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Abstract. We present an automatic technique to quantify changes in
the volume of cerebral structures. The only manual step is a segmenta-
tion of the structure of interest in the first image. The image analysis
comprises: 1) a precise rigid co-registration of the time series of images, )
the computation of residual deformations betweens pairs of images. Au-
tomatic quantification can be obtained either by propagation of the seg-
mentation or by integration of the deformation field. These approaches
have been applied to monitor brain atrophy in one patient and to in-
vestigate a ‘mass effect’ in tissue surrounding a brain tumour in four
patients undergoing radiotherapy. Segmentation propagation gave good
results for quantifying contrasted structures such as ventricles or well-
circumscribed tumours; however, integration of the deformations may be
more appropriate to quantify diffusive tumours.

1 Introduction

The combination of Magnetic Resonance (MR) imaging and computer-based
image analysis offers the opportunity for non-invasive measurement of changes
in brain compartment volumes associated with a variety of diseases. Images
obtained on successive occasions may be analysed separately, thanks to point-
counting technique [1], or repeated segmentations of the structure of interest.
Alternatively, an increasingly popular approach involves first co-registering all
the images obtained in the time series. Changes may be visualised by subtracting
consecutive co-registered images in the time series [2], [3]. Quantification may
be achieved by integrating small intensity changes within the boundary region
[4].

Furthermore, pathologies can be studied by comparison to a reference patient
or model, thanks to non-rigid inter-patient registration. Several methods have
been put forward, including the use of anatomical landmarks [5], [6] or differential
features (e.g. edges, crest-lines or ridges). The possible output transformations
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include linear deformations {7], splines {8],[9], elastic models [10], [11], and viscous
fluid models [12].

In this work, after an automatic rigid co-registration of succesive magnetic
resonance (MR) images of a patient, a 3-D deformation field resulting from an
intra-patient non-rigid registration is used to propagate an initial segmentation
to each image in the time series. An alternative approach is to integrate the defor-
mation field over a family of surfaces equidistant from the initial segmentation.
The difference in the volume variation obtained by integration and by segmen-
tation propagation may be accounted for by a mass effect in the surrounding
tissue. A detailed description of the methods of segmentation propagation and
deformation field integration are given in Sect. 2 below. In Sect. 3, we describe
the application of segmentation propagation to a patient with primary progres-
sive aphasia (PPA). In Sect. 4 we describe the application of both approaches
to four patients with brain tumours undergoing radiotherapy.

2 Quantification of Volume Variation

2.1 Overview of the Technique

The technique comprises: i) a rigid co-registration of all the images in the series
with the image acquired first, using an automatic detection of crest-lines in the
images and a matching of their maxima of curvature [13]; #) a non-rigid matching
used to compute the residual deformations between successive pairs of images.
Our implementation utilises the ‘demons’ algorithm [14], close to viscous-fluid
models [15]. It outputs a 3-D vector field called f. The only manual step of
the technique is a (semi-automatic) segmentation of the structure of interest
in the first image of the series. Automatic quantification can then be obtained
either by propagation of the segmentation (see Sect. 2.2) or by integration of the
deformation field f (see Sect. 2.3).

2.2 Segmentation Propagation

Given two images, [; and I3, a segmentation S; in I;, and assuming a regular
grid G lying in I, (see Fig. 1, left), the number of nodes of G within 5}, times the
volume associated with a single node, is an approximation of the total volume
V(S1). The number of nodes of G within the deformed surface f(S;) gives an
approximation of V(S3), volume of the segmentation in the second image (Fig. 1,
right). V(S1) is also the number of nodes of f(G) within S; = f(S5;) (Fig. 1,
centre), or, conversely, V(S;) is the number of nodes of f~!(G) within S;. This
shows how we can efficiently compute AVyropag = V(S2) — V(S1) and resample
Sy into S, in a single pass over I1, using the inverse deformation field f~!.

2.3 Integration of the Deformation Field

Motivations. Precise segmentation of a structure of interest is not always pos-
sible. A physical boundary to the tumour may not exist, due to the infiliration
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Fig. 1. Segmentation propagation: the volume variation is equal to the number of nodes
(55) of the grid G inside the segmentation S in the second image minus the number
of nodes (25) of G inside the segmentation S in the first image (which is the same as
the number of nodes of the deformed grid f(G) inside the segmentation S2). In this
case, AVpropag = 55 — 25 voxels.

of tumourous cells through the healthy tissue. To quantify the pathological evo-
lution of the tumour and its effects on the surrounding tissue more reliably, we
have developped the following model (see also [16]):

