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Background: The automatic medical image segmentation of liver and tumor plays a pivotal role in the
clinical diagnosis of liver diseases. A number of effective methods based on deep neural networks, including
convolutional neural networks (CNNs) and vision transformer (ViT) have been developed. However, these
networks primarily focus on enhancing segmentation accuracy while often overlooking the segmentation
speed, which is vital for rapid diagnosis in clinical settings. Therefore, we aimed to develop an automatic
computed tomography (CT) image segmentation method for liver tumors that reduces inference time while
maintaining accuracy, as rigorously validated through experimental studies.

Methods: We developed a U-shaped network enhanced by a multiscale attention module and attention
gates, aimed at efficient CT image segmentation of liver tumors. In this network, a modified tokenized
multilayer perceptron (MLP) block is first leveraged to reduce the feature dimensions and facilitate
information interaction between adjacent patches so that the network can learn the key features of tumors
with less computational complexity. Second, attention gates are added into the skip connections between the
encoder and decoder, emphasizing feature expression in relevant regions and enabling the network to focus
more on liver tumor features. Finally, a multiscale attention mechanism autonomously adjusts weights for
each scale, allowing the network to adapt effectively to varying sizes of liver tumors. Our methodology was
validated via the Liver Tumor Segmentation 2017 (LiTS17) public dataset. The data from this database are
from seven global clinical sites. All data are anonymized, and the images have been prescreened to ensure the
absence of personal identifiers. Standard metrics were used to evaluate the performance of the model.
Results: The 21 cases were included for testing. The proposed network attained a Dice score of 0.713 [95%
confidence interval (CI): 0.592-0.834], a volumetric overlap error of 0.39 (95% CI: 0.17-0.61), a relative
volume difference score of 0.19 (95% CI: -0.37 to 0.31), an average symmetric surface distance of 2.04 mm
(95% CI: 0.89-4.19), a maximum surface distance of 9.42 mm (95% CI: 6.97-19.87), and an inference time
of 26 ms on average for liver tumor segmentation.

Conclusions: The proposed network demonstrated efficient liver tumor segmentation performance with
less inference time. Our findings contribute to the application of neural networks in rapid clinical diagnosis

and treatment.

Keywords: Liver tumor segmentation; multilayer perceptron-based network (MLP-based network); tokenized

MLP; multiscale attention structure; attention gate
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Introduction

The liver, a critical organ in human metabolic function
and the vascular system, features a complex anatomical
structure (1). Malignant tumor of the liver is a major threat
to human health, and its incidence rate is increasing each
year (2). Clinicians typically arrive at a preliminary diagnosis
of liver tumors through segmenting diseased tissues via
computed tomography (CT) images to evaluate the size,
shape, and location of tumors (3). In clinical practice,
tumor tissue segmentation is typically sketched manually by
expert radiologists, which is tedious and time-consuming.
Moreover, the accuracy of the segmentation results depends
highly on the experience and skill of the operators (4).
With the growing preference for real-time intraoperative
image processing and the development of mobile medical
diagnostic equipment, there is a substantial demand
for rapid medical image processing (5-7). Therefore,
developing an accurate and efficient automatic liver tumor
segmentation method may provide considerable value for
the clinical diagnosis and treatment of liver disease.

However, automated liver tumor segmentation from
CT scans involves several challenges. First, the boundary
between liver tumor and normal liver tissue may be
unclear (8). Second, the shape, location, and volume of liver
tumors vary from patient to patient, complicating accurate
segmentation (9). Third, medical image data impose a
considerable memory burden, and many of the current
image segmentation algorithms involve high computational
complexity, thus consuming a substantial amount of
computing resources (10).

Traditional CT image segmentation techniques, such
as thresholding (11), region growing (12), and clustering-
based methods (13), struggle with the indistinct boundaries
between liver tumors and normal tissues and fail to
effectively segment multiscale liver tumors. With the
proliferation of deep learning technologies (14), a number
of deep neural networks with automatic feature extraction
and strong learning ability have been developed to segment
liver tumors. Convolutional neural network (CNN)-
based methods (15-19) and vision transformer (ViT)-based
methods (20-23), due to their encoder-decoder structures
with skip connections, are the foundation of medical image
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segmentation and form the backbone of almost all leading
neural networks in medical image segmentation. In recent
years, various CNN- and ViT-based networks have been
proposed for the accurate segmentation of liver tumors
(24,25). Liu et al. (26) introduced a spatial feature fusion
convolutional network designed for segmenting liver tissue
and liver tumor from CT images, extracting side-outputs at
each convolutional block to effectively harness multiscale
features. Luan er a/. (27) designed a CNN-based network
that adhered to the classical encoder-decoder configuration,
incorporating long-hop connections across layers in both
the contraction and the expansion path to merge the
semantic information. Meng ez 4/. (28) proposed a biphasic
CNN algorithm for liver tumor segmentation. In this
algorithm, the first stage involves localizing the liver region
by using the spatial information of shallow features, and the
second stage segments tumors from the segmentation region
of the first stage. Cheng et al. (29) devised an edge-guide
segmentation network based on transformer that captures
richer contextual information and integrates multi-scale
features, boosting liver tumor segmentation performance.
Li et al. (30) designed a dynamic hierarchical transformer
architecture that augments the semantic representation of
tumor features through use of hierarchical operations across
varying receptive fields. Di er a/. (31) created an innovative
hybrid end-to-end network that amalgamates transformers
and directional data to extract multilevel features. However,
the computational complexity of CNN-based networks
increases with the number of network layers, whereas
that of ViT-based networks increases due to self-attention
mechanisms. These networks are characterized by a
plenitude of parameters, which reduce the inference speed
and limit their broader application in rapid clinical diagnosis
and real-time intraoperative image processing.

