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Introduction 
Diffusion weighted imaging (DWI) is always influenced by both thermal noise and spatially and/or temporally varying artifacts such as subject 

motion and cardiac pulsation. Motion artifacts are particularly prevalent, especially when scanning an uncooperative population with several 
disorders [1]. Some motion between acquisitions can be corrected by co-registration approaches. However, automated and accurate motion outlier 
detection of brain DWIs is an integral component of the analysis and interpretation of tensor estimation. Many different and innovative methods have 
been proposed to improve upon this technology [2-5]. In this study, we proposed a classifier work frame which can classify DWIs as normal images or 
motion artifacts. The experimental results based on our DWI database showed that the proposed method can effectively extract the global feature 
from images and achieve better performance in tensor estimation by automatic unvoxel-wise outlier rejection compared with manual and visual 
inspection, and previous voxel-wise outlier rejection methods. The proposed method could potentially remove the influence of unexpected motion 
artifacts in DWI acquisitions and should be applicable to other magnetic resonance imaging. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Material and method 
Forward Neural networks (FNN) method was currently widely used 

in pattern classification since they do not need any information about the 
probability distribution and a priori probabilities of different classes. In 
this study, we chose chaotic particle swarm optimization (PSO) to find the 
optimal parameters of the neural network. 

The detailed flowchart of our proposed algorithm is shown in Fig. 1. 
The procedure contains the following stages: (i). the wavelet transform 
was used to extract features from the original DWI images; (ii). Principal 
component analysis was used to reduce the features; (iii). the FNN was 
employed to construct the classifier; (iv). a Rossler-based chaotic PSO 
method was proposed to train the FNN; (v). the cost matrix was 
determined when the false negative was 10 times larger than false position; 
and (vi). the K-fold cross validation was chosen to avoid over fitting. 

DTI was performed as part of the brain imaging sequences. The FNN 
methodology was applied to 60 series of DWI scans from the subjects. MR 
images were collected with a GE 3.0 Tesla MR scanner system at New 
York State Psychiatry Institute. This unit is equipped with a high strength 
(50 mT/m) and high-speed gradient system (slew rate=200 T/m/s) capable 
of conducting DWI. For DWI acquisitions, a SE–EPI sequence was used, 
with diffusion gradients applied in 15 non-collinear spatial directions and 
3 baseline images with b=1000 s/mm2. The thickness of each slice was 
2.5mm without gap, and about 60 axial slices (256×256 matrix) were 
assigned to cover the entire brain, resulting in a 0.94×0.94 mm2 in-plane 
resolution. The sequence parameters for DWI were: TE was about 70 ms; 
TR=17000ms; FOV=24×24cm2 and the acquisition data matrix =132×128. 

Results and Discussion 
The impact of the damaged data on the initial estimate of the 

diffusion tensor is diluted because of the over sampling of diffusion data 
during acquisition, and tends to be reasonably eliminated in the optimized 
tensor estimation. This method is strong in its ability to perform a direct 
image texture extraction of the entire brain DWI dataset (Fig. 2 and Tab. 
1). The most important contribution of this paper is that the integration of 
FNN and Chaotic PSO methods presented a powerful tool in estimating 
the complex diffusion tensor in DWIs with unavoidable head motion 
artifacts. 
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Figure 2. Single adult DT data: the FA color map calculated without any data rejection (left 

column), and with automated rejection with chaotic PSO-based FNN (right column). 

Figure 1.  Flowchart of our proposed algorithm. 

Table 1.  Confusion matrix of our method (O denotes output, T denotes Target) 
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