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Quality Evaluation of No-Reference MR Images Using
Multidirectional Filters and Image Statistics
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Purpose: This study aimed to develop a fully automatic, no-

reference image-quality assessment (IQA) method for MR images.
Methods: New quality-aware features were obtained by apply-

ing multidirectional filters to MR images and examining the
feature statistics. A histogram of these features was then fitted
to a generalized Gaussian distribution function for which the

shape parameters yielded different values depending on the
type of distortion in the MR image. Standard feature statistics
were established through a training process based on high-

quality MR images without distortion. Subsequently, the fea-
ture statistics of a test MR image were calculated and com-

pared with the standards. The quality score was calculated as
the difference between the shape parameters of the test
image and the undistorted standard images.

Results: The proposed IQA method showed a >0.99 correla-
tion with the conventional full-reference assessment methods;

accordingly, this proposed method yielded the best perfor-
mance among no-reference IQA methods for images contain-
ing six types of synthetic, MR-specific distortions. In addition,

for authentically distorted images, the proposed method
yielded the highest correlation with subjective assessments by

human observers, thus demonstrating its superior performance
over other no-reference IQAs.
Conclusion: Our proposed IQA was designed to consider

MR-specific features and outperformed other no-reference
IQAs designed mainly for photographic images. Magn Reson
Med 000:000–000, 2018. VC 2018 International Society for
Magnetic Resonance in Medicine.

Key words: image-quality assessment; feature statistics; no-
reference; multidirectional filters

INTRODUCTION

MRI equipment researchers and manufacturers have
developed various cutting-edge techniques for decreasing
scanning time while improving MR-image quality. Some
of these fast-acquisition techniques and high-quality
image-production methods include non-Cartesian acqui-
sition (1,2), parallel imaging (3,4), compressed sensing
(5,6), synthetic MRI (7), MR fingerprinting (8), motion
artifact correction (9), and denoising techniques (10,11).

Despite these advances, MR-image quality may still
depend on the type of acquisition hardware (12), the
method of acquisition (1–4), the condition of the patient
(9), the scanning time (5,6), the reconstruction algorithm
(13,14), and the postprocessing technique (10,11). As
many factors affect MR-image production, an evaluation
of overall MR image quality is not simple (12–14). Fur-
thermore, it is more difficult to evaluate images of a
patient than phantom images because there are no
ground-truth, or reference, images for comparison. There-
fore, robust and efficient automatic methods for evaluat-
ing MR images without references have elicited
significant interest among MRI manufacturers, research-
ers, and even clinicians.

There are two general approaches to image-quality
assessment (IQA) (15,16): (i) subjective assessment, in
which images are directly evaluated or scored by a
human, and (ii) objective assessment, in which images
are evaluated by calculating several numerical metrics.
Subjective scoring is considered the gold standard for
IQA because human perception is the ultimate image
receiver. Therefore, research aims to ensure that objec-
tive and subjective assessments correlate to the highest
degree possible.

Objective IQA can be further classified into two types:
full-reference and no-reference IQA (17). Full-reference
IQA compares a test image with its ground-truth or refer-
ence image. Numerical metrics such as the mean-square
error (MSE) (18), root-mean-square error (RMSE) (19),
and peak signal-to-noise ratio (PSNR) (20), which are
based on the difference between a reference and test
image, are widely used for full-reference IQA. Recently,
several advanced metrics, such as the structural-
similarity (SSIM) (21) index, feature-similarity index
(FSIM) (22), and multiscale SSIM (23), have been devel-
oped to account for the human visual system in evalua-
tion and thus achieve high correlations with subjective
scoring. However, these metrics are based on comparing
test and reference images and, therefore, cannot be used
for IQA in the absence of a reference image. Because
most MR images do not have corresponding reference
images, no-reference IQA should be used to evaluate MR
images.

Two common types of no-reference IQA methods are
based on the signal-to-noise ratio (SNR) (13) and
contrast-to-noise ratio (CNR) (24). For these techniques,
regions of interest (ROIs) must be manually selected, and
quantities such as averages, differences, and variances of
pixel intensities within these ROIs must be calculated to
obtain the SNR or CNR. Therefore, the SNR or CNR val-
ues may vary depending on the locations and sizes of
the ROIs.
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Several efforts have been made to calculate the SNR
and evaluate structural MR images without requiring the
manual selection of ROIs (25–27). For example, Morta-
met et al used signal-void background data of MR images
because the MRI background typically occupies up to
40% of the entire image and may contain various arti-
facts that can be analyzed efficiently (25). The feasibility
of the background-based evaluation approach has been
successfully demonstrated, and this method will hereaf-
ter be referred to as Mortamet’s method. However, not all
MR images have sufficient background areas to allow a
robust analysis of the SNR and various distortions. Fur-
thermore, a background analysis cannot be guaranteed to
represent the entire image.