To enhance inference speed, the multilayer perceptron
(MLP)-mixer (MLP-mixer) architecture (32) has been
proposed, which employs the linear complexity of MLP
layers to reduce parameters while effectively extracting and
integrating the diverse features of the target. However, the
MLP-mixer struggles with the variability in input image
sizes, posing challenges in the segmentation of liver tumors
of different sizes. Subsequently, a tokenized MLP block (5),
based on the MLP-mixer architecture, was designed
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to enhance the segmentation performance through
implementation of a window-based attention mechanism.
Although these MLP-based networks, employing advanced
structures of CNNs and ViTs, have achieved good
performance with minimal complexity, they face challenges
in learning sufficient information and features, leading
to limitations in the segmentation performance of liver
tumors.

Attention mechanisms are being increasingly embedded
within networks to boost segmentation performance.
These include spatial attention mechanisms (33,34),
channel attention mechanisms (35,36), and mixed attention
mechanisms (37,38), among others. The spatial attention
mechanism enhances the network’s ability to capture
local feature information by allocating different attention
weights across the feature space. Meanwhile, the channel
attention mechanism aims to automatically identify and
prioritize the essential information of each channel, thus
allocating greater attention to specific channels. The mixed
attention mechanism captures more contextual information
by integrating multiple attention mechanisms. Numerous
researchers have proposed segmentation networks for
medical images based on these attention mechanisms.
Guo er al. (34) designed a spatial attention mechanism
for retinal vessel segmentation, which processes feature
maps across spatial dimensions and adjusts the input
feature map for refined feature representation. Chen
et al. (39) introduced a multilevel attention mechanism
that enhances consistency in feature representation and
semantic embeddings by a acquiring greater amount of
contextual semantic information and data on global spatial
relationships. Zhou er /. (40) described a method that
employs both channel and spatial attention mechanisms to
adjust feature representation spatially and in channel-wise
fashion for automatic coronavirus disease 2019 (COVID-19)
CT segmentation. Overall, these attention mechanisms
allow networks to assimilate a greater degree of detail from
the information of targets by discerning key aspects of both
spatial and channel dimensions. However, they have higher
computational complexity and exhibit limited adaptability
to variability in the size and characteristics of liver tumors.

In this paper, we propose a two-stage network that
combines the CNN stage with the modified tokenized MLP
stage, following the U-shaped structure with attention
gates and a multiscale attention module, aimed at achieving
high segmentation performance of liver tumors with fewer
parameters. Specifically, we follow the network design
of CNNs in the shallow layers and MLPs in the deep
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layers. Additionally, the spatial-shift operation enhances
the information transfer between adjacent patches with
minimal computational overhead. Subsequently, attention
gates, integrated within the skip connections, enhance the
other key features of liver tumors. A multiscale attention
mechanism then combines the features from different layers,
which assists the network in the processing of liver tumors
of different sizes. It is worth mentioning that attention gates
and the multiscale attention mechanism minimally increase
the number of network parameters. To verify the liver
tumor segmentation performance of the proposed model,
comparative and ablation studies were conducted. The main
contributions of this paper are as follows:

(I) A modified tokenized MLP module is proposed,
which used spatial-shift operations to shift
feature maps across different patches, facilitating
information interaction between adjacent patches
with less computational complexity.

(II) We describe the integration of attention gate
mechanisms within the skip connections of the
U-shaped network, which suppresses the learning
of irrelevant region features in the image to address
segmentation challenges arising from blurred
boundaries between liver tumors and normal
tissues.

(IIT) A multiscale attention mechanism is introduced,
which assigns weights into different feature
maps at multiple scales to learn the correlation
between information of different layers and
the segmentation object, achieving precise
segmentation of liver tumors of various sizes.

We present this article in accordance with the TRIPOD

+ Al reporting checklist (available at https://qims.
amegroups.com/article/view/10.21037/qims-24-2132/rc).

Methods

The study was conducted in accordance with the
Declaration of Helsinki (as revised in 2013).

"This Methods includes four subsections. First, the patient
data are described. Second, the proposed methodologies
are elaborated upon. Third, the implementation details are
outlined. Finally, the evaluation metrics are identified.

