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Abstract. CT colonography is routinely performed with the patient
prone and supine to differentiate fixed colonic pathology from mobile
faecal residue. We propose a novel method to automatically establish
correspondence. Haustral folds are detected using a graph cut method
applied to a surface curvature-based metric, where image patches are
generated using endoluminal CT colonography surface rendering. The
intensity difference between image pairs, along with additional neigh-
bourhood information to enforce geometric constraints, are used with a
Markov Random Field (MRF) model to estimate the fold labelling as-
signment. The method achieved fold matching accuracy of 83.1% and
88.5% with and without local colonic collapse. Moreover, it improves an
existing surface-based registration algorithm, decreasing mean registra-
tion error from 9.7mm to 7.7mm in cases exhibiting collapse.

1 Introduction

Computed tomographic colonography (CTC) is widely considered the preferred
radiological technique for detecting colorectal cancer or potentially precancer-
ous polyps. When characterising potential polyps, the radiologist must manu-
ally match corresponding areas in the prone and supine data. However, this is a
difficult, time-consuming task due to considerable deformation that occurs dur-
ing repositioning [I]. Hence, a method for automatic registration of prone and
supine datasets has the potential to improve radiologists’ efficiency and confi-
dence. Furthermore, accurate surface registration could improve specificity of
computer-aided detection systems (CAD).

A number of methods have been proposed to find correspondence between the
prone and supine positions. For example, centreline-based methods extract and
align colonic centrelines by stretching and shrinking based on path geometries
[2]. Anatomical landmarks can be used to help align the two datasets by first
identifying a stable set of anatomical features, such as the caecum, rectum and
flexures [3]. Voxel-based methods provide a further means of registration [4].
However, these methods rely to varying extents upon continuous prone-supine
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colonic segmentations, free from occlusion by fluid or collapse; a scenario which
occurs infrequently in daily practice, despite optimal bowel preparation [5].

Fukano et al. proposed a registration method based on haustral fold matching
[6]. A second-order derivative difference filter was used to extract folds; their
volume and relative positions along the centreline were used for matching. The
method relied on prior automatic identification of a set of landmark locations
for registration. They reported correct registration of only 65.1% of large folds
and 13.3% of small folds.

Recently, methods which involve conformal mapping of the colonic surface
have been proposed in order to reduce the complexity of the three-dimensional
task. For example, Zeng et al. combined conformal mapping with feature match-
ing between the prone and supine surfaces [7]. The prone and supine colonic
segmentations were mapped onto five rectangle pairs. Correspondences were es-
tablished using a feature matching method based upon mean curvature. The
method relied on accurately determining five matching segments in the prone
and supine datasets, which is difficult to achieve and may not be possible in
the case of local colonic collapse. The method proposed by Roth et al. [§], aims
to overcome these limitations by mapping the entire endoluminal surface to a
cylinder. Dense surface correspondence was then achieved by non-rigid cylin-
drical B-spline registration, driven by local shape measurements. However, this
method can be susceptible to mis-registration of continuous sections due to the
similarities of neighbouring features.

We present a novel method for generating a set of robust landmark correspon-
dences between the prone and supine CT data. While previous methods tried to
match corresponding folds based on spatial location and size alone, e. g. [6lf7],
we also compare visual renderings of the colonic surface at the fold positions as
well as local geometric information, without reliance on a conformal mapping.
The matching problem is modelled with an MRF and the maximum a posteriori
labelling solution is estimated to provide a correspondence. This method explic-
itly addresses the problem of colonic collapse and can provide an initialisation
in order to improve methods which aim to provide a full surface correspondence.

