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Medical image segmentation plays a crucial role in clinical diagnosis and therapy systems, yet still
faces many challenges. Building on convolutional neural networks (CNNs), medical image seg-
mentation has achieved tremendous progress. However, owing to the locality of convolution
operations, CNNs have the inherent limitation in learning global context. To address the limi-
tation in building global context relationship from CNNs, we propose LGNet, a semantic seg-
mentation network aiming to learn local and global features for fast and accurate medical image
segmentation in this paper. Specifically, we employ a two-branch architecture consisting of
convolution layers in one branch to learn local features and transformer layers in the other branch
to learn global features. LGNet has two key insights: (1) We bridge two-branch to learn local and
global features in an interactive way; (2) we present a novel multi-feature fusion model (MSFFM)
to leverage the global contexture information from transformer and the local representational
features from convolutions. Our method achieves state-of-the-art trade-off in terms of accuracy
and efficiency on several medical image segmentation benchmarks including Synapse, ACDC and
MOST. Specifically, LGNet achieves the state-of-the-art performance with Dice’s indexes of
80.15% on Synapse, of 91.70% on ACDC, and of 95.56% on MOST. Meanwhile, the inference
speed attains at 172 frames per second with 224 x 224 input resolution. The extensive experi-
ments demonstrate the effectiveness of the proposed LGNet for fast and accurate for medical
image segmentation.
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1. Introduction

Image segmentation plays an important role in
medical image analysis. Particularly, it is widely
used for quantified analysis of anatomical structure
in clinical diagnosis.! With the development of
deep learning technology, convolutional neural
networks (CNNs) have made substantial progress in
medical image segmentation, especially fully con-
volutional networks (FCNs)? and its variants,
like U-Net,* DeepLab,* which has become the de-
facto choice. Based on these approaches, much
progress has been achieved in medical applications
such as vessel segmentation for thoracic CT,’
cardiac segmentation for MRI,® and lymph node
segmentation.”

Although such FCN-based methods have excep-
tional representational power, their capability to
capture explicit global context and long-range de-
pendencies is limited due to the local receptive fields
of convolution operation.® Such limitations in cap-
ture multi-scale contextual information result in
sub-optimal segmentation of structures with vari-
able shapes and scales (e.g., pathological lymph
nodes with various sizes”). Previous works have
been tried to migrate this issue by using dilated
convolution in DeepLab,* feature pyramid pooling
in PSPNet,” self-attention mechanisms in Attention
U-Net'? etc. However, there, studies still cannot
fully extract global contexture features in the task
of medical image segmentation.

Transformer-based models'!'? were proposed for
sequence-to-sequence modeling in nature language
processing (NLP) domain, and have achieved state-
of-the-art results in various tasks. The self-attention
mechanism in the transformers enables them to
learn its long-range dependencies and build global
relations between sequences. Recently, several
attempts have been made by the introduction of
Vision Transformer'® into the field of computer vi-
sion, and they have achieved state-of-the-art
benchmarks in the task of image classification.
Later, more works have been proposed based
transformer for semantic segmentation such as
SETR,'* Swin Transformer,'” TransUNet,® Swin-
UNet,'® DS-TransUNet,'” TransFuse,'® VOLO,"
and UNETR? etc. However, such transformer-
based methods suffer from extreme computational
and spatial complexities to model the log-range
dependency on the extracted feature maps, which

impede them to apply in real-time clinical diagnosis
such as radiotherapy.

The main contributions are summarized as
follows:

¢ A novel two-branch network is proposed to bridge
convolutional neural network and transformer for
fast medical image segmentation.

e We present a new multi-feature fusion block to
leverage the contexture information from trans-
former and the local representational features
from convolution.

o Extensive experiments demonstrate that our
LGNet achieves competitive performance with
other state-of-the-art methods in terms of accu-
racy and efficiency.

We will discuss and compare image segmentation
architectures, and focus on light-weight real-time
methods with low memory requirements in this
section.

1.1.

State-of-the-art semantic segmentation CNNs usu-
ally adopt two basic architectures: An encoder—
decoder architecture and two or multiple branches
architecture. Figure 1 illustrates these two archi-
tectures and their variants.

