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ABSTRACT

Pharmacokinetic modeling is a mathematical modeling technique that examines the dynamics of concentration
curves to reveal information about tissue microvasculature. Typically, image registration is performed as a pre-
processing step to remove motion in dynamic contrast-enhanced (DCE) image sequences and ensure accurate
pharmacokinetic analysis.

In this work, we introduce a registration method for correcting motion in a sequence of DCE images. The
proposed method involves the use of Tofts pharmacokinetic model to generate a sequence of reference images.
These images simplify the challenging task of registering DCE images by pairing each frame in the motion-
corrupted sequence with a reference image that resembles the overall contrast enhancement of the template.

Abdominal DCE-MR images were used for validation. Reduction of motion in the registered sequence was
observed both visually and quantitatively. Both global and local measures of registration accuracy obtained
from the registered sequence and its associated signal intensity curves were smaller than their pre-registration
counterparts.
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1. INTRODUCTION

Dynamic contrast-enhanced (DCE) imaging is a technique where a sequence of images are acquired before and
after the administration of a paramagnetic contrast agent. DCE protocols can be readily incorporated into
existing CT and MRI protocols [1].

The concentration curves resulting from the temporal enhancement pattern of a tissue enable the analysis of
the tissue microvasculature, which in turn can be used in tumour diagnosis. It has been shown that the micro-
circulatory parameters that can be derived from the analysis of concentration curves can be used to characterize
the malignancy of a tumour, aid in identifying appropriate courses of treatment and in assessing a patient’s
response and resistance to treatment.2,3

Image registration is typically performed as a pre-processing step to reduce motion in a sequence of DCE-MR
images prior to the analysis of tissue concentration curves. However, the absorption of the contrast medium into
the region of interest creates intensity variations in the image sequence, thereby complicating the alignment of
structural information in DCE images.

Some workarounds to the challenges introduced by intensity variations in contrast-enhanced images involved
the use of surface markers and optical motion tracking devices to correct misalignment in image pairs, as in
[4]. Others proposed the construction of a set of synthetic images to assist in the registration of images. For
instance, in [5], the registration problem was divided into sub-problems using auxiliary images computed from the
conditional probability distribution of image voxel pairs. These auxiliary images were registered to the original
images using the Sum of Squared Distances (SSD) distance measure measure. In [6], a general tracer-kinetic
model described by an input response function convolved with the plasma input function was used to obtain
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time-activity curves. These curves were then used to assist a succeeding groupwise registration framework based
on an Expectation-Maximization framework.7

In this work, we present a pharmacokinetic (PK) approach for correcting motion in a DCE sequence. It
employs a pharmacokinetic model for the uptake of the contrast agent to generate a sequence of reference
images, which then allows for the implementation of a simple elastic registration method coupled with the SSD.

2. DATA

A sequence of abdominal MR images was used in our experiments. The scans were acquired with a T1-weighted
fast spoiled gradient-echo (FSPGR)8 sequence. Spatial resolution was 1.88mm by 1.88mm by 8mm in the supe-
rior/inferior (S/I), left/right (L/R), and anterior/posterior (A/P) directions respectively. Temporal resolution
was approximately 3.7 seconds per volume as in [3, 9, 10].

3. METHODS

In this section, we discuss the components that are vital in generating the synthetic images that would simplify
the motion correction problem in DCE sequences, namely the Tofts pharmacokinetic model for contrast uptake
and the Levenberg-Marquardt Algorithm (LMA) for non-linear least squares minimization.

3.1 Tofts Pharmacokinetic Model

The Tofts pharmacokinetic model,11,12 proposed by Tofts and Kermode, is frequently used to characterize
contrast dynamics in tumours.13 The tissue concentration of Gd-DTPA is described by the biexponential function

C(t) = DKtrans
2∑
i=1

ai

[
exp (−kept)− exp (mit)

mi − kep

]
, (1)

where D is the injected dose of the contrast agent, Ktrans the influx volume transfer constant, Kep the efflux
rate constant from the extravascular-extracellular space (EES) to plasma, the mi’s are the rate constants of CA
clearance, and the ai’s are the corresponding amplitudes. In this model, equilibrium of the injected contrast
agent between the plasma and EES (i.e., the whole body) and the isodirectional permeability of the plasma and
EES compartments are assumed.11,14 The schematics of the Tofts model are provided in Figure 1.

Figure 1: Schematics of Tofts two-compartmental model. Image adapted from [14].

3.2 Levenberg-Marquardt Algorithm

In practice, signal intensity curves (SI) from a sequence of DCE images are fitted to one of the pharmacokinetic
models using a nonlinear fitting method like the Levenberg-Marquardt algorithm (LMA).15 The LMA is an
iterative procedure for minimization that uses first-order information to approximate the optimal solution.