2 Methods

2.1 Haustral Fold Segmentation

Haustral folds are elongated, ridgelike structures on the endoluminal surface
which can be identified by extracting curvature measurements from a surface
reconstruction of the colonic wall. The maximum and minimum values of the
normal curvature at a point are called the principal curvatures, k1 and ks repec-
tively. A metric based on the principal curvatures is used to classify each vertex
as fold, or non-fold: M = k1 — ~y||k2||. This recognises that at a fold, one expects
k1 >> 0 and ks = 0. The v parameter penalises the metric against curvature in
any direction other than in the maximum, helping to separate the folds at the
tenaie coli. The surface mesh is treated as a graph, with graph nodes defined
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Fig. 1. External (a) and internal (b) views of segmented haustral folds with marked
centres. Virtual colonoscopy views of corresponding folds in the prone (c) and supine (d)

by the mesh vertices and graph edges defined by the mesh edges. Using a vir-
tual sink and source with the given weighting, a graph cut segmentation [9] is
performed which minimises an energy function using M as a unary term and a
Potts energy function smoothing term: 6(fp, fq) = (fp == fy) - (. This results in
a label assignment of fold or non-fold over the entire surface mesh (Fig.[Il). The
centre of each fold is taken as the vertex with the shortest maximum distance
to any vertex lying on the border of the segmented region. An observer study
was carried out using 4 data sets to evaluate the segmentation performance.
Given these cases, a sensitivity of 86.5% and positive predictive value of 97.0%
is achieved.

2.2 Markov Random Field Modelling

The matching of prone and supine haustral folds is formulated as a labelling
problem. First, m haustral folds are detected in the supine data and these are
uniquely labelled; the objective is to then assign labels to the detected prone
folds, achieved by solving an MRF. The identified haustral folds in the prone
data set are modelled as sites S = S, ...,.5,, each of which has an associated
random variable F = Fy, ..., F, taking on a discrete label f = f1,..., f, taken
from the set of haustral folds identified in the supine data set. A neighbourhood
system N = N;|Vi € S defines the extent of local connections between sites;
and a pair-wise clique defined on N and S, Cy = {i,i }|N;,i € S allows the
incorporation of a-priori knowledge of geometric dependencies between labels.

The maximum a posteriori (MAP) estimate of the optimum labelling is com-
puted, which is equivalent to minimising the energy function:

f(MAP) _ argmfin Zvu(fi) + Z Z Vo (fi, f5) (1)

i€S i€S jEN;

where V,(fi) is the unary term, a cost function for assigning label value f; to
site S;. The pair-wise term V,(f;, f;) is the cost for assigning neighbouring sites
S; and S to their current values.
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Unary Cost Function. The aim is to calculate an n X m unary cost matrix,
where n = ||S|| is the number of sites or prone folds, and m = ||L|| is the number
of labels or supine folds. To calculate the cost V,(f; = L;) of assigning label
L; to site S; image patches are rendered at the fold positions, visualising the
internal colon wall (Fig. []). The resulting images are then compared using a
sum-of-squared-difference similarity metric. An optimisation over the external
parameters of the virtual camera used to visualise the supine dataset accounts
for any inaccuracies in the fold point identification. Restricting the number of
degrees of freedom of camera search ensures that the camera focus remains on
the correct fold. The degrees of freedom are as follows: Elevation (6) - the fold
centre and camera right vector give a position and axis about which the the
camera is rotated; roll (¢) - rotation around the camera view direction; dollying
(7) - translation along the camera right vector.

Given the three parameters 6, ¢, 7; the optimisation finds the local minimum
in a mean sum of squared difference between the rendered images I; and I
using Powell’s gradient descent method [10]. Adding a scaling parameter W
allows the weighting of unary to pair-wise costs. Additionally, a constraint is
added so that the matching folds must lie in a similar region. The fold centreline
positions v, v, are used to limit corresponding fold matches to a window of one
fifth of the colon length. Finally, a constant unary cost « is associated with the
assignment of the null label to any given node, allowing for missing labels. We
define R(I1, 1) = W\/MSSD(Il,IQ\F), ¢, 7). The unary costs are then defined:

« if Lj = LO
Vu(fi = Lj) = ¢ R([1, [2) —min(R(L1,-)) i vi,, <|[[vh,,1/10  (2)
00 otherwise

