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Abstract
Dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) provides information on changes occurring
during tumor growth in the tumor micro-environment and
vasculature. In the present paper, tumor voxel-wise estimates of tumor descriptors including total cell number, proliferative cell number, hypoxic cell number, necrotic cell
number and oxygen level derived from DCE-MRI data are
used to guide the deformable registration of subsequent time
points over the tumor growth cycle, evaluating their predictive value for tumor growth. The analysis of three preclinical colon carcinoma longitudinal cases shows that using physiologically meaningful measures of tumor as guidance information can improve non-rigid registration of longitudinal tumor imaging data when compared to a stateof-the-art local correlation coefficient Demons approach.
Moreover, using the determinant of the Jacobian of the estimated displacement field as an indicator of volume change
allows us to observe a correlation between the tumor descriptor values and tumor growth, especially when maps of
hypoxic cells and level of oxygen were used to aid registration. To the best of our knowledge, this work demonstrates for the first time the feasibility of using biologically
meaningful tumor descriptors (total cell number, proliferative cell number, hypoxic cell number, necrotic cell number
and oxygen level) derived from DCE-MRI to aid non-rigid
registration of longitudinal tumor data as well as to estimate tumor growth.

1. Introduction
Although a variety of deformable registration approaches exist in the literature [14], their application in the
presence of tissue-modifying pathologies such as tumors remains challenging. The poor registration outcome in the
presence of tumors is mainly due to changes caused by tissue death and tumor growth, which do not agree with the
assumption of smoothness of the deformation fields [21].
Here, we explore whether the integration of tumoral local
physiological information derived from quantitative medical imaging can improve the registration accuracy while allowing for more accurate quantification of local and total tumor growth than the one offered by the state-of-the-art Response Evaluation Criteria in Solid Tumors (RECIST) [18],
which determines tumor progression and regression based
on the evolution of the longest diameter. The simplicity of
this evaluation technique contrasts sharply with the heterogeneity of tumor tissue. Here, the increasing sophistication
of medical imaging instrumentation can serve as a major
opportunity to add volumetric anatomical and functional information to the tumor burden assessment.
Magnetic Resonance Imaging (MRI) can be used to noninvasively assess tumor tissue heterogeneity. Depending on
the technique used, MRI is sensitive to small-vessel structures, which allows for extraction of information on perfusion, tissue oxygenation and metabolism. One of these
techniques, dynamic contrast-enhanced magnetic resonance
imaging (DCE-MRI), which consists of acquiring several
sequential T1-weighted MR images over a short period of
time upon the injection of a contrast agent (CA), is able to
characterize tumor tissue and its response to therapy as a
complement to image acquisition.
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The dynamics of the CA can be evaluated based on different models. The first generation of DCE-MRI models,
referred to as Tofts models, dates back to the works of Tofts
and colleagues in the 1990s [16, 17]. With this model, parameters related to perfusion (i.e. blood delivery to a capillary bed) are obtained by fitting of the CA concentration
curves to a pharmacokinetic tracer analysis model. Modelfree approaches, in contrast, derive empirical parameters
that characterize the shape and structure of the signal intensity time to quantify tissue perfusion.
In the context of analysis of DCE-MRI tumor data, deformable image registration has been mostly used as a tool
for motion correction to enable quantitative analysis. Hamy
et al. extended a generic registration framework by using
a statistical prior derived from a robust DCE-MRI decomposition to constrain the similarity measure during estimation of the displacement field [6]. In [9], Hodneland et al.
proposed a joint segmentation and registration driven approach to estimate glomerular filtration rate from DCE-MRI
of kidney. A registration algorithm able to simultaneously
perform motion correction and pharmacokinetic estimation
in DCE-MRI data was proposed by Bhushan et al. in [3].
Their approach incorporated a physiological image formation model directly into the similarity measure, improving
the alignment of the images. None of these approaches has
been used for preclinical studies.
In this paper, we analyse DCE-MRI data coming from
preclinical studies where the presence of tumor is significant. In such cases, neither a generic regularisation model,
such as Gaussian regularisation used in [3], nor linear elastic regularisation [9] reflects well the heterogeneity of tumor growth. To address this limitation, to aid the longitudinal 3D registration of tumors, we propose to use DCE-MRI
perfusion related parameters (hereafter called descriptors),
which describe the tumor as a living matter, to form a biologically inspired regularisation model with enhanced registration accuracy and estimation of tumor volume.
The basic components of the proposed methods including the acquisition of the DCE-MRI pre-clinical data, the
extraction of the DCE-MRI related tumor descriptors, the
deformable image registration method and the use of the tumor descriptors to aid registration are outlined in Section 2.
The results are presented in Section 3, and include the registration output and the assessment of tumor volume evolution based on the determinant of the Jacobian of the estimated displacement field for three longitudinal pre-clinical
tumor cases. An analysis of the results, an outline of the
main contributions and limitations of the proposed method
as well as an outlook for future steps are given in Section 4.