Over the past 20 years, the field of photographic imag-
ing has established the concept of image statistics (28).
According to this concept, the spectra of photographic
images have statistically classifiable regularity. These
statistics can be used to analyze regularity (29) in certain
domains, such as Fourier or wavelet domains. For exam-
ple, the power spectra of spatial images have a func-
tional form inversely proportional to f g, where f is the
frequency and g varies depending on distortion (30), and
the histogram of wavelet coefficients can be fitted to a
generalized Gaussian distribution function (GGD) (31).
When an image is distorted (i.e., noise or blur is added),
the histogram of the wavelet coefficients is fitted to a dif-
ferently shaped GGD function. The statistical difference
between the fitted Gaussian functions of the undistorted
and distorted images can be used for image statistics-
based IQA methods such as DIIVINE (31), BLINDS-II
(32), and BRISQUE (30) in the wavelet, discrete cosine
transform, and spatial domains, respectively.

These methods can be used successfully for IQA; how-
ever, their machine-learning statistical regression algo-
rithms require a large database of distorted images with
human-rated subjective scores, which can be an obstacle
to practical applications. To remedy this problem, the
natural image-quality index (NIQE) method (33), which
does not require a database of human-rated images, was
recently developed. Although some statistics-based IQA
schemes have been used to evaluate synthetically dis-
torted MR images, such as those with white Gaussian
noise and JPEG compression (26,27), these methods do
not consider directional MRI distortions such as motion
and aliasing artifacts. Thus, it is important to establish a
new statistics-based IQA that could consider directional
distortions of MR images.

In this study, we propose a new MRI-specific, no-
reference IQA method, the quality evaluation using mul-
tidirectional filters for MRI (QEMDIM). This method uses
multidirectional filters to capture MR-specific feature sta-
tistics. Multidirectional filters can better characterize the
quality-aware features of MR images, compared with con-
ventional image statistics-based methods. To evaluate our
proposed method, six common distortions in MRI—
Gaussian noise, Rician noise (34), motion artifacts, alias-
ing artifacts caused by insufficient data acquisition in
phase-encoding direction coverage in k-space, streak arti-
facts caused by radial undersampling, and partial-volume
artifacts due to low-resolution acquisition—were synthet-
ically introduced into in vivo MR images. The IQA

results obtained with the QEMDIM method were then

compared with those obtained with full-reference IQAs

(RMSE and SSIM), as well as with the conventional no-

reference IQA methods (Mortamet’s method and NIQE).

Furthermore, the subjective-scoring results of various in

vivo images (i.e., mean opinion scores; MOSs) (35) were

compared with those of QEMDIM, Mortamet’s method,

and NIQE.

METHODS

MR Image Statistics

Previous studies have established the regularities of

image statistics in the wavelet (31), discrete cosine trans-

form (32), contourlet (36), and spatial domains (30,33),

and have demonstrated that the histograms of images in

these domains can be fitted using a zero-mean GGD func-

tion (37), as follows:

f ðx; a;bÞ ¼ a

2bGð1=aÞ exp

�
� jxj

b

� �a�
; [1]

where a and b are the shape parameters of the GGD func-

tion. The relationship between these parameters is given as

b ¼ s

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Gð1=aÞ
Gð3=aÞ

s
; [2]

where r is the standard deviation and GðxÞ is the Gamma

function, defined as

GðxÞ ¼
Z1
0

tx�1e�tdt; x > 0: [3]

Figure 1a shows the shape of the GGD function for dif-

ferent values of a. Figures 1b–d show examples of regu-

larity in which the spectrum of an MR image in the

wavelet domain can be fitted to a GGD function for vari-

ous values of a and a fixed b.

Image Statistics in the Spatial Domain

Recent studies have suggested that several spatial

domain-based methods perform better than transform-

based methods (e.g., the use of wavelet or discrete cosine

transforms) (30,33). Therefore, in this study, we use

image statistics in the spatial domain rather than in the

transformed domains. To establish robust image statistics

in the spatial domain, images are first mean-subtracted

and normalized on a patch-by-patch basis, as expressed

in Equation [4]. The resultant values are designated the

mean-subtracted contrast-normalized (MSCN) coeffi-

cients (30). The MSCN coefficient of a given image inten-

sity, I(x,y), is expressed as

Î ðx; yÞ ¼ Iðx; yÞ � mðx; yÞ
sðx; yÞ þ C

; [4]

where x � {1, 2, 3, . . ., N} and y � {1, 2, 3, . . ., M} are

spatial indices in the image (N and M are the dimensions

of the image) and C is the stabilizing factor, which
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prevents it from being divided by zero. l and r are the

mean and standard deviation, respectively, of I(x,y), and

are defined as

mðx; yÞ ¼
XK

k¼�K

XL

l¼�L

wk;lIk;lðx; yÞ [5]

sðx; yÞ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXK

k¼�K

XL

l¼�L

wk;l

�
Ik;lðx; yÞ � mðx; yÞ

�2

vuut ; [6]

where w is a 2D Gaussian-weighting function and k �
{-K, . . ., K} and l � {-L, . . ., L} are spatial indices. K
and L are set to 3 because this value yielded the best

performance in our experiments and in previous stud-
ies (33).

