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Purpose: To incorporate a newly developed shape-based motion estimation scheme into magnetic
resonance urography (MRU) and verify its efficacy in facilitating quantitative functional analysis.
Methods: The authors propose a motion compensation scheme in MRU that consists of three sequen-
tial modules: MRU image acquisition, motion compensation, and quantitative functional analysis.
They designed two sets of complementary experiments to evaluate the performance of the proposed
method. In the first experiment, dynamic contrast enhanced (DCE) MR images were acquired from
three sedated subjects, from which clinically valid estimates were derived and served as the “ground
truth.” Physiologically sound motion was then simulated to synthesize image sequences influenced by
respiratory motion. Quantitative assessment and comparison were performed on functional estimates
of Patlak number, glomerular filtration rate, and Patlak differential renal function without and with
motion compensation against the ground truth. In the second experiment, the authors acquired a
temporal series of noncontrast MR images under free breathing from a healthy adult subject. The
performance of the proposed method on compensating real motion was evaluated by comparing the
standard deviation of the obtained temporal intensity curves before and after motion compensation.
Results: On DCE-MR images with simulated motion, the generated relative enhancement curves
exhibited large perturbations and the Patlak numbers of the left and right kidney were significantly
underestimated up to 35% and 34%, respectively, compared with the ground truth. After motion
compensation, the relative enhancement curves exhibited much less perturbations and Patlak esti-
mation errors reduced within 3% and 4% for the left and right kidneys, respectively. On clinical
free-breathing MR images, the temporal intensity curves exhibited significantly reduced variations
after motion compensation, with standard deviation decreased from 30.3 and 38.2 to 8.3 and 11.7
within two manually selected regions of interest, respectively.
Conclusions: The developed motion compensation method has demonstrated its ability to facilitate
quantitative MRU functional analysis, with improved accuracy of pharmacokinetic modeling and
quantitative parameter estimations. Future work will consider performing more intensive clinical
verifications with sophisticated pharmacokinetic models and generalizing the proposed method to
other quantitative DCE analysis, such as on liver or prostate function. C 2014 American Association
of Physicists in Medicine. [http://dx.doi.org/10.1118/1.4900600]

Key words: DCE-MRI, motion correction, kidney, quantitative analysis

1. INTRODUCTION

Dynamic contrast-enhanced magnetic resonance imaging
(DCE-MRI) is a widely used technique and a promising
radiological measure of renal function.1 In particular, mag-
netic resonance urography (MRU) provides both morpholog-
ical information and quantitative functional evaluations of
the urinary tract in a single examination2,3 and offers high
contrast and superior resolution compared with conventional
techniques.4 Free of radiation, MRU has been widely used in
pediatric subjects. During MRU, images are usually acquired
before, during, and after the injection of the contrast agent

(such as Gd-DTPA) to capture the dynamic signals. These dy-
namic signal changes reflect the perfusion, filtration, concen-
tration, and excretion of the kidney, and one can analyze the
MRU data to obtain quantitative functional information such
as renal transit time (RTT), glomerular filtration rate (GFR),
differential renal function (DRF), and relative time–signal
intensity.3

Motion artifacts can cause substantial errors in estimat-
ing quantitative parameters.5,6 In most MRU studies, motion
artifacts are minimized by scanning subjects under sedation,
gating, or taking sequential breath-holds.2 However, those
techniques are not desirable in that sedation often requires
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(a)

(b)

(c)

F. 1. Example images for three subjects with different enhancement stages after contrast agent injection at 0, 72, and 180 s, respectively.

dedicated sedation physicians to titrate dose for each sub-
ject, gating scarifies efficiency and temporal resolution, and
breath-holding requires patient cooperation that could be chal-
lenging for pediatric patients. Recently, efforts have been
made to perform motion compensation by post image process-
ing.7–9 However, contrast changes due to the pharmacokinetics
make the motion compensation challenging.