2. Methods
2.1. DCE-MRI Based Descriptor Maps Estimation
A combination of model-free deconvolution and semiquantitative approaches was used to compute DCE-MRI related quantities. The perfusion F was computed by deconvolving the measured gadolinium concentration time
curve (Ct (t)) with the arterial input function (AIF ) using
a block-circulant singular value decomposition (oSVD) as
described in [19]. The distribution volume vD , which represents the fraction of tissue accessible to the CA, was computed using a population based AIF [8, 12] and Eq. 1 [15]:
R∞
Ct (t)dt
(1)
vD = R 0∞
C
a (t)dt
0
Using the central-volume theorem [22], the mean transit time M T T , which relates vD to the arterial inlet to the
space carrying the plasma flow through each voxel, can be
computed as M T T = vD /F .
These parameters offer insight into the tumor metabolic
status as well as into its microenvironment and are further
converted to physiological parameters (e.g. cell density, mitotic activity and oxygenation level), which can be meaningfully used to inform a non-rigid registration approach.
The first tumor descriptor included in this study is an
estimate of the number of cells. Contrary to [2], where this
descriptor is estimated with the help of two imaging modalities (DW-MRI, which provides a non-invasive measurement
of the degree of random motion of water molecules in tissue, and DCE-MRI), we propose a method based on parameters derived solely from DCE-MRI.
In order to estimate the number of tumor cells (cell), we
assume that the higher the number of cells the longer it will
take for the CA to leave the voxel. Hence, a positive correlation between cell and M T T is assumed, which yields
cell = (M T T /M T Tmax ) · (1 − vD ) · capacity. Where
M T Tmax represents the maximum M T T value found over
the whole image, so that M T T /M T Tmax results in a relative M T T value between 0 and 1. The capacity equals
the voxel volume divided by the volume of each tumor cell,
which is assumed to be a sphere with a diameter of 10µm.
Tumor cells can be either proliferating (mitosis), quiescent (hypoxia) or necrotic. The number of tumoral
cells constituting each group is estimated according to the
metabolic activity within the voxel.
The number of proliferating cells is assumed to be proportional to the maximum enhancement peak (mEP ) of
the concentration time curve (CT C(t)) based on findings
by [5], where a positive correlation between the mitotic index and mEP could be demonstrated. For each voxel the
fraction of proliferating cells can be estimated assuming the
mEP
.
relationship cellp = cell · mEP
max
Cells within a voxel that are not proliferating can either
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Figure 1. Axial view of tumor descriptor maps relative cell (cell), proliferative (cellp ), necrotic (celln ) and hypoxic (cellh ), and relative
oxygen level (pO2 ) for τ2 for Case 1 (top row), Case 2 (middle row) and Case 3.

be hypoxic or necrotic. To obtain the initial fraction of
the necrotic cells in each voxel, we assume that low perfusion, and hence low nutrient availability, results in high
cell death rate. Making use of this assumption
and cellp