Figures 2a–e show the MSCN coefficients of undis-
torted and distorted MR images, and Figure 2f shows the
distinct differences between the histograms of the undis-
torted image and the three distorted images. For exam-
ple, the histogram of the image with Gaussian noise is
wider than that of the undistorted image, whereas the
histogram of the blurred image is narrower.

To quantify the differences between the histograms
and obtain quality-aware features for the image statistics-
based IQA, the shape parameters a and b of the GGD
must be extracted from the histogram of the MSCN
coefficients. A detailed method for shape parameter esti-
mation can be found in Sharifi and Leon-Garcia (37) and
the Supporting Information, which is available online.

FIG. 2. Histograms of MSCN coefficients for different distortions: MSCN coefficients of a MR image (a); coefficients in the square area
in (a) (b); same as (b) but with white Gaussian noise (c); same as (b) but with aliasing artifacts (d); same as (b) but with blur effect (e);
histograms of MSCN coefficients of undistorted and distorted images (f).

FIG. 1. GGD graphs and the relationship between a wavelet coefficient histogram and its fitted GGD function: (a) Normalized GGD

graphs for different values of the shape parameter a; (b) MR image; (c) one sub-band image in the wavelet domain; (d) histogram of
wavelet coefficients (dotted line) and a fitted GGD graph (solid line).
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Multidirectional-Filtered Coefficients

The quality-aware features of MSCN coefficients are
useful for evaluating nondirectional distortions in pho-
tographic images. However, many MR image distortions
have directional components, such as ringing, ghosting,
aliasing, and streak artifacts caused by low-resolution
acquisition, motion, insufficient data acquisition in the
phase-encoding direction, and radial acquisition,
respectively. Therefore, multidirectional filters can be
used to capture directional information in the MSCN
coefficients and evaluate directional artifacts in MR
images. The coefficients obtained by applying multidi-
rectional filters to MSCN coefficients are hereafter
referred to as multidirectional-filtered coefficients. In
this study, four directional coefficients are generated as
follows. First, a 2D Gaussian low-pass filter, WG, of size
(N�þ 1)� (M� þ 1) is created to generate an N��M� filter
from the multidirectional gradient vectors defined as
follows:

HD1¼½�1 1�; HD2¼ ½�1 1�T; HD3¼
	�1 0

0 1



; HD4

¼
	�1 0

0 1


T

; [7]

where HD1, HD2, HD3, and HD4 are the vertical, horizon-
tal, and two diagonal gradient vectors, respectively. Mul-
tidirectional filters are formed by convoluting HDk and
WG as follows:

DFk ¼WG �HDk : [8]

After these filters are applied to the MSCN coefficient Î
(x,y) defined by Equation [4], the multidirectional-
filtered coefficients are obtained as follows:

FCk ¼ Î ðx; yÞ � DFkðn;mÞ: [9]

Because the directional coefficients also show GGD regu-
larity (38,39), the shape parameters can be extracted from

them as well. Figure 3 shows the process by which the

multidirectional-filtered coefficients are obtained in four

directions. Ten shape parameters—two from the MSCN

coefficients and eight from the four multidirectional-

filtered coefficients—are obtained as quality-aware

features from one local-image patch. To improve the per-

formance of IQA, we use a two-scale decomposition (30)

and obtain 20 features.

Quality Score

Figure 4 shows a diagram of the proposed method,

divided into two processes: training and testing. The

training process involves extracting quality-aware fea-

tures from the database of undistorted images, whereas

the testing process involves extracting features from the

test image and evaluating the image quality. The quality

score is calculated as the difference between the quality-

aware features of the test image and those of the database

of undistorted images.
To implement our proposed QEMDIM method, all

parameters are calculated within local-image patches.

After numerous experiments, we identified 64�64 as

the most suitable patch size. The quality score of the dis-

torted image can be calculated as follows:

D ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðPr � PeÞTðPr � PeÞ

q
; [10]

where Pr and Pe are the vectors of the quality-aware fea-

tures of the training database and the test image, respec-

tively. Many feature vectors from many training images

were obtained and averaged to yield a single feature vec-

tor (10% outliers at the top and bottom of the feature dis-

tribution were excluded). Multiple feature vectors from a

test image are also averaged to yield a single feature vec-

tor, as multiple feature vectors are obtained from multi-

ple local patches of a single test image.
The quality score is obtained from D, as defined by

Equation [10], and is always nonnegative. The closer the

value is to zero, the better the quality. A typical QEM-

DIM value for high-quality MR images with a SNR

FIG. 3. Process of obtaining mul-
tidirectional filtered coefficients
(MDFCs). From the mean-

subtracted contrast-normalized
(MSCN) coefficients, 5 coeffi-

cient groups are generated and
10 shape parameters are
extracted as quality-aware fea-

tures for image statistics-based
image-quality analysis.
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>40 dB is <0.5. For a moderately distorted image, the
score would range between 0.5 and 3.