Suppose we are given a set of data points (xi, yi), i = 1, . . . , n, and we want to find the parameter α∗ of the
curve f(x, α∗) that minimizes the sum of squared residuals

L(α) =

n∑
i=1

[yi − f(xi, α)]
2
. (2)
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Using the first-order Taylor expansion of the function f around α and letting Ji = ∂f(xi, α)/∂α, an approx-
imation for the sum of squared residuals at the new estimate α+ δ can be computed as

L(α+ δ) =

n∑
i=1

[yi − f(xi, α)− Jiδ]2 . (3)

Modifying the normal equation of (3) to include a damping factor λ ≥ 0 for diagonal elements of the symmetric
matrix JTJ yields

δ =
[
JTJ + λ diag(JTJ)

]−1

[
JT [y − f(α)]

]
.

3.3 Sequence of Synthetic Reference Images

To facilitate the construction of a motionless sequence of reference images, we plotted the intensity of every pixel
in the image domain at every discrete time step ti in the image acquisition process and fitted each pre-registration
SI curve to the Tofts model via the Levenberg-Marquardt algorithm. Subsequently, predictions of the intensity
value of every pixel at every time step were given by the points on the best-fit curves, which in turn allowed us
to construct the synthetic reference sequence. See Figures 2-3.

Figure 2: The best-fit prediction curves were obtained after computing the microcirculatory parameters that
minimize the sum of squared residuals between the pre-registration SI curves and the Tofts model. The points on
a prediction curve represents the projected intensities of a pixel at different time steps in the image acquisition
process.

3.4 Elastic Registration

Given the ith frame Ti of a DCE sequence, we want to find a transformation θi that aligns Ti to its corresponding
synthetic reference image Ri. That is, we aim to solve the optimization problem

θi = argmin
θ

DSSD [Ri, Ti [θ(x)]] + αS [θ(x)] ,

where
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Figure 3: Constructing the reference images entails generating the prediction curves for every pixel in the image
domain. The intensity value of a pixel x in the ith reference image is given by the point P x(ti) on the prediction
curve associated with x.

• Ti [θ(x)] is a transformed version of the template image Ti,

• DSSD [Ri, Ti [θ(x)]] denotes the Sum of Squared Distances between the reference and transformed template,
and

• S [θ(x)] is the elastic regularization term16 that controls the amount of local deformations.

4. EXPERIMENTS AND RESULTS

The proposed pharmacokinetic method was validated on the DCE-MR sequence of abdominal images described
in Section 2.

Following the construction of the reference images as discussed in Section 3.3, elastic registration was imple-
mented to align each frame in the initial motion-corrupted DCE sequence to its corresponding reference. The
final set of registered images corresponds to the motion-corrected sequence from the proposed method.

Shown in Figure 4a are the absolute difference images between some successive frames in the motion-corrupted
sequence. Prior to registration, the difference images were influenced by both diaphragm motion and the wash-in
of the contrast agent. After aligning the template images to their corresponding synthetic references – some of
which are displayed in Figure 4b – the difference images (Figure 4d) between consecutive PK-registered images
in Figure 4c were mostly null, except for the regions that were enhanced by the contrast agent.

To quantify the amount of remaining motion in the registered sequence, we computed the target registration
error (TRE), as well as the mean squared error (MSE) and coefficient of variation (CV) of the SI curves before
and after PK registration. TREs denote the distances of specified gridpoints in the template images from their
correct location in the ground truth. Meanwhile, MSEs quantify how close the SI curves of the final registered
images are to the SI curves of the ground truth sequence. Finally, CVs measure the smoothness of the SI curves.

With respect to the initial DCE sequence, the proposed method yielded smaller post-registration average
TREs, which means that the transformed template grid resembles the reference grid more closely after performing
PK registration. Post-registration MSE and CV were also lower than their pre-registration counterparts. These
imply that the proposed method produced smoother SI curves with smaller fluctuations, which then translates
to more accurate local alignments.

5. CONCLUSIONS

Here, we introduced a registration pipeline that employs Tofts pharmacokinetic model to generate synthetic
reference images for every frame in a DCE sequence. Doing so simplified the problem of eliminating naturally
occurring motion from a sequence of DCE images by enabling the use of a simple elastic registration algorithm
coupled with the SSD distance metric. This is a departure from registration methods that require the inclusion
of an intensity correction term to properly align DCE images [3, 9, 17,18].

Reduction of motion in the registered sequence was observed both visually and quantitatively. In terms of
both global and local measures of accuracy, the TRE, CV, and MSE of SI curves resulting from the proposed
pharmarcokinetic method were all significantly lower than their pre-registration counterparts.
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(a) Absolute difference between some consecutive images in the motion-corrupted sequence

(b) Some of the generated reference images

(c) Some consecutive registered images in the sequence

(d) Absolute difference between some consecutive images in the registered sequence

Figure 4: Results of the registration of the sequence of DCE images to the motionless sequence of synthetic
reference images. (a) Difference images |Ti − Ti−1| from some consecutive frames in the DCE sequence with mo-
tion, (b) consecutive synthetic reference images, (c) some consecutive registered images Ti[θi], and (d) difference
images |Ti[θi]− Ti−1[θi−1]| between consecutive frames in the motionless registered sequence.
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Figure 5: Frame-by-frame average TRE and SI curves for α = 600. The location of the gridpoints in the template
images were tracked in the sequence of motion-corrupted (pre-registration) and motion-corrected images. The
TREs are the distances of these points from their correct location in the ground truth/motionless dataset.
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