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Electronic Cleansing for Computed Tomography
(CT) Colonography Using a Scale-Invariant

Three-Material Model
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Abstract—A well-known reading pitfall in computed tomogra-
phy (CT) colonography is posed by artifacts at T-junctions, i.e.,
locations where air–fluid levels interface with the colon wall. This
paper presents a scale-invariant method to determine material
fractions in voxels near such T-junctions. The proposed electronic
cleansing method particularly improves the segmentation at those
locations. The algorithm takes a vector of Gaussian derivatives as
input features. The measured features are made invariant to the
orientation-dependent apparent scale of the data and normalized
in a way to obtain equal noise variance. A so-called parachute
model is introduced that maps Gaussian derivatives onto material
fractions near T-junctions. Projection of the noisy derivatives onto
the model yields improved estimates of the true, underlying feature
values. The method is shown to render an accurate representation
of the object boundary without artifacts near junctions. Therefore,
it enhances the reading of CT colonography in a 3-D display mode.

Index Terms—Computed tomography (CT) colonography,
partial volume (PV) effect, rotation and scale invariance,
T-junctions, translation, virtual colonoscopy.

I. INTRODUCTION

COMPUTED tomography (CT) colonography (virtual
colonoscopy) is a noninvasive alternative to colonoscopy

[1] that facilitates screening for polyps. The conventional pro-
cedure is to let the patient drink a laxative on the day before
the examination to remove fecal remains from the colon. Im-
mediately before CT imaging, the patient’s abdomen is inflated
with CO2-enriched air. Virtual colonoscopy images are created
using perspective volume rendering to inspect the colon sur-
face [2]. Usually, a threshold around ∼650 HU is applied to
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Fig. 1. (a) Part of a slice from CT data showing tagged remains at the colon.
L, M and H denote the low (L), medium (M ), and high (H ) intensities of
air, tissue, and fluid, respectively. A significant part of the image corresponds
to three-material PV voxels (LMH), focused upon in this paper. The transitions
areas are taken 7 voxels width, i.e., twice the width of the PSF. (b) Electronic
cleansing replaces H with L. (c) Transfer function based on thresholds leaves
the fluid interface in (a) opaque since the transition has a CT value similar to
tissue. (d) If (b) were generated, a single threshold would suffice.

all voxel values to segment the colon wall. Unfortunately, the
patient preparation is never “complete.” Remains that have a
tissue-equivalent data value may occlude or mimic polyps and
therefore hamper detection. Tagging the intraluminal remains
with an oral contrast agent was introduced to discriminate be-
tween tissue and remains [Fig. 1(a)] [3]. The sequence of opera-
tions applied to the 3-D CT data that replace the [partial volume
(PV)] contributions of tagged remains by air is referred to as
“electronic cleansing (EC).”

Several EC algorithms based on the increased attenuation of
tagged material have been described (see related work). How-
ever, incomplete processing is still reported to leave artifacts [4].
A specifically noticeable problem is posed by the distracting
“ridges” emanating from locations in which air, soft tissue, and
tagged material meet [4]: T-junctions (Fig. 1).

The main problem here is that the point-spread function (PSF)
of CT imaging causes contributions of several materials to be
mixed into a sample. This is commonly referred to as the PV
effect. In general, the accurate delineation of an object hav-
ing blurred edges is not a trivial task, and at