Experimental Data

For the training database, we collected in vivo T2-FLAIR
and T�2-weighted MR images from the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) (40) and T1-weighted
images from the Autism Brain Imaging Data Exchange
(ABIDE) (41). For T2-FLAIR images, the matrix size
was 256� 256� 35, the pulse-repetition time (TR) was
9000 ms, the pulse-echo time (TE) was 50 ms, the inver-
sion time (TI) was 3500 ms, and the flip angle was 150 �.
The training database includes images from 500 subjects,
and testing images were collected from 100 subjects. For
T�2-weighted images, the matrix size was 256� 256� 35,
TR was 650 ms, TE was 20 ms, and flip angle was 20 �. In
this sequence, the training database includes images from
500 subjects, and testing images were collected from 100
subjects. For T1-weighted images, the matrix size was
256� 256� 170, TR was 650 ms, TE was 20 ms, and flip
angle was 20 �. The training database includes images
from 100 subjects and testing images from 10 subjects. All
obtained items are 16-bit unsigned-integer images.

To evaluate various types of distortions, 100 distorted
T2-FLAIR images were generated using 10 levels of Gauss-
ian and Rician noise (SNR range: 46–26 dB), motion arti-
facts (rate of motion in the total acquisition period: 5%–
50%), aliasing artifacts caused by Cartesian undersam-
pling (reduction factor: 1.3–4), streak artifacts (reduction
factor: 1.3–4), and partial-volume effects caused by low-
resolution acquisition (matrix size: 256� 256 to 64�64 in
the same field of view). We evaluated these synthetically
distorted images using our proposed QEMDIM method
and other conventional methods.

Furthermore, 30 in vivo distorted images (10 T2-FLAIR,
10 T�2-weighted, and 10 T1-weighted) were selected to

evaluate authentically (i.e., not synthetically) distorted

images. The in vivo images were obtained in normal clini-

cal settings and, therefore, may contain multiple types of

artifacts. For example, the T2-FLAIR images from IR-SE

sequence show motion and ringing artifacts and white

Gaussian noise. T2*-weighted images from a gradient

echo (GRE) sequence have motion and off-resonance arti-

facts and white Gaussian noise. Lastly, T1-weighted

images from MP-RAGE have motion and partial-volume

artifacts and white Gaussian noise. These in vivo images

may also contain other types of artifacts. The 30 in vivo

images were subjectively evaluated by 10 MR researchers

who specialize in medical image processing for analysis,

reconstruction, and artifact reduction. The images were

individually evaluated on a scale of 0 (minimum score) to

10 (maximum score), and the scores from 10 observers

were averaged to yield MOSs. The MOSs were then com-

pared with the scores obtained using Mortamet’s method,

NIQE, and QEMDIM to evaluate the performance of each

IQA method. NIQE and QEMDIM were trained using the

same undistorted images in all experiments, and used the

same stabilizing factor as that in Equation [4].

RESULTS

Feature Distribution for Directional Artifacts

Figure 5 shows 2D scatter plots indicating the directional

features of the multidirectional-filtered coefficients from

100 MR images. Two-directional features indicating ver-

tical and horizontal directionality are obtained from the

multidirectional-filtered coefficients of undistorted and

synthetically distorted images: white Gaussian noise,

motion artifact, and aliasing artifact by Cartesian under-

sampling. Figure 5a shows that the directional features

of multidirectional-filtered coefficients clearly separate

white Gaussian noise, motion artifacts, and

FIG. 4. Diagram of MR image
quality evaluation using QEM-
DIM, divided into training and

testing processes.
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undersampling artifacts, suggesting that the
multidirectional-filtered coefficients are suitable for clas-
sifying directional distortions in MR images. Figures 5b
and c show 2D scatter plots of the directional features of
multidirectional-filtered coefficients for 100 MR images,
in which motion or undersampling artifacts were syn-
thetically generated with three levels of severity (Lv1:
weak; Lv2: moderate; Lv3: severe). The multidirectional-
filtered coefficient features for different levels of distor-
tions were well separated, as shown in Figures 5b and c.
These scatter plots suggest that multidirectional-filtered
coefficients can score different levels of directional dis-
tortion. To summarize, the multidirectional-filtered coef-
ficients are suitable for extracting and evaluating
directional distortions from MR images.

Synthetically Distorted Images: Comparison
with Full-Reference IQA

The graphs in Figure 6 compare the QEMDIM scores
with values obtained using the full-reference IQA meth-
ods RMSE and SSIM. The QEMDIM scores gradually
increased and showed a good correlation with the full-
reference IQA values.

