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Abstract. Thin layers of tissue and residue are easily misclassified by
current electronic cleansing methods for CT colonography. Thereby holes
are introduced in the colon wall that hamper visualization and auto-
mated polyp detection. We present a thin layer model to detect and
characterize such layers to support electronic cleansing. It is shown that
the model sustains robust estimation of the location and thickness of
thin layers. A lower bound on the thickness exists and was found to be
1.0 mm for our data.

1 Introduction

Computed tomography colonography (CTC) is a rapidly evolving technique for
screening. Current research aims at minimizing the preparation of the patients
in order to improve patient compliance [1]. Such limited cathartic cleansing leads
to several difficulties.

We assert that the data comprises three materials: air (A), tissue (T ) and
contrast enhanced residue (R). The mean intensities of these materials will be
denoted by IA, IT and IR respectively. Voxels may consist of a mixture of mate-
rials due to the partial volume effect. Electronic cleansing replaces the residual
material by air. Complex configurations are a thin layer of tissue separating
residue in one colon segment from air in another colon segment or a thin layer
of residue separating air from tissue.

Several cleansing algorithms have been presented before [2, 3], but these fo-
cused on data from patients who underwent extensive cathartic cleansing. None
of these have addressed the problem of thin layers explicitly. Thin layer charac-
terization has been addressed in other CT applications, like cartilage thickness
measurement [4]. These techniques all involved model-fitting procedures to find
the thickness and position of the layer. This paper describes a novel method that
estimates these features directly from the observed data.

2 Cleansing of CTC Data

An approach to cleansing of CTC data is based on tissue classification using
the measured intensity (I) and the gradient magnitude (σIw) as features [3] (in
which σ is the effective scale of measurement in the gradient direction). These
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Fig. 1. (a) Scatter plot of the intensity (horizontal) and scale-invariant gradient mag-
nitude (vertical) of voxels in CTC data. (b) A voxel is projected onto its corresponding
arch. The material fractions fL and fH are determined by linear interpolation.

features form a rotation and scale-invariant feature space shown in Figure 1(a).
Each type of edge is represented as a different arch-shaped cloud in this feature
space. For instance, the A→T transitions appear as an arch from IA to IT .

An arch model is fit to the measured intensity and gradient magnitude of
points up and down the gradient from a voxel of interest to estimate the mate-
rial fractions. The low (L) and high (H) material intensities at both sides of the
transition derived from the model are used to classify it as one of three types.
The measured intensity and gradient in the voxel are then projected onto the
corresponding arch-model to yield the material fractions fL and fH (see Fig-
ure 1(b)) [3]. Unfortunately, if an A→T→R transition is classified erroneously
as an A→R transition, the thin layer of tissue will also be replaced with air.

3 Thin Layer Model

Consider a thin layer of tissue with thickness D between air and contrast-
enhanced residue, centered at y=0. Intensity profiles accross such layers, are
shown in Figure 2 for different thicknesses D=σ . . . 4σ of the thin layer . If the
thickness D < σ, the profile is basically the same as the profile of an A→R

transition, whereas if the thickness D > 6σ the profile more or less consists of
two separate transitions.

3.1 Description at y=0

Assuming a Gaussian PSF (as done in [3]) of a certain scale σ, we can describe
the intensity at the middle of the layer I(y=0; D, σ) by

I(y=0; D, σ) = IA

∫

−D/2

−∞
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with g(·; σ) the Gaussian kernel. Rewriting this leads to an expression for the
intensity as a function of the thickness D:

I(y=0; D, σ) − IM

IT − IM
= erf
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2
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(1)
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Fig. 2. Arch representations of transitions. Solid: A→T and T→R transitions.
Dash-dotted: A→R transition. Dashed: A→T(D)→R transition with D=σ . . . 4σ.
IA= −1000 HU, IT = −100 HU and IR=300 HU.

with IM = (IA + IR) /2. Solving for D gives

D = σ2
√

2

{

erf−1
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)}

. (2)