F
. The fraction
yields celln = (cell − cellp ) · 1 − Fmax
of hypoxic cells in each voxel can be thus estimated using
cellh = cell − cellp − celln .
Due to the importance of oxygen delivery to cell survival, it is necessary to extract a tissue oxygen tension
(pO2 ) map able to provide insight into the tumor’s local
metabolism. To extract a pO2 map for each case based on
DCE-MRI images, we apply the relationship derived in [1]
between pO2 and the microvessel density (MVD) and assume that vD is directly related to MVD, so that:

pO2 (vD ) =

60 · (KpO2 · vD )1.95
(KpO2 · vD )1.95 + 0.0151.95

(2)

where KpO2 is the proportionality constant and has been
calibrated to deliver the maximum pO2 value (60mmHg) at
the maximum vD value over the whole image.

where IR is the reference image, IM is the moving image,
~u is the displacement field, α > 0 is a weighting parameter,
and Sim and Reg denote the similarity and regularization
terms, respectively. For the Demons approach, the minimization of the cost function Eq. (3) is an iterative process
that alternates between calculating matching forces based
on the similarity term Sim, and performing the subsequent
regularization Reg via a Gaussian smoothing of the estimated displacement field.
To register the corresponding volumes from the DCEMRI sequences, we used the local correlation coefficient
(LCC) as a similarity measure following its successful application to MRI data [11] and to DCE-MRI [13]. Details
of the implementation for the LCC-Demons can be found
in [11], and for the Demons with image-guided filtering
in [13], where for the regularisation a spatially adaptive filtering of the estimated displacement field [7] was used.
The estimated displacement field ~u is filtered using the
context of the guidance information provided by an additional auxiliary image IG (guidance image) as follows:
~ui+1 (~x) =

2.2. Deformable Image Registration
For the deformable image registration, we used the
Demons framework with image-guided filtering procedure
presented in [13].
In general, the deformable image registration cost function E is defined in the following way:
E(~u) = Sim(IR , IM , ~u) + αReg(~u)

(3)

X

Wxy
ui (~y )
~ (IG )~

(4)

~
y ∈Nk

where: ~x is a spatial position, Wxy
~ are image-guided filter
kernel weights derived from IG within a local patch Nk ,
and i is an iteration index (see details in [7]).
For a given guidance image IG , the kernel weights Wxy
~
at the position ~x are explicitly expressed as:
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1
Wxy
~ (IG ) =
|N |2

X

Algorithm 1: LCC-Demons with Guidance Imaging
Filtering [13]
Input: Images IR and IM Parameters: σLCC , r and ε
Output: Displacement field unew
~
1: ui+1
~ := ~0
2: i = 0
3: repeat
4:
ui+1
~ := u~i
~
5:
Compute the updated matching force [11] du
~
6:
Update the deformation field ucur
~ := u~i ◦ du
7:
Compute unew
~ by filtering u~i using tumor
descriptor maps as IG in Eq. 4
8:
Increment i
9: until (convergence of ||ui+1
~ − u~i ||2 ) or
(i = imax )
10: return

(1 + Ψ)

k:~
x,~
y ∈Nk

(IG (~x) − µk )(IG (~y ) − µk )
Ψ=
σk2 + ǫ

(5)

Here, |N | represents the number of voxels in Nk , µk and
σk2 are the mean and the variance of IG in Nk , and ǫ is the
guided filter regularisation.
In [13], the guidance image was built based on a sparse
image representation using supervoxel image clustering.
However, the concept of filtering the estimated displacement field using image-guided filtering is more generic than
the sliding motion modelling presented in [13]. The procedure of image-guided filtering applied to the estimated
displacement field can efficiently make use of the biological information provided in the guidance image to perform
locally adaptive regularisation. In the present study, the
guidance image is built based on biological information extracted from the DCE-MRI derived descriptors presented in
the previous section.
We therefore explore the use of the DCE-MRI based tumor descriptors derived following the steps given in Section 2.1 as guidance images IG to perform an efficient spatial filtering of the deformation field using Eq.5. Such a deformation field would be expected, for instance, to demonstrate tumor expansion in proliferating areas and volume
conservation or even reduction in other areas of the tumor,
such as necrotic areas.
In [4], the authors defined a novel multichannel similarity measure, which minimizes the differences between volumes using DCE-MRI derived parameters extracted with
the Toft’s model. Here, we use DCE-MRI derived descriptors to impose prior knowledge to the regularization term,
while for the similarity measure we use a common local
correlation coefficient. Therefore, the novelty of our approach resides in using biologically relevant descriptors of
local properties (including local estimates of cell number
and oxygen level) to regularize the deformation field. We
will show how this method yields improved registration as
well as estimation of tumor volume growth at a future point.

