks, resulting in performance surpassing the Swin
Transformer [20]. This has once again sparked researchers’ interest
in the study of convolutional neural networks. In the work by Han
et al. [21], the convolution blocks of UNet were improved using large
convolution kernels and depth-wise separable convolution, leading to
a significant reduction in the number of parameters. Furthermore, a
lightweight attention mechanism is designed, where noise in low-level
semantic information is filtered out, allowing more focus on the target
region.

2.2. Transformer-based models

In recent research, Transformer-based models have gradually be-
come mainstream due to their advantages in global feature model-
ing and the representation of global information. Chen et al. first
combined Transformer with U-Net and proposed TransUNet [5]. The
labeled image patches are encoded using the self-attention to extract
global context, and precise localization is achieved by combining the
high-resolution features extracted by CNN in the decoding stage. The
first fully Transformer-based image segmentation model called Swin-
Unet [22] was proposed by Hu Cao et al. Local-to-global self-attention
is achieved in the encoder, and upsampling of global features to the in-
put resolution is performed in the decoder for pixel-level segmentation
predictions. UC-TransNet [9] was proposed by Haonan Wang et al. The
model is comprised of a submodule that performs multi-scale channel
cross-fusion and a submodule that guides the fusion of multi-scale
channel cross-information. It is effectively connected to the decoder
features, thereby eliminating ambiguity and accomplishing accurate
segmentation.

2.3. In-depth analysis of transformer models

Hatamizadeh et al. proposed Swin UNITR [23], a model for brain
tumor segmentation in MRI images, which replaces conventional U-Net
encoding modules with hierarchical Swin Transformer blocks. Shifted
window mechanism for self-attention are utilized by the blocks, effec-
tively capturing long-range dependencies and multi-scale features. By
combining Swin Transformer encoders and FCNN-based decoders, com-
plex spatial relationships in medical images are simulated to achieve
brain tumor segmentation. Zhou et al. proposed nnFormer [24], in-
corporating three attention mechanisms. Attention calculation within
3D local volumes is focused on by LV-MSA, with local dependencies
being captured and computational complexity reduced. The feature
pyramid with a wider receptive field is built by GV-MSA through
the computation of self-attention on the global 3D volume. Integra-
tion between encoder and decoder information is enhanced by Skip
Attention, which replaces traditional U-Net skip connections, leading
to the recovery of finer prediction details. Shaker et al. proposed
UNETR++ [25], a 3D medical image segmentation method emphasiz-
ing quality and efficiency. It introduces an Efficient Paired Attention
module applying spatial and channel attention within two branches.
Keys and values are projected into a low-dimensional space by spatial
attention, enabling linear self-attention computation relative to input
tokens. Parameter control is aided by shared weights between branches,

balancing contributions to enhance performance.
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Fig. 1. UConvNeXt architecture diagram.
Fig. 2. Comparison chart of convolution blocks for various variants of UNet.
2.4. MLP-based models

A fully MLP-based model called MLP-Mixer [10] was designed by
the Google. In this model, The encoding modules in ViT are replaced
with token-mixing MLPs, and matrix transposition is creatively used to
fuse channel and spatial information. By relying solely on basic matrix
multiplication for data processing and feature extraction, performance
similar to CNN and ViT models is achieved using a simple MLP model,
nonlinear activation functions, and Layer normalization. Jeya et al.
were the first to integrate MLP into the field of medical imaging
and proposed a lightweight model called UNeXt [26]. Tokenized MLP
blocks are utilized in the bottleneck to focus the MLP on local in-
formation of the convolution features in the model. In the tokenized
MLP, the high-directional and wide-directional shift MLP operations
are performed sequentially, followed by the incorporation of positional
information through deep convolution. Our work combines this shift
operation to extract features and establish feature connections between
different tokens.

3. Method

The model architecture of UConvNeXt and the design principles of
its internal modules are detailed in this section. As shown in Fig. 1,
UConvNeXt can extract the corresponding lesion region 𝐽 ∈ R1×𝐻×𝑊

from an input image 𝐼 ∈ R3×𝐻×𝑊 of arbitrary size.
3 
3.1. Convolutional stage

Depth-wise separable convolution. When encountering a
resource-constrained environment, MobileNet [27] is highly favored,
and its success owes much to the depth-wise separable convolution.
The depth-wise separable convolution consists of two parts: depth-wise
convolution and point-wise convolution. First, learnable depth-wise
convolution kernels are used on each input channel. Then, the in-
formation from different channels is mixed through the point-wise
convolution. As shown in Fig. 2, our design deviates from previous
work and is more similar to the MobileNetV2 [28]. This is represented
with the following formula:

𝑋1 = 𝐶𝑜𝑛𝑣1×1(𝑋,𝐶1, 𝑛𝐶1) (1)

𝑋2 = 𝑑𝑒𝑝𝑡ℎ-𝐶𝑜𝑛𝑣7×7(𝐺𝐸𝐿𝑈 (𝑋1), 𝑛𝐶1, 𝑛𝐶1) (2)

𝑌 = 𝐶𝑜𝑛𝑣1×1(𝐵𝑁(𝑋2), 𝑛𝐶1, 𝐶2) + 𝑅𝑒𝑠(𝑋) (3)

where 𝑋1, 𝑋2, and 𝑌 represent the two intermediate features and the
output feature, and 𝐶1 and 𝐶2 respectively denote the input and output
channel numbers. Experimental results show that the parameters are
significantly reduced while the accuracy does not change significantly.