We can also derive an expression for the gradient of the intensity at y=0

OI(y=0; D, σ) = g(−D/2; σ) (IR − IT ) + g(D/2; σ) (IT − IA)
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Substituting Equation 2 into Equation 3 leads to a relation between OI(y=0; D, σ)
and I(y=0; D, σ) as

OI(y=0; D, σ)

IR − IA
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)

. (4)

Equation 4 has the same form as the formula that describes the arches of ’pure’
two-material transitions [3]. The only difference is that the argument of the
erf−1(·) function is scaled by (IT − IM ) rather than (IR − IM ). In other words,
the model delivered by Equation 4 is essentially obtained by scaling the intensity
of a two-material arch by (IT − IM ) / (IR − IM ). Figure 3 visualizes this relation
between the gradient and intensity (dashed curve). The dots along the curve
indicate the ’feature’ values at y=0 for the thicknesses D=0, 2σ and ∞.

3.2 Feature Retrieval

The thickness and the middle of the thin layer are found by intersecting a mea-
sured profile with the function represented by Equation 4 (see Figure 3). The
crossing point 〈I×, OI×〉 along the measured trace immediately defines the lo-
cation in image space where y=0. Using Equation 2 the thickness of the layer
D can be derived from I×. Likewise, a relation between the thickness and |OI×|
can be derived from Equation 3:

D = σ2
√

2

√

log

(

IR − IA

σ
√

2π|OI×|

)

. (5)

Thus, one can estimate the thickness and location from both measurements.
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Fig. 3. Red dash: intensity at the middle of the thin layer for increasing thickness
D. At D=0 the model intersects with an A→R transition (dash-dotted) and for large
thicknesses it coincides with tissue material (I= −100 HU). The arrow points to the
intersection with the D=2σ profile.

3.3 Geometric construction

Consider a thin layer of tissue and center the Gaussian kernel on the lower edge
of the layer (see Figure 4(a)). Increasing the thickness means we are replacing
air by tissue in a certain part of the kernel’s support. This transition manifests
itself as curve a in Figure 5(a). An identically shaped curve in Figure 5(a) is
marked b. It is the result of shifting the Gaussian kernel from halfway an A→T

transition into the tissue (see Figure 4(b)).
The same reasoning holds for the equivalent case when centering the Gaussian

kernel at the upper edge of the layer (see Figure 4(c)) and comparing this with
a T→R transition (see Figure 4(d)). These transitions are marked respectively
c and d in Figure 5(a).

The previous sections already described the model at y=0. We can derive the
same result geometrically by subsequently traversing the models of the upper and
lower edge. This is illustrated in Figure 5(b). The dotted lines denote profiles of
geometries with thicknesses σ and 2σ and the dashed lines are the models of the
upper edge, the lower edge and the middle of the layer for increasing thickness
of the thin layer of tissue. Traversing from point e (halfway an A→R transition)
to point f (the intersection with the 1σ profile) corresponds to inserting a 1σ
thin layer of tissue extending into the air (the kernel is centered at the lower
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Fig. 4. Gaussian kernels centered at the lower and upper edge of the thin layer (a and
c) and the corresponding analogies (b and d).
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Fig. 5. (a) Models for the lower (a) and upper edge (c) of the thin layer of tissue
for increasing thickness. These models are constructed by translation of the arches
describing two-material transitions (b and d, respectively). (b) Additive behavior of
the arch representation. The model delivered by Equation 4 is constructed by adding
parts of the model of the lower (e–f) and upper edge (e–g).

edge). Traversing from e to g corresponds to inserting a 1σ thin layer of tissue
extending into the residue (the kernel is centered at the upper edge). In this way,
we can also construct the trajectory that is traversed by the middle of the layer,
which is exactly the sum of both trajectories. This is shown by traversing from
e to h via either f or g. One can see that point h is on the model of the middle
of the layer according to Equation 4 and also on the 2σ profile.