The initial representational work based on the
encoder—decoder structure begins from U-Net® and
SegNet.”! The encoder extracts contextual infor-
mation with a stack of coevolution and pooling
operations, while the decoder recovers the spatial
details from low-resolution features to conduct
dense prediction with interpolation or transpose
convolution. Some works try to improve the seg-
mentation performance by introducing dilated
convolution module,* self-attention mechanism,'’
pyramid pooling module,” and so on. However, most
of them ignore the inference time, which impedes
their applications. Inspired by the work of efficient
image classification, such as SqueezeNet,>> Mobile-
Net,?? and ShuffleNet,>* some works are conducted
for real-time semantic segmentation adopted by
encoder—decoder architectures, like ENet,”> LED-
Net,?® ESPNet, ESPNetv2, ERFNet,?” etc. More
recently, two/multi-branches architecture are in-
troduced for fast semantic segmentation, like BiSe-
Net,?%?? Fast-SCNN,** ContextNet,*! DABNet,*?

Fast segmentation architecture
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(a)

Schematic comparison of our LGNet (Right) with encoder—decoder and two-branch (and its variant) architectures.

Fig. 1.

CABiNet,** DDRNet,** ICNet,* etc. The one deep
branch learns global context information with
downsampled features, while the other shallow
branch is used to learn local features, like bound-
aries and texture, at relative high resolution.

Although much progress has been achieved, how
to better address the accuracy and efficiency
remains challenging for these state-of-the-art
sematic segmentation methods, in which the core is
how to learn more distinctive features in a fast way.
Inspired by two-branch methods, we re-design a
new type of architecture, taking both of the low-
level details from one branch with convolution-
based operations and high-level semantics infor-
mation with transformer-based operations into
consideration. Meanwhile, we take an iterative way
to communicate the features from both branches,
resulting in high accuracy without losing its
efficiency.

1.2,

In recent years, multi-scale context information has
proven to be a key factor to improve the segmenta-
tion performance.”**3¢ Atrous Spatial Pyramid
Pooling (ASPP)? extracts multi-scale context infor-
mation by a parallel atrous convolution layers with
different rates. DenseASPP?7 is proposed to concat-
enate a set of atrous-convolved features from atrous
convolutional layers in a dense way. Due to the
complex computation, Pyramid Pooling Moudle
(PPM) is proposed in PSPNet” to exploit the global
context information on multi-scale features. PPM
variants are adopted in many fast segmentation
architectures such as Fast-SCNN,** ICNet,*

Moulti-scale feature fusion module

(b)

DDRNet?* etc. All these methods rely on convolu-
tion operations to extract multi-scale context infor-
mation, which is limited to the local reception field of
convolution kernels. In this paper, we strengthen the
PPM module with integration of the multi-scale
features from convolution layers and transformer
layers, which aims to improve the segmentation ac-
curacy without the sacrifice of inference speed.

In this paper, we attempt to leverage the power
of convolutions in local feature learning and trans-
formers in global feature learning by introducing a
novel architecture to do highly efficient semantic
segmentation. Specifically, we re-design a two-
branch segmentation architecture by integration
with convolution blocks and transformer blocks in
an interactive way, named as Local and global
feature learning network (LGNet). The global
representations from transformer blocks are merged
into convolution blocks. Meanwhile, the extracted
features from convolution are integrated with
transformer blocks. Owing to this novel two-branch
parallel feature learning architecture, the efficiency
of segmentation is competitive with other state-
of-the-art fast segmentation convolution-based
methods. Extensive experiments have validated the
segmentation performance of the proposed
LGNet on three datasets. Furthermore, we investi-
gate the speed and parameters of LGNet, and
demonstrate the competitive performance in com-
parison to other fast segmentation convolution-
based methods. To the best of our knowledge, we
are the first to propose a bilateral network by in-
tegration features from transformer and convolu-
tion block for fast semantic segmentation in medical
image analysis.
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2. Materials and Methods

2.1. Datasets: Synapse, ACDC and
MOST

Synapse multi-organ segmentation dataset
(Synapse™): This dataset includes 30 abdominal
CT scans from MICCAI 2015 Multi-Atlas Abdomen
Labeling Challenge, having 3779 axial contrast-en-
hanced abdominal clinical CT images in total. Fol-
lowing the splitting way in Ref. 8, we use 18 cases
for network training and the other 12 cases for
validation. We evaluated the performance with the
average dice similarity coefficient (DSC) and the
average Hausdorff distance (HD) of each volume on
eight abdominal organs, which are aorta, gallblad-
der (Gall), left kidney (KidL), right kidney (KidR),
liver, pancreas (Panc), spleen, and stomach (Stom),
respectively.

Automated cardiac diagnosis challenge
dataset (ACDCP): The automated cardiac diag-
nosis challenge (ACDC) dataset is collected from
150 patients using cine-MR scanners, splitting into
100 volumes with human annotations and the other
50 volumes which are private for the evaluation
purpose. Here, we split the 100 annotated volumes
into 80 training samples and 20 testing samples.
Each volume is annotated with ground truth for left
ventricle (LV), right ventricle (RV) and myocardi-
um (MYO).