Patient data

The Liver Tumor Segmentation 2017 (LiTS17) dataset (4)
is a CT dataset specifically designed for the segmentation
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of the liver and liver tumors. It includes both primary
and secondary tumors, presenting a diverse range of sizes
and appearances, as well as varying lesion-to-background
densities (hyper- and hypodense). The CT images of
131 patients in the LiTS2017 dataset are randomly split
into three sets: the training set, the validation set, and test
set. The training and the validation sets contain 90 and 21
images, respectively, while the remaining images are used
as the test set. All the medical images have a resolution of
512x512 in resolution. The number of slices ranges from 42
to 1,026, and the spacing between slices ranges from 0.45
to 6.0 mm. For this study, the images were preprocessed by
the methods described in the preprocessing section.

The data were collected from seven clinical sites all
over the world, including (I) Rechts der Isar Hospital,
the Technical University of Munich (Germany), (II)
Radboud University Medical Center (the Netherlands),
(IIT) Polytechnique Montréal and CHUM Research Center
(Canada); (IV) Sheba Medical Center (Israel); (V) the
Hebrew University of Jerusalem (Israel); (VI) Hadassah
University Medical Center (Israel); and (VII) the Institute
for Research into Cancer of the Digestive System (IRCAD;
France). All data were anonymized, and images were
rigorously inspected to preclude the presence of personal
identifiers.

The dataset has been manually labeled for liver tissue
and liver tumor regions by four radiologists from different
institutions. In our study, the labeled data in the test set
served as the ground truth and were used to assess the
segmentation performance of the model.

Proposed methods

In this section, the medical image preprocessing step, before
data are sent into the network, is introduced, and then the
proposed network and designs are described in detail.

Preprocessing

Most semantic segmentation networks are two-dimensional
(2D). However, many medical images, such as those
of magnetic resonance imaging and C'T, exist in three-
dimensional (3D) forms. The 3D medical images contain
a series of continuous 2D slices, requiring a considerable
amount of training time and a complex hardware
configuration (41). The models trained by 3D medical
images may be parameter-heavy, resulting in a large amount
of inference time. To reduce the training time and hardware
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requirements, some researchers have transformed 3D
datasets into 2D datasets, which causes a loss of intraslice
information and reduces segmentation accuracy due to
their being a limited receptive filed (42). In this study,
2.5-dimentional (43,44) datasets were incorporated into our
network. As can be seen in Figure I, 3D medical images are
cut into several stacks with three 2D slices, which reduces
the dataset size and retains a sufficient amount of intraslice
information.

Proposed network

The proposed network (see Figure 2) consists of four
main components: a convolutional stage, an MLP stage,
attention gates, and a multiscale attention mechanism. The
whole network architecture follows a U-shape with a skip
connection, comprising two main sections: the encoder
and the decoder. The input image is passed through the
encoder where the first three blocks are convolutional
blocks and the next two are tokenized MLP blocks. The
decoder contains two modified tokenized MLP blocks and
three convolutional blocks. Every decoder block has a skip
connection from a parallel encoder block, and attention
gates are added into every skip connection. At the end of
the output layer, the multiscale attention structure recovers
the input image. The channels’ number at each stage is as
follows: C1=32, C2=64, C3=128, C4=160, and C5=256.

(I) Convolutional stage: purely MLP-based network
architectures, such as MLP-mixer (32), have
limitations in capturing local spatial details. To
extract more features of liver tumors with fewer
parameters, a single-layer CNN was employed. In
this approach, every convolutional block contains a
convolution layer, a batch normalization layer, and
a rectified linear unit (ReLLU) activation layer. The
kernel size of each convolution layer is 3x3, and the
parameters of stride and padding are 1 respectively.
A max pooling layer with a pool window 2x2 is used
between every stage in the encoder section, while a
bilinear interpolation layer is applied to upsample
the feature maps in the decoder section.

(II) MLP stage: the tokenized MLP block (5) has
demonstrated desirable performance in medical
image segmentation. However, this approach
focuses solely on feature extraction within tokens
while overlooking the information exchange
between tokens. To facilitate the network’s
interaction of intertoken information, spatial shift
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Figure 2 The proposed network architecture. BN, batch normalization; ReLU, rectified linear unit; MLP, multilayer perceptron; Conv,
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Figure 3 The modified tokenized MLP block. GELU, Gaussian error linear unit; MLP, multilayer perceptron.

operations (45) were introduced into the tokenized
MLP, offering improved segmentation performance
at a lower computational cost.

(i) Modified tokenized MLP block. As shown in

Figure 3, each modified tokenized MLP block
is equipped with a shifted MLP width layer,
Gaussian error linear unit (GELU) activation,
an encoding layer, a shifted MLP height layer,
a normalization layer, and a reproject layer.
First, the features are sent into a modified
shifted MLLP (across width), where the features
are shifted and projected into tokens. The
tokens are then sent into the MLP, after which
the features are passed through a depth-wise
convolutional layer that encodes positional
information of the MLP features, thereby
reducing the number of parameters. A GELU
function is used to be as an activation layer
instead of a ReLU for better performance.
Next, the features are passed through the
another modified shifted MLP (across height),
which is followed by layer normalization. In
the end, all the features are reprojected to
the initial state, and a residual connection
here is used to add the original tokens. The
computational processes in the modified
tokenized MLP block can be summarized as

follows:

X,y = Shift, (X), T, = Tokenize(X,,, ) (1]

Y = f{DWConv[ MLP(T,, )]} 2]

Y, = Shift, (Y).T, = Tokenize(¥,,, ) 3]

Y = f(LN(T+MLP(GELU (T, )))) [4]
© AME Publishing Company.