Convolution kernel size. One of the key ideas in VGGNet [29] is
the utilization of stacked consecutive 3 × 3 convolution layers instead
of larger-sized kernels, which resulted in larger kernels being neglected
for a period of time. However, in the Swin-Transformer, the effective
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Fig. 3. The structure diagram of the local feature weighted fusion MLP (LFWF-MLP) is shown. The Rearrangement layer and Restoration layer in the LFWF-Model are illustrated
in Fig. 4.
use of a 7 × 7 local window has prompted researchers to revisit
the exploration of larger convolution kernels again [19,21]. We re-
examined the reasons for the decrease in accuracy and found that the
decrease in receptive field is the main obstacle. Several different sizes
of convolution kernels are tried, including 3, 5, 7, and 9. We found
that at a kernel size of 7, performance reached a saturation point. Due
to the use of depth-wise separable convolution, the increase in kernel
size does not lead to a significant increase in parameters. Moreover,
the increase in receptive field while using larger kernels brings the seg-
mentation performance close to that of the original model. Ultimately, a
depth-wise separable convolution with a kernel size of 7 × 7 is selected.

Inverted bottleneck design. The issue of information loss during
information flow propagation is creatively addressed in MobileNetV2
[28] by utilizing the Inverted bottleneck design. As shown in Fig. 2,
UConvNeXt is designed similarly, where firstly the channel numbers
are multiplied by a factor of 𝑛 (𝑛 is a hyperparameter, and we set it
to 2) through the first depth-wise convolution, and then the channel
numbers are reduced back to the output channel size in the point-wise
convolution.

Activation function and normalization layer. Unlike previous
approaches using depth-wise separable convolution, the option of us-
ing fewer activation functions and normalization layers is chosen. As
shown in Fig. 2, Only one activation function is set after the channel-
wise expansion point-wise convolution to filter out irrelevant features
introduced by the dimensionality increase. After the deep convolution
fuses the features, a batch normalization layer is used to enhance the
generalization ability of the channel-wise reduction point-wise convo-
lution. Similar to ConvUNeXt, GELU [30] is employed as the activation
function, and the use of BN [31] instead of LN [32] is experimented
with.

Residual connection. Unlike ConvUNeXt, channel expansion is di-
rectly performed within the depth-wise separable convolution block. As
a result, the inconsistency between input and output channel numbers
prevents us from simply using path addition for residual connections.
To address this, we introduce a point-wise convolution in the residual
path to perform the transformation between input channel and output
channel dimensions.

3.2. Local feature weighted fusion MLP

As shown in Fig. 3, the LFWF-MLP consists of two sub-blocks
connected in series: the LFWF-module and the channel MLP. They
respectively aggregate spatial information and channel information.
Given an input feature 𝑋 ∈ R𝐻×𝑊 ×𝐶 with height 𝐻 , width 𝑊 , and
channel count 𝐶, the LFWF-MLP block is formulated as follows:

𝑌 = 𝐿𝐹𝑊 𝐹 -𝑀𝑜𝑑𝑢𝑙𝑒(𝐵𝑁(𝑋)) +𝑋 (4)

𝑍 = 𝐶ℎ𝑎𝑛𝑛𝑒𝑙-𝑀𝐿𝑃 (𝐵𝑁(𝑌 )) + 𝑌 (5)
4 
where 𝑌 and 𝑍 represent the intermediate features and output features
of the module, respectively. We place three LFWF-MLPs in the last two
layers of the model to guide the fusion of deep features and suppress
irrelevant features. Compared to Hire-MLP [33] and DynaMixer [34],
the main difference is that we replace their Hire Module and DynaMixer
Block with LFWF-module, which successfully captures the relationships
between different tokens.

Shift MLP. With reference to previous works [26,35], The shift
operation is considered meaningful for the integration of semantic
information. Therefore, the feature maps extracted by deep separable
convolution are projected into non-overlapping tokens and then sub-
jected to batch normalization. Prior to the shift operation, the feature
maps are divided into 𝑠 segments along the channel dimension (𝑠 is a
hyperparameter, and in our experiments, we set it to 5). In the shift
operation, tokens are moved along the height and width directions
to exchange information from different regions, thereby allowing the
model to aggregate spatial information among features. As shown in
Fig. 4, the operation shifts all tokens in a given direction with a given
step size 𝑠. After the shift operation, the current region’s features
are aggregated with features that are ⌊

𝑆
2 ⌋ positions apart, enabling

communication between local features. Following the fully connected
operation, the positions of the shifted tokens are restored to maintain
the relative positions between different tokens.

Unlike the UNeXt, we do not add padding to handle boundary
feature information. We think it causes the loss of some useful fea-
tures. Our operation is similar to the Cross-region Rearrangement [33],
shifting the current boundary tokens to the opposite boundary. This
ensures the integrity of deep features. If the features from the opposite
boundaries are irrelevant to the current feature, they will be assigned
a low weight during the weighted fusion process. Meanwhile, this
operation reduce computational complexity.

LFWF-Modele. The input feature 𝑋 with dimensions 𝐻 ×𝑊 ×𝐶, af-
ter undergoing batch normalization, is replicated into three copies. Spa-
tial information communication occurs within two of these branches,
namely along the height and width directions. Based on previous
work [33,34], we also add an additional branch without spatial com-
munication. The input 𝑋 is sent to these three branches to respectively
fuse local features from relative directions, resulting in the fused feature
(ℎ1, 𝑤1, 𝑐1). The stacked features are then fed into a small-scale channel
MLP. The output consists of the importance weights (𝑎0, 𝑎1, 𝑎2) for the
three different directional features. The formulas are as follows:

(𝑎0, 𝑎1, 𝑎2) = 𝐹𝐶2(𝐺𝐸𝐿𝑈 (𝐹𝐶1(ℎ1, 𝑤1, 𝑐1))) (6)

𝐹 = ℎ1 × 𝑎0 +𝑤1 × 𝑎1 + 𝑐1 × 𝑎2 (7)

Finally, the three fused feature maps with different directional in-
formation, (𝑎0, 𝑎1, 𝑎2), are linearly combined. Among them, 𝐹 serves as
the final output of the LFWF Module, where the respective weights are
calculated based on the three directional branches and the information
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Fig. 4. The explanation of the Shifting rearrangement operation in the LFWF-Model.
Features are shifted in both height and width dimensions to capture contextual
information.

between the current feature and the surrounding features is dynam-
ically fused. Due to the presence of the weighted fusion mechanism,
irrelevant features will be assigned extremely low weights, allowing
UconvNeXt to focus more on target areas with high weights and high
relevance.