Model for the Integration. The brain is divided into three components:
tumour, healthy tissue, surrounding tissue. The ‘tumour’ is a (sometimes arbi-
trarily) delineated region in which we assume no brain function. The ‘healthy
tissue’, is normal-looking tissue away from the tumour. Between these two, tissue
surrounding the tumour can be a mix of tumourous cells, edema, brain tissue...
To monitor volume variation in surrounding tissue, a family of surfaces parallel

Integration domaine Volume Variation Profile

AV integ

Initial Segmentation /

Fig. 2. Integration of the deformation over embedded surfaces yields a profile of the
volume variation.
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to the surface of the original segmentation is computed (see Fig. 2, left). Each
of these surfaces yields a value of volume variation, giving a profile AV against
the index ¢ of the corresponding surface. It starts from zero, and by thresholding
f, is forced to zero when we reach the limit of the integration domain. AVipeq
is the maximum or minimum of the profile.

Practical Computation of the Profile. From now on, we call G and S the
grid and surface, respectively, and assume that we have a family of embedded
surface S((i € [~m...m]) surrounding S. This can be efficiently achieved by
computing a 3-D distance map, for example using the chamfer distance, in which
the enclosed surfaces S(9) are defined by an intensity level (S(®) corresponding
to S). Suppose that we have defined a region of interest (ROI) containing n grid
nodes of G:

— We define two arrays of numbers {MF} and {Mif(G)}, 1 € [-m..m)].

— For the n nodes of G, Pj(z,y,z) (j € [0..n]), we determine the index ¢ of
the shell delimited by the surfaces S() and S§{i+1) which contains P; (resp.
f(P;)). The index i can be obtained in constant time with the distance map
described above For each P;, we increment the corresponding bucket Mf
(resp. Mif(G)).

— Next, we compute incrementally the arrays

i—1 i—1
NE =Y Mg and NJ@ =" M@
k=0 k=0

NE (resp. NI(G)) represents the total number of nodes of G (resp. f(G))
within S,

— Finally, the volume variation profile is AV; = (NF - Nif (G)) x V(vozel)
against i, ¢ € [-m...m]|.

2.4 Definition of the ‘Mass Effect’ in Surrounding Tissue

Segmentation propagation and deformation field integration represent two differ-
ent ways of automatically quantifying the variations in the volume of a structure
of interest. If we call V; (resp. V3) the volume of the tumour in the initial (resp.
final) image, and V; + v; (resp. V2 + vs) the volume of tumour plus surrounding
tissue, then AVp,opag is a quantification of Vy — V), whereas AVinteq is a (more
imprecise) estimation of (V5 + vy) — (V4 + v1). To monitor brain response to the
treatment and/or to tumour evolution, we introduce the ‘mass effect’ as

Vg — Uy A‘/integ - AVpropag
- b

At At

where At is the time gap between the two acquisitions.
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3 Quantification of Ventricular Enlargement in Primary
Progressive Aphasia

The application of segmentation propagation to monitor the increase in the
volume of the lateral ventricles in a patient with primary progressive aphasia
(PPA) is examined. We compared the rate of ventricular enlargement to the
estimation of the rate of whole brain atrophy obtained by stereology.

3.1 Subject and MRI

A 65 year old male with a diagnosis of PPA was scanned using 1.5 T SIGNA
whole body MR, imaging system (General Electric, Milwaukee, USA). High res-
olution T'1-weighted SPGR images were obtained on four separate occasions ap-
proximately one year apart. The images, of an initial resolution of 0.78 x0.78x1.6
mm? for 256 x 256 x 124 voxels were sinc-interpolated to an array of 200x200x 199
isotropic (i.e. cubic) voxels of side 1.0 mm.

3.2 Segmentation of Left and Right Ventricles

Segmentation of the left and right lateral ventricles (LV and RV) was achieved
by interactively thresholding the image and classifying connected components

Fig. 3. Segmentation of the lateral ventricles in 4 MR images of a patient with brain
atrophy, approximately one year appart. Top, from left to right: coronal sections in
successive time points. Bottom: 3-D rendering of the lateral ventricles (images have
been flipped to reflect upper coronal sections).

of the eroded binary image. Minimal manual editing was necessary to cut the
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lateral ventricles from the third and fourth ventricles. We manually partitioned
the left and right ventricles to separately compare volume variations in the left
and right hemisphere.