3. Experiments and Results
Three mice (hereafter called Cases 1-3), in which MC38
(colon carcinoma) tumor cells were injected, were imaged at three time points (τ 1, τ 2 and τ 3) over the tumor growth cycle (days 21, 23 and 24 post injection).
DCE-MRI imaging was performed on a 4.7T Agilent VNMRS using a respiratory-gated 3D gradient echo sequence
(TE=0.6ms, TR=1.1ms, FA=5◦ , FOV=54x27x27mm, matrix:128x64x64) with 50-100 frames taken every 8-12s.
B1 corrections for accurate flip angle estimation were

performed using a respiratory-gated, steady-state maintained implementation of the actual flip angle imaging
method [20], and T1 was estimated using a respiratory
gated, steady-state maintained variable flip angle scan using the same imaging parameters as for the DCE-MRI scan
itself. Gadolinium (Omniscan, 30 ul in 5s) was used as
CA and delivered via a tail vein canula. To avoid breathing artefacts, animals were anaesthetised for bulk subject
immobilisation using isoflurane (1-3%) in air, maintaining
a respiration rate of 40-60 breaths per minute.
To allow for spatial comparison of the descriptor maps
at each time point, rigid registration was performed to eliminate differences in mouse positioning1 . The residual difference between the images was assumed to be due to tumor growth. Because the tumor descriptor maps (cell,
cellp , celln , cellh and pO2 ) have different value ranges
when compared with the imaging intensity values, both
the 3D tumor descriptor maps and the DCE-MRI images
were normalised to their maximum values over the whole
image prior to registration. For each of the three preclinical cases deformable registration using diffeomorphic
logDemons with a local correlation coefficient (LCC) as a
similarity criterion was performed [11] between τ1 and τ2 ,
τ2 and τ3 , and τ1 and τ3 to serve as a reference for comparison with the guided-image registration approach proposed
in this study.
To calculate the local correlation coefficient a smoothing parameter σLCC = 4 was employed. For the filtering
of the displacement field, a guided filter radius of r = 2,
comprising a local patch size of 5x5x5, and a guided filter
regularisation of ε = 0.01 were used.
1 The Image Registration Toolkit was used under Licence from Ixico Ltd https://www.doc.ic.ac.uk/˜dr/software/index.
html
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Figure 2. DCE-MRI overlaid with the descriptor maps cellh for τ2 (top row) and τ3 (bottom row) for Case 1, used for the registration
between τ1 /τ2 ; and τ2 /τ3 and τ1 /τ3 , respectively.
Table 1. Assessment of the variability for the descriptors over the tumor volume based on the standard deviation values for all descriptors
for τ1 (columns 2-6) and τ2 (columns 7-11) for all three cases. Values in bold highlight the highest values for cell(τ2 ) and celln (τ2 )
representing the highest variability and hence the most heterogeneous descriptors for τ2 . Values in italic highlighting the descriptor
pO2 (τ2 ) represents the lowest variability and hence the most homogeneous descriptor.