It is worth mentioning that we only employ one fully connected
layer in both the height and width directional branches. Experimental
results show that using more fully connected layers, similar to the work
in [33], does not result in higher segmentation accuracy during model
testing. On the contrary, it leads to stronger over-fitting phenomena.

3.3. Overall architecture

As shown in Fig. 1, the overall model is divided into two parts:
the convolutional stage and the MLP stage. We still follow the 5-layer
encoder–decoder architecture of UNet, but with modifications in the
design of each block. The first three layers of the model constitute the
convolutional stage, where the original convolution blocks are replaced
with large-scale kernel depth-wise separable convolution that consist
of three parts. In the last two layers of the model, LFWF-MLP is added
after the depth-wise separable convolution to fuse features from the
convolutional stages, thereby obtaining high-level features with a large
receptive field. To reduce the parameters, we employ 2 × 2 max-pooling
layers for feature down-sampling and use linear interpolation for fea-
ture up-sampling. In the skip connections, we use addition instead of
concatenation. Referring to previous work [26], we set the channel
numbers of each layer as (𝐶1, 𝐶2, 𝐶3, 𝐶4, 𝐶5) = (16, 32, 64, 128, 256) in our
model.

3.4. Loss function

Medical image segmentation is viewed as a pixel-level binary clas-
sification task, where the input data needs to be divided into two
mutually exclusive classes. In such cases, binary cross-entropy loss
function is a good choice. It is expressed as follows:

𝐵𝐶𝐸 = − 1
𝑁

𝑁
∑

𝑖=1
[𝑦̂ log(𝑦𝑝) + (1 − 𝑦̂) log(1 − 𝑦𝑝)] (8)

Among them, 𝑦𝑝 is the ground truth, 𝑦̂ is the predicted segmentation
mask, and 𝑁 is the number of pixels. In the field of image segmentation,
the Dice coefficient is commonly used to measure the similarity be-
tween the predicted segmentation result and the ground truth [36,37].
By minimizing the Dice loss function, it promotes the generation of
more accurate results. It is expressed as follows:

𝐷𝑖𝑐𝑒 = 1 −
2 ×

∑𝑁
𝑖=1 𝑦𝑝𝑦̂

∑𝑁 ∑𝑁 (9)

𝑖=1 𝑦𝑝 + 𝑖=1 𝑦̂

5 
Table 1
Parameters of the ISIC-2018, BUSI, 2018-DSB and synapse datasets.

Dataset Imaging Shape Images Train Test

ISIC-2018 Skin 512 × 512 2,596 2,076 520
2018-DSB Nucleus 512 × 512 670 536 134
BUSI Cancer 256 × 256 647 518 129
Synapse Multi-organ 512 × 512 3779 2212 1567

To comprehensively consider both pixel-wise classification accuracy
and segmentation precision, we utilize a combination of binary cross-
entropy and Dice loss to train UConvNext. The final loss function is as
follows:

 = 𝜆1𝐵𝐶𝐸 (𝑦𝑝, 𝑦̂) + 𝜆2𝐷𝑖𝑐𝑒(𝑦𝑝, 𝑦̂) (10)

In the formula, the weights of 𝐷𝑖𝑐𝑒 and 𝐵𝐶𝐸 are determined by
previous experimental experience [26,35], with 𝜆1 set to 0.5 and 𝜆2 set
to 1.

4. Experiments

In this section, the segmentation performance of UConvNeXt is
evaluated on three different medical segmentation tasks, and it is
compared with SOTA models. Then, ablation studies are conducted to
analyze the effects of each module used in UConvNeXt.

4.1. Datasets

In order to make our experiments as clinically relevant as possible,
we utilized three distinct types of public medical image datasets to
evaluate our model, include International Skin Imaging Collaboration
(ISIC-2018) [13], Breast UltraSound Images (BUSI) [15], the 2018 Data
Science Bowl (2018-DSB) [14], and Synapse multi-organ segmentation
dataset [17]. Detailed statistics are provided in Table 1.

• ISIC-2018 Dataset: This dataset is sourced from the ISIC-2018
Challenge [13,38] and has become a primary benchmark for
evaluating skin lesion image segmentation algorithms. It consists
of 2596 images with corresponding annotations. We resized the
images to a resolution of 512 × 512. The dataset is randomly
divided into a training set and a test set, with each set comprising
80% and 20% of the total dataset.

• 2018-DSB Dataset: The dataset is sourced from the 2018 Data
Science Bowl Challenge [14] and is used for locating cell nuclei
in divergent images. It comprises 670 images with corresponding
annotations, all resized to a resolution of 512 × 512.

• BUSI Dataset: The dataset consists of ultrasound images of nor-
mal, benign, and malignant cases of breast cancer, along with
their corresponding segmentation masks. We only utilized the
benign and malignant images, totaling 647 images, resized to a
resolution of 256 × 256.