(i)

where W denotes width, H denotes height, T
denotes the tokens, DWW Conv denotes depth-
wise convolution, and LN denotes layer
normalization.

Shifted MLP. As depicted in Figure 4, the
features are first split into several partitions
and then shifted sequentially across height
and width before tokenization operation,
which help the network learn local and global
features. Finally, the tokenized features are sent
into the MLP.

(iii) Spatial shift. As can be seen in Figure 5, the

input of the spatial shift block is denoted as
X eR"™, where b is the height, w is the width,
and ¢ is the number of channels. The spatial
shift operation is executed in two steps. First,
X is split to k thinner tensors {X,}' , where

X, eR™* "and k is dependent on the design
of the shifting directions in the second step.

Shifting along four directions was found to be
sufficient to enable the necessary information
interaction between different tokens, and thus
we set k£ to 4. Second, each group is moved
in different directions. The first group X is
shifted along the width dimension by +1. In
parallel, the second group X, is shifted along
the wide dimension by -1. Similarly, the third
group X; is shifted upward along the height
dimension by +1, and the final group X, is
shifted along the height dimension by -1. After
spatial shift operation, each token absorbs the
feature information from its adjoining patches.
Thus, the information interaction between
different tokens is enabled.

(IIT) Attention gate: the attention gate mechanism,
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Figure 4 The shifted MLP block schematic. MLP, multilayer perceptron.
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Split the tokens to
different groups

w The width of tokens

Figure 5 Schematic diagram of the spatial shift block.

originating from Attention-UNet (46), implicitly
learns to suppress irrelevant areas in an input
image while accentuating significant features useful
for specific tasks, with minimal computational
overhead. To have the proposed network place
greater focus on the features of liver tumors,
the attention gate mechanism is embedded into
our segmentation network. The structure of the
attention gate is shown in Figure 6, where g is
the feature from the decoder section, and x is
the feature from the encoder section. Parallel
operations are performed on g and w, followed by

h The height of tokens

Tokenize the
shifted features

Shift different
groups

¢ The number of channels

a ReLU activation function and a 1x1 convolution.
Subsequently, the sigmoid function is used to
activate the feature maps, and they are resampled to
obtain the attention weight coefficient ¢ . Finally,
X is obtained by axx.

(IV) Multiscale attention structure: liver tumors

have different shapes and sizes, complicating
the segmentation process for general medical
segmentation networks. For obtaining accurate
tumor segmentation results, a rational approach is
to combine different layers’ features for the final
prediction. However, the layers have different scales
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feature maps, whose relevance to the input varies.
To allow the network to learn the corresponding
scales of the input, a multiscale attention structure
was developed.

The proposed multiscale attention structure is illustrated
in Figure 7. In this structure, the bilinear interpolation
is first used to resample the feature maps F; at different
scales (i = 1, 2, 3, 4) to the size of input images, which
are compressed into four channels via a 1x1 convolution
layer, and the four channels feature maps are concatenated
into a hybrid feature map £. The average pooling layer
with MLP is then applied to obtain a coefficient for every
channel. The scale coefficient vector is denoted as y. Next,

the .y is taken as input to be passed through one 3x3
convolutional layer, a ReL U activation function and a 1x1

convolutional layer, to generate the coefficient 7. With the

© AME Publishing Company.

aim of facilitating the training, the residual connections are
used, as shown in Figure 5. The final output of multiscale

attention structure is as follows:

Yusi =Fy-y +F-y+F 5]

Implementation details

The experiments in the study were configured with the
Windows 11 operating system (Microsoft Corp., Redmond,
WA, USA) with 16 GB of memory, an NVIDIA RTX
3060 (Nvidia Corp., Santa Clara, CA, USA) with 12 GB of
memory, an Intel 15-12400F chip (Intel Corp., Santa Clara,
CA, USA), and a PyTorch framework based on the Python
computer language. In the training process, an Adam
optimizer was employed with default parameters. The
training was configured for 100 epochs with a batch size of
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8. The learning rate and momentum were set to 0.0003 and
0.9, respectively.

Metrics

To evaluate the performance of segmentation using the
proposed network, the segmentation results on the test
set were compared with the ground truth created by the
experts. Five metrics were applied to quantitatively calculate
the distance between the ground truth and the results
segmented by the proposed network. Different metrics
involved a number of evaluation criteria and are described
below.

The Dice coefficient is one of the most widely used
evaluation metrics for medical image segmentation and is
used to calculate the overlap index between segmentation
results (SR) and ground truth (GT).

2x|SRNGT|

Dice(SR,GT) = W (6]

where the Dice coefficient value is in the range of [0, 1],
and if the segmentation is completely accurate, the Dice
coefficient value is 1.