Micro-optical sectioning tomography
(MOST): The MOST dataset is provided from

—p ConvBN+ReLU+ e Feature Sum
(Down/Upsample)

ep Feature Skip — Transformer

Huazhong University of Science and Technology,*?
which includes part of mouse brain with micro-op-
tical sectioning tomography. The voxel size of the
dataset is 0.35 x 0.35 x 1 um. The size of a repre-
sentative image stack is 512 x 512 x 1200 with the
human annotations for both soma and vessels
within the stack. Here, we randomly split the
dataset into training and test set, which consists of
1100 and 100 images with the same resolution.

2.2,

LGNet is designed to learn more representational
features from convolution and transformer layers
for medical image segmentation. The architecture of
the proposed architecture is shown in Fig. 2. The
LGNet has two parallel deep branches. One branch
is composed by a series of convolution blocks with
the same relatively high-resolution feature maps,
which learns local recreational features like bound-
aries and shapes. The other branch includes three
transformer blocks with downsampling operations,
which is used to extract rich global contextual in-
formation based on self-attention mechanism. The
feature maps from convolution and transformer
blocks are fused by multiple bilateral connections in
an interactive way. Besides, we propose a novel
multi-scale feature fusion module named MSFFM
(shown in the third row in Fig. 2) which increases
contexture information from transformer and local
detail information from convolutions.

Network architecture

Fig. 2.
block from top to down.

ahttps://www.synapse.org/#!Synapse:syn3193805 /wiki/217789.
bhttps://www.creatis.insa-lyon.fr/Challenge/acdc/.

Architecture of LGNet: CNN blocks (colored in blue), transformer blocks (color in orange) and multi-feature fuse (MSFF')
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Fig. 3. The diagram of MSFFM, features from transformer
colored in orange and features from convolution colored in blue.

CNNs as high-resolution local
features extractor

In Fig. 2, we design a stacks of convolution blocks to
extract relatively high-resolution features in one
branch which colored in blue. The first block is used
to learn high-resolution features with setting the
stride two of 3 x 3 convolution kernel considering to
trade-off the efficiency and accuracy. The other
blocks consist of convolutions to extract features
with the size of 1/4 resolution.

Transformer as long-range
relation catcher

Transformer-based module is aimed at capturing
the global and long-range context for image seg-
mentation. In contrast to conventional convolution-
based two-branch architectures, one branch of
LGNet, colored in orange in Fig. 2, is taken as the
variant of transformer, named “Outlooker” initially
proposed in Ref. 19, to build long-range relation-
ship. The Outlooker module consists of an outlook
attention layer for encoding spatial finer-level fea-
tures and a multi-layer perceptron for inter-channel
information interaction. It can be written as follows:

X = OutlookAtt(LN(X)) + X, (1)
Z = MLP(LN(X)) + X (2)

Here, X denotes the input token representations
and LN refers to LayerNorm.**

Moulti-scale feature fusion module

Earlier works on object detection®*” and segmen-

tation®” have shown their effectiveness via the fu-
sion of multi-scale features. However, it is not
known whether the segmentation performance
could be further improved by integration of the
features from convolution layers and transformer
layers. We thus present a novel multi-scale fusion
module, named MSFFM. Figure 3 shows the detail
of the proposed MSFFM. For the low-resolution
feature maps, we use a linear bottleneck®' and in-
terpolation operation, which obtain the same di-
mension and resolution feature maps, comparing to
the previous outputting. For example, feature maps
of 1/32 input image resolution will have the same
dimension of feature maps after linear bottleneck,
and have the same size after upsampling.

3. Results and Discussion
3.1.

We run all experiments based on Python 3.8,
PyTorch 1.8.0 and Ubuntu 18.04.1 LTS. For all
training samples, we apply augmentation strategies
such as random flipping and rotations to increase
data diversity. All trainings are performed on ima-
ges size of 224x224 by using a Nvidia 3090 GPU
with 24GB memory. For all models are trained by
Adam optimizer with learning rate le-5 and weight
decay of le-4. The cross entropy and Dice loss are
used as objective function. We set batch size of 8,
and the training epochs are set as 350 and 400 for
Synapse and ACDC dataset, respectively. Follow-
ing Ref. 8, all 3D volume datasets are trained by
slice and the predicted 2D slice are stacked together
to build 3D prediction for evaluation.

