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SPECT bone imaging lesion segmentation based on improved U-Net

YU Hong'* , LUO Renze' , CHEN Chunmeng®, LUO Renquan', LI Huadu'
(1. College of Electrical Engineering and Information, Southwest Petroleum University, Chengdu, Sichuan 610500,
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Abstract : In nuclear medicine, single-photon emission computed tomography (SPECT) bone imaging is an
important means to assist physicians in diagnosing diseases. Aiming at the problems of low signal-to-
noise ratio, blurred boundaries, small lesions,and time-consuming manual lesion delineation in bone ima-
ging images,an automatic segmentation algorithm for bone imaging lesions based on improved U-Net
network was proposed. Based on the original convolution block of U-Net, the algorithm adopts a multi-
scale dense connection (MDC) method to improve the extraction ability of small lesion features,and at
the same time solves the problem of gradient disappearance after the network is deepened. Second,to ex-
tract detailed features of lesions,an attention mechanism structure is introduced at dense and skip con-
nections. Finally,in view of the problem that the model is difficult to converge when using a small sample
dataset,the transfer learning method is used to optimize the initial parameters of the model and improve
the generalization ability and segmentation efficiency of the model. In addition,in order to reduce the a-
mount of computation and further improve the segmentation effect, the dataset is cropped and denoised.
At the same time, the processed images are augmented by rotation, mirroring and other methods. The
experimental results show that the improved U-Net's recognition precision and mean intersection-over-
union ratio (mIoU) can reach 0. 7352 and 0. 467 3,respectively,which are better than the current main-
stream segmentation algorithms,and have certain practical application value.
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Fig. 10 Different scale convolution extraction: (a) Single channel 1 X1 convolution module;

(b) Dual channel 3 X3 convolution module; (c¢) Three channel 3 X3 module; (d) Four channel 3 X3 convolution module

#3 AEAZRESRYRITLL
Tab.3 Comparison of the effects of different

multi-scale convolution

Channel number precision mloU t/min
1 0.6597 0.4164 2.151
2 0.5854 0.4153 4.620
3 0.6537 0.426 4 7.629
4 0.6234 0.4292 14. 986

R4 FREFZEBRILL

Tab.4 Comparison of different connection effects

Structure precision mloU
Residual connection 0.6091 0.4057
Dense connection 0.6661 0.4199

S L 4% 5 T DA SR 0 3 O R
AR precision M mIoU AH L3R 2236 5 0 15 , preci-
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x5 FEANHLEEITLL

Tab.5 Structure comparison of attention mechanism

Structure precision mloU
— 0.6537 0.426 4

CA 0.6791 0.4296
CAG 0.6810 0.4321
CAG+CA 0.7148 0.4416

SRR U SR FHRE A B0 Ak B DL R A O g
A R AR R PR BE . TR )RR o R AR
1R 5 B IO 485 4 B [ B AS 3z A7 5 4% Y TR R O 2
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Xof 9 R AE AT AR B

4 R 5RF
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RORXF LG o i kk o3 #1245 R - M (E W& 6. &4
TEFREE K B, et U-Net AV precision,mIoU
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U T SCRFAE o 37— 25 i 5 00 5 R AE Y 3 1

Ye BB X - B S 2022%F H33%
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Tab. 6 Comparison of segmentation effects of each model

Model precision mloU Recall
FCN8s' 0.6102 0.3867 0.5667
U-Net™*] 0.6323 0.4001 0.5517

Deeplab v3 - 0.5930 0.4119 0.5736
Dense_U-Net!?! 0.6531 0.4160 0.546 2
Improved U-Net 0.7352 0.467 3 0.5744
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