Recent approaches have been proposed by applying match-
ing metrics that are insensitive to contrast changes. One
approach is to consider the contrast-variant images as effec-
tively different modalities and to maximize the mutual infor-
mation.9 However, the locally changing pattern in DCE-MR
images does not guarantee the assumed mapping consis-
tency and may lead to large registration errors.10,11 Similarly,
the cross-correlation metric proposed in Ref. 8 may also be
violated in DCE-MR images.

Recently, we have developed a novel methodology to
perform nonrigid motion estimation based on geometrical fea-
tures that are robust to intensity and contrast variations—an
approach particularly applicable in DCE-MRI motion correc-
tion.12 In this study, we propose to incorporate this mo-
tion correction method into the MRU functional analysis

framework and validate this framework directly with clinical
endpoints in quantitative MRU analysis—the Patlak number,
GFR, and DRF. Specifically, we designed two complementary
experiments to assess its performance. In the first experiment
centered on quantitative validation, we obtained the clini-
cally valid functional estimates from DCE-MR images ac-
quired under sedation as the “ground truth” and quantitatively
compared the obtained functional estimates from the proposed
method on the simulated motion-affected DCE-MR images
against the ground truth. To faithfully capture and reflect
the involved motion impact on MR imaging, a second set
of experiment was conducted on MR images acquired under
free-breathing without contrast enhancement, and the perfor-
mance was evaluated by assessing the temporal variation of
intensity curves within various regions of interest (ROIs).

2. MATERIALS AND METHODS

2.A. MR image acquisition

The imaging protocols used in this study were approved
by the local institutional review board. Each enrolled subject

Medical Physics, Vol. 41, No. 12, December 2014
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was screened for MRI risk factors and provided informed
consent in accordance with institutional policy.

2.A.1. DCE-MR image acquisition with triggering
and sedation

The DCE-MR images in this study were acquired on a
3.0T GE MR 750 system (GE Healthcare, Waukesha, WI)
with subjects under general anesthesia, where the ground
truth functional estimates can be obtained. Bellows respi-
ratory triggering was implemented resulting in a temporal
phase every two respiratory cycles (temporal resolution is
about 9 s/dynamic volume for a 20 cycles/min respiratory
rate). To ensure general applicability, we have carefully cho-
sen three pediatric patients (17 month, 6 yr, and 9 yr old,
respectively) that have significant variations of anatomical
characterizations and enhancement behaviors. To achieve bet-
ter linearity between MRI signal and contrast concentration
and to avoid potential kidney problems, a low dose at 1/5 of
Gadovist (Gd-DO3A-butriol, Schering AG, Berlin) was used
as the contrast agent with the injection rate of 0.3 mL/s, fol-
lowed by 10 mL saline chaser at the same rate. A body coil
was used for RF transmission, and a commercially available
32-channel torso array coil was used with the anterior 19 ele-
ments enabled for the data acquisition. Parallel imaging was
used with an acceleration factor of 2×2. A 3D T1-weighted
gradient echo sequence with a dual-echo bipolar readout was
used for data acquisition, and we used an in-house vari-
able density Cartesian undersampling scheme called DISCO
(differential subsampling with cartesian ordering)13 to perform
high spatiotemporal resolution dynamic MRU. A two-point
Dixon reconstruction was used for robust fat–water separation.
4D datasets with 47, 34, and 29 temporal volumetric images
were acquired for each subject. Imaging parameters were: flip
angle= 15◦, receiver bandwidth=±167 kHz, TR= 3.56 ms,
matrix size= 256×256, FOV= 340×340 mm2, the total num-
ber of slices= 34, and slice thickness= 4 mm. Figure 1 shows
example images from different contrast stages for the three
subjects.