Implementation details

3.2. Speed and accuracy comparisons
on synapse dataset

The results in Table 1 demonstrate that our LGNet
achieves the competitive results between accuracy
and efficiency. Specifically, comparing to the con-
volution-based light-weight fast segmentation
methods, such as ENet and Fast-SCNN, our LGNet
achieves the state-of-the-art performance in terms
of mean DSC and HD. In addition, the inference
speed of our methods, which is 172 slice per second,
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Table 1. Accuracy and speed comparison on Synapse dataset (average DSC % and average HD in mm and DSC % for each organ).
Methods DSCT HD| Aorta Gall KidLL KidR Liver Pancreas Spleen Stom Params(M) FLOPs(M) FPS
CGNet 75.08 2499 83.48 65.32 7791 72.04 91.92 57.37 85.47 67.15 0.49 0.66 124
ContextNet4 71.17 36.41 79.92 51.17 7758 72.04 91.74  43.78 86.65 66.51 0.87 0.16 280
DABNet*3 7491 26.39 85.01 56.89 77.84 7245 93.05 54.39 88.23 T71.45 0.75 0.99 221
EDANet* 75.43 29.31 84.35 62.31 76.16 71.65 93.20 53.19 85.47 77.12 0.69 0.85 213
ENet 4 77.63 31.83 85.13 64.91 81.10 77.26 93.37 57.83 87.03 74.41 0.36 0.50 141
FPENet* 68.67 42.39 7898 56.35 74.54 64.36 90.86  40.60 78.30  65.35 0.11 0.14 160
FSSNet 4 74.59 35.16 82.87 64.06 78.03 69.63 92.52  53.10 85.65  70.86 0.17 0.33 213
SQNet*3 73.76 40.29 83.55 61.17 76.87 69.40 91.53  56.55 85.82 65.24 16.25 18.47 241
FastSCNN4  70.53 32.79 77.79 55.96 73.61 67.38 91.68  44.54 84.51 68.76 1.14 0.16 292
LGNet 80.15 21.21 88.06 66.48 83.98 81.57 94.00 59.99 90.90 76.21 3.06 3.27 172

is more competitive comparing with CGNet, ENet,
and FPENet on Synapse dataset. In summary, our
LGNet can have better trade-off in terms of the seg-
mentation accuracy and the prediction efficiency.

Comparisons with state-of-the-art results

We also conduct experiments on Synapse dataset to
demonstrate the capacity of our LGNet by com-
paring to state-of-the-art offline models, such as
U-Net? and TransUnet.® The experimental results
are presented in Table 2. We can see that our
method achieves the best performance of DSC with
segmentation accuracy of 80.15% and the competi-
tive performance of HD with 21.21 mm. Compared
with convolution-based methods like R50 Att-UNet
and Deeplabv3+, our method improves the perfor-
mance of DSC with 4.58% and 4.42%, and the per-
formance of HD with 15.76mm and 5.72mm,
respectively. Compared with the methods with

transformer-based or integration of convolution-
and transformer-based, like Swin-Unet, or Trans-
UNet and LeViT-UNet,** LGNet could improve the
DSC again, while keep the HD in the competitive
result. It is noteworthy that our method without
any pre-train, yet the Swin-Unet, TransUNet and
LeViT-UNet are pretrained on ImageNet dataset to
initialize the model parameters.

The qualitative comparing three different
methods (TransUNet, UNet, and DeepLabv3+)
on the Synapse dataset is demonstrated in Fig. 4.
We can see that the other three methods are more
likely to under-segment or over segment the
organs, for example, the stomach is under-seg-
mented by TransUNet (as indicated by the red
arrow in the middle of the third row), and over-
segmented by UNet (as indicated by the red arrow
in the fourth panel of the second row). Moreover,
results in the second row demonstrate that our
LGNet outputs are relatively better than those

Table 2. Comparison on the Synapse abdominal CT dataset (average DSC% and average HD in mm, and DSC% for each organ).
Methods DSCT HD| Aorta Gall KidL KidR Liver Pancreas Spleen Stom
V-Net® 68.81 — 75.34 51.87 77.10 80.75 87.84 40.05 80.56 56.98
DARR® 69.77 — 74.74 53.77 72.31 73.24 94.08 54.18 89.90 45.96
U-Net'® 76.85 39.70 89.07 69.72 .77 68.60 93.43 53.98 86.67 75.58
R50 U-Net® 74.68 36.87 87.74 63.66 80.60 78.19 93.74 56.90 85.87 74.16
R50 Att-UNet® 75.57 36.97 55.92 63.91 79.20 72.71 93.56 49.37 87.19 74.95
Att-Unet'© .77 36.02 89.55 68.88 77.98 71.11 93.57 58.04 87.30 75.75
R50-Deeplabv3+ 75.73 26.93 86.18 60.42 81.18 75.27 92.86 51.06 88.69 70.19
TransUNet® 77.48 31.69 87.23 63.13 81.87 77.02 94.08 55.86 85.08 75.62
SwinUNet!° 79.13 21.55 85.47 66.53 83.28 79.61 94.29 56.58 90.66 76.60
LeVit-Unet-128s4 73.69 23.92 86.45 66.13 79.32 73.56 91.85 49.25 79.29 63.70
LeVit-Unet-1924 74.67 18.86 85.69 57.37 79.08 75.90 92.05 53.53 83.11 70.61
LeVit-Unet-3844 78.53 16.84 87.33 62.23 84.61 80.25 93.11 59.07 88.86 72.76
LGNet 80.15 21.21 88.06 66.48 83.98 81.57 94.00 59.99 90.90 76.21
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Fig. 4. Qualitative comparison of various methods by visualization From Left to right: Ground Truth, LGNet, TransUNet, UNet,
and DeepLabv3+.

