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Abstract

Although deep learning image segmentation techniques have achieved good results in medical
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image processing, most of the existing segmentation methods still face great challenges in acquir-
ing the sensory field and extracting the image feature information due to the fact that diuretic
renal dynamic imaging is characterised by significant noise, low contrast, poor image quality, and
unclear boundaries. In order to solve the above problems, this paper proposes a new automatic
renal parenchyma segmentation algorithm, which employs a Swin-Transformer encoder and de-
coder, and combines a feature Enhancement module, a successive dilation convolution module,
and a deep attention module. The spatial pyramid pooling module in the feature Enhancement
module compensates for spatial representations and produces multi-scale representations. Sequen-
tial Expansion Convolution can expand the sensory field by capturing multiscale context aggrega-
tion. The Attention module addresses the semantic gap between encoder and decoder features by
sequentially capturing relationships between multiscale encoder features. The algorithm is ap-
plied to a private diuretic nephrography dataset. The results of simulation experiments show that
the method can significantly improve the performance of renal segmentation compared to other
deep learning segmentation methods.
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Figure 1. General framework of the proposed model
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Figure 2. Swin Transformer block
& 2. Swin Transformer &5k
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Figure 4. Feature enhancement module
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LN o IR EERFALRAE R AR R AN, P IiiE g R E N 4. 28038 ReLU . si[A &A1 Sigmoid,
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EAEHORE N RAE H B J5 — S Y ARPAE AR AE G s i H R RFE N, S RS R R R, 3R
AT T RAFE 55— 2 AVRFAE R 9 B e O ARRAE 20 ) 8 SON R MR, o O TR D IR R i 24, 3R
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Figure 5. Feature fusion module
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Figure 6. Diuretic renogram (raw data on the left, labels on the right)
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1 A T T AR E RSB RF SE iR 5 B SEI S BE R ER I, Bt iR %
FPPA Fa AR AR 2 T AR, feoR T H A i Thal. Bk, %7 &t Dice F1 loU 434057
N 91.53%71 83.29%, Lt Unet f & # 5, Dice Al loU 23 H42 7 1 2.7%1 1.95%. Ith4h, 4755 Dice
AT 1oU 23] Lt TransUnet 215 1 0.92%7#1 0.95%, Recall 4325 1 1.4%. 5 Swin-Unet #LL, 2779719
Dice 1 loU 73 Ail#2 5 T 1.19%M1 1.1%. StAk, fERTARAI, ARI7VERI AR FEbR I e, IXLLs
SR T AT VE S H AR AR LU R AR o

Table 1. Quantitative results on the diuretic renogram dataset

=1 FRBEHEELNEELER

Fik Dice (%) loU (%)  Precision (%)  Recall (%)
Unet 88.83 81.34 87.35 90.64
Att-Unet 89.61 82.15 88.24 92.13
Unet++ 89.26 81.64 88.36 90.96
PSPNet 88.91 81.56 88.84 91.84
DeepLabV3+ 90.11 82.42 91.89 90.15
Swin-Unet 90.34 82.19 91.74 92.34
TransUnet 90.61 82.34 92.14 92.58
Ours (&3 J71E) 91.53 83.29 92.86 93.18
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Figure 7. Visualisation of quantitative results from different methods
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