3.3 Results

The rate of increase of volume of the left (resp. right) ventricle as measured by
image analysis was 33.0 mm? per day (resp. 17.3 mm? per day) compared with
the findings of stereology: 31.3 mm3 per day (resp. 15.5 mm3 per day); linear
regression relationship R > 0.952 in all cases (see Fig. 4). Corresponding values
for the rate of decrease of left (resp. right) cerebral hemisphere volume obtained
using stereology was -137.9 mm® per day (resp. -124.2 mm? per day); linear
regression relationship R > 0.88.
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Fig. 4. Patient with brain atrophy. Variation of volume of (a) right and (b) left ven-
tricles over a period of four years

3.4 Discussion

Results of automatic segmentation propagation are consistent with those ob-
tained by stereology. The larger rate of increase of volume observed for the left
ventricle is consistent with a preferential decrease in the volume of the left cere-
bral hemisphere associated with the loss of language. Segmentation propagation
represents a reliable and sensitive technique for monitoring and quantifying ven-
tricular enlargement.

4 Temporal Changes in the Volume of Cerebral Tumours
Following Radiotherapy

We investigated changes in brain tumours and lateral cerebral ventricles in four
patients undergoing radiotherapy (RT). We computed the variation in the vol-
ume of the tumour and ventricles over time, and tried to quantify the ‘mass
effect’ in the brain tissue surrounding the tumour.
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4.1 Subjects and MRI

Four patients with surgically confirmed high grade astrocytoma were imaged on
an average of 5 occasions. The patients gave informed written consent of their
willingness to participate in the study, which was approved by the local Ethics
Committee. For each patient, prior to and approximately monthly after RT (and
brachytherapy in the case of patient C), T1-weighted 3-D MR IRPREP images
have been obtained following intravenous injection of the contrast agent Gd-
DTPA. The resolution of the 256x256x124 acquired voxels is 0.78x0.78x 1.6

mm-.

Fig. 5. Glioma study: from left to right, patient A, B, C, D.

4.2 Segmentation of Structures of Interest

We used the same approach to segment the lateral ventricles as described in
Sect. 3.2. In patients A, the disruption of the blood-brain barrier produced a
conspicuous ring of enhancement around the tumour, so that segmentation could
be achieved by thresholding followed by minimal manual editing. Patient C
had a small, well contrasted tumour, for which the same procedure applied. In
patient B and D, the tumour margins were more diffuse and more approximate
segmentations were obtained. Nevertheless, for all patients, the effect of therapy
could be quantified.

4.3 Results and discussion

Segmentation propagation proved useful for the monitoring of volume changes
in the lateral ventricles following administration of RT to cerebral tumours (see
Table 1). The approach also proved appropriate for studying changes in volume
of tumours with enhanced boundaries (patients A and C'). However, integration
of the deformation field represented a useful approach for quantifying changes in
volume of tumours in patients B and D. In addition, it enabled quantification
of changes in tissue surrounding the tumour.

In patients A and B, renewed growth of the tumour approximately 100 days
after RT corresponded to a to a decrease in the rate of ventricular enlargement.
The brain tissue surrounding the tumour expanded by between 60 mm?® per day
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Table 1. Ventricles and tumours volumes and surrounding tissue mass effect in four
patients with brain tumour.

Patients A B c D
Ventricles (ml) before RT | 26.3 | 13.6 | 25.3 | 15.7
after RT |30.3]15.1|31.9| 27.5
before RT | 23.6 | 36.4 | 1.4 | 62.3
Tumour (ml)  after RT |19.232.1]0.85| 50.8
regrowth |33.3136.3|n/a | 62.1
Mass effect after RT | 420| -80 | -40 | -200
(mm? per day) regrowth |+60|+80| n/a | +130

in patient A, and 80 mm? per day in patient B. In patient C, brachytherapy at
day 49 induces an enlargement of the tumour, followed by a shrinkage between
days 70 and 130. Negative mass effect occurs after brachytherapy (-30 mm?® per
day). In patient D, the tumour decreased in volume over a period of at least 100
days following radiotherapy, during which time the lateral ventricles enlarged.
However, the tumour eventually regrew. The mass effects during tumour shrink-
age (—200 mm? per day) and renewed growth (120 mm? per day) are larger than
in all the other patients.

5 Conclusion

Non-rigid registration of 3-D MR images obtained on successive occasions is a re-
liable and sensitive technique for monitoring and quantifying changes in volume
in brain structures. Results are consistent with those obtained by stereology.
Furthermore, analysis of the deformation field may give an estimation of tissue
expansion or compaction in a region of interest. In the case where the region
of interest is the exact segmentation of a structure of interest (e.g. the lateral
ventricles), accurate changes in volume can be automatically quantified by seg-
mentation propagation.
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