Pair-wise Cost Function. To improve labelling performance, geometric in-
formation about neighbouring fold positions can be used. In this work a Rota-
tion Minimising Frame (RMF) [I1] is employed to describe the relative position
of each fold to its neighbours: v = [v°,1%]T; where v¢ is the difference in fold
position along the centreline and v, the difference in angle of rotation around
the centreline. This 2D parameterisation simplifies the description of the trans-
lation between corresponding pairs of folds between the prone and supine as
the centreline v° and rotational ¥ displacement should be similar (v, ~ vs).
Alternatively we can state v, = v, +¢€, where € represents some uncertainty, and
can be modelled with a zero mean bivariate normal distribution € ~ N(0, %),
with X = diag(X*, 29). Finally we recognise that the position of a neighbour-
ing site becomes more uncertain as the displacement along the centreline in-
creases. For each site pair {7, j} we calculate X;; = (I + (v§ - X)) Xpase, where
A = diag(AM1, \2) is a parameter to control the increase in positional uncer-
tainty with centreline displacement, and Xp,s. is a base covariance. With this
information, a pair-wise cost for assigning neighbouring sites S; and S; label
configurations f; and f;, is defined by the negative log-normal distribution:
o(fs, f7) = (usfuL)TZ';jl(usfuL)/Z A local neighbourhood system is defined
in order to enforce local geometric constraints on neighbouring fold positions.
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The local neighbourhood of a site is set to be N/¢ol = {i # j | ||v§ — vill < t},
where ¢ is a threshold distance. Pairs of sites that are separated by a local colonic
collapse are removed from the neighbourhood set. A uniqueness constraint is also
enforced so any two sites may not be assigned the same label. This is included
in the pair-wise cost function by connecting each site with every other site in a
global neighbourhood system Nigl(’bal = {i # j} and defining the pair-wise cost
of assigning the same label to two nodes to be infinity, except in the case of a
null label assignment V,(f;, f;) = oo if f; = f; # Lo. The full pair-wise cost
function is:

00 if fi=1f;
ey ﬁ if Sj € Nilocal and (fz = Lo or fj = Lo)
Vo(fis f5) = o(fi, f;) if S; € Nj°e“b and f; # Lo and f; # Lo ®)
0 otherwise

MRF Inference. The uniqueness constraint on the pair-wise costs means the
problem of solving the MRF is non-submodular and restricts the possible al-
gorithm choice for MAP inference. The Belief Propagation (BP) algorithm is
suitable for this purpose. To estimate the maximum probability state configu-
ration, the min-sum variant is used [12]. Parameters are found using a gradient
ascent optimisation on training data.

3 Experimental Results

3.1 Clinical Validation

Ethical approval and informed consent was obtained to use anonymised CT
colonography data. Colonic cleansing and insufflations had been performed in
accordance with current recommendations [I3]. A radiologist (with experience
of over 500 endoscopically validated studies) used virtual colonoscopic recon-
structions to identify corresponding folds in the prone and supine datasets to
establish a reference standard. Any folds where a confident manual correspon-
dence could not be established were disregarded. This resulted in a total of 1175
corresponding fold pairs over 13 datasets, 5 of which exhibited at least one local
colonic collapse in one or both views (case 10 is shown in Figure[2]). For a small
subset of 3 randomly selected cases the reference standard was reestablished af-
ter a period of three months. Folds which have a correspondence in both sets
of reference standard are used to evaluate the level of intra-observer variability,
showing a 85.3% agreement.

3.2 Haustral Fold Matching

To assess the performance of the algorithm, for each case the maximum a pos-
teriori labelling solution is compared against the reference standard described
above. Table [l shows the results for the cases with and without colonic collapse.
Although the percentage of correctly labelled folds is high, at 83.1% and 88.5%
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Fig. 2. External view of prone (a) and supine (b) datasets in case 10. The dotted
line indicates an area of colonic collapse. (¢) shows the conformally mapped colonic
prone (top) and supine (bottom) surfaces at the sigmoid with shape index values. The
rectangles represent unfolded cylinders. Red areas indicate a collapsed region. Black
lines show detected fold correspondences of which all agree with the reference standard.

Table 1. Fold labelling performance. The number of Reference Standard (RS) points
are shown. Label shows the percentage of RS points identified with a label.