from other methods, which indicates that our
method has more advantageous in object seg-
mentation prediction.

Ablation study

We perform two kinds of ablation studies to eval-

architecture and validate performance of the pro-
posed MSFFM.

Effect of the interaction between convolu-
tion block and transformer block: We exploit
the influence of interaction by skip-connections be-
tween convolution block and transformer block. As
is shown in Table 3, we can find that the DSC is

uate effectiveness of the proposed LGNet  boosted to 2.77%, and the HD is improved 7.34 mm
Table 3. Comparison the effectiveness of the interaction of the feature maps from convolution block and transformer block (%).
Methods DSCT HD| Aorta Gallbladder Kidney (L) Kidney (R) Liver Pancreas Spleen Stomach
LGNet 80.15 21.21 88.06 66.48 83.98 81.57 94.00 59.99 90.90 76.21
LGNet-No-Skip ~ 77.38  28.55  88.53 61.09 79.28 75.37 94.08 57.90 90.66 72.13
Table 4. Ablation study w/o MSFFM (%).

Methods DSCT HD| Aorta Gall Kid., KidR Liver Pancreas Spleen Stom

LGNet 80.15 21.21 88.06 66.48 83.98 81.57 94.00 59.99 90.90 76.21

LGNet-No-MSFFM  79.97 23.67 89.28 71.91 83.14 77.61 93.70 61.27 89.43  76.83

Table 5.

Comparison the effectiveness of the feature maps from convolution block and transformer block for the MSFFM (%).

Here, the LGNet-MSFFM-Trans means the feature maps to the MSFFM block are from transformer blocks. The LGNet-MSFFM-
Convs represents the feature maps to the MSFFM are from convolution layer.

Methods DSCT HD| Aorta Gall KidL KidR Liver Pancreas Spleen Stom
LGNet 80.15 21.21 88.06 66.48 83.98 81.57 94.00 59.99 90.90 76.21
LGNet-MSFFM-Trans 76.06 16.17 83.71 58.43 81.82 78.87 92.54 52.56 88.07 72.48
LGNet-MSFFM-Convs 79.59 24.25 88.49 66.98 82.22 79.96 93.48 60.62 89.72 75.24
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Table 6. Comparison of different methods on the ACDC
dataset (%).

Methods Dice RV MYO LV

R50-UNet® 87.55 87.10 80.63 94.92
R50-Att-UNet® 86.55 87.58 79.20 93.47
R50-ViT'® 87.57 86.07 81.88 94.75
TransUnet® 89.71 88.86 84.53 95.73
SwinUNet'° 90.00 88.55 85.62 95.83
LeViT-UNet-128s45 89.39 88.16 86.97 93.05
LeViT-UNet-19245 90.08 88.86 87.50 93.87
LeViT-UNet-38445 90.32 89.55 87.64 93.76
LGNet 91.70 91.48  89.12 94.51

Table 7. Segmentation performance of different methods on
the MOST dataset.

by introducing the interactive mechanism between
the two branches, which indicates that it is benefi-
cial for segmentation by integration the local and
global features from convolution layer and trans-
former layer.

Effect of the MSFFM: We compare the per-
formance when the MSFFM is employed or not.
The results can be found in Table 4, where we can
see that the MSFFM could improve the whole per-
formance in terms of mean DSC and HD. Specially,
it leads to a performance boost of 0.18% DSC and
2.46 mm HD, respectively.