The volumetric overlap error (VOE) is the volume
overlap error, which is opposite to the Dice coefficient.
The smaller the value is, the better the segmentation
performance of the network. The VOE is calculated as
follows:

_|SRn 6T
|SRUGT| (7]

VOE =1

The relative volume difference (RVD) represents the
difference between the segmentation results and the ground
truth of volumes, which can be calculated as follows:

_IsB|-[oT]

RVD(SR,GT) 7] (8]

The average symmetric surface distance (ASD) indicates
the average surface distance between SR and GT.

When S(GT) is the set of slice voxels of GT, the closest
distance of any voxel v to S(GT) can be calculated as follows:
D(v.S(GT))= min D(v.S(GT)) 9]
where D (v, Sip) is the Euclidean distance of the voxels
involving the real spatial resolution of the images. The ASD
can be calculated as follows:
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ASD(GT,SR):WI‘S(MS)‘[S S D(Se.S(SR)+ 3 D(sw,s(GT))] [10]

oreS(GT) SgeS(SR)

The maximum surface distance (MSD) represents the
maximum distance of the nearest points between the SR and
GT, and can be calculated as follows:

MSD(SR,GT) = max{D[ S, S(SR)],D[ S5, S(GT) | (11]

Results

In this section, we present the outcomes of our study,
including comparisons with other methods and ablation
studies.

Comparisons with other methods

The liver and liver tumor segmentation results were
evaluated for each test method using Dice, VOE, RVD,
ASD, and MSD criteria. The quantitative results are
summarized in Tables 1,2. Paired t tests were used to
investigate whether statistical differences existed between
the different models. The P values of the paired # tests
between the Dice of proposed network and other networks
are shown in the last column of Tables 1,2. In the liver
tumor segmentation experiment, we used a 95% confidence
interval. The confidence intervals for the Dice, VOE, RVD,
ASD, and MSD metrics were 0.592-0.834, 0.17-0.61, -0.37
to 0.31, 0.89-4.19 mm, and 6.97-19.87 mm, respectively.

Five common methods were selected for comparison
with the proposed network. The liver segmentation results
are presented in Table 1, and the best scores for each metric
are underlined. As can be seen in Table 1 and Figure 8, the
proposed network outperformed the other methods in
terms of the Dice, RVD, ASD, and MSD scores. The Dice,
VOE, RVD, ASD, and MSD scores of our method were on
average 0.059, 0.05, 0.15, 0.28, and 2.32 higher than those
of the UNet baseline, respectively.

The results of the liver tumor segmentation performance
are shown in 7uble 2 and Figure 9. Based on the experiment
results, it is apparent that liver tumors are more difficult
to segment than the liver itself. Among the five networks
compared, the MA-UNet obtained the highest Dice,
VOE, ASD, and MSD scores, while the proposed network
achieved the best performance for the RVD metric.
Although the proposed network did not yield the best
performance, compared with the other four methods, it
can be considered a success. The Dice, VOE, RVD, ASD,
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Table 1 Results of the different methods for liver segmentation

Method Dice VOE RVD ASD (mm) MSD (mm) P

UNet (15) 0.912 0.13 0.17 1.29 9.13 <0.001
UNet++ (16) 0.938 0.12 0.05 1.58 8.52 <0.001
Res-UNet (47) 0.911 0.11 -0.15 1.13 9.15 <0.001
MA-UNEet (48) 0.960 0.08 -0.03 1.04 7.14 <0.001
Attention-UNet (46) 0.941 0.11 -0.03 1.09 7.27 <0.001
Proposed method 0.971 0.08 0.02 1.01 6.81 -

The best results for each metric are underlined. VOE, volumetric overlap error; RVD, relative volume difference; ASD, average symmetric

surface distance; MSD, maximum surface distance.

Table 2 Results of the different methods for tumor segmentation

Method Dice VOE RVD ASD (mm) MSD (mm) P

UNet (15) 0.621 0.53 -0.23 3.59 17.76 <0.001
UNet++ (16) 0.705 0.32 -0.21 2.68 12.38 <0.001
Res-UNet (47) 0.674 0.48 0.20 2.93 14.25 <0.001
MA-UNEet (48) 0.729 0.21 -0.19 1.84 8.39 <0.001
Attention-UNet (46) 0.702 0.35 -0.20 2.09 10.33 <0.001
Our method 0.721 0.37 0.16 1.88 9.12 -

The best results for each metric are underlined. VOE, volumetric overlap error; RVD, relative volume difference; ASD, average symmetric

surface distance; MSD, maximum surface distance.

and MSD scores of the proposed method were on average
0.1, 0.16, 0.07, 1.71, and 8.64 higher than those the UNet
baseline, respectively.

The Dice and ASD scores of the liver tissue and
tumor segmentation results were selected to compared
the different methods. As shown in Figure 10, the overall
performance of tumor segmentation was inferior to that
of liver segmentation. Specifically, UNet exhibited the
most marked decline in performance, with a decrease of
0.291 in Dice score and an increase of 2.3 mm in ASD. In
contrast, the networks incorporating attention mechanisms
performed better, indicating that the simple encoder-
decoder structure struggles to handle the diversity in
morphological characteristics of tumors.

