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Target audience: Clinicians, researchers interested in MR data quality. 

Purpose: As automated quantitative MR image analysis is increasingly used as part of the diagnosis process and treatment 
monitoring, an essential question arises: to what extent are these quantitative measures dependent upon image quality? 
Especially those derived from long, high-resolution anatomical scans may suffer from motion being the most significant source of 
image degradations. Rigorous, automated and objective quality assessment is hence of great importance in this context. 
Hereinafter, we describe a new approach that automatically classifies 
image quality during image reconstruction, generalizing recent work1.  

Material & Methods: Data from 764 patient exams were analyzed in 
this study. All images were acquired on a 3T scanner (MAGNETOM 
Skyra, Siemens Healthcare, Erlangen, Germany) equipped with both 
20- and 32-channel head coil arrays using a prototype MPRAGE 
pulse sequence (ADNI-2 protocol2,3, TA=5:12min) . Qualitative ratings 
of image quality were assigned to all data by an experienced reader 
using a three-point scale (good/fair/ unusable).  
The proposed algorithm for image quality assessment is based on the assumption that motion leads to projection of artifactual 
signal intensities into the air background analyzed with a three-step process. First, a noise-only image (fig. 1A) is reconstructed 
with the same pipeline as the 3D magnitude image (fig. 1B). This is achieved using correctly scaled and correlated synthetic 
Gaussian noise as k-space input data4. Scaling and correlation of the noise is determined from a “noise prescan”5. Second, 
relevant background regions (fig. 1C) are extracted from the 3D magnitude image using an atlas-based non-linear registration. 
Finally, the quality index (QI) is computed from the ratio of mean local variances of the signal from the extracted background 

region and from the reference noise. The proposed algorithm was implemented in a 
prototype modification of the scanner image reconstruction software. 
Sensitivity and specificity were derived from high-quality prediction rate and low-
quality prediction rate, respectively. The area under the curve (AUC) of receiver 
operating characteristics (ROC) analysis was used to evaluate the performance of the 
QI. QI cutoff values were determined by equalizing sensitivity and specificity. Analysis 
of variance and multiple-comparison test were performed to detect significant mean 
differences among the three quality groups resulting from QI-based classification. 

Results: When compared to the expert quality ratings, our quality index exhibits good 
prediction performance (AUC=0.89). Trading off sensitivity and specificity at 
approximately equal rates (86.7%) provides a cutoff point of 1.37. ANOVA reveals 
significant differences among the three quality groups (fig. 2).  

Discussion: In this work, a simple method is proposed to automatically measure MR overall image quality by comparing 
statistics of the air background of magnitude image and synthetic reference noise. We evaluated 764 MPRAGE brain scans and 
achieved sensitivity and specificity of 86.7% to classify high- or low-quality scans. The results exhibit very similar performance as 
observed in the previous work1, and prove to predict image quality efficiently and robustly. The main novelty of this work consists 
of measuring reference noise directly in the reconstruction chain. Hence, this measure does not only include the basic noise 
physics of the patient and the hardware, but also includes the way the signal processing chain is dealing with the noise. As such, 
our quality index becomes independent of the actual reconstruction and post-processing implementation which can potentially 
introduce some effects on the noise (e.g. parallel imaging) that were challenging to reliably model with the previous approach1. 
This new method introduces an intrinsic noise model that can therefore be estimated for each individual measurement data set.  

Conclusion: Overall, this new approach could have a great potential in both routine clinical practice and multicenter studies. As 
already integrated as a prototype in the online image reconstruction, it can provide immediate feedback to the MR technologist to 
repeat low-quality scans within the same session.  

References: 1. Mortamet et al. MRM 2009;62:365 2. Blaimer et al. MRM 2006;56:1359 3. http://adni.loni.usc.edu/methods/documents/mri-protocols/ 4. Robson et al. MRM 
2008;60:895 5. Kellman et al. MRM 2005;54:1439.  
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Fig1. Processing outline 
(A) synthetic noise (B) 3D magnitude image (C) background extraction 

Fig2. Multiple comparison of QI means among quality 
groups (p=3.5e-19)  

1

1.1

1.2

1.3

1.4

1.5

1.6

1.7

1.8

UnusableFair QualityGood quality

Q
u

al
ity

 in
d

ex

N=106 N=13N=645  
Vertical bars were computed using multcompare MATLAB function such that 

means are significantly different if they have non-overlapping intervals 
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