• Synapse: This dataset comprises 30 cases of abdominal CT scans,
with each CT slice annotated for 13 organs. Each CT volume
consists of 85 to 198 slices, resulting in a total of 3779 axial
enhanced CT images of the abdomen. The images are of size
512 × 512 pixels, with voxel spatial resolutions ranging from
([0.54 ∼ 0.54] × [0.98 ∼ 0.98] × [2.5 ∼ 5.0]) mm3.

4.2. Experimental settings

Due to the difficulty in collecting an adequate number of training
samples in medical imaging, severe over-fitting is often experienced by
models during training [39]. To alleviate this issue, we employ four
random data augmentation operations during the model training phase,
including random horizontal flipping, random vertical flipping, random
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Table 2
Comparison with various SOTA models on ISIC-2018 dataset.

Method Year Params (in M) GFLOPs IoU (%) Dice (%) Acc (%) Recall (%) Precision (%)

UNet [4] 2015 31.13 55.84 80.2 ± 0.18 87.4 ± 0.15 95.2 ± 0.08 90.6 ± 0.18 88.3 ± 0.15
UNet++ [40] 2018 9.16 34.65 75.1 ± 0.17 84.9 ± 0.07 95.4 ± 0.08 90.6 ± 0.16 89.9 ± 0.13
ResUNet++ [41] 2019 87 94.56 82.2 ± 0.14 89.4 ± 0.11 95.4 ± 0.05 90.3 ± 0.10 90.0 ± 0.12
AttU-Net [42] 2019 34.88 72.81 82.19 ± 0.38 89.13 ± 0.31 95.56 ± 0.27 89.98 ± 0.17 91.50 ± 0.14

UNeXt [26] 2021 1.48 2.28 82.93 ± 0.16 90.21 ± 0.15 95.52 ± 0.09 91.70 ± 0.18 91.34 ± 0.12
APFormer [8] 2022 2.6 4.1 83.47 ± 0.40 90.07 ± 0.15 96.06 ± 0.10 90.99 ± 0.87 –
DCSAU-Net [39] 2023 2.6 6.91 84.10 ± 0.16 90.40 ± 0.13 96.10 ± 0.08 91.07 ± 0.12 92.20 ± 0.14

TransUNet [5] 2021 105.32 38.52 77.0 ± 0.20 84.9 ± 0.18 94.5 ± 0.09 89.8 ± 0.19 84.7 ± 0.19
FAT-Net [16] 2021 30 23 82.02 89.03 95.78 91.00 –
MSCA-Net [43] 2023 27.09 12.88 84.18 ± 0.38 90.52 ± 0.26 96.41 ± 0.29 – –
ACCPG-Net [44] 2023 11.8 – 83.52 90.81 96.13 88.61 93.82
TransAttUNet-D [45] 2023 25.96 67.69 83.80 90.74 96.38 90.93 92.42
DAE-Former [46] 2023 49.21 26.50 83.10 ± 0.34 90.50 ± 0.29 95.99 ± 0.21 91.92 ± 0.11 91.51 ± 0.22

Ours – 1.76 2.44 83.93 ± 0.11 90.89 ± 0.11 96.62 ± 0.07 92.84 ± 0.16 91.64 ± 0.12
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cropping, and random rotation by a certain angle within the range of
(−𝜋∕2, 𝜋∕2).

All experiments are conducted using the PyTorch framework with
an NVIDIA GeForce RTX 2080Ti graphics card and 8 GB of memory. To
ensure the reproducibility, we maintain the same experimental settings
as previous researchers [26]. The Adam optimizer with a learning rate
of 0.001 and a momentum of 0.9 is employed. Additionally, a cosine
annealing learning rate scheduler with a minimum learning rate of
0.00001 is utilized. The batch size is set to 8. UConvNeXt is trained
for a total of 400 epochs. To ensure fairness in the experiments and
following previous data partitioning practices, three 80 - 20 random
splits in the dataset are performed (with 𝑟𝑎𝑛𝑑𝑜𝑚_𝑠𝑡𝑎𝑡𝑒 set to 0, 1, 2), and
he model with the highest sum of Intersection over Union (IoU) and
ice coefficient on the validation set is saved. The mean and variance of

hese metrics are reported to analyze the model’s performance [47,48].

.3. Evaluation criteria

We adopt five widely used metrics in the field of image segmen-
ation to evaluate the accuracy performance of our proposed models,
ncluding Intersection over Union (IoU), Dice coefficient, Accuracy
ACC), Recall, and Precision. The formulas for these evaluation metrics
re as follows:

𝑜𝑈 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁

(11)

𝐷𝑖𝑐𝑒 = 2𝑇𝑃
2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁

(12)

𝐴𝐶𝐶 = 𝑇𝑃 + 𝐹𝑁
𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁

(13)

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

(14)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

(15)

where True Positive (TP) represents the pixels correctly classified as
the key region. False Positive (FP) represents the pixels incorrectly
classified as the key region when they are actually non-key regions.
Similarly, True Negative (TN) represents the pixels correctly classified
as non-key regions, and False Negative (FN) represents the pixels that
are not extracted as key regions.

4.4. Comparative results on ISIC-2018 dataset

Quantitative Analysis. Table 2 shows the performance comparison
of UConvNeXt with thirteen SOTA models on the ISIC-2018 dataset.
This includes four commonly used models (UNet [4], UNet++ [40],
 e
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AttU-Net [42], ResUNet++ [41]), three models with similar parameter
levels (UNeXt [26], DCSAU-Net [39], APFormer [8]), and six models
with higher parameter levels (TransUNet [5], FAT-Net [16], MSCA-
Net [43], ACCPC-Net [44], TransAttUNet [45], DAE-Former [46]). To
ensure a fair comparison, we set up the same runtime environment
as UNeXt, and the data for other models are sourced from their re-
spective papers. First, comparisons are made with models of similar
parameter levels. UConvNeXt achieves the best performance in most
metrics. When compared with models of higher parameters, UCon-
vNeXt demonstrates comparable performance and even exhibits a slight
advantage.