4 Experiments

Our initial electronic cleansing method was applied to four CT colonography
data sets. All edges classified as an A→R transition were examined in more
detail. Only those edges were retained that were at least five voxels away from
another type of edge. This was done to reject potential three-material ’junctions’
not complying to the thin layer model [5]. Furthermore, only candidate objects
(edges) consisting of more than ten voxels were included.

From each object-voxel a trace was generated in the positive and negative
direction of the gradient vector until the gradient magnitude was smaller than
some threshold. The intensities at the lower side (L) and the upper side (H)
were at the basis to scale the encountered intensities into the [0, 1] range. More-
over, all traces were made invariant to the effective scale of the measurement
by multiplying the sampled gradient magnitude with σ. Finally, a third-order
polynomial was fitted to the transformed samples to represent the profile around
y=0. The crossing point of this polynomial with the model of Equation 4 was
determined, which, in turn, yielded the location and thickness of the thin layer.

5 Results

In total 411 candidate objects were generated of which 80 had a measured tissue
thickness larger than ε. From these, 53 candidates resided in the large intestine,
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Fig. 6. Mean and stdev of estimated thicknesses of the candidate objects.

whereas the other 27 were associated with the small intestine. 17/53 candidates
were considerd heterogeneously composed, i.e. they comprised either a mixture
of different geometries, like a fold separating air and residue and a pure two-
material transition (see below for further treatment of these objects), or they
consisted of an incompatible geometry like a thin layer of contrast. Thus, 36
candidate objects remained.

The mean measured thickness and corresponding standard deviation for the
36 candidate objects are shown in Figure 6. The standard deviation emanates
from averaging over the traces generated from all the object-voxels. Apart from
this, the seven largest ’pure’ A→R material transitions were analyzed. These
A→R transitions yielded a mean thickness of the estimated tissue layer of only
0.03 mm, but a standard deviation ranging from 0.8–1.1 mm. The 95% percentile-
level of the thickness distribution was at 1.27 mm. Accordingly, an object is
considered an A→T→R transition if the mean estimated thickness of the tissue
layer is significantly larger than 1.27 mm. Applying this procedure to the data
in Figure 6 yields a detection sensitivity of 93% (27/29), and no false positive
detections. No candidates with thickness D < ε (discarded previously) were
considered to contain a thin layer of tissue (by visual inspection).

The 19 objects consisting of a mixture of geometries yielded large standard
deviations with respect to thickness measurement. These geometries were sepa-
rated by an EM-clustering algorithm based on the measured thickness for each
profile and the spatial relation between the voxels. Figure 7(a) shows the results
for such an object (a fold surrounded by air and residue, both are not shown).
Notice that the clusters are indeed spatially connected. Figure 7(b) visualizes the
clustering in the 〈I, |∇I|〉-space, illustrating how well the profiles are separated.
The calculated thickness was smaller than ε for the A→R transition and 1.8 mm
for the A→T→R transition. The latter value may be negatively biased, though,
due to the profiles near the transition area.



x-position

y
-p

o
si

ti
o
n

(a)

L HIntensity

|∇
I
|

(b)

Fig. 7. A heterogeneous candidate object. (a) Clustering shows two distinct regions.
(b) Points on traces for both clusters.

6 Conclusions

The method presented in this paper may preclude erroneously removing thin
layers of a material. A mathematical function was derived relating the intensity
to the gradient magnitude in the middle of a thin layer as a function of the
thickness. Practically, a layer’s thickness was obtained by intersecting a measured
curve in 〈I, |∇I|〉-space with a function describing the middle of the tissue layer.
We demonstrated the usefulness of the method by first detection of thin layers
of tissue and subsequent estimation of the thickness of these layers surrounded
by residual matter and air. 92% of the thin layers previously classified as a
two-material transition were now classified correctly. The thinnest layer had a
thickness of 1.0 mm. Observe that the method could equally well be applied to
thin layers of contrast material stuck to the colon surface and surrounded by
air. In future research, we will include the algorithm in an electronic cleansing
algorithm for CT colonography.
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