Pearson’s linear correlation coefficient (PLCC) and
Spearman’s rank ordered correlation coefficient (SROCC)
(42) from a comparison of no-reference IQAs and full-
reference IQAs were used to quantitatively assess the
performances of no-reference IQA methods. PLCC and
SROCC values closer to one indicated a better IQA per-
formance because an accurate evaluation of distorted
images is based on full-reference IQAs. The no-reference
IQAs of Mortamet’s method, NIQE, and the proposed
QEMDIM method were tested using 100 synthetically
distorted images. The performance results, with average
and standard deviation values for the correlation coeffi-
cients, are presented in Table 1.

The data in Table 1 show that the QEMDIM method
correlates strongly (>0.99) with RMSE and SSIM. Fur-
thermore, all QEMDIM results were higher than those
obtained with Mortamet’s method and NIQE for all dis-
tortion types. In particular, the performance of QEMDIM
is markedly superior to that of NIQE for motion, aliasing,
and streak artifacts (i.e., directional distortions), as the

former method uses multidirectional-filtered coefficients
to detect directional components. On the other hand,
Mortamet’s method cannot detect nondirectional distor-
tion because it detects only structural components and
excludes nondirectional features such as Gaussian noise,
Rician noise, and partial-volume artifacts by subtracting
the 2D Gaussian noise from background images. The
results in Table 1 show that QEMDIM is highly competi-
tive with full-reference IQAs and superior to conven-
tional no-reference IQAs.

Authentically Distorted Images: Comparison
with Subjective Scoring

PLCC and SROCC were used to compare the human-rated
MOSs of authentically distorted images with the scores
obtained by Mortamet’s method, NIQE, and QEMDIM.
The types of image contrast used for training were identi-
cal to those used for testing. The performance results are
presented in Table 2. In all cases, the QEMDIM results
showed superior correlations with the human ratings
when compared with the Mortamet’s method and NIQE
results. Mortamet’s method detects only structural back-
ground artifacts without considering nondirectional arti-
facts and NIQE performs weakly in the detection of
directional artifacts, whereas QEMDIM possesses an
improved ability to detect both directional and nondirec-
tional distortions using multidirectional filters. Morta-
met’s method mainly aims to detect motion artifacts,
whereas NIQE is generally used to detect distortions that
occur mainly in photographic images (e.g., JPEG artifacts,
fast fading, and blur effects) (30–33). However, QEMDIM
can evaluate both nondirectional and directional distor-
tions, as shown by the data in Table 2. Therefore, the
shape parameters generated by the multidirectional-
filtered coefficients of QEMDIM are efficient, quality-
aware features for the evaluation of MR image distortion.

Next, we fixed the number of training images at 100 for
each contrast, and determined the effect of the training
dataset image quality on the performance of QEMDIM.

The SROCC values for the T2-FLAIR, T�2-weighted, and T1-

weighted images were 0.9515, 0.9030, and 0.9152, respec-

tively. These results, along with those in Table 2, show

that QEMDIM performs better with T2-FLAIR images than

FIG. 5. 2D Scatter plots between features indicating the vertical and horizontal directionality of MDFCs for 100 MR images. a: 2D Scat-
ter plots for original and synthetically distorted images containing motion artifacts, white Gaussian noise, and undersampling artifacts.

(b) 2D Scatter plots for three severity levels of motion artifacts. (c) 2D Scatter plots for three severity levels of undersampling artifacts.
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with the other contrast images. This finding can be attrib-

uted to the better overall quality of the training database of

T2-FLAIR images, which were obtained using a spin echo

sequence, compared with those of the training databases

of other contrast images, which were obtained using low-

flip-angle GRE sequences.

Sequence and Contrast-Type Issues

We investigated the changes in the performance of QEM-

DIM when the image contrast differed between the

training and testing databases. Table 2 summarizes the
comparison of QEMDIM performance for different types
of contrast. The best results were obtained when the
same contrast sequence was used for both training and
testing. We attribute the decreased performances when

using different types of contrasts for training and testing
to contrast-type differences in the dataset qualities that
led to different image statistics. For example, in our
experiments, MR images obtained with a GRE sequence
had a lower image quality when compared with images
obtained with a SE sequence. Nevertheless, QEMDIM

FIG. 6. Comparison graphs of conventional full-reference IQA, RMSE (x-axis) vs. quality evaluation using multidirectional filters for MRI
(QEMDIM) (y-axis) for synthetically distorted images: white Gaussian noise distortion (a); Rician noise (b); motion artifacts (c); aliasing

artifacts (d); streak artifacts (e); partial-volume artifacts (f). The circles indicate comparison points between the full-reference IQA and
QEMDIM, and the solid line indicates the linear regression.

