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Motivation: Modern array coils serving for signal reception and additional dielectric effects [1] often lead to signal intensity reduction in the central areas of the leg. 
To provide an optimal basis for automatic tissue segmentation, it is considered that in healthy volunteers, for most types of contrast weightings, the skeletal musculature 
consisting of different muscle groups separated by fascia should show uniform grey values. We tried different methods for muscle segmentation including intensity-
based histogram thresholding, atlas-based registration, and graph-based segmentation. The results show divergent behavior of these methods with increasing mean 
coefficient of the variance (CV) of the muscle tissues when IIH gets large. To mitigate such inhomogeneity, local entropy minimization with bicubic spline model 
(LEMS) [2], adaptive clustering [3], and a priori (anatomic)-supported intensity correction [4], are considered of practical application. Despite of generic inhomogeneity 
correction, provided by the first two methods, these schemes are weak in correction of large IIH. However, the third method shows better performance and accelerates 
the post processing of the segmentation by use of the distribution of the subcutaneous adipose tissue (SCAT). In this work, called Bias Correction with samples from 
Muscle tissue (BCM), we develop a further step toward generalization of the third method, by making it applicable to different orientations and fat-suppressed images. 

Materials and Methods: The acquired magnetic resonance signal in each pixel (at coordinate (x,y)) of a 2D 
magnitude image Im(x,y), can be corrupted by a smoothly varying multiplicative field inhomogeneity, called bias field 
B(x,y), and an additive Rician noise ε(x,y) [5]. Denoting the non-corrupted original image by Io(x,y), the acquired 
image can be represented by Im(x,y) = Io(x,y).B(x,y) + ε(x,y). Therefore, by use of local variances, we first estimate the 
noise over the background pixels in four corners of the image, and then filter the noise by LMMSE estimator [5]. After 
noise removal, the median of the grey values of SCAT (SCATmed) and the median of the grey values of background 
(BGmed) are found. Then depending on image orientation, two approaches are taken: 
For axial images, the body contour and the inner boundary of SCAT are found by use of fuzzy-c-means and active 
contours with different deflation forces [4]. For IIH correction in T1-weighted images, samples are acquired from 
SCAT as well as muscle tissue. To minimize the effect of the inter-muscular fat, bone marrow, or fascia, a patch of 
20×20 pixels is considered around each sampling point; over which the grey level values of all the pixels are sorted and 
the median is found. If this median is higher than 0.7×SCATmed or less than 0.3×BGmed, the sampling point is skipped; 
otherwise the median is considered as the representative value of the muscle at that sampling point. The highest sample 
value inside SCAT area and the highest sample value inside muscle area are considered not to be corrupted by the 
intensity inhomogeneity. By fitting a cubic spline surface to the sample values, an initial estimate of the bias field is 
obtained. Using this estimate, the IIH can be corrected. Then the corrected image is segmented using fuzzy-c-means 
algorithm, and the pixels classified as muscle or SCAT are used for the next round of IIH correction.  
For sagittal and coronal images, it is assumed that the SCAT is located on left and right sides of the body. First, a 
number of horizontal rows of pixels (which are out of ROI) are cut from top and bottom of the image. To get the body 
contour, a region growing algorithm starting from four corners of the image, with a threshold set to the mean plus three 
times of the standard deviation of the background intensity, is used [6]. Then, on top and bottom of the image, a 
number of artificial rows of pixels (same as the number of cut rows) are added, whose intensities are set to the highest 
body intensity. This generates an artificial adipose tissue on top and bottom of the image which facilitates use of active 
contour for finding the inner boundary of SCAT. The remaining steps, in taking samples and compensation of the bias 
field are the same as axial images. After IIH correction, the artificial rows of pixels get grey levels of the neighboring 
pixels from the body. Having slight modifications, above algorithms are applicable to the fat-suppressed images. In this 
case, active contour is used only for finding the inner boundary of the SCAT. The body contour is not required as the 
samples are acquired merely from muscle tissues. The 65th percentile of the grey values within the surrounding patch 
of each sampling point, defines the representative value of the muscle in that point. To avoid the effect of the bright 
blood-vessels, the samples whose values are larger than 0.7 times the highest intensity in the image are skipped. In all 
images, samples are acquired on a regular radial grid and additional low pass filtering guarantees smooth bias field 
estimation. In each round, the distance between sampling points gets decreased to get a finer estimate of the bias field. 
For validation of the proposed algorithm, magnitude images of anonymous healthy volunteers are used. The axial calf 
sets consist of 20 T1-weighted images from Fast-Spin-Echo (FSE) sequences (set 1), 3 fat-suppressed images of Turbo-Spin-Echo (TSE) sequences (set 2), and 40 fat-
suppressed images of fast spoiled gradient echo sequences (set 3), acquired with 3T Magnetom Trio (Siemens Healthcare, Erlangen, Germany) and 8-channel coil. Set 4 
consists of 20 T1-weighted sagittal knee images of TSE sequences acquired with 3T Magnetom Skyra (Siemens Healthcare, Erlangen, Germany) and 15-channel coil. 

Results: Fig. 1 shows one image from each set before and after BCM. For T1-weighted images, 3 rounds 
and for fat-suppressed images, 2 rounds of BCM are performed. The performance is compared with the 
LEMS algorithm. Regarding the sensitivity of the LEMS to the choice of the knot spacing [4], for each set 
of the images, the knot spacing which yields least mean CV for the muscle tissues is selected. Fig. 2 shows 
these values, comparing BCM with uncorrected images and the LEMS- The average processing for images 
of 256x256 pixels and 512x512 pixels are respectively twice and 4 times faster than the LEMS on the same 
machine. Moreover, in contrast to the LEMS, the proposed algorithm preserves the edges between different 
tissues. 

Conclusion: In this work, we propose a reliable and fast algorithm for mitigation of large IIH required 
for accurate segmentation of leg muscles. The proposed algorithm outperforms the generic LEMS 
algorithm [2], and in contrast to BC-FAT [4], is applicable to fat-suppressed, sagittal and coronal images. 
Regarding the performances of the tried methods for muscle segmentation, which are all in inverse 
proportion to the mean CV of the muscle tissues; this algorithm can enhance their stability and accuracy by reduction of this parameter. 
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Figure 1: One image from each set before 
(left column) and after (right column) IIH
correction. a) Set 1 (IIH: ~62%). b) Set 2 
(IIH: ~40%). c) Set 3 (IIH: ~60%). d) Set 4 
(IIH: ~58%). 

Figure 2: Mean CV of the muscle tissues in each 
set of the images. 
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