Figure 11 presents a visual comparison of the
segmentation results for liver tumors of different sizes
between the proposed network and other methods. The
first row shows the ground truth, while subsequent rows
depict the segmentation results for each method. As shown
in Figure 10, each method could generally segment the liver
region, but the segmentation results for the tumor region

© AME Publishing Company.

were not satisfactory. This is consistent with the results in
Figure 9. Additionally, in Figures 11,12, the small tumors in
Pictures 2, 3, and 4 are barely segmented, which might have
contributed to the poor segmentation results of tumors.
With the aim of evaluating the inference efficiency of
the proposed network on common medical devices, we
employed a general-purpose to test the network inference
time. The CPU model used for bench-marking was an
Intel i7-9750H operating at 2.6 GHz, which reflected the
use needs of the point-of-care medical equipment. The 21
images from the LiTS2017 datasets were used to test the
proposed network. The results are presented in Table 3. It
can be clearly observed that the proposed network obtained
the best performance among networks compared in this
experiment. The number of parameters and inference time
of the proposed network were only 5.3% and 22.1% of those
of the UNet baseline. It can be also seen from Table 3 that
the inference time of the Attention-UNet with the attention
gate mechanism only increased by 6.3% as compared to the
UNet. This suggests that adding an attention mechanism to
the basic network will not drastically increase the inference
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time of the network, supporting the inclusion of attention
gates into our network.

To evaluate the segmentation efficiency of networks,
comparison charts of Dice score and inference time were
plotted. As can clearly be seen in Figure 13, the MA-UNet
and the proposed method garnered the best performance
in terms Dice score. Moreover, the proposed network
outperformed all the other networks in terms of inference
time. This indicates that the proposed method is the most
efficient network among those tested.

In the liver tumor segmentation experiments, as shown
in Table 2, the proposed method performed slightly worse
than did the MA-UNet in terms of the Dice, VOE, ASD,
and MSD metrics. However, as demonstrated in Figure 14,
a large area of adhesion between two tumors in the liver
tumor segmentation results of MA UNet was present, which
did not appear in the results of the proposed method. To
further analyze this phenomenon, 3D visualization of the
segmentation results from MA-UNet and the proposed
method was conducted. As illustrated in Figure 15, MA UNet
was prone to misidentifying normal tissue regions between
two nearby tumors as tumor regions, deviating from the
ground truth. Based on the above analysis, the morphology
of liver tumors segmented by our method better aligns with
reality as compared to those delineated by MA-UNet.

Ablation study for spatial shift

To verify the impact of the spatial shift operation on
segmentation performance in the modified tokenized MLP
block, an ablation experiment was designed with Net_
block_1, Net_block_2, Net_block_3, and Net_block_4, as
detailed in Tible 4. The modified tokenized MLP block in

© AME Publishing Company.

Net_block_1 does not have a spatial shift operation in the
shifted MLP width block or the shifted MLP height block.
The modified tokenized MLP block of Net_block_2 has a
spatial shift operation only in the shifted MLP width block.
The modified tokenized MLP block in Net_block_3 has a
spatial shift operation only in the shifted MLP height block.
The modified tokenized MLP block in Net_block 4 has a
spatial shift operation in the shifted MLP width block and
the shifted MLP height block.

Table 5 presents the results of the ablation study for
the modified tokenized MLP block in the liver tumor
segmentation task. With Net_block_1 serving as a baseline,
the performance of Net_block_2, Net_block_3, and Net_
block_4 showed improvement across all metrics. From
the analysis of the Dice, VOE, RVD, ASD, and MSD
metrics, it could be concluded that adding spatial shift
operation into the shifted MLP width block and the shifted
MLP height block, respectively, can slightly improve the
segmentation performance. However, adding spatial shift
operation to both blocks simultaneously can substantially
improve performance. From the analysis of the parameter
and inference time, Net_block_4 only increased the number
of parameters by 2.17% and inference time by 19 ms as
compared to Net_block_1. This indicates that spatial shift
operation can improve segmentation performance with
minimal computational complexity.

Ablation study for attention modules

To verify the impact of various attention modules on
segmentation performance, an ablation experiment was
with Net_attenion_1, Net_attenion_2, Net_attenion_3, and
Net_attenion_4, as outlined in 7able 6. The Net_attenion_1
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Figure 11 Comparison of the visualized results for liver and liver tumor segmentation. The red and green regions represent the liver
segmentation and liver tumor segmentation results respectively, while the closed yellow and blue lines represent the boundaries of the liver

and tumor ground truth, respectively.
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. Liver
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Figure 12 Visualized results of small liver tumor segmentation. The red and green regions represent the liver segmentation and tumor

segmentation results, respectively, while the closed yellow and blue lines represent the boundaries of the liver and tumor ground truth,

respectively. The yellow box indicates the region of the small liver tumors.

