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Abstract: To solve the problems of high computing cost and slow model training in vision Transformer
backbone extraction network, and to further improve the performance of Transformer structure in the field
of medical image segmentation, a new lightweight U-architecture medical image segmentation network
named BiUNet was proposed. The input medical image was cut into several blocks, and then the blocks
were fed into the BiFormer based on the dynamic sparse attention mechanism of Bi-level routing. By com-
bining downsampling and BiFormer modules with a specific number of blocks, a multi-level pyramid struc-
ture was constructed to achieve feature extraction. Subsequently, the feature map output from the encoder

was decoded by a multi-level pyramid structure which was constructed by combining the upsampling and
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convolution modules, and pixel-level semantic segmentation was realized. The model achieved 90.2%,
93.7% and 85.6% mloU values as well as 5.55 G Flops and 28. 10 M parameters on the three medical

datasets sequentially. The results show that BiUNet can effectively improve the accuracy of medical

image segmentation with a lightweight effect.

Key words: Bi-level routed attention mechanism; transformer structure; medical image segmentation;

lightweight; U-shaped structure
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Tab.1 Dataset size setting

PIEITE S B e seuEsE Mg
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Tab.2 Comparative results on the ISIC-2018 dataset
sl Acc Precision Recall mloU F,

Attention-UNet 0.954+0.044 0.927+0.123 0.915+0.130 0.855+0.134 0.914+0.113

UNet 0.948+0.063 0.9434+0.112 0.89040.120 0.84440.131 0.90840.104

TransUNet 0.95640.047 0.91840.108 0.95040.073 0.87240.112 0.92740.086

HiFormer 0.95840.033 0.95140.051 0.9244-0.102 0.87940.093 0.93240.062

LeViT-UNet 0.959+0.030 0.949+0.063 0.935+0.082 0.887+0.087 0.938+0.055

DCSA-UNet 0.954-+0.049 0.923+0.108 0.923+0.121 0.855+0.128 0.915+0.098

BiUNet-T 0.953+0.047 0.945+0.107 0.891+0.127 0.846+0.133 0.909+0.104

BiUNet-S 0.962+0.027 0.958+0.048 0.941+0.076 0.902+0.076 0.946+0.047
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Tab.3 Comparative results on the CVC-ClinicDB dataset

LAY Acc Precision Recall mloU F,
Attention-UNet 0.98840.012 0.9164+0.176 0.89940.186 0.8554-0.182 0.90440.177
UNet 0.98940.012 0.922+0.177 0.909£0.178 0.87040.177 0.91440.175
TransUNet 0.990£0.011 0.961£0.042 0.940£0.058 0.905+0.065 0.949+0.038
HiFormer 0.991+0.121 0.945+0.127 0.945+0.126 0.911+0.127 0.945+0.125
LeViT-UNet 0.98940.011 0.91940.138 0.940+0.128 0.88140.136 0.92740.128
DCSA-UNet 0.99140.011 0.95140.125 0.92940.133 0.90040.128 0.93940.126
BiUNet-T 0.990£0.012 0.955+0.042 0.939£0.073 0.900£0.081 0.945-+0.050
BiUNet-S 0.993+0.010 0.969+0.029 0.967+0.031 0.937+0.040 0.967+0.022
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Tab.4 Comparative results on the 2018 Data Science Bowl dataset

s Acc Precision Recall mloU F,
Attention-UNet 0.967+0.030 0.882+0.070 0.9060.088 0.80720.095 0.890=0.060
UNet 0.96940.029 0.91040.064 0.88740.082 0.81640.096 0.89640.060
TransUNet 0.97740.017 0.909£0.062 0.927+0.048 0.850£0.077 0.91740.047
HiFormer 0.977£0.022 0.884+0.136 0.913£0.149 0.831£0.149 0.896+0.139
LeViT-UNet 0.9620.034 0.85920.096 0.90120.100 0.787+0.113 0.87520.080
DCSA-UNet 0.97140.025 0.89740.066 0.91040.069 0.825+0.086 0.901+0.054
BiUNet-T 0.9754+0.018 0.908+0.066 0.916+0.053 0.840+0.083 0.91140.052
BiUNet-S 0.979+0.015 0.922+0.056 0.919+0.072 0.856+0.091 0.919+0.059
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Tab.5 Comparison results of computational overhead of each model

s GFlops/G Param/M
Attention-UNet 103.62 57.16
UNet 41.91 31.04
TransUNet 24.67 93.23
HiFormer 16.06 31.50
LeViT-UNet 20.36 29.84
DCSA-UNet 5.29 2.60