2.A.2. Noncontrast MR image acquisition under
free breathing

The noncontrast MR images in this study were acquired
on a 3.0T MRI system (Skyra, Siemens Healthcare, Erlangen,

Germany) from a healthy 27-yr-old male subject. A spline
and body matrix coil was used. A similar 3D T1-weighted
gradient echo sequence with a dual-echo bipolar readout was
used for data acquisition (a TWIST-Dixon work-in-progress
sequence14) to achieve high spatiotemporal resolution, and
the same two-point Dixon reconstruction was used for robust
fat–water separation. No parallel imaging was used in this
acquisition. The 4D noncontrast MRI dataset contains 12 volu-
metric images. The imaging parameters were: flip angle= 12◦,
TR= 4.1 ms, matrix size= 160×152, FOV= 350×350 mm2,
the total number of slices= 28, and slice thickness= 3.1 mm.
Figure 2 shows example free-breathing images at different
time points, with dominant motion in the superior–inferior
(SI) direction and mean magnitude about 14 mm.

2.B. MRU functional analysis

In this study, we focus the quantitative analysis on the
following three MRU functional estimations: relative inten-
sity versus time curves, Patlak number of each kidney, and
Patlak differential renal function (pDRF).

2.B.1. Relative enhancement curves

The relative enhancement curves are used for compar-
ing two renal functions.15 The delay of the corticomedullary
crossover point, defined as the point where the cortex curve
intersects with the medulla curve, is usually used to deter-
mine the urinary obstruction.3,16 A common approach is to
manually segment the renal cortex, medulla, and aorta to ac-
quire the enhancement curves of each regions, respectively,
and then perform the comparison.15,17 In each region, a mean
signal SR(t) is calculated at each time point and the relative
enhancement curves are calculated by

SR(t)= SR, t−SR,0

SR,0
, (1)

where R is the region index, SR, t represents the mean signal
intensity at time point t for region R, and SR,0 is the mean
precontrast signal calculated from the baseline scans for re-
gion R.

2.B.2. Patlak number

The Patlak number, usually serving as the GFR index
of each kidney, can be estimated by the Patlak–Rutland

F. 2. Example images of the subject under free breathing at 9.7, 14.9, and 35.7 s, respectively.
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F. 3. Illustration of the proposed motion correction scheme: the proposed method is capable of finding the corresponding points in time (tracking
voxel trajectory along the dashed line), compared to a “blind” approach where intensity values at the same spatial physical coordinate instead of intrinsic
anatomical/functional coordinate are plotted (solid line).

model.18–20 It is based on a simplified two-compartment model
with the following assumptions: the plasma concentration of
the contrast agent in the aorta and renal arteries is equal and
is proportional to the signal change; the total contrast in the

F. 4. Flowchart of the motion compensated MRU analysis: Step 1. MRU
image acquisition (Sec. 2.A)—I0 and Ik represent the acquired reference
volume and image volumes at different time points, respectively; Step 2. Mo-
tion estimation with extracted renal boundaries (Sec. 2.C)—extracting renal
boundaries of each image volume and estimating motion field at different
time points Tk(x) by registering φk with the reference φ0; Step 3. Motion
compensation on MRU image sequence—applying the obtained motion fields
to each image volume Ik(x) ◦ Tk(x) and mapping the intensity at different
times to a common spatial coordinate system (executed in ); Step 4.
MRU functional analysis based on Sec. 2.B on the Osirix platform (Ref. 25).

kidney at any time point can be expressed as the sum of the
contrast in the vascular space and in the nephrons; the contrast
agent does not leave the renal parenchyma during the time of
analysis. The amount of contrast agent at any time point K(t)
is described as

K(t)=V0ca(t)+P
 t

0
ca(u)du, (2)

where V0 represents the kidney vascular volume, P is the
clearance function of the contrast agents from the vascular
space to the kidney, and ca represents the agent concentration
in plasma. K(t) can also be represented by ck(t)Vk, where ck(t)
is the mean concentration of contrast agent in the kidney and
Vk is the renal volume. Equation (2) can therefore be written
as

ck(t)
ca(t) =

V0

Vk
+P

 t

0 ca(u)du
Vkca(t) . (3)

At time points before contrast agents excrete into the col-
lecting system, the above equation can be fitted into one
linear equation. By assuming that the relative signals and the
concentration of contrast agent has a linear relationship, one
can replace ca(t) and ck(t) by the relative signal calculated
from aorta (Sa(t)) and renal cortex (Sc(t)). The slope P (the
Patlak number), representing the clearance rate of contrast
agents from the vasculature, can then be estimated by re-
gressing Sc(t)/Sa(t) against

 t

0 Sa(u)du/VkSa(t). A convention
measurement of GFR can also be obtained by multiplying the
Patlak number with the renal volume.21