Qualitative Analysis. Five representative models, including U-
et [4], U-Net++ [40], AttU-Net [41], TransUNet [5], and UNeXt [26],
re selected for visual comparison. As shown in Fig. 5, when using
arly models like UNet and UNet++, many critical regions cannot be
ccurately delineated. In Att-UNet, an attention mechanism is added to
he skip connections, allowing for more refined processing of details,
ut it may also result in misclassifications in many non-critical regions.
ransUNet achieves good visual effects through global modeling. Our
odel demonstrates superior performance in handling local details

ompared to UNeXt.

.5. Comparative results on 2018 DSB dataset

Quantitative Analysis. For the 2018 DSB dataset, UConvNeXt is
ompared with thirteen advanced models, including four commonly
sed models, three models with similar parameter levels, and six mod-
ls with higher parameter levels. The comparison result is shown
n Table 3. Compared to U-Net, UConvNeXt achieves improvements
f 2.74% in IoU, 1.47% in Dice, 2.45% in Recall, and 1.24% in
recision. Meanwhile, parameters is reduced by 17 times, and computa-
ional complexity is lowered by 14 times. It is evident that UConvNext
urpasses some SOTA methods.
Qualitative Analysis. A visual comparison is also conducted using

he same five representative models as the ISIC-2018 dataset. As shown
n Fig. 6, superior accuracy in cell nucleus segmentation is achieved
y UConvNeXt compared to the other five competitors. Even for cells
ith different background colors and irregular shapes, The extracted

ontours by UConvNeXt are observed to closely resemble the ground
ruth.

.6. Comparative results on BUSI dataset

Quantitative Analysis. For the BUSI dataset, UConvNeXt is com-
ared with nine advanced models, including three commonly used
odels, two models with similar parameter levels, and four mod-
ls with higher parameter levels. The comparison result is shown in
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Fig. 5. Visual comparisons are conducted with various models on the ISIC-2018 dataset. The red contour represents the ground truth, while the blue contour indicates the
segmentation results of the respective models.
Table 3
Comparison with various SOTA models on the 2018 DSB.

Method Params (in M) IoU (%) Dice (%) Recall (%) Precision (%)

UNet [4] 31.13 83.14 ± 0.10 90.80 ± 0.06 90.29 ± 0.09 91.30 ± 0.07
UNet++ [40] 9.04 52.65 ± 0.30 77.05 ± 0.30 71.59 ± 0.31 66.57 ± 0.27
ResUNet++ [41] 4.07 83.70 ± 0.11 90.98 ± 0.08 91.69 ± 0.10 90.57 ± 0.08
AttU-Net [42] 34.88 85.70 91.79 91.83 92.35

FANet [49] 7.72 85.69 91.76 92.22 91.94
DDANet [50] 6.83 84.52 ± 0.11 91.82 ± 0.07 91.39 ± 0.02 92.89 ±0.06
UNeXt [26] 1.48 84.78 ± 0.16 91.57 ± 0.15 92.10 ± 0.18 91.11 ± 0.12

DoubleUNet [51] 29.29 84.29 ± 0.11 91.09 ± 0.09 92.78 ± 0.10 90.20 ± 0.10
TransUNet [5] 105.32 84.50 ± 0.33 91.50 ± 0.31 92.30 ± 0.17 89.7 ± 0.14
UACANet-L [52] 69.15 77.91 ± 0.13 86.88 ± 0.10 90.61 ± 0.11 84.14 ± 0.12
MSRF-Net [53] 18.38 85.34 ± 0.08 92.24 ± 0.05 94.02 ± 0.07 90.22 ± 0.06
TransAttUNet-D [45] 25.96 84.98 91.62 91.85 91.93
DAE-Former [46] 49.21 85.67 ± 0.12 92.07 ± 0.09 92.86 ± 0.22 92.57 ± 0.21

Ours 1.76 85.88 ± 0.14 92.27 ± 0.13 92.74 ± 0.11 92.54 ± 0.14
Table 4
Comparison with various SOTA models on the BUSI dataset.

Method Params (in M) IoU (%) Dice (%) Recall (%) Precision (%)

UNet [4] 31.13 65.36 ± 1.81 74.35 ± 1.72 77.86 ± 2.24 78.30 ± 1.98
UNet++ [40] 9.04 61.38 ± 1.73 71.58 ± 2.09 71.44 ± 2.77 79.68 ± 3.07
AttU-Net [42] 34.88 57.09 ± 1.22 67.99 ± 1.18 66.97 ± 4.08 78.78 ± 4.67

SKNet [54] 3.94 68.10 ± 1.63 77.51 ± 0.68 79.53 ± 1.93 78.62 ± 1.66
UNeXt [26] 1.48 69.07 ± 0.42 79.67 ± 0.37 79.47 ± 0.23 83.61 ± 0.88

TransUNet [5] 105.32 72.40 ± 1.86 80.97 ±1.67 80.28 ±2.28 84.04 ±2.11
AAU-Net [55] 29.65 68.82 ± 0.44 77.51 ± 0.68 81.10 ± 0.52 79.61 ± 1.07
TransAttUNet-D [45] 25.96 69.87 ± 0.59 79.53 ± 0.42 80.62 ± 0.32 82.97 ± 0.40
DAE-Former [46] 49.21 68.87 ± 0.32 77.97 ± 0.39 78.82 ± 0.32 83.57 ± 0.28

Ours 1.76 70.21 ± 0.39 80.33 ± 0.35 80.01 ± 0.42 84.20 ± 0.44
Table 4. Compared to the models with similar parameters, UNeXt,
improvements of 1.14%, 0.66%, and 0.59% in IoU, Dice, and Precision.
On this dataset, our model is not performing as exceptionally well as it
did on the previous two datasets. we think that the large-scale kernel
depth-wise separable convolution is better suited for processing large-
sized images. However, when dealing with small-sized images, the
effectiveness of the large receptive field is weakened due to the smaller
deep feature maps, thereby impacting performance. When TransUNet
7 
handles small-size images, each token has richer semantic information,
so we are slightly inferior to it on this dataset.

