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PURPOSE
The process of acquiring filtration related measurements from DCE-MRI of the kidney requires a series of processing steps. In this work we
combine two closely related steps, the image registration (motion correction) and the pharmacokinetic modelling. The DCE-MRI data is generally
sampled in 4D (3D + time) and proper alignment of the spatial volumes over time is required in order to express meaningful time series on voxel
level. The combination of the processes allows the pharmacokinetic model to guide the registration resulting in an improved motion correction
[1, 2]. We present a model-driven registration, using regularized parametermaps, SSD distance measure and a coupled optimization yielding robust
parameterestimation and registration.

METHODS
Given a 4D image f (x, t) with x ∈ Ω, t ∈ [0,T ] and Ω ⊆ R3, image registration can be formulated as the search for a deformation y : R3 → R3

maximising the similarity between f (y(x), t) and a motion-free reference image g(x) for all t ∈ [0,T ]. In this work, we assumed that the deformation
is rigid and hence y = y(x,u) for some parameter vector u ∈ R5. We also assumed that the time-series of a voxel at spatial location xi can be
described adequately by a model M(p(xi),CA(·), t), where p(xi) = (p1(xi), . . . , pm(xi))

> is a vector of unknown pharmacokinetic parameters and
CA(·) is the Arterial Input Function. In order to compute the model fit and the the deformation in a joint approach, we added a time variation to our
static reference image and expressed it as g(x, t) = M(p(x),CA(·), t). This yields the following optimization problem

J(y, p) =
∫

[0,T ]

∫
Ω

( f (y(x,u), t))−M(p(x),CA(·), t))2 dxdt +
m

∑
k=1

αk‖∇pk(x)‖2

such that pk(x)≥ 0,∀k ∈ {1, . . . ,m}.

(1)

SNR µdef σdef REp1 REp2

8 0.32 0.23 0.09 0.08
10 0.26 0.20 0.07 0.07
∞ 0.05 0.03 0.01 0.03

Figure 1: Results for registration of the simulated data (38x85,
21 timepoints) at different SNR levels. Here SNR is with respect
to the mean signal, µdef, σdef are the mean and the standard de-
viation of the maximal errors of all deformations (in pixel), and
REp1,REp2 are the relative errors of the parametermaps. For regu-
larization we chose α1 = α2 = 10.

As pharmacokinetic model we applied the two-compartment Patlak-Ruthland Model,
yielding M(p,CA(·), t) = p1CA(t)+ p2

∫ t
0 CA(s)ds. In order to increase stability we

added the positivity constraints, the diffusive regularization on the parametermaps
and implemented our method in a multilevel framework. The minimisation was per-
formed as a Non-linear Least squares problem and solved using a constrained multi-
level Gauss Newton method. The real data was from a DCE-MRI study of glomerular
filtration [3].

RESULTS
We evaluated our method on real and simulated DCE-MRI data. In the simulation,
we used the Patlak-Model to generate a phantom dataset, added noise and a random
spatial deformation to the uptake curves. We further employed our algorithm to re-
construct the phantom and the parameter maps for different noise levels. Results from
the experiments on synthetic data can be found in Figure 1 and in Figure 2, while an
example of real dat registration is found in Figure 3.
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Figure 2: Registration of moving kidney phantom. Left panel:
Transformed image, f (5th time point) at the 2nd iteration and
convergence. Right panel: Model M (5th time point) at the 2th
iteration and convergence. The difference in resolution is due to
the multilevel implementation.

DISCUSSION
The introduced model can be interpreted in two ways. On the one hand it can be
regarded as a registration problem to adjusting reference images. On the other hand
one can see it as a standard voxelwise parameter fit with the option of not only ad-
justing the model parameters but also switching to timecourses of different locations
to correct for motion. Experiments showed that there is a risk of underestimation in
the deformation terms of the model. This will happen in situations where the model
parameters don’t co-align (are shifted with e few voxels) and in that way simulate
motion. This effect can be reduced by right regularization of the parameter maps.

CONCLUSION
The proposed method showed promising results for parametric 4D image registration.
The framework also opens several possibilities for further work including registration
using more advanced compartment models (e.g Tofts or Sourbron model) as well as
extension to a wider range of deformable and nonparametric registration schemes.

Figure 3: Checkerboard image of unregistrated (left) and regis-
trated (right) DCE-MRI image of the kidney.
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