Without colonic collapse With colonic collapse
Case 1 2 3 4 5 6 7 8 Total 9 10 11 12 13 Total
RS Points 74 104 112 88 86 112 107 91 774 65 107 66 83 80 401
Labelled 66 97 106 84 82 92 99 88 714 62 101 63 77 51 354
Correct 49 90 98 70 74 76 91 84 632 50 78 53 74 39 294
Incorrect 17 7 8 14 8 16 8 4 82 12 23 10 3 12 60
Label(%) 89.2 93.3 94.6 95.5 95.3 82.1 92.5 96.7 92.2 95.4 94.4 95.5 92.8 63.8 88.3
Correct(%) 74.2 92.8 92.5 83.3 90.2 82.6 91.9 95.5 88.5 80.6 77.2 84.1 96.1 76.5 83.1

for cases with and without colonic collapse respectively, it is apparent that some
cases show a much higher rate of accuracy than others. This is primarily due
to different levels of distension causing inconsistent fold identification between
data sets. Whilst the method is robust to missing data, a greater proportion of
correctly labelled folds is demonstrated in cases with better fold segmentation. A
second factor which contributes largely to the variance in fold pair matching in
the pair-wise term, is the inaccurate estimation of the angle of rotation between
folds using the centreline-based RMF estimation method, especially apparent in
areas of high torsion, such as the flexures.

3.3 Initialisation of Surface Based Registration Method

There are scenarios where obtaining a one-to-one surface correspondence is re-
quired. In this case, the results of this fold matching method can be used to
provide automated initialization for a surface-based registration technique [§].
Here, the fold positions are mapped onto a conformally mapped image and used
to provide a linear scaling between haustral folds in the direction of the cen-
treline, prior to the B-spline registration where full surface correspondence is
established. To determine the registration error, each reference standard point is
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Table 2. Surface registration initialisation with non-collapsed cases. The number of
Reference Standard (RS) points are shown. Error 1 and 2 show the error of the surface-
based registration without and with using points as an initialisation.

Without colonic collapse With colonic collapse
Case 1 2 3 4 5 6 7 8 Total 9 10 11 12 13 Total
RS Points 74 104 112 88 86 112 107 91 774 65 107 66 83 80 401
Error 1 (mm) 11.5 86 5.3 5.75.5 5.2 5.8 6.7 6.6 12.2 6.5 7.8 13.5 9.6 9.7
Error 2 (mm) 11.5 7.2 55 5.75.8 55 6.1 69 66 7.9 58 7.8 87 9.1 7.7
Difference (mm) 0.0 -1.4 0.2 0.0 0.3 0.3 0.3 0.2 0.0 -4.3-0.7 0 -48-0.5 -2

transformed from one dataset to the other using the registration result, and the
3D Euclidean distance between this and the corresponding reference standard
point is measured. The results for cases with and without colonic collapse are
shown in Table 2] using the same reference standard as in the previous exper-
iment. It can be seen that the initialisation improves registration in cases ex-
hibiting local colonic collapse, decreasing the mean error from 9.7mm =+ 8.7mm
to 7.7mm &£ 7.1mm; however in cases without a local colonic collapse, the mean
error was unchanged at 6.6mm. This shows that the fold matching technique is
more robust than the surface-based registration in the case of poor insufflation
(e.g. collapse); however, in well distended cases, the space to improve upon the
registration of the surface-based method is limited. Using a Related Samples
Wilcoxon Signed Rank Test with a significance level set at p < 0.01, the differ-
ences in mean errors are not significantly significant in the cases without colonic
collapse (p = 0.317). However, in the cases with colonic collapse a statistical
significance is observed (p = 0.009).

4 Conclusion and Future Work

Although several registration methods have been proposed, they often require
manual initialisation using anatomical landmarks or are likely to fail in the
presence of local colonic under-distension. Colonic collapse or segments with in-
adequate fluid tagging are very common in routine practice and methods must
have the inherent capability to deal with this in order to be clinically useful. We
propose a novel method for detecting and establishing correspondence between
haustral folds in prone and supine CT colonography data sets which accurately
deals with these issues. In addition, applying this method to initialise a surface-
based registration technique can reduce registration error. It is clear that the
unary costs are not as reliable in areas of high deformation due to the change
in appearance of haustral folds. Investigation into a dynamic weighting of unary
to pair-wise costs may allow for improved robustness in these situations. Future
work would include the use of tenaie coli identification to provide a ’zero an-
gle’, improving the accuracy of the pair-wise costs. Although thorough clinical
validation on a large dataset is ongoing, current results presented in this paper
clearly demonstrate the promise of our MRF approach to match corresponding
haustral folds in CTC data.
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