Table 1

PLCC and SROCC Between No-Reference IQA Methods (Mortamet’s Method, NIQE, and QEMDIM) and Full-Reference IQA RMSE and
SSIM For The Performance of No-Reference IQAS In The Evaluation of 100 Synthetically Distorted T2-Flair Testing Images

Distortion type

RMSE SSIM

Mortamet’s NIQE QEMDIM Mortamet’s NIQE QEMDIM

PLCC Gaussian noise 0.2871 0.9242 0.9948 0.2747 0.8898 0.9986

Rician noise 0.3493 0.9285 0.9977 0.3481 0.9104 0.9630
Motion artifact 0.8001 0.6577 0.9942 0.9303 0.7804 0.9952
Aliasing artifact 0.9171 0.9358 0.9893 0.9738 0.9275 0.9911

Streak artifact 0.9598 0.8824 0.9972 0.9787 0.9128 0.9790
Partial Volume artifact 0.7156 0.9650 0.9906 0.7802 0.9755 0.9858

SROCC Gaussian noise 0.3152 0.9354 1.0000 0.3152 0.9354 1.0000
Rician noise 0.3284 0.9276 0.9989 0.3284 0.9276 0.9989
Motion artifact 0.9013 0.6796 0.9982 0.9013 0.6796 0.9982

Aliasing artifact 0.9941 0.9058 0.9952 0.9941 0.9058 0.9952
Streak artifact 0.9942 0.8833 0.9992 0.9942 0.8833 0.9992

Partial Volume artifact 0.5650 0.9679 0.9968 0.5650 0.9679 0.9968

Automatic Image-Quality Assessment Method for No-Reference MR Images 7



with different contrasts yielded better performances than

NIQE with the same contrast, showing the more robust-

ness to contrast difference for QEMDIM.

Slice Issues

Structural information in MR images varies, depending

on the slice position. Accordingly, we investigated

changes in QEMDIM performance when the slice posi-

tions of the training images differed from those of test

images. The results in Table 2 show that when the slice

positions of the training and test images differed, the

performances of NIQE and QEMDIM were slightly

decreased except when T2-FLAIR image were used. The

quality of T�2-weighted images varies greatly depending

on the slice position because of off-resonance artifacts,

which also depend on slice position. However, little var-

iation was observed in the quality of T2-FLAIR images.

The inclusion of high-quality images in training data-

bases may decrease differences in the performance of

QEMDIM between cases in which the same slice is used

and those in which different slices are used.

Sequence Parameter Issues

We next investigated the effects of changes in MRI

sequence parameters on performance. Table 3 suggests

that differences in sequence parameters between the

training and testing databases do not yield large differ-

ences, assuming that both sequence parameters fall

within the same contrast categories. The performance

remained high (0.9152) even for different sequences, as

shown in Table 3 (training sequence: IR-spin echo, test-

ing sequence: spin echo).

Evaluation of Lower-Resolution Images

We performed additional experiments to investigate the

performance of QEMDIM for different resolution set-

tings in the training and testing databases. QEMDIM

and full-reference IQA were applied to synthetically

distorted T2-FLAIR images under three resolution

conditions: (i) Training: 128� 128, Testing: 128� 128;

(ii) Training: 256�256, Testing: 128� 128; and

(iii) Training: 512� 512, Testing: 256� 256. Table 4

provides correlation values of the QEMDIM results with

Table 2
Performance Evaluation Using Correlation Coefficients Between no-Reference IQA Scores and Human-Rated Moss For Distorted MR

Images

Performance comparison of no-reference IQAsa T2-FLAIR T�2-weighted T1-weighted

PLCC Mortamet’s method 0.5403 0.6548 0.8120

NIQE 0.8491 0.7749 0.8241
QEMDIM 0.9283 0.8810 0.9219

SROCC Mortamet’s method 0.6848 0.6848 0.7455

NIQE 0.8545 0.8061 0.7939
QEMDIM 0.9515 0.9152 0.9152

SROCC comparison of different contrastsb T2-FLAIR (Testing) T�2-weighted (Testing) T1-weighted (Testing)

QEMDIM T2-FLAIR (training) 0.9515 0.8667 0.9030

T�2-weighted (training) 0.8667 0.9152 0.9152
T1-weighted (training) 0.8667 0.8667 0.9152

Performance comparison of different slice positionsc T2-FLAIR T�2-weighted T1-weighted

SROCC Same slice 0.9515 0.9152 0.9152
Different slice 0.9515 0.8545 0.8303

aPerformance Comparison of No-Reference IQA Methods for Three Types of Contrasts.
bPerformance Comparison (SROCC) of QEMDIM For Different Combinations of Contrasts in Training and Testing.
cPerformance Comparison (SROCC) of QEMDIM For Different Combinations of Slice Positions in Training and Testing.

