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Abstract

In this paper, a novel network architecture is proposed to solve the problem of partial loss of
global information by U-Net in paediatric renogram segmentation. Since the encoder of U-Net re-
duces the spatial resolution of the input image by multiple downsampling, it results in the model
not being able to fully utilise the global contextual information of the image, and the downsam-
pling process loses a large amount of important information. Therefore, the Transformer archi-
tecture is introduced into U-Net’s deep learning of target location information and the relationship

XEFIH: FES FEFEEINSIN LS B E 2 ]. #AE 505 E, 2024, 13(5): 5021-5032.
DOI: 10.12677/mo0s.2024.135454


https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mos.2024.135454
https://doi.org/10.12677/mos.2024.135454
https://www.hanspub.org/

n

between local and global. In addition, the Multiscale Channel and Spatial Attention (MSCA) module
is designed, which incorporates multiscale features to compensate for the information lost in the
network pooling process, and can effectively capture the global context information of the feature
map and suppress the background noise. Finally, using the paediatric nephrogram data collected
from Xinhua Hospital, comparative experiments and ablation experiments were conducted to ver-
ify the effectiveness of the proposed method.
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Figure 1. Network diagram
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Figure 4. Multi-scale channels and spatial attention modules

E 4. ZREBEEMZEFEHER

3. BURSE LRIt

AT AE F S B IR B AT 0 RS2 R 2 e o e B e % B A R AL 9 SR 465 1 18 DICOM 32
i, ZfFEHTEIATE] 700 BE BIEE, JFERERL BT TR R, ' BRI S B S AN N O

DOI: 10.12677/m0s.2024.135454 5025 e RSE TR


https://doi.org/10.12677/mos.2024.135454

n

PERIGZ AN BRI &, RS IX (S BaH K B iR 20 28k, A1 1 /B Rb el — sk K %
KI(3% 60 7K), )1 19 4rohfg 16 B4l — ik AKFEEI (3L 76 7K), Bk NS 3 —£3k 136 KKK, &
BIEE SR I mIVEAE TSR RHE AR 3R 5 N T . R BRI HrizBid 29, BT E—o8 AMEn
T YEDD T A BIA W BT B e e A B, SIS W ORI, IR ERATT 250k T 58— 2 Bl T R £ 14 60 5K
IKFEW . AE40 N bRyl o AR T e 38 B8 = 0 B T RER MK L E, DRI IRATAL IS (74 7 5K &
HHAT — R B RS, 53138 11 5KIK. BEJS, FIFH OpenCV FEXTIX 11 sk BT R (AL 3, 1958 1% 00t
P, DARIT S S bn i A 25 o

Table 1. Modelling each layer of the structure

=1 REAFG—EEH

BBt (3 LI NAR iwiE %

EO 2D & HxW 3532

El 2D B + | H x W—H/2 x W/2 3264

it as
E2 2D B + mAIbL H/2 x W/2—H/4 x W/4 64—128
E3 2D B + Rl H/4 x W/4—H/8 x W/8 128—256
E4 2D B + | H/8 x W/8—H/16 x W/16 256—256
Transformer c1 Transformer Zwfid#s x 3 H/16 x W/16 256

D1 WL MEATHE + 2D HHR H/16 x W/16— H/8 x W/8 256—128
) D2 WEYEAEE + 2D H H/8 x W/8— H/4 x W/4 128—64
i D3 WLEVESRIE + 2D B H/4 x W/4— HI2 x W/2 64—32

D4 2D & H/2 x W/2— H x W 323

Wi 5. B 6 Fras, PRt ab BE 22k K R G A i K FE A5 (0~255) Bl 31| — R AR . XL
(LI 5 MV 5 (U 0 € B AR C )T AR B VR (N 4T L BER 1) . TEON R A B, e vkl o T R
AT R AS [) ¢ AL P e P8 B0 B2 o 0 e ) DX e i A3 A 0 o I 35 82 RO ARR I, T P (R R ) X
S R AR AR o o P B P A RRAE o T AR (R T € o O A BT S MR R R RIRRAE, I HLAE
AT FI AT A I PR TREEEINEE . fla, 7EEREEURAE S, R EAEEE TR E AR
FERIH LR AR, RN A RACE B IE R AL, MR G 5eAAR = B I 5 X .

Figure 5. Kidney map processing effect
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Figure 7. Image pre-processing process
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Table 3. Comparison of the effect of different network segmentation
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Figure 11. Comparison of segmentation effects of different networks
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Figure 12. Comparlson chart of ablation experiments
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