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Figure 1: Patient 05, slice 09: dynamic MR images at (a) 10 seconds, (b) 70 seconds,
(¢) 150 seconds, (d) 250 seconds, (e) signal intensity curve at a given pixel, twenty-five
measures were acquired, one measure every 10 seconds.

Figure 2: MCLUST classifications for Patient 05, slice 09. (a) reference image, (b)
three-class segmentation, (¢) four-class segmentation, (d) ten-class segmentation.

Figure 3: Histograms for the five parameters in the different classes of Figure 2{c)

Figure 4: MCLUST classifications for Patient 08, slice 06. (a) reference image, (b)
three-class segmentation, (¢) four-class segmentation, (d) ten-class segmentation.

Figure 5: MCLUST classifications for Patient 28, slice 10. (a) reference image, (b)
three-class segmentation, (c) four-class segmentation, (d) ten-class segmentation.

Figure 6: Blind restorations with r = 1 (first column) and r = 3 (second column)
using images in Figure 2 as initial classifications, for K= 3, K=4 and K= 10.

Figure 7: Bayesian morphology using images in Figure 2 as initial classifications. {a)
K= 3, (b) K=4, (¢) K= 10.

Figure 8: ROIs and associated mean curves in three cases. (a), (b), (¢) dynamic
image at t = 1 for patient 05, slice 09, patient 08, slice 06 and patient 28, slice 10. (d),
(e), (f) ROI selections (largest connected component in the red regions). (g), (h), (i)
mean time-intensity signals in the ROIs.

Figure 9: ROIs using 33% and 67% difference at peak quantiles, and associated
mean curves in three cases. (a), (b), (c) zoomed ROIs from MCLUST classifications
with K = 4, for patient 05, slice 09, patient 08, slice 06 and patient 28, slice 10. (d),
(e), (f) ROI segmentations using difference at peak quantiles: highest 33% values in
red, lowest 33% values in green. (g), (h), (i) mean time-intensity signals in each class
(upper curve for the red class, lower curve for the green class).

Figure 10: Mean curves using conditional probabilities estimates from MCLUST. (a)
patient 05, slice 09, (b) patient 08, slice 06 (c) patient 28, slice 10. Upper curves: mean
curves when selecting pixels with conditional probability very close to 1 (within 1077).
Middle curves: weighted mean curves when using conditional probabilities as weights.
Lower curves: mean curves using all pixels in the ROIs.
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