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Synopsis
Manual segmentation of dynamic magnetic resonance (MR) renographic images is prohibitively time-consuming and highly operator-dependent. We have
developed a semi-automated tissue segmentation algorithm and have tested it on simulated data constructed from 3D MR renography examinations of patients with
normal and abnormal renal function. Across three readers, segmentation resulted in average intrarenal compartmental volume errors of between 10% and 27%
compared to known volumes. However, corresponding root-mean-square errors in time-signal intensity curves averaged less than 5%. With segmentation times
averaging eight minutes per study, this technique shows promise for rapid renal segmentation, thus facilitating analysis of dynamic MR renographic images.
Introduction
By offering superior anatomic information in addition to functional information, MR renography has the potential of making significant contributions to the
diagnosis of a wide range of renal diseases, including renal transplant dysfunction [1], renal arterial stenosis [2], and ureteral obstruction [3].
Although high spatial, temporal, and contrast resolution is achievable with current contrast-enhanced dynamic protocols, quantitative analysis of these fourdimensional data sets remains difficult. Analysis by manual drawing of regions of interest (ROIs) for the entire kidney and intrarenal compartments such as the cortex,
the medulla, and the collecting system is prohibitively laborious and time-consuming. Limiting ROIs to selected regions hinders measurement of their global function.
Our purpose was to investigate and validate the use of an interactive graph cuts method to automate the segmentation of dynamic MR renographic images into
cortex, medulla, and collecting system.
Methods
The algorithm generalizes a previously described graph cuts approach and further employs a temporal Markov model to represent voxels as vectors of time
histories of signal intensities [4]. It seeks a globally optimal segmentation while satisfying some user-specified “hard constraints” (Figure 1).
The segmentation procedure involves placing “hard constraints,” or “seeds,” in three binary segmentation steps: 1) separate the kidney from the background,
2) separate the cortex from the rest of the kidney, and 3) separate the medulla from the collecting system. Following each step, the program displays the current
segmentation results based on the specified seeds. Here the user can adjust seed placement to modify the segmentation until he or she accepts the results. After the final
step, the original image is presented, now segmented into four regions and ready for subsequent signal intensity analysis (Figure 1).
Data consisted of simulated MR renography of the right and left kidneys. We separately averaged 3D MR renography studies (3D spoiled gradient echo sequence,
TR/TE/flip angle 2.2/0.8/9°, matrix 134×256, coronal orientation, FOV 380 mm, slab thickness 96 mm, acquisition time 3 sec) of patients with normal and abnormal
renal function (serum creatinine < 2 mg/dl or > 2 mg/dl, respectively) to produce signal intensity curves for modeling the cortex, the medulla, and the collecting system.
To obtain simulated data sets with spatial resolution and noise representative of clinical data, we generated the idealized renal image with three levels of spatial
resolution, or blur, characterized by the full width half maximum of a known Gaussian point spread convolution function. For each of these, we simulated three levels
of spatially uncorrelated noise. Thus, readers were asked to segment 36 simulated renal examinations (all possible combinations of normal and abnormal right and left
kidneys, three blur levels, and three noise levels). The idealized images subjected to the intermediate levels of blur and noise were representative of clinical data.
Three independent readers segmented each of the 36 simulated kidneys into cortex, medulla, and collecting system. We performed a voxel-level comparison of
each reader’s segmentation results to the a priori classification in the idealized renal image. We computed average signal intensities of each renal compartment and
compared them to values known from the idealized renal image. We also recorded the time required to segment each case.

Figure 1. Representative snapshots illustrating the steps of renal segmentation using the semi-automated segmentation computer program.
Results
Average segmentation time was eight minutes per case (right and left kidney). On average, over all blur and noise levels, voxels tended to be overclassified into
the cortex and the collecting system and underclassified into the medulla. However, for levels of blur and noise that were representative of clinical data, these
segmentation errors resulted in less than 5% root-mean-square errors in the signal intensities of these compartments (Table 1).
Analysis of variance examined the effects of individual reader, side (left kidney versus right kidney), renal function, blur, and noise. Results did not vary
significantly across readers or between the right and left kidneys. Surprisingly, there was no systematic effect of renal function on the results.
Table 1. Performance of the graph cuts algorithm on simulated MR renography across three independent readers.

Cortex
Medulla
Collecting System

RMS% error in SI
NL
ABN
0.9%
0.5%
1.7%
1.7%
3.2%
3.4%

Overclassified voxels (% of true)
NL
ABN
9.9%
9.4%
6.3%
10.1%
21.7%
15.5%

Underclassified voxels (% of true)
NL
ABN
4.5%
6.6%
27.0%
22.9%
3.0%
19.2%

RMS: root mean square, SI: signal intensity, NL: normal renal function, ABN: renal insufficiency
Discussion
Semi-automated image segmentation using the graph cuts algorithm is quick, operator-independent, and uses the complete set of available MR renography data.
Tests on simulated renal data reveal that this algorithm is suitable for segmentation of MR renography examinations, thus facilitating quantitative analysis of intrarenal
compartments [5] and assuring the continued advancement of functional evaluation of the kidneys by MRI.
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