Qualitative Analysis. Visual comparisons are also conducted using
the same five models as the previous two datasets. As shown in Fig. 7,
UNet and UNet++ roughly segment the lesion area, but some crucial
information is missed. AttU-Net and TransUNet models have an advan-
tage in global processing due to their attention mechanisms. However,
our model outperforms them in handling local details. Even for tumors
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Fig. 6. Visual comparisons are conducted with different models on the 2018 DSB dataset.
Fig. 7. Visual comparisons are conducted with different models on the BUSI dataset.
with varying scales, irregular shapes, and blurry boundaries, our results
closely resemble the ground truth.

4.7. Comparative results on Synapse dataset

For the Synapse dataset, following the experimental setup of Tran-
sUNet, eight abdominal organs (aorta, gallbladder, spleen, left kidney,
right kidney, liver, pancreas, and stomach) are utilized for experimental
evaluation. In contrast to the previous three datasets, besides the Dice
Coefficient, we employ the 𝐻𝐷95 to assess the edge information of the
segmented images. The 𝐻𝐷95 metric calculates the distance between
the segmented edge and the ground truth edge, and selects the 95𝑡ℎ
percentile of the distance after sorting to mitigate the influence of
8 
outliers, thus making the evaluation more robust. The formula is as
follows:

𝐻𝐷95(𝐴,𝐵) = 𝑀𝐴𝑋{𝑃95(𝐷(𝐴,𝐵)), 𝑃95(𝐷(𝐴,𝐵))} (16)

where, 𝐷(𝐴,𝐵) represents the set of distances from each point in set 𝐴
to the nearest point in set 𝐵, and 𝑃95(𝑋) denotes the value in set 𝑋 that
is at the 95th percentile after sorting the values in ascending order.

Quantitative Analysis. UConvNeXt is compared with ten advanced
models, including four traditional models (UNet [4], R50 U-Net, AttU-
Net [42], TransUNet [5]), three lightweight models (UNeXt [26],
CASTformer [56], APFormer [8]), and also selects three advanced
3D segmentation models (Swin-UNETR [23], nnFormer [24], UN-
ETR++ [25]). The summarized quantitative comparison results are
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Table 5
Comparison with various SOTA models on the synapse multi-organ segmentation dataset. (Abbreviations stand for: Aor: aorta, Gal: gallbladder, L-Kid: left kidney, R-Kid: right
kidney, Liv: liver, Pan: pancreas, Spl: spleen, Sto: stomach.)

Type Method P(M) GFLOPs Organs Average

Aor. Gal. L-Kid. R-Kid. Liv. Pan. Spl. Sto. Dice↑ HD95↓

Traditional model

U-Net [4] 31.13 55.84 89.07 69.72 77.77 68.60 93.43 53.98 86.67 75.58 76.85 44.69
R50 U-Net 144 34.65 84.18 82.84 79.19 71.29 93.35 48.23 84.41 73.92 74.68 36.87
AttU-Net [42] 34.88 72.81 89.55 68.88 77.98 71.11 93.57 58.04 83.30 75.75 77.77 34.47
TransUNet [5] 105.32 38.52 87.23 63.13 81.87 77.02 94.08 55.86 85.08 75.62 77.48 31.69

3D model
Swin-UNETR [23] 62.83 384.2 91.12 66.54 86.99 86.26 95.72 68.8 95.37 77.01 73.48 10.55
nnFormer [24] 150.5 213.4 92.04 70.17 86.57 86.25 96.84 83.35 90.51 86.8 86.57 10.63
UNETR++ [25] 42.96 47.98 92.52 71.25 87.54 87.18 96.42 81.1 95.77 86.01 87.22 7.53

Lightweight

UNeXt [26] 1.48 2.28 89.72 65.51 86.82 85.21 93.99 72.1 92.21 82.26 83.47 18.61
CASTformer [56] – – 89.05 67.48 86.05 82.17 95.61 67.49 91 81.55 82.55 22.73
APFormer [8] 2.6 3.9 90.84 64.36 90.54 85.99 94.93 72.16 91.88 77.55 83.53 16.37
Ours 1.76 2.44 91.03 66.09 87.36 86.03 95.63 71.01 92.09 82.39 84.04 15.93
Fig. 8. Visual comparisons are conducted with different models on the Synapse multi-organ segmentation dataset.
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hown in Table 5. Compared to traditional models, UConvNeXt demon-
trates stronger modeling capability due to the presence of local feature
eighted fusion, leading to better results. While 3D models excel in
btaining features in the horizontal and vertical directions of the plane
mages and simultaneously capture depth direction features of different
lanes, they incur computational costs that are ten times or even hun-
reds of times higher than lightweight models. In contrast, 2D-based
ethods can achieve satisfactory performance at lower complexity. As

hown in the table, we outperform some 3D models in segmenting
ertain organs. Compared to lightweight models, we achieve leadership
n most organ segmentation tasks and also outperform in average Dice
nd HD95. Specifically, compared to UNeXt with the same parameter
ize, Dice improves by 1.08%, while HD95 decreases by 3.68 mm. Com-
ared to UNETR++, UConvNeXt is 25 times lighter in parameters and
educes computational complexity by 20 times, significantly enhancing
he feasibility of clinical deployment.
Qualitative Analysis. The qualitative segmentation results of the

ix models on the synaptic dataset are shown in Fig. 8. As analyzed in
PFormer, traditional convolutional models often exhibit segmentation
rrors in locally similar regions due to their inherent inductive biases.
 r

9 
ransformer-based methods overcome this issue by modeling long-
erm dependencies. However, redundant dependencies adversely affect
egmentation performance, potentially leading to misclassification in
any non-critical areas. Conversely, UConvNeXt advantageously fuse

ocal features by weighted integration, thus improving segmentation
esults significantly, particularly in handling local details.