Case

cell(τ1 )

cellp (τ1 ) celln (τ1 ) cellh (τ1 ) pO2 (τ1 )

cell(τ2 )

cellp (τ2 ) celln (τ2 ) cellh (τ2 ) pO2 (τ2 )

Case 1
Case 2
Case 3

0.078
0.117
0.103

0.075
0.100
0.038

0.214
0.230
0.194

0.170
0.185
0.170

0.077
0.122
0.100

0.194
0.197
0.165

0.169
0.190
0.138

0.195
0.196
0.180

0.093
0.135
0.146

0.044
0.093
0.102

Table 2. DSC overlap (%) for rigid registration, LCC-Demons deformable registration [11] and Demons registration with guidance of
different DCE-MRI tumor descriptors [13]. We perform the comparison between each of the time points, aligning the earlier time points
(τ1 and τ 2) to their subsequent time points (τ2 and τ3 ), where τ1 /τ2 , τ2 /τ3 and τ1 /τ3 represent the τ1 to τ2 , τ2 to τ3 and τ1 to τ3
registrations, respectively. The results show that for all cases, the use of guidance to regularise the deformation field improved the Demons
registration accuracy. From all descriptors, cell has given the best results, followed by celln and cellp .

Case 1

Case 2

Case 3

Registration

τ1 /τ2

τ2 /τ3

τ1 /τ3

τ1 /τ2

τ2 /τ3

τ1 /τ3

τ1 /τ2

τ2 /τ3

τ1 /τ3

Rigid
Demons [11]
cell
cellp
celln
cellh
pO2

74.45
90.67
92.79
92.01
92.80
92.11
91.53

70.62
89.77
90.16
90.17
90.10
89.91
89.78

58.51
91.05
90.77
91.13
90.82
90.51
91.05

66.05
87.26
87.88
87.53
87.80
87.23
87.51

71.64
88.01
89.43
88.79
89.51
89.28
88.56

54.99
86.06
89.62
86.02
87.93
86.27
85.85

71.16
90.62
91.18
90.71
91.16
90.80
90.70

81.94
90.91
92.01
91.77
91.74
91.28
91.03

66.97
92.26
92.82
92.30
92.82
92.26
92.28

Results
To allow for the assessment of the registration performance using either of the tumor descriptor maps, we used
the Dice similarity coefficient DSC, defined as DSC =
2|A∩B|
A+B , where A is the reference image (i.e. tumor re-

gion of the earlier time points τ1 and τ2 ) and B the target image (i.e. tumor region of the subsequent time points
τ2 and τ3 ). To illustrate the added value of our approach,
the DSC values obtained using each of the tumor descriptor maps as guidance image are compared with the DSC
values obtained after rigid registration only and using the
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Figure 3. DCE-MRI overlaid with the determinant of the Jacobian of the estimated displacement field obtained using cellh as guidance
image for the registration between τ1 /τ2 (top row), τ2 /τ3 (middle) and τ1 /τ3 for Case 1. The higher Jacobian values (¿1) can be mainly
observed in the tumor peripheries where the highest level of proliferation and hence growth is expected. Values close to 1 and smaller than
1 representing volume preservation and shrinkage, respectively, can be seen in the inner core of the tumor.
Table 3. Relative volume difference (%) between Jacobian based estimation and ground truth tumor delineation volumes for LCC-Demons
deformable registration [11] and Demons registration with guidance of different DCE-MRI tumor descriptors [13]. We perform the comparison between each of the time points, aligning the earlier time points (τ1 and τ 2) to their subsequent time points (τ2 and τ3 ), where
τ1 /τ2 , τ2 /τ3 and τ1 /τ3 represent the τ1 to τ2 , τ2 to τ3 and τ1 to τ3 registrations, respectively. The results show that using the descriptors
hypoxic cells (cellh ) and level of oxygen (pO2 ) as guidance images achieved better results in terms of volume change estimation.