Effect of the feature maps from trans-
former and convolution layer: We also compare
the effectiveness of the feature maps from convolu-
tion block and transformer block for the
MSFFM. As we can see in Table 5, the features from
three transformer blocks are benefit for improving
the HD index. However, inputting the feature maps
from the convolution layer will improve the DSC
index 3.53% comparing to features from the trans-

Experiment results on ACDC dataset

Here, we train our model on ACDC dataset for
automatic cardiac segmentation in order to dem-
onstrate the generalization ability of the proposed
LGNet. Comparing with the Transformer-based
TransUNet, SwinUnet, and
LeViT-UNet, we can see that our proposed LGNet
achieved the state-of-the-art results in terms of DSC
in Table 6, which are similar to the previous results

Models Object  Precision  Recall Dice FPS
UNet Vessel 89.75 95.29  92.35 73

Soma 99.46 9444  96.87
SegNet Vessel 80.87 83.71 821 66  former blocks.

Soma 98.2 93.24  95.63
FastSCNN Vessel 69.87 71.59 70.69 232

Soma 83.23 76.03  79.46
ENet Vessel 67.85 84.06  74.96 96

Soma 90.71 86.03  88.3
CGNet Vessel 72.02 71.48 71.72 92

Soma 82.9 77.67  80.19
ContextNet Vessel 74.85 72.85 73.79 212

Soma 87.12 78.38 825 methods, such as
DABNet Vessel 71.92 72.38  72.13 159

Soma 83.1 77.33  80.1
LGNet-Ours  Vessel 91.07 82.11 86.26 135

Soma 99.72 91.77  95.56

on the Synapse dataset.

Fig. 5. Visualization of human annotations and prediction results. The first column to the fifth column is original testing images,

human annotations, the prediction results from LGNet, ENet, and ContextNet, respectively.
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Experiment results on MOST dataset

We also validate our method in the MOST dataset in
order to show the generalization on the various mo-
dality images. In Table 7, we can see that our LGNet
could achieve the competitive results comparing with
the SegNet, yet, the inference speed is more than two
times faster. Comparing to the light-weight methods,
such as FastSCNN, ENet, CGNet, ContextNet, and
DABNet, our method could get the best performance
in terms of Precision, Recall and Dice with the com-
petitive prediction speed. For example, our LGNet
improves the Dice performance about 15.7% and
16.1% for vessel and soma segmentation, respective-
ly. Overall, our method could better trade off the
accuracy and efficiency of MOST dataset.

The qualitative comparing of three different
methods (LGNet, ENet, and ContextNet) on the
MOST 2D dataset is demonstrated in Fig. 5. We
can see that the other two methods are more likely
to under-segment or over-segment for the soma or
vessel, for example, the results which are indicated
by the red ellipse in the first and second rows.

4. Conclusion

In this paper, we present a two-branch network
named as LGNet, which makes use of both advan-
tage from convolution for local information learning
and from transformer for long-range relationship
extraction. We show that it is effective to improve
the performance by interaction with the feature
maps from CNN and transformer layers. Extensive
experiments for medical image segmentation indi-
cate that LGNet outperforms CNN-based and
transformer-based methods in terms of accuracy.
Meanwhile, the proposed LGNet achieves competi-
tive trade-off between efficiency and accuracy when
comparing to existing real-time segmentation net-
works. We expect our methods can be beneficial to
other vision applications, like object detection.

Conflicts of Interest

We confirm that there are no known conflicts of
interest associated with this publication and there
has been no significant financial support for this
work that could have influenced its outcome.

Acknowledgments

This work was supported by the Open-Fund of
WNLO (Grant No. 2018 WNLOKF027) and the
Hubei Key Laboratory of Intelligent Robot in
Wuhan Institute of Technology (Grant No. HBIRL
202003). We thank the Optical Bioimaging Core
Facility of WNLO-HUST for providing support in
MOST data acquisition.

References

1. G.Xu, J. K. Udupa, Y. Tong et al., “AAR-LN-DQ:
Automatic anatomy recognition based disease
quantification in thoracic lymph node zones via
FDG PET/CT images without nodal delineation,”
Med. Phys. 47(8), 3467-3484 (2020).

2. J. Long, E. Shelhamer, T. Darrell, Fully convolu-
tional networks for semantic segmentation, Proc.
IEEE Conf. Computer Vision and Pattern Recog-
nition, pp. 3431-3440 (2015).

3. O. Ronneberger, P. Fischer, T. Brox, U-Net:
Convolutional networks for biomedical image seg-
mentation, Medical Image Computing and Com-
puter-Assisted Intervention — MICCAI 2015.
Springer, Cham., pp. 234-241 (2015).

4. L. C. Chen, G. Papandreou, I. Kokkinos et al.,
“DeepLab: Semantic image segmentation with deep
convolutional nets, atrous convolution, and fully
connected CRFs,” IEEE Trans. Pattern Anal.
Mach. Intell. 40(4), 834-848 (2018).

