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Neural Network for Parpameter Estimation of Intravoxel Incoherent Motion Based

on Sparse Coding

ZHENG Tianshu', YAN Guohui’, YE Chuyang’, WU Dan'

(1. College of Biomedical Engineering &. Instrument Science, Zhejiang University, Hangzhou 310027, China; 2. Department of
Radiology, Women’s Hospital, Zhejiang University School of Medicine, Hangzhou 310003, China;3. School of Integrated Circuits
and Electronics, Beijing Institute of Technology, Beijing 100081, China)

Abstract: Diffusion magnetic resonance imaging (dMRI) is an important medical imaging tool for the non-
invasive detection of microstructures in biological tissues. Among others, intravoxel incoherent motion
(IVIM) is a widely used dMRI model to separate diffusion and microvascular perfusion. Conventional
methods to resolve IVIM parameters rely on fitting a biexponential model from multi-6-value dMRI data
(typically =10 b-values), which requires a relatively long acquisition time. Such an acquisition is challenging
for IVIM imaging of the body, such as placental IVIM, which is strongly influenced by both fetal and
maternal motions. Deep learning models can accelerate the dMRI acquisition using a subset of the g-space

data. However, common deep learning based on convolutional neural networks is not relevant to biophysical

B LB 1R R BN E bR R A A E L 52018 YFE0114600); 8 5 [ 4R Bl 2% % 4 (61801424, 81971606,
82122032); WL BHELJT % B3t H (202006140, 2022C03057).
I 5 B #1: 2022-05-08; 1817 H #1: 2022-07-06



748 R EB L Journal of Data Acquisition and Processing Vol. 37, No. 4, 2022

models and, therefore, the outputs of the network are difficult to interpret. Here, this work combines sparse
coding with deep learning to develop a sparse coding based deep neural network for the IVIM parameter
estimation that takes advantage of the feature representation of deep networks while incorporating a potential
bi-exponential model to estimate the microcirculation parameters of the placenta. Compared with other
algorithms, the proposed algorithm demonstrates advantages in accuracy and generalizability .

Key words: intravoxel incoherent motion (IVIM); deep learning; sparse coding; g-space acceleration;

parameter estimation
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Table 3 Mean squared errors of IVIM parameter estimation using different numbers of b-values and differ-
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