Case 1

Case 2

Case 3

Registration

τ1 /τ2

τ2 /τ3

τ1 /τ3

τ1 /τ2

τ2 /τ3

τ1 /τ3

τ1 /τ2

τ2 /τ3

τ1 /τ3

Demons [11]
cell
cellp
celln
cellh
pO2

-16.40
-16.90
-15.86
-17.47
-15.45
-15.58

-2.20
-2.23
-2.61
-2.84
-2.18
-2.17

-16.84
-16.70
-16.09
-16.88
-14.15
-15.71

-15.22
-14.38
-15.33
-14.47
-14.33
-14.83

-27.97
-41.87
-31.06
-37.89
-34.42
-29.04

-32.35
-32.88
-32.41
-33.68
-31.73
-33.01

-12.16
-12.17
-12.20
-12.40
-11.72
-11.84

-12.42
-15.70
-13.91
-15.27
-12.06
-12.21

-25.49
-25.13
-25.51
-25.22
-24.84
-25.32

state-of-the-art LCC-Demons registration [11]. Results for
all methods are listed in Tab. 2.
For all cases, the use of guidance images yielded better results than the LCC-Demons registration [11]. Apart
from Case 1 (τ1 to τ3 ) and Case 2 (τ1 to τ3 ), the use of

any of tumor descriptors as guidance images yielded higher
DSC overlap than using LCC-Demons registration without
a guidance image or rigid registration alone. From all tumor
descriptors, the relative number of total tumor cells (cellp )
has resulted in the best outcome in terms of DSC overlap
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Figure 4. DCE-MRI overlaid with the determinant of the Jacobian of the estimated displacement field obtained using LCC-Demons deformable registration [11] for the registration between τ1 /τ2 (top row), τ2 /τ3 (middle) and τ1 /τ3 for Case 1. When compared with Fig.3

more homogeneous Jacobian maps and lower maximum values can be observed.
(for 5 out of the 9 registrations). This is followed by the relative number of necrotic (3 out of 9) and proliferative cells
(2 out of 9). For Case 3 using cell as a guidance image
yielded the best results for all three registrations, τ1 to τ2 ,
τ2 to τ3 and τ1 to τ3 .
To explore the connection between the input maps and
the registration outcome in terms of DSC overlap, Fig. 1
shows the descriptor maps for one slice for each of the
cases for τ2 . Additionally, Tab. 1 displays the standard deviation values for each of the descriptors across the tumor
volume. For all three cases, pO2 was the descriptor which
yielded the lowest DSC (yet still better than the state-of-theart LCC-Demons registration [11], as shown in Tab. 2). In
Fig. 1, pO2 is shown to be the most homogeneous descriptor, which also displays the lowest standard deviation value
as shown in Tab. 1 (column 11). In contrast, cell and celln ,
whose use as image guidances resulted in the highest DSC
values, appear to have the most heterogeneous maps (shown
in columns 1 and 3 of Fig. 1 and columns 7 and 9 in Tab. 1).
To evaluate tumor growth, the determinant of the Jaco-

bian of the estimated displacement fields was computed.
Cases 1 and 3 display better results than Case 2 in terms of
estimation of the volume measured by the integration over
the Jacobian. The results listed in Tab. 3, which represent
the relative error between the volume change estimated via
the Jacobian of the deformation field and the volume calculation from ground truth tumor delineations (manual delineation performed by a radiologist), demonstrate an underestimation of the volume for all cases (represented by the negative values). Except Case 2 (τ2 to τ3 and τ2 to τ3 ), using
the descriptors cellh and pO2 yielded better volume estimations than using the state-of-the-art LCC-Demons registration [11]. For 6 out of the 9 registrations performed, using
cellh as a guidance image resulted in the smallest relative
volume estimation error.
To investigate the connection between the use of cellh as
guidance images and the determinant of the Jacobian of the
estimated displacement field, the cellh maps used for the
registration between τ1 /τ2 ; and τ2 /τ3 and τ1 /τ3 for Case 1
are shown in Fig.2 in the first and second rows, respectively.
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The maps for τ1 (first row) depict a more heterogeneous
structure than the maps for τ2 (second row). A more heterogeneous map holds more local information for the regularization of the deformation field. This can be observed as
a higher difference between the Jacobian maps obtained using cellh as guidance image (Fig. 3) and the ones obtained
using LCC-Demons deformable registration [11] Fig. 4 for
the registration between τ1 /τ2 (top rows) and τ1 /τ3 (bottom
rows) for Case 1. The Jacobian maps in Fig. 3 indicate considerable volume expansion in the outer parts of the tumor
and volume shrinkage and preservation in the interior parts
including necrotic and hypoxic areas. In contrast, the Jacobian maps in Fig. 4 depict a slight, homogeneous volume
expansion across the whole tumor.