BiUNet-T 3.44 15.1

BiUNet-S 5.55 28.10
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Fig.3 Visual comparison of BiUNet-S and other algorithms’ segmentation results

3 HRAXKI
o T HRER BIUNet [ RN, A SCAE 34

Bl se LicE T 24RO, ARk 6. R T
fiis o RRAREAREE A PR FRIA , B 2018 Data Sci-
ence Bowl & it A cell, ISIC-2018 fij it M skin,
CVC-ClinicDB fific M cve,

# 6 FORFEZEXTBIUNet (520045 R X 1

Tab.6 Comparison of results of the impact of the upsampling layer on BiUNet

Dataset i) Ace
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skin
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CZ-BiUNet 0.991+0.011 0.9564-0.041 0.957+0.050 0.918+0.065 0.956+0.038
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cell CZ-BiUNet 0.976+0.018 0.90040.078 0.923+0.054 0.84040.093 0.910+0.063
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Tab. 7 Comparison of the results of the impact of the loss function on the optimization of BiUNet
Dataset Ji il Acc Precision Recall mloU F,
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DE-BiUNet J& 4§ {ff ] Dice Loss i 2% pF 505
38 S 91 9% pRBUNT BiUNet #4716 46 , 7E skin,
SABIEAE ISR g R, A2 Xmfi
KRB %24 BiUNet-S,

cve, cell

4 & &

N T T L Transformer 3 TR AF HE B
DX 2% B4 1) BBk ARG A e Transformer 254411
TR R )R, AR SCHRE T —N L BiFormer iy

B TS U R B 2 BB B M 4. 5853 R AL
|3 RN R = WAL 1N i I N N 8 R W N = 8
Ay, BT SRR T T o B RE . (HRE SR
R AE DL /N 9 T S AR R PR CNIN A A
DCSAU-Net iYHERE, FIr AITEARGHFFEH, 14k

SEHRAE N = AU A Transformer 43 HIAR
AL, SEIR AT/ T AN SR A1 43 R e

Sk

[1]MAX,NIUY, GUL, etal. Understanding adversarial



454 il

(EVE 5 S NI S 4

2024 45 4 )

attacks on deep learning based medical image analysis
systems[J]. Pattern Recognition, 2021, 110: 107332.

[ 2 INARAYAN V, AWASTHI S, FATIMA N, et al.
Deep learning approaches for human gait recognition: a
review [ C]//2023 International Conference on Artifi-
cial Intelligence and Smart Communication (AISC).
IEEE, 2023: 763-768.

[ 3JHE S, MINN K T, SOLNICA-KREZEL L, et al.
Deeply-supervised density regression for automatic cell
counting in microscopy images [J].
Analysis, 2021, 68: 101892.

[ 4 ]ZHOU S, NIE D, ADELI E, et al. High-resolution

encoder-decoder networks for low-contrast medical

Medical Image

image segmentation[J]. IEEE Transactions on Image
Processing: a Publication of the IEEE Signal Process-
ing Society, 2019.doi: 10. 119/TIP. 2019. 2919937.

[ 5 ] RONNEBERGER O, FISCHER P, BROX T. U-net:
Convolutional networks for biomedical image segmen-
tation[C]//NAVAB N, HORNEGGER J, WELLS W
M, et al. Lecture Notes in Computer Science. Cham:
Springer International Publishing, 2015: 234-241.

[ 6 ] DOSOVITSKIV A, BEYER L, Kolesnikov A, et al.
An image 1s worth 16x16 words: transformers for image
recognition at scale[ EB/OL]. arXiv: 2010. 11929, 2020.