2.B.3. pDRF

The pDRF is another potential GFR indicator that is slightly
modified to incorporate a normalization of right vs left kidney
Patlak numbers. It is calculated based on the following equa-
tions:

pDRFR =
PR

PR+PL
, (4)

pDRFL =
PL

PR+PL
, (5)

Medical Physics, Vol. 41, No. 12, December 2014
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F. 5. Checkerboard visualization of registration results in different volumes
from subject 1: (a) 22nd slice in volume 1 vs volume 11 before registration,
(b) 22nd slice in volume 1 vs volume 11 after registration, (c) 22nd slice in
volume 11 vs volume 17 before registration, and (d) 22nd slice in volume
11 vs volume 17 after registration; arrows in (a) and (b) indicate positions
with misalignment and arrows in (c) and (d) indicate positions of improved
continuity and alignment after motion compensation.

where PL and PR represent Patlak numbers calculated from
the left and right kidneys, respectively. pDRF often serves
as a more robust index than the Patlak number thanks to its
normalization.21,22

2.C. Motion estimation in MRU

In this study, we propose to adopt our recent developed
shape-based motion estimation method12 for motion compen-
sation in MRU analysis. Specifically, this algorithm consists
of two sequential parts: (1) extracting renal boundary features
with a level set based segmentation and (2) estimating nonrigid
motion among extracted renal boundaries. Figure 3 illustrates
the basic idea of the proposed motion correction scheme, which
rids misleading perturbations caused by including the intensity
of different voxels in the dynamic plot.

2.C.1. Extracting renal boundaries: Level set
based segmentation

The level set method, first introduced by Osher and Fed-
kiw,23 is a powerful tool representing evolving curves and
surfaces and is widely used in various segmentation tasks. In
the level set representation, a curve C is usually represented
implicitly as the zero level set of its corresponding level set
function (LSF) φ in a higher dimensional space. Here, we
represent renal boundary features by the level set function
φ and perform segmentation by minimizing a variational en-
ergy that encodes several priors,

ϵ(φ)= λLg(φ)+ β

2
A(φ)+ µRp(φ), (6)

where Lg(φ)=

Ω
gδ(φ)|∇φ|dx regularizes the curve length

and smoothness, with g representing the edge indication
function. Cross-frame consistency is encouraged with A(φ)

= ((
Ω

H(−φ)dx)− (
Ω

H(−φ0)dx))2 by minimizing the l2 dis-
tance of renal volumes between adjacent frames, with
Ω

H(−φ)dx representing the target renal volume and
Ω

H(−φ0)dx representing the renal volume of the previous
frame. Here, H is the Heaviside function. The signed distance
property of the level set function is regularized by Rp(φ)
=

Ω

p(|∇φ|)dx, where p is designed as a proper double-well
function with minimal values at 0 and 1.24 A gradient descent
method has been derived and applied to minimize the above
energy functional to obtain the proper shape segmentation.
The initialization of the level set segmentation takes advan-
tage of the temporal continuity of anatomical structures ex-
tracted from the images. The level set curve from segmenting
a volume preceding in time is used to initialize the segmenta-
tion for a subsequence volume. The segmentation of the first
volume is initialized manually.