Table 3 Number of parameters and inference time of the different

methods

Method Parameters, n Inference time (ms)
UNet 30,371,378 253
UNet++ 9,163,362 173
Res-UNet 62,749,565 352
MA-UNet 34,946,839 285
Attention-UNet 34,878,638 269

Our method 1.597.803 56

The best results for each metric are underlined.

is the proposed network without the attention gate module
and the multiscale attention module. The Net_attenion_2 is
the proposed network with only the attention gate module.
The Net_attenion_3 is the proposed network with only
the multiscale attention module. The Net_attenion_4 is
the proposed network with the attention gate module and
the multiscale attention module. Notably, the modified
tokenized MLP block in this iteration integrates the spatial
shift operation in both the shifted MLP width block and the
shifted MLP height block.

The results of the ablation study for attention modules
are presented in 7able 7 for the liver tumor segmentation
task. With the performance of the Net_attention_I serving

© AME Publishing Company.
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Figure 13 Comparison of liver tumor segmentation efficiency.

as a baseline, the Dice scores of the Net_attention_2, Net_
attention_3, and Net_attention_4 were on average 0.067,
0.03, and 0.099 higher than the baseline, respectively.
The MSD scores of Net_attention_2, Net_attention_3,
and Net_attention_4 were on average 2.59, 3.44, and
10.19 lower than the baseline, respectively. In terms of the
VOE, RVD, and ASD metrics, the networks embedded
with attention modules demonstrated better performance
as compared to the baseline. It is worth noting that the
segmentation performance of Net_attention_2 was superior
to that of Net_attention_3. From the analysis of the Dice,
VOE, RVD, ASD, and MSD metrics, it is apparent that
both the multiscale attention module and the attention
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Figure 14 Visual comparison of liver tumor segmentation results between MA-UNet and the proposed method. The red and green regions
represent the liver segmentation and tumor segmentation results respectively, while the closed yellow and blue lines represent the boundaries
of the liver and tumor ground truth, respectively. The yellow dashed box indicates the abnormal connection area.
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Figure 15 Three-dimensional visual comparison of liver tumor segmentation results between the MA-UNet and our method. The dark-

brown point cloud represents liver tissue. The green region indicates liver tumors. The blue dashed line highlights the abnormal connection

area.

gates module can promote the segmentation performance the segmentation network. In particular, the multiscale
of the network. In addition, the multiscale attention module attention module only increases the number of parameters
and the attention gates module did not considerably by 2.3% and the inference time by 10 ms. In summary, both
increase the number of parameters or inference time of modules can improve segmentation performance while
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maintaining the efficiency of the network.

Discussion

In the experiment, various methods were compared
in terms of their ability to automatically segment the
liver and liver tumor. The results showed that the
proposed network achieved the best performance in
liver segmentation but suboptimal performance in
tumor segmentation as compared to the other methods.
Moreover, the segmentation performance for the liver
was considerably superior to that for the tumor, and this
phenomenon occurred for all the other networks. This
could be attributed to the relatively fixed shape of the
liver, with clear boundaries and contours, resulting in
consistent features that are easier for the network to learn.
Conversely, the variable morphologies of tumors present
segmentation challenges. To further investigate the
underlying reasons for this phenomenon, the segmentation
results of the liver and tumors were visualized. The
visualized results indicated that the network incorporating
the attention gate mechanism yields considerably improved
segmentation of tumor boundaries as compared to the
other networks. This can be attributed to the effective
learning of low-level features through the attention gate

Table 4 Settings of ablation study for spatial shift in the modified
tokenized MLP block

Shifted MLP width block  Shifted MLP height

Method with spatial shift ~ block with spatial shift
Net_block_1

Net_block 2 v

Net_block_3 Y
Net_block_4 v Y

MLP, multilayer perceptron.

module within skip connections. Furthermore, compared
to Attention-UNet (46), our network demonstrated
superior capability in segmenting tumors of various sizes,
indicating that assigning different weights to layers is a
viable approach for learning the relevance between objects
and different scale feature maps. Furthermore, although
the proposed method performed slightly worse than did
the MA-UNet (48) in some quantitative metrics of liver
tumor segmentation, MA-UNet exhibited distortion in the
3D visualization results of liver tumors. This phenomenon
may be attributed to MA-UNet’s reliance on excessive
multiscale feature learning, which leads to overfitting of
the model and compromises the shape accuracy of liver
tumor segmentation.

Compared to the traditional UNet architecture
(15,16,46-48), our network reduces the number of
convolutions in the shallow stages and employs a modified
tokenized MLP block in the deeper stages to decrease
the network parameters. To evaluate the segmentation
efficiency of the network, the number of parameters was
computed and the inference time of the network was tested
on a CPU. According to the results, our network achieved
good segmentation performance with an extremely low
inference time. This indicates that the proposed network
architecture, with a small number of parameters, not only
effectively handles high-resolution, low-level features
such as tumor boundaries, shapes, and sizes but also learns
semantic information from low-resolution high-level
features.