.8. Ablation analysis

As shown in Table 6, the ablation analysis is conducted from three
ifferent perspectives. The contribution of each module in UConvNeXt
s demonstrated in the first group of experiments. The rationality of
he design of the two modules is validated through the following two
roup of experiments. Experiments are conducted on three datasets,
ith the following analysis primarily based on the ISIC-2018 dataset,
hile others are provided for reference.

In the first group of experiments, We user a U-shaped model,
hich retains only 3 × 3 convolution compared to our model, as the
aseline. As shown in Table 6, when using only the baseline, the IoU
eached 79.71% and the Dice reached 86.91%. In the second row, the
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Table 6
Ablation analysis for UConvNeXt on the ISIC-2018, 2018 DSB, BUSI datasets. In the first part of the table, the roles of different modules within the model are verified. In the
second and third sections, the rationale behind the module designs is demonstrated.

Module Method Params
(in M)

ISIC-2018 2018 DSB BUSI

IoU (%) Dice (%) IoU (%) Dice (%) IoU (%) Dice (%)

Conv stage (Baseline) 1.19 79.71 ± 0.18 86.91 ± 0.16 82.42 ± 0.19 90.17 ± 0.15 64.88 ± 0.37 74.28 ± 0.27
Conv → 7 × 7 DS Conv 0.68 79.49 ± 0.16 86.61 ± 0.13 81.97 ± 0.31 89.86 ± 0.21 64.47 ± 0.32 73.81 ± 0.21
Baseline + LFWF MLP 2.38 83.81 ± 0.12 90.82 ± 0.12 85.84 ± 0.28 92.16 ± 0.21 70.07 ± 0.31 79.99 ± 0.27Architecture

Conv → 7 × 7 DS Conv +
LFWF MLP (Ours)

1.76 83.93 ± 0.11 90.89 ± 0.11 85.88 ± 0.14 92.27 ± 0.13 70.21 ± 0.39 80.33 ± 0.35

3 × 3 DS Conv 1.68 83.36 ± 0.12 90.45 ± 0.10 85.37 ± 0.23 91.79 ± 0.21 69.47 ± 0.31 79.67+0.21
5 × 5 DS Conv 1.71 83.52 ± 0.15 90.47 ± 0.13 85.51 ± 0.17 92.11 ± 0.13 70.04 ± 0.34 80.19 ± 0.29
9 × 9 DS Conv 1.83 83.57 ± 0.15 90.71 ± 0.14 85.45 ± 0.25 92.01 ± 0.21 69.49 ± 0.29 79.38 ± 0.21DS Conv

7 × 7 DS Conv no residuals 1.62 83.21 ± 0.15 90.14 ± 0.10 83.91 ± 0.26 91.45 ± 0.33 68.97 ± 0.21 78.97 ± 0.15

LFWF-module direction(3→2) 1.64 83.12 ± 0.14 90.14 ± 0.11 85.01 ± 0.18 91.55 ± 0.16 68.97 ± 0.32 79.32 ± 0.27
LFWF-module FC(1→2) 1.87 83.46 ± 0.18 90.59 ± 0.14 86.00 ± 0.28 91.77 ± 0.24 70.21 ± 0.25 80.21 ± 0.20
LFWF-module without shifting 1.76 82.94 ± 0.10 89.77 ± 0.12 84.82 ± 0.29 91.19 ± 0.23 68.90 ± 0.29 78.82 ± 0.29
LFWF-module without shift
restore

1.76 83.49 ± 0.12 90.42 ± 0.10 85.38 ± 0.22 91.59 ± 0.20 69.62 ± 0.22 79.67 ± 0.18LFWF-MLP

LFWF-module without
weighted fusion

1.63 82.88 ± 0.15 89.68 ± 0.13 84.87 ± 0.21 91.23 ± 0.21 68.90 ± 0.23 78.72 ± 0.20
Table 7
Analysis on the number of channels.

Method (C1, C2, C3, C4, C5) Params (in M) GFLOPs ISIC-2018 2018-DSB BUSI

Dice IoU Dice IoU Dice IoU

UConvNeXt-S (8,16,32,64,128) 0.48 0.81 89.21 82.54 91.15 84.01 78.37 67.98
UConvNeXt (16,32,64,128,256) 1.76 2.44 90.89 83.93 92.27 85.88 80.33 70.21
UConvNeXt-L (32,64,128,256,512) 6.44 7.61 91.21 84.24 92.48 86.21 81.31 71.03
UConvNeXt-XL (64,128,256,512,1024) 25.37 27.01 91.39 84.47 82.62 86.39 81.77 71.48
convolution block is replaced with a large-scale kernel depth-wise sep-
arable convolution block, which significantly reduced the parameters
but slightly decreased the segmentation performance. In the third row,
the LFWF-MLP module is added to the baseline, resulting in a twofold
increase in parameters and a significant improvement in segmentation
performance. In the fourth row, which represents our final model,
there is an improvement of 4.22% in IoU and an increase of 3.95%
in the Dice compared to the baseline. It is worth mentioning that when
the convolution block is simultaneously modified and the LEWF-MLP
module is added, not only is there a decrease of 0.62M parameters,
but there is also a slight improvement in performance. We think it
is because the features extracted by the three-layer depth separable
convolution block have a larger receptive field, making them more
suitable for subsequent feature fusion with LFWF-MLP.