2.C.2. Nonrigid motion estimation

After extracting renal boundaries of the volumetric im-
age at each time, we match renal boundaries φi of different
volumes with the reference φ0,

E(ω)=

Ωnb

(φ0(x)−φi(x+ω))2dx+α

Ω

∥∇ω∥2
Fdx, (7)

where ω is the motion to estimate, φ0 and φi represent ex-
tracted renal boundaries of the reference and target volumes,
respectively, and α is the smoothness regularization coeffi-
cient. The fidelity is restricted over a narrowband region to be
resilient to noise away from the renal boundaries: Ωnb = {x :
|φ1(x)| < η}∪ {x : |φ2(x)| < η}, where 2η is the width of the
detected renal boundaries centered at the zero level set. The
above energy functional is minimized by solving the corre-
sponding Euler–Lagrange equations through two nested itera-
tive schemes. Algorithmic and numerical details are provided
in Ref. 12. For all segmentation performed in this study, we
manually fixed the smoothness length, area, signed distance
parameters, and time step to be λ = 0.5, β = 0.001, µ= 0.2,and
∆t = 1, respectively. In all motion estimation performed, the
smoothness weight α and the width of the narrowband η were
set to 1.5 and 15 voxels, respectively, in all experiments. With-
out specific code optimization, the total computation time for
both segmentation and motion estimation between two 3D vol-
umes with size 256×256×34 is about 2 min. It takes about
60 min for processing a whole sequence of DCE-MR images
that usually contains about 30 time frames.

T I. Error statistics of registration results on DCE-MR images, showing
subvoxel accuracy (voxel size = 1.33 × 1.33 × 4 mm).

MAE RMSE SD Mean Median

Left–right (mm) 0.25 0.43 0.43 −0.02 −0.01
Superior–inferior (mm) 0.14 0.29 0.29 −0.04 −0.01
Anterior–posterior (mm) 0.30 0.46 0.46 0.01 0.01
3D (mm) 0.49 0.70 0.50 0.49 0.35

Medical Physics, Vol. 41, No. 12, December 2014
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(a) (b)

(c) (d)

(e) (f)

F. 6. Comparison of enhancement curves and Patlak plot from subject 1: (a) and (b) ground truth enhancement curves and Patlak plot, (c) and (d) enhancement
curves and Patlak plots generated from unregistered datasets, (e) and (f) enhancement curves and Patlak plots after motion compensation.

2.D. Motion compensated MRU analysis

Figure 4 illustrates the proposed flowchart of incorporat-
ing the introduced motion correction method into the MRU
analysis with four specific steps.

2.E. Experiments

To validate the proposed motion compensation scheme,
we propose the following two sets of complementary experi-
ments.

2.E.1. Experiment on sedated DCE-MR images with
simulated motion for quantitative assessment

MRU analysis was first performed on the DCE-MR im-
ages acquired from three sedated children subjects that have
significant variations in their anatomical structures and en-
hancement behaviors (Fig. 1), from which clinically valid
functional estimates were calculated as the ground truth.

To mimic the realistic renal motion under respiration, we
carefully synthesized a nonrigid motion field based on the
well-accepted B-spline model,26 which was flexible enough to

characterize physical and physiological motion.27 The simu-
lated nonrigid field had predominant motions in the SI and
left–right (LR) directions with average motion magnitude of
15 and 9 mm, respectively. To mimic the inconsistent renal
positions of different breath-holds, the motion magnitude
applied to each volume was multiplied with a random number
between 0 and 1. The synthesized datasets were generated by
applying the simulated motions to the original image volumes.

We quantitatively evaluated the impact of nonrigid mo-
tion on functional estimates and the efficacy of the intro-
duced motion compensated MRU framework by comparing
calculations without and with motion compensation against
the ground truth for the following functional information:
the relative enhancement curves, Patlak number, GFR, and
pDRF.

2.E.2. Experiment on free-breathing MR images

We applied the proposed method to the noncontrast free-
breathing MR images (Fig. 2). The performance on compen-
sating real motion was evaluated by comparing the standard

Medical Physics, Vol. 41, No. 12, December 2014
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(a) (b)

(c) (d)

(e) (f)

F. 7. Comparison of enhancement curves and Patlak plot from subject 2: (a) and (b) ground truth enhancement curves and Patlak plot, (c) and (d) enhancement
curves and Patlak plots generated from unregistered datasets, (e) and (f) enhancement curves and Patlak plots after motion compensation.

deviation of the temporal intensity curves before and after
motion compensation for two selected ROIs.