In the ablation experiment, we initially investigated
the impact of the spatial shift operation at different
positions within the modified tokenized MLP block. The
experimental results indicated that incorporating the spatial
shift operation into both the shifted MLP width block and
the shifted MLP height block can improve the segmentation
performance of the model at the expense of only a small
increase in the number of network parameters. It is

Table 5 Results of the ablation study for spatial shift in the modified tokenized MLP block

Method Dice VOE RVD ASD (mm) MSD (mm) Parameters, n Inference time (ms)
Net_block_1 0.713 0.39 0.19 2.04 9.42 1.563.883 37
Net_block_2 0.716 0.37 0.17 1.98 9.28 1,585,543 43
Net_block_3 0.715 0.38 0.17 2.01 9.25 1,581,433 42
Net_block 4 0.721 0.37 0.16 1.88 9.12 1,597,803 56

VOE, volumetric overlap error; RVD, relative volume difference; ASD, average symmetric surface distance; MSD, maximum surface

distance. The best results for each metric are underlined.
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worth noting that despite a lack of spatial shift operation
parameters, there was still a slight increase in the parameters
when the processed feature layer is connected with the
MLP. We then investigated the effect of the attention gates
module and the multiscale attention module on the network
segmentation performance. The experimental results in
Table 7 demonstrate that both modules effectively enhance
segmentation performance. This indicates that assigning
different weights to feature maps can improve network
performance at a relatively small computational cost. We
also observed that the network with only the attention gate
module generally outperformed the network with only the
multiscale attention module. This can be explained by the
attention gate module’s highlighting of crucial low-level
features and high-level semantic information between the
encoder and decoder, enabling the acquisition of boundary
information for segmentation targets. Meanwhile, in terms
of MSD metrics, the performance of the network with only
the multiscale attention module was superior. This indicates
that the multiscale attention module renders the network
more sensitive to the size information of the segmentation
targets.

Furthermore, our network achieved efficient segmentation
of liver tumors and can be applied not only to real-time

Table 6 Setting of the attention modules in the ablation study

Attention gate Multiscale attention

Method module module
Net_attenion_1

Net_attenion_2 4

Net_attenion_3 4
Net_attenion_4 v v

Table 7 Results of ablation study for the attention modules

intraoperative segmentation tasks but also to other medical
image segmentation tasks, such as skin lesion segmentation
involving multiscale targets.

However, some limitations should be acknowledged
regarding this study. First, to enhance the learning
efficiency of features between the encoder and decoder,
we embedded attention gate mechanisms in the skip
connections to suppress irrelevant regions while
emphasizing salient features beneficial for segmentation
tasks. Despite this, the main features transmitted through
skip connections differ between shallow and deep networks:
shallow skip connections primarily convey high-resolution
low-level features, while deep skip connections transmit
low-resolution high-level features. These differences
have varying impacts on segmentation tasks. Therefore,
employing the same attention gate mechanism across both
shallow and deep networks may not fully leverage the
unique characteristics of these features. In future work,
designing an attention mechanism that specifically caters
to the characteristics of the features in shallow and deep
networks could be considered to improve liver tumor
segmentation performance.

Second, to capture long-range dependencies, we
introduced the shifted MLP operation during the
simplification of the tokenized MLP network. However,
the shifting was performed only in the height and width
directions. In future work, applying the shifting operation
in multiple directions could be considered to capture more
comprehensive long-range dependencies.

Third, CT images exhibit significant sequential
characteristics, with clear correlations of liver tumor
information between different slices. In future research,
designing networks specifically addressing the sequential
nature of CT data could be considered to further improve
the segmentation efficiency.

Method Dice VOE RVD ASD (mm) MSD (mm) Parameters, n Inference time (ms)
Net_attention_1 0.622 0.42 0.21 411 19.31 1,491,938 29
Net_attention_2 0.689 0.38 0.17 2.11 16.72 1,560,830 43
Net_attention_3 0.652 0.40 0.18 2.92 15.87 1,527,413 39
Net_attention_4 0.721 0.37 0.16 1.88 9.12 1,597,803 56

The best results for each metric are underlined. VOE, volumetric overlap error; RVD, relative volume difference; ASD, average symmetric

surface distance; MSD, maximum surface distance.

© AME Publishing Company.
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Conclusions

"This paper proposes a network based on modified tokenized
MLP and attention mechanism for the efficient CT image-
based segmentation of liver tumors. The proposed network
uses a spatial shift operation to promote information
exchange between different tokens in tokenized MLP
blocks; additionally, it leverages attention gates and
a multiscale attention module to enhance the feature
representation of liver tumors with minimal computational
complexity. The experimental indicated that the proposed
network has the shortest inference time while maintaining
outstanding performance in liver tumor segmentation as
compared to the traditional networks. Notably, the number
of parameters and inference time of our network were only
5.3% and 22.1% those of UNet, respectively. Moreover,
our model could be extended to segmentation tasks of other
pathological tissues and applied in real-time intraoperative
segmentation scenarios. In future work, we will investigate
methods to mitigate the issue of excessive loss of feature
information for small targets during the downsampling
process and endeavor to address the challenge of mining
correlation information between sequential images.
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