Table 3

Performance Evaluation of QEMDIM When Using Identical or Different Sequence Parameters in the Training and Testing Databases

Performance comparison for T2-FLAIRa T2-FLAIRb T2-FLAIRc T2-weightedd

PLCC 0.9283 0.9244 0.9152
SROCC 0.9515 0.9515 0.9290

Performance comparison for T1-weightede T1-weightedf T1-weightedg

PLCC 0.9219 0.9157

SROCC 0.9152 0.9273

aSequence of Testing Data (T2-FLAIR): IR-SE, TR¼9000 MS, TE¼50 MS, TI¼3500 MS, FA¼150 �.
bSequence of Training Data: IR-SE, TR¼9000 MS, TE¼50 MS, TI¼3500 MS, FA¼150 �.
cSequence of Training Data: IR-SE, TR¼8000 MS, TE¼120 MS, TI¼2000 MS, FA¼90 �.
dSequence of Training Data: SE, TR¼8178 MS, TE¼100 MS, FA¼150 �.
eSequence of Testing Data (T1-Weighted): MP-RAGE, TR¼9000 MS, TE¼1.8 MS, FA¼15.0 �.
fSequence of Training Data: MP-RAGE, TR¼9000 MS, TE¼1.8 MS, FA¼15.0 �.
gSequence of Training Data: MP-RAGE, TR¼9600 MS, TE¼4.6 MS, FA¼8.0 �.

8 Jang et al.



full-reference IQA results, thus showing the perfor-

mance of QEMDIM for each of the three cases. Case 3

showed the highest performance, with a correlation

value exceeding 0.96. These results suggest that QEM-

DIM performs better when higher-resolution images are

used in the training and testing databases. However,

high correlation values (>0.9; minimum: 0.9130) were

obtained for all three resolution settings (including

128� 128 resolution), suggesting that QEMDIM can

work well as long as the training resolution is not

lower than the testing resolution.

Number of Images Used for Training

We also studied the effect of the number of T2-FLAIR

and T�2-weighted images used for training and the subse-

quent IQA results. The images for training were ran-

domly selected in each experiment.
As the number of training images increased, the aver-

age performance value (SROCC) increased and the devia-

tion decreased. The performance of QEMDIM reaches a

maximum in the case of T2-FLAIR contrast images, with

a SROCC of 0.9515 with 20 training images. By contrast,

for T�2-weighted images, 300 training images were needed

to reach a maximum SROCC of 0.9152.

Effect of the Size of the Gaussian-Weighting Function

We finally investigated the performance of QEMDIM for

authentically distorted images, depending on the size of

the Gaussian filter. The K and L values of the Gaussian

filters in Equations [5] and [6] varied from 1 to 7, and

the corresponding QEMDIM performance was indicated

by the correlation values with subjective scores. In all

cases involving 30 authentically distorted MR images,

the correlation results were best with a filter size of 3, as

reported in a previous study (30). Therefore, we set the

K and L values in Equations [5] and [6] to three in our

experiments.

DISCUSSION

The overall quality of training database images is an
important factor that determines the performance of the
proposed method. The inclusion of low-quality T�2-
weighted and T1-weighted images, consequent to the use
of a low-flip-angle gradient-based sequence, in a training
database degrades the performance of QEMDIM. In our
experiments, the performance of QEMDIM with T�2-
weighted and T1-weighted images was inferior to that
with T2-FLAIR images, even when the same numbers of
training images were used for each contrast type. There-
fore, the selection of high-quality training images with-
out distortion can improve the accuracy of QEMDIM. In
addition, a large database is needed for the training pro-
cess, as both performance and stability improve as the
number of training images increases. The performance of
QEMDIM with T1-weighted images, for which the data-
base was smallest, was lower than the performances
with other contrast types.

The concept of multidirectional filters is basically sim-
ilar to that of a steerable pyramid (43), which includes
various wavelet filters for extracting directional compo-
nents. In our proposed method, we used high-pass filters
based on the Sobel edge-detection method to extract MR-
specific directional components. Our proposed filters
decomposed the directional components of directional
artifacts, such as motion artifacts in MR, more efficiently
than the wavelet filters conventionally used in steerable
pyramid methods. In addition, the multidirectional fil-
ters used in this study, which incorporated 5�5 neigh-
boring pixels, could efficiently extract the directional
components of MRI distortions because many MR-
specific artifacts yield directional structural patterns that
prevail at certain ranges (2,5,9,44).

Different stabilizing factors, C in Equation [4], resulted
in slightly different performances. Accordingly, several
additional experiments were performed with stabilizing
factors ranging from 0.001 to 1, and 0.2 was found to
yield the best performance. Therefore, a stabilizing factor
of 0.2 was used in all of our experiments.