3. RESULTS

3.A. Motion correction results on sedated DCE-MR
images with simulated motion

Figure 5 provides the checkerboard representations of
example slices in different volumes before and after motion
correction, where pronounced improvement on the boundary
continuities can be observed after registration. We denote
ei(x)=ωi(x)−ω̂i(x) as the error in each direction by calcu-
lating the difference between the ground truth and the esti-
mated motion for voxels x within proper neighborhood of the

kidneys and e(x)=
3

i=1(ωi(x)−ω̂i(x))2 as the aggregated

error. We report mean absolute error (MAE= 1/N
N

i=1 |ei |),
root mean squared error (RMSE=


1/N
N

i=1e2
i ), standard

deviation (SD), mean, and median of ei in Table I.

3.B. Quantitative MRU analysis results

The quantitative functional information obtained from our
analysis were compared with the ground truth. The first five
volumes for each subject were chosen as the precontrast
baseline scans to compensate for the low SNR.

The relative enhancement curves and Patlak plots gener-
ated from unregistered and registered datasets were compared
in Figs. 6–8 for each subject, respectively. The enhance-
ment curves exhibited much less perturbations after motion
compensation for all three subjects. Moreover, the corti-
comedullary crossover points, which were quite inconspic-
uous from nonregistered datasets, became clearly visible and
close to the ones in true enhancement plots after registration.
The Patlak number, pDRF, and GFR from each subject were
calculated and compared with the ground truth. As shown
in Table II, the estimated Patlak numbers from unregistered
datasets were significantly underestimated up to 35% and
34% for the left and right kidneys, respectively. After mo-
tion compensation, the Patlak number estimation errors for
the left and right kidneys were reduced within 4% and 3%,

Medical Physics, Vol. 41, No. 12, December 2014
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(a) (b)

(c) (d)

(e) (f)

F. 8. Comparison of enhancement curves and Patlak plot from subject 3: (a) and (b) ground truth enhancement curves and Patlak plot, (c) and (d) enhancement
curves and Patlak plots generated from unregistered datasets, (e) and (f) enhancement curves and Patlak plots after motion compensation.

respectively, demonstrating the efficacy of the proposed MRU
motion compensation framework.

3.C. Motion compensation results on free-breathing
MR images

Figure 9 compares the temporal intensity curves before
and after motion correction within two manually selected
ROIs. In the ideal scenario without contrast injection/motion,
one expects the intensity curve to be stable and close to con-
stant over the time course. The presence of free-breathing
motion severely perturbed the intensity curve, introducing
potential misleading effects in the subsequent analysis if any.
After motion correction, the intensity curve became more sta-
ble/constant, coinciding with the expected behavior, and the
standard deviation decreased from 30.3 and 38.2 to 8.3 and
11.7 for the two selected ROIs, respectively. Figure 10 pro-
vides the checkerboard representations of example slices in
different volumes before and after motion correction, where
pronounced improvement of alignment can be observed.

4. DISCUSSION

The presence of nonrigid motion on DCE-MR dataset intro-
duced large artificial perturbations in the observed temporal
trajectory of voxel intensity and led to large deviations in
the subsequent functional estimates. The proposed motion
compensation scheme provided pronounced improvement in
correcting motion and generating more faithful enhancement
curve presentations: better quantitative assessment of Patlak
estimation demonstrated the end-to-end performance gain, and
the reduced temporal variations in noncontrast free-breathing
MR tests were suggestive of good performance in the presence
of real motion.

Some residual perturbations in the relative enhancement
curves persisted after motion correction. One may attribute
this residual to the fact that geometric contour matching may
not be fully capable of recovering voxelwise correspondence,
especially in the far interior/exterior of the anatomical struc-
tures. However, such small misregistrations had little impact
on the estimated Patlak numbers.

Medical Physics, Vol. 41, No. 12, December 2014



122302-9 Liu, Sung, and Ruan: Shape-based motion correction for quantitative MR urography 122302-9

T II. Comparison of estimated functional parameters for each subject: the ground truth values were calculated from the original DCE-MR images with
subjects under sedation.