In the second group of experiments, the rationality of using large-
scale kernel depth-wise separable convolution is validated, and the
impact of removing residual connections is examined. As shown in
the middle section of Table 6, We adjusted the kernel size of depth-
wise separable convolution to 3 × 3. Compared to using standard
convolution, there is a slight decrease of 0.33% in IoU and a slight
decrease of 0.27% in Dice. The segmentation performance reaches its
peak when the kernel size is increased to 7 × 7, but when further
increased to 9 × 9, the performance decrease. It is speculated that an
excessively large receptive field hinders the learning of local features
in the lower layers. Regarding the use of residual connections, when it
is removed, the performance decreases by 0.64% in IoU and 0.66% in
Dice.

In the third group of experiments, we made five comparative mod-
ifications to LFWF-MLP. In the first row of the last section of Table 6,
we removed the additional branch lacking spatial communication in
the LFWF-Model, reducing the three branches to two, resulting in a
decrease of approximately 0.60%. In the second row, following the
traditional design approach [33,34], we initially employed two fully
connected layers in each branch of the LFWF-Model. However, we
find that using just one layer yields better segmentation performance.

We analyze that the local correlations between tokens are effectively

10 
fused through a single fully connected layer following the shift op-
eration. Further applying an additional fully connected layer disrupts
the already fused features, leading to model overfitting. In the third
and fourth rows, experimental results are presented to demonstrate the
effects of not using shift operations and using shift operations without
shift restore in the LFWF-MLP, aiming to validate the role of shifting.
In the last row, we switched from using weighted fusion for the three
directions to a simple additive approach, resulting in a nearly 1%
decrease in overall model performance.

Analysis on number of channels. The number of channels in each
layer of UConvNeXt is one of the most important hyperparameters,
affecting the operating efficiency and segmentation performance. In
Table 7, we perform a fourth set of ablation experiments on three
datasets, showing three additional models of different scales. It is
observed that when we double the number of channels (UConvNeXt-
L), the segmentation performance is further improved, accompanied by
an increase in computational overhead. When we reduce the number
of channels to half (UConvNeXt-S), although the segmentation perfor-
mance is reduced (reduced and Not drastic), but we can harvest a very
lightweight model. When we upgrade the model to the same size as
the standard UNet (UConvNeXt-XL), the model obtains richer image
features due to the increase in channels. Currently, the performance
of the model surpasses that of state-of-the-art methods.

4.9. Inference speed and model scale

We selected 500 images from the ISIC-2018 test dataset to evaluate
the average speed of model inference on single images. In Fig. 9, We
draw a comparison chart between model inference speed and the Dice
coefficient, where the area of each bubble is proportional to the model’s
parameters. We have a model inference speed that surpasses most
models (only slightly behind UNeXt), while simultaneously achieving
the best segmentation performance. Compared to the typical UNet, the
number of parameters is reduced by 17 times, and inference speed is
improved by 3 times in UConvNeXt. The models parameter be found in

Table 2.
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Fig. 9. Comparison chart of inference time and segmentation performance, where the
rea of each bubble is proportional to the model’s parameters.

.10. Limitation analysis

Suitable for plane images. The model is primarily designed for 2D
lane images, so when dealing with 3D datasets, the volume needs to
e segmented into a series of slices for processing. It renders the cap-
uring of depth-oriented features challenging, resulting in suboptimal
utcomes. This limitation stems from the fundamental characteristics
f the model design, namely the lack of effective utilization of 3D
eature in the data. To overcome the limitations of the model in han-
ling 3D data, our future work can involve introducing more complex
rchitectures or employing models specifically designed for 3d data,
uch as Point Transformer [57], etc. Additionally, exploring new data
epresentation methods could allow better input of 3D datasets into 2D
odels without losing depth information [58]. Furthermore, employing
ulti-scale or hierarchical approaches could comprehensively capture

mage information across different dimensions.
Suitable for large size images. The model adopts depth-separable

onvolution with large convolution kernel, which shows excellent per-
ormance when processing large-size pathology images. However, when
aced with small-size images such as 256 × 256, its performance is not
s ideal as expected. The root cause of this limitation is that the model
as undergone four downsampling processes, reducing the 256 × 256
mage to the size of 16 × 16. It is worth noting that when operating on

16 × 16 feature, the large-size convolution kernel faces challenges
uch as information loss and spatial discontinuity, which affects the
egmentation effect of the model. In order to solve this problem, we
ill try to enhance the adaptability of the model to small-size images by

ntroducing a more flexible size adaptation mechanism in future work,
uch as using smaller-size convolution kernels on small-size images.
n addition, multi-scale skip connections can also be introduced to
mprove the model’s generalization ability for images of different sizes.

. Conclusion

In this work, we propose a novel lightweight medical image segmen-
ation model called UConvNeXt. It is based on depth-wise separable
onvolution and MLP architecture, where we improve the convolu-
ional stages by utilizing deep separable convolution with large kernel
izes, significantly reducing the parameters. In the MLP stages, we pro-

ose the LFWF-MLP module, which dynamically fuses the current pixel

11 
features with surrounding pixel features using fewer parameters, result-
ing in better segmentation performance by capturing key information.
We validate UConvNeXt on three datasets and demonstrate its superior
segmentation performance compared to models with similar parameter
levels. Even when compared to some SOTA with significantly higher
parameters, our model achieves comparable segmentation results.
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