5. R. D. Rudyanto, S. Kerkstra, E. M. van Rikxoort
et al., “Comparing algorithms for automated vessel
segmentation in computed tomography scans of
the lung: The VESSEL12 study,” Med. Image Anal.
18(17), 1217-1232 (2014).

6. F. Cheng, C. Chen, Y. Wang et al., Learning di-
rectional feature maps for cardiac MRI segmenta-
tion, Medical Image Computing and Computer
Assisted Intervention — MICCAI 2020. Springer,
Cham. pp. 108-117 (2020).

7. G. Xu, H. Cao, J. K. Udupa et al., “DiSegNet: A
deep dilated convolutional encoder-decoder archi-
tecture for lymph node segmentation on PET/CT
images,” Comput. Med. Imag. Graph. 88, 101851
(2021).

8. J. Chen, Y. Lu, Q. Yu et al., Transunet: Transfor-
mers make strong encoders for medical image seg-
mentation. arXiv:2102.04306 (2021).

9. H. Zhao, J. Shi, X. Qi et al., Pyramid scene parsing
network, Proc. IEEE Conf. Computer Vision and
Pattern Recognition, pp. 2881-2890 (2017).

2243001-9



G. Xu et al.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

O. Oktay, J. Schlemper, L. L. Folgoc et al., Atten-
tion u-net: Learning where to look for the pancreas.
arXiv:1804.03999 (2018).

A. Vaswani, N. Shazeer, N. Parmar et al,
“Attention is all you need,” Adv. Neural Inf. Pro-
cess. Syst. (2017).

J. Devlin, M.-W. Chang, K. Lee et al., “Bert: Pre-
training of deep bidirectional transformers for lan-
guage understanding,” arXiv:1810.04805 (2018).

A. Dosovitskiy, L. Beyer, A. Kolesnikov et al., “An
image is worth 16x16 words: Transformers for image
recognition at scale,” arXiv:2010.11929 (2020).

S. Zheng, J. Lu, H. Zhao et al., Rethinking semantic
segmentation from a sequence-to-sequence perspec-
tive with transformers, Proc. IEEE/CVF Conf.
Computer Vision and Pattern Recognition,
pp. 6881-6890 (2021).

Z. Liu, Y. Lin, Y. Cao et al., Swin transformer:
Hierarchical vision transformer using shifted win-
dows, Proc. IEEE/CVF Int. Conf. Computer Vi-
sion, pp. 10012-10022 (2021).

H. Cao, Y. Wang, J. Chen et al., “Swin-unet: Unet-
like pure transformer for medical image
segmentation,” arXiv:2105.05537 (2021).

A. Lin, B. Chen, J. Xu et al., “DS-TransUNet: Dual
swin transformer U-Net for medical image
segmentation,” arXiv:2106.06716 (2021).

Y. Zhang, H. Liu, Q. Hu, Transfuse: Fusing trans-
formers and cnns for medical image segmentation,
Int. Conf. Medical Image Computing and Computer-
Assisted Intervention, Springer, Cham, pp. 14-24
(2021).

L. Yuan, Q. Hou, Z. Jiang et al., “Volo: Vision
outlooker for visual recognition,” arXiv:2106.13112
(2021).

A. Hatamizadeh, Y. Tang, V. Nath et al., Unetr:
Transformers for 3d medical image segmentation,
Proc. IEEE/CVE Winter Conf. Applications of
Computer Vision, pp. 574-584 (2022).

V. Badrinarayanan, A. Kendall, R. Cipolla, “SegNet:
A deep convolutional encoder-decoder architecture
for image segmentation,” IEEE Trans. Pattern Anal.
Mach. Intell. 39(12), 2481-2495 (2017).

F. N. Iandola, S. Han, M. W. Moskewicz et al.,
“SqueezeNet: AlexNet-level accuracy with 50x fewer
parameters and < 0.5 MB model size,” arXiv:1602.
07360 (2016).

A. G. Howard, M. Zhu, B. Chen et al., “Mobilenets:
Efficient convolutional neural networks for mobile
vision applications,” arXiv:1704.04861 (2017).

X. Zhang, X. Zhou, M. Lin et al., “Shufflenet: An
extremely efficient convolutional neural network for
mobile devices,” Proc. IEEE Conf. Computer Vision
Pattern Recognit. 6848—6856 (2018).

2243001-10

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

A. Paszke, A. Chaurasia, S. Kim et al., “Enet: A
deep neural network architecture for real-time se-
mantic segmentation,” arXiv:1606.02147 (2016).