Ground truth Unregistered Registered

Left kidney Right kidney Left kidney Right kidney Left kidney Right kidney

Subject 1
Patlak (ml/min/ml) 2.6 3.0 2.1 2.3 2.6 3.0
GFR (ml/min) 101.9 134.3 83.0 105.3 103.0 135.9
pDRF (%) 46.1 53.9 47.1 52.9 46.1 53.9

Subject 2
Patlak (ml/min/ml) 1.9 2.2 1.4 1.6 1.9 2.2
GFR (ml/min) 80.7 115.1 58.6 81.7 81.9 114.6
pDRF (%) 46.6 53.4 47.2 52.8 47.1 52.9

Subject 3
Patlak (ml/min/ml) 2.3 2.9 1.5 1.9 2.2 2.8
GFR (ml/min) 67.9 88.2 43.3 56.7 65.2 85.1
pDRF (%) 44.0 56.0 43.8 56.2 43.9 56.1

In this study, the Patlak number was estimated from the
two-compartment Patlak–Rutland model and GFR was calcu-
lated as the product of the absolute Patlak number with the
renal volume. This simplified model has shown good agree-
ment with GFR values obtained using a reference method.28,29

Further improvement can be achieved by correcting for the
hematocrit and accounting for the patient’s weight.21,30 The
value derived from the slope of the Rutland–Patlak plot is more
desirable to be treated as a GFR index instead of an absolute

(a) (b)

(c)

(d)

F. 9. Comparison of temporal intensity curves within two selected ROIs
before and after motion compensation: (a) selected ROI 1, (b) selected ROI
2, (c) comparison of temporal intensity curves for ROI 1, and (d) comparison
of temporal intensity curves for ROI 2. Red dashed lines represent temporal
intensity curves before motion correction and green dashed–dotted lines
indicate temporal intensity curves after motion correction.

measurement. More extensive validations are needed espe-
cially in children.21,22

In our experiments, though the Patlak numbers were un-
derestimated from the unregistered datasets from different
subjects, the calculated pDRF was quite robust to the motion
artifacts. This agrees with the general observation that the
pDRF is more robust to the imperfection of input signals and
can serve as a relatively robust measurement of renal function
in children.21,22

Compared with other motion correction approaches based
on either mutual information or cross-correlation metric,8,9

the proposed shape-based registration scheme is more robust
to local intensity changes across frames as in DCE-MR im-
ages and yields more accurate motion correction results.12

With the advantage of its robustness to contrast and intensity
variations, the proposed shape-based motion compensation
scheme, upon further validation, has the potential to be appli-
cable to other quantitative DCE analysis, such as functional
liver or prostate analysis.31,32

F. 10. Checkerboard visualization of registration results in different vol-
umes from noncontrast free-breathing MR dataset: (a) 14th slice in volume 1
vs volume 5 before registration, (b) 14th slice in volume 1 vs volume 5 after
registration, (c) 14th slice in volume 1 vs volume 10 before registration, and
(d) 14th slice in volume 1 vs volume 10 after registration.
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Besides the utility in pediatric MRU to alleviate the burden
of sedation for children, the proposed technique also has a
direct application to adult DCE-MRI in compensating mo-
tion between multiple short breath-holds and reducing the
sacrifice in scanning efficiency from gating.

5. CONCLUSION

We have shown that our proposed MRU motion correc-
tion framework has good promise in compensating motion
artifacts to facilitate functional MRU analysis. On DCE-MR
dataset with simulated motion, the Patlak estimation errors
have been significantly reduced from 35% and 34% to 4%
and 3% for the left and right kidneys, respectively. On free-
breathing MR dataset without contrast, the proposed method
has achieved significantly reduced standard deviation of the
temporal intensity curves. Future work includes (a) perform-
ing more intensive clinical verifications with sophisticated
pharmacokinetic models, (b) pursuing an institutional review
board approved protocol to acquire free-breathing DCE-MRI
measurement, and (c) generalizing the proposed method to
other quantitative DCE analysis, such as on liver or prostate
function.
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