[7]ZHOU 7, RAHMAN SIDDIQUEE M M,
TAJBAKHSH N, et al. Unet+-+ : A nested U-net
architecture for medical image segmentation[ C]//Deep
Learning in Medical Image Analysis and Multimodal
Learning for Clinical Decision Support. Cham: Springer
International Publishing, 2018: 3-11.

[ 8 JHUANG H, LIN L, TONG R, et al. UNet 3+ : a
full-scale connected UNet for medical image segmenta-
tion [C]// ICASSP 2020-2020 IEEE International
Conference on Acoustics, Speech and Signal Process-
ing(ICASSP), 2020: 1055-1059.

[ 9 ]WU H, WANG J, WANG X, et al. Attention aug-
mented ConvNeXt UNet for rectal tumour segmenta-
tion[EB/OL]. http:arxiv. org/abs/2210. 002227v2.

[10] XU Q, MA Z, HE N, et al. DCSAU-Net: a deeper
and more compact split-attention U-Net for medical
image segmentation [J]. Computers in Biology and
Medicine, 2023, 154: 106626.

[11] SCHLEMPER J, OKTAY O, SCHAAP M, et al.
Attention gated networks: Learning to leverage salient
regions in medical images[J]. Medical Image Analy-
sis, 2019, 53: 197-207.

[12]CHENJ, LUY, YUQ, et al. TransUNet: transformers

make strong encoders for medical image segmentation
[EB/OL]. http://arxiv. org/abs/2102. 04306v1.

[13] CAOH, WANG Y, CHENJ, et al. Swin-UNet: Unet-
like pure transformer for medical image segmentation
[C]//European Conference on Computer Vision. Cham:
Springer Nature Switzerland, 2023: 205-218.

[14]ZHANG Y, LIU H, HU Q. TransFuse: fusing trans-
formers and CNNs for medical image segmentation[ C]//
Medical Image Computing and Computer Assisted
Intervention-MICCAT 2021. Cham: Springer Interna-
tional Publishing, 2021: 14-24.

[15]XIE Y, ZHANG J, SHEN C, et al. CoTr: efficiently
bridging CNN and transformer for 3D medical image
segmentation [C]//Medical Image Computing and

Intervention-MICCAI  2021.
Cham: Springer International Publishing, 2021:
171-180.

[16] LIN A, CHEN B, XU J, et al. DS-TransUNet: dual

swin transformer U-net for medical image segmentation

Computer  Assisted

[J]. IEEE Transactions on Instrumentation and Mea-
surement, 2022, 71: 4005615.

[17]YAO C, HU M, ZHAI G, et al. TransClaw U-net:
claw U-net with transformers for medical image seg-
mentation [ EB/OL]. httP//arxiv. org/abs/2017. 0518
8vl.

[18] GRAHAM B, EL-NOUBY A, TOUVRON H, et
al. LeViT: a vision transformer in ConvNet’s clothing
for faster inference [C]// Proceedings of the 1IEEE/
CVF International Conference on Computer Vision,
2021: 12239-12249.

[19]LIU Z, LIN Y, CAO Y, et al. Swin transformer:
hierarchical vision transformer using shifted windows
[C]//Proceedings of the IEEE/CVF international con-
ference on computer vision. 2021: 19992-10002.

[20]ZHU L, WANG X, KE Z, et al. BiFormer: vision
transformer with bi-level routing attention [C]//Pro-
ceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. 2023: 10323-10333.

[21] XU G, WU X, ZHANG X, et al. LeViT-UNet:
make faster encoders with transformer for medical
image segmentation EB/OL]. http://arxiv. org/abs/
2019. 08623v1.

[22] HEIDARI M, KAZEROUNI A, SOLTANY M, et al.
HiFormer: hierarchical multi-scale representations using
transformers for medical image segmentation|[ C]//Pro-
ceedings of the TEEE/CVF Winter Conference on
Applications of Computer Vision. 2023: 6191-6201.