Table 4
PLCC and SROCC Between QEMDIM and Full-Reference IQAS With Different Resolution Settings

Distortion type

RMSE SSIM

Case 1a Case 2b Case 3c Case 1a Case 2b Case 3c

PLCC Gaussian noise 0.9874 0.9868 0.9945 0.9918 0.9903 0.9985
Rician noise 0.9915 0.9919 0.9947 0.9704 0.9668 0.9805
Motion artifact 0.9268 0.9215 0.9775 0.9552 0.9491 0.9760

Aliasing artifact 0.9377 0.9428 0.9732 0.9712 0.9748 0.9890
Streak artifact 0.9838 0.9869 0.9946 0.9515 0.9400 0.9658

Partial volume artifact 0.9130 0.9425 0.9351 0.9290 0.9520 0.9505
Average 0.9567 0.9621 0.9783 0.9615 0.9622 0.9767

SROCC Gaussian noise 0.9919 0.9912 1.0000 0.9919 0.9912 1.0000

Rician noise 0.9962 0.9956 0.9999 0.9962 0.9956 0.9999
Motion artifact 0.9811 0.9806 0.9939 0.9811 0.9806 0.9939
Aliasing artifact 0.9567 0.9413 0.9748 0.9547 0.9352 0.9748

Streak artifact 0.9977 0.9971 1.0000 0.9977 0.9971 1.0000
Partial volume artifact 0.9298 0.9610 0.9646 0.9298 0.9610 0.9646

Average 0.9756 0.9778 0.9889 0.9752 0.9768 0.9889

aTraining: 128�128, testing: 128�128.
bTraining: 256�256, testing: 128�128.
cTraining: 512�512, testing: 256�256.
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In our experiments, we used a patch size of 64�64 for
QEMDIM because it yielded the best performance. We
additionally investigated the effect of the patch size on
the performance for MR images of other sizes (128� 128
and 512�512). In these cases, we achieved the best per-
formance with a patch size of 16� 16 for 128� 128
images, and with 128� 128 for 512� 512 images. Of
interest, a constant patch size to image size ratio of 1/16
was maintained (16� 16 for 128�128, 64� 64 for
256� 256, and 128�128 for 512� 512). It is difficult to
extract quality-aware features from a too-small patch size
because the amount of information within each patch is
excessively limited. However, a too-large patch contains
excessively large variations in intensities and structures
that would have resulted in suboptimal performance.

QEMDIM can evaluate testing images with lower reso-
lutions relative to the training images, as the low resolu-
tion can be considered a partial-volume effect. However,
the current version of QEMDIM most likely cannot be
used if the testing images have a higher resolution than
the training images, as the training databases are set to
assume the inclusion of best-quality images. The evalua-
tion of better-quality images relative to the training
images is beyond the scope of the QEMDIM method.

The QEMDIM method can be used in various applica-
tions. For example, it can be used as a criterion for
selecting optimal control parameters in iterative process-
ing methods such as denoising techniques, artifact-
reduction algorithms, and image-reconstruction methods.
Total-variation (45), compressed-sensing (5,6), and
model-based iterative-reconstruction (46) methods
should choose proper regularization parameters to bal-
ance cost functions and data consistency. However, these
parameters are determined mostly using heuristic pro-
cesses, such as subjective visual evaluation, which can
be problematic for practical applications. QEMDIM may,
therefore, provide an efficient method for selecting regu-
larization parameters by automatically evaluating the
overall image quality (47).

Our proposed method currently aims to evaluate the
whole-image quality using image statistics. However, it
may be important to evaluate a specific ROI inside an
MR image, as many radiologically diagnosed diseases are
identified locally. QEMDIM, which generates quality-
aware features on a small patch basis, can be modified to
provide quality score indexes for ROIs. Our proposed
QEMDIM could provide a quality score index for a ROI
if only patches related to this ROI were included when
determining the final quality-aware features. A further
investigation is needed to increase the reliability of the
ROI-specific quality-aware features, as the number of
patches related to the ROI would be much less than the
total number of patches for the whole image.

Our proposed method can also be adapted for other
imaging modalities, such as ultrasound and computed
tomography (CT). These modalities are affected by vari-
ous distortions not common to photographic images,
including beam hardening (48), metal artifacts (49), and
speckle artifacts (50). Furthermore, low-dose CT images
(51), which are currently of great interest, often contain
streak artifacts caused by low radiation doses and
limited-view X-ray projections. Because the streak

artifact patterns are similar to those of streak artifacts in

MR-projection reconstructions, our proposed method can

help to detect these artifacts and can thus be used for

iterative CT-image reconstruction.
Our study considered only six types of MR artifacts.

However, other types of artifacts, including off-

resonance, ghosting, susceptibility artifacts, and flow

artifacts, should be investigated to improve the evalua-

tion accuracy. The application of QEMDIM to images of

different organs (e.g., in the abdominal and cardiac

regions) requires further investigation to establish spe-

cific MR-scene statistics, as the dominant artifact types

may differ among organs.

CONCLUSIONS

In consideration of MR-specific properties, we proposed

multidirectional-filtered coefficients for no-reference MR

IQA. The quality-aware features extracted from

multidirectional-filtered coefficients better represented

the MR-specific distortions than did the conventional

statistics-based features for photographic images. There-

fore, our proposed QEMDIM method outperforms other

conventional no-reference IQA methods and can be used

for the IQA of MR images.
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