Y. Wang, Q. Zhou, J. Liu et al., Lednet: A light-
weight encoder—decoder network for real-time se-
mantic segmentation, 2019 IEEE Int. Conf. Image
Processing (ICIP), pp. 18601864 (2019).

E. Romera, J. M. Alvarez, L. M. Bergasa et al.,
“ERFNet: Efficient residual factorized ConvNet for
real-time semantic segmentation,” IEFE Trans.
Intell. Transp. Syst. 19(1), 263-272 (2018).

C. Yu, J. Wang, C. Peng et al., Bisenet: Bilateral
segmentation network for real-time semantic seg-
mentation, Proc. Fur. Conf. Computer Vision
(ECCYV), pp. 325-341 (2018).

C. Yu, C. Gao, J. Wang et al., “Bisenet v2: Bilateral
network with guided aggregation for real-time se-
mantic segmentation,” Int. J. Comput Vis. 129,
3051-3068 (2021).

R. P. Poudel, S. Liwicki, R. Cipolla, “Fast-scnn: Fast
semantic segmentation network,” arXiv:1902.04502
(2019).

R. P. Poudel, U. Bonde, S. Liwicki et al.,
“Contextnet: Exploring context and detail for se-
mantic segmentation in real-time,” arXiv:1805.
04554 (2018).

G. Li, I. Yun, J. Kim et al., “Dabnet: Depth-wise
asymmetric bottleneck for real-time semantic
segmentation,” arXiv:1907.11357 (2019).

M. Y. Yang, S. Kumaar, Y. Lyu et al., “Real-time
semantic segmentation with context aggregation
network,” ISPRS J. Photogramm. Remote Sens.
178(8), 124-134 (2021).

Y. Hong, H. Pan, W. Sun et al., “Deep dual-reso-
lution networks for real-time and accurate semantic
segmentation of road scenes,” arXiv:2101.06085
(2021).

H. Zhao, X. Qi, X. Shen et al., Icnet for real-time
semantic segmentation on high-resolution images,
Proc. Eur. Conf. Computer Vision (ECCV), pp.
405-420 (2018).

L-C. Chen, Y. Zhu, G. Papandreou et al,
Encoder—decoder with atrous separable con-
volution for semantic image segmentation, Proc.
Eur. Conf. Computer Vision (ECCV), pp. 801-818
(2018).

M. Yang, K. Yu, C. Zhang et al., Denseaspp for
semantic segmentation in street scenes, Proc. IEEE
Conf. Computer Vision and Pattern Recognition,
pp. 3684-3692 (2018).

F. Liu, X. Ren, Z. Zhang et al., Rethinking skip
connection with layer normalization, Proc. 28th Int.
Conf. Computational Linguistics, pp. 3586—3598
(2020).



LGNet: Local and global representation learning for fast biomedical image segmentation

39. K. He, X. Zhang, S. Ren et al., “Spatial pyramid IEEE Conf. Computer Vision and Pattern Recog-
pooling in deep convolutional networks for visual nition., pp. 4510-4520 (2018).
recognition,” IEEE Trans. Pattern Anal. Mach. 42. A. Li, H. Gong, B. Zhang et al., “Micro-optical
Intell. 37(9), 1904-1916 (2015). sectioning tomography to obtain a high-resolution
40. T.-Y. Lin, P. Dollar, R. Girshick et al., Feature atlas of the mouse brain,” Science, 330(6009),
pyramid networks for object detection, Proce. IEEE 1404-1408 (2010).
Conf. Computer Vision and Pattern Recognition., 43. G. Xu, X. Wu, X. Zhang et al., “Levit-unet: Make
pp. 2117-2125 (2021). faster encoders with transformer for medical image
41. M. Sandler, A. Howard, M. Zhu et al., Mobilenetv2: segmentation,” arXiv:2107.08623 (2021).

Inverted residuals and linear bottlenecks, Proc.

2243001-11



	LGNet: Local and global representation learning for fast biomedical image segmentation
	1. Introduction
	1.1. Fast segmentation architecture
	1.2. Multi-scale feature fusion module

	2. Materials and Methods
	2.1. Datasets: Synapse, ACDC and MOST
	2.2. Network architecture
	 CNNs as high-resolution local features extractor
	Transformer as long-range relation catcher
	Multi-scale feature fusion module

	3. Results and Discussion
	3.1. Implementation details
	3.2. Speed and accuracy comparisons on synapse dataset
	Comparisons with state-of-the-art results
	Ablation study
	Experiment results on ACDC dataset
	Experiment results on MOST dataset

	4. Conclusion
	Conflicts of Interest
	Acknowledgments
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 900
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages false
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