4. Discussion and Conclusions
In this study we have presented a novel method for deformable registration in the presence of tumor which uses
tumor descriptor maps as guidance images within a Demons
framework [13]. The method includes the novel regularization model of the displacement field based on spatial physiological information derived from DCE-MRI data. Such
a method yields better registration results than the state-ofthe-art LCC-Demons registration [11] (shown by the higher
DSC values recorded in Tab. 2) while also allowing for an
image-based quantification of local and total tumor growth,
which demonstrates physiologically meaningful tumor expansion (e.g. in proliferating areas) and volume conservation or reduction (e.g. necrotic areas).
The results serve as a proof of concept and have demonstrated the feasibility of using tumor descriptors derived
from DCE-MRI data to aid registration in the presence of a
tumor. The descriptors introduced in this study have shown
the potential to estimate tumor volume evolution, which
could be used in radiology as a volumetric approach to characterize tumor progression or regression instead of the simple yet inaccurate RECIST method. Moreover, DCE-MRI
based descriptors, as the ones introduced here, can serve as
an adjunct to determine tumor progression or regression.
The proposed method is shown to yield better results in
terms of higher DSC overlap for more heterogeneous tumors (e.g. the one presented in Case 2). The proposed
framework seems to be mostly suitable to retrieve tumor
volume change for more heterogeneous tumors (e.g. the
one presented in Case 1). The fact that descriptors demonstrating a more heterogeneous behaviour yielded improved
results in terms of both registration performance and tumor
volume estimation, suggests that the tumor tissue with its
heterogeneous structure plays an important role in tumor
growth. Perfusion (or the lack of it) represented in this study
by the tumor descriptors pO2 and cellh is not only crucial
in further in vivo tumor growth but seems to be an indicative
of tumor growth assessed via medical imaging.

Another advantage of the proposed method over other
methods such as the one proposed by [4] lies in the fact
that the obtained Jacobian maps (such as the one shown in
Fig. 3) can be interpreted physiologically. Similarly to the
maps in Fig. 4 obtained using the LCC-Demons deformable
registration [11], the Jacobian maps of the deformation field
obtained in [4] displayed a stretching of the necrotic core
(represented by the higher Jacobian values). This stretching
is partially artificial in that it does not take into account the
tumor expansion happening due to proliferation in the tumor outer rim. Our method, which resulted in higher Jacobian values shown in the proliferative rim for all three cases
seems to successfully account for the heterogeneity of local
tumor growth and regression. Such physiologically meaningful Jacobian 3D maps could for instance aid physicians
in the development of therapy strategies to deliver different
doses of radiation to different areas of the tumor. The positive impact would be twofold: bolster therapy effectiveness
in areas where cells are proliferating while avoiding unnecessary delivery of therapy to tumor areas which are already
responding and thus shrinking. This could potentially reduce unnecessary use of radiation-intensive therapy, saving
resources and reducing the strain such therapies place on patients. A current limitation of our approach is that it makes
several assumptions to transform DCE-MRI parameters into
tumor descriptors. Given the novelty of the methods used,
in order to show that this proof of principle is sound, a comparison of the tumor descriptors to histopathological data
will be included in the future.
The fact that different descriptors achieved better results
for DSC overlap (cell and cellnec ) and volume estimation
(cellh and pO2 ), combination of these descriptors could be
used in a multichannel guidance approach [13] to explore
whether the descriptors can have a complementary effect
on the results, thus optimising both the DSC overlap and
tumor volume estimation.
To overcome the challenge that changes caused by tissue death and tumor growth pose on registration, a model
of tumor growth accounting for cell proliferation and death
will be embedded into the registration framework in an iterative manner. Once clinically validated, such a model-based
registration approach is expected to not only improve registration, serve as volumetric and functional assessment of
tumor burden, but also to be a step towards the development
of personalized, patient-specific tumor treatment.
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