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This project seeks to take water-fat separated 
volumetric magnetic resonance imaging (MRI) scans of 
abdominal tissue samples and classify each voxel as 
one of four primary tissue types of interest: skin, fat, 
muscle, and connective tissues (voxels not containing 
tissue are classified as a fifth group).

In ultrasonic imaging, clutter, a phenomenon 
associated with poor-quality images, produces a 
temporally-stable obstruction resulting in decreased 
image contrast and a reduced ability to discern 
imaging targets. The effects of clutter a major obstacle 
for clinical ultrasound imaging. As such, modeling and 
characterizing the interactions that produce clutter is 
of major interest.

High-resolution 3D acoustic maps of the abdominal 
wall are needed to model the interactions that give rise 
to clutter. In the context of this problem, an acoustic 
map is a mapping of tissue characteristics to spatial 
locations. These maps are to be produced through the 
processing of 3D MRI scans. 
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As an ideal ex-vivo abdominal tissue model, a fresh 
piece of pork belly was used for data acquisition. 
Using such a model allows for a reduction of noise 
artifacts and the ability to improve the signal-to-noise 
ratio (SNR) by averaging multiple scans. An average 
over six scans of a 100 micron isotropic scan was 
obtained. A fat-water separation sequence was used 
to obtain separate water (left) and fat (right) signals.

The two steps below comprise the bulk of the k-means 
algorithm. In (1), the label corresponding to the closest 
centroid is assigned to each point. In (2), the centroid 
locations are updated to be the mean of all points 
assigned to that centroid. Initial centroid locations were 
chosen manually based on prior assumptions about the 
data.

Overall, excellent qualitative results were achieved. An 
example 2D slice is presented in the adjacent panel. 
While some misclassifications occurred, the effects of 
these misclassifications will not have a dramatic effect. 
In order to alleviate the effect of misclassified voxels, 
the features were chosen such that misclassifications 
tended to identify voxels as the “connective tissue’ 
class. This is ideal as the properties to be assigned to 
this class in simulations will be such that significant 
error does not occur.

Discussion and Conclusion

It is desired to use this algorithm on in-vivo scans in the 
future. The data from these scans will suffer from 
decreased SNR, lower contrast, and the potential for 
motion artifacts, all of which may interfere with the 
algorithm’s ability to correctly classify voxels. As such 
the robustness of the algorithm for this purpose will 
need to be assessed in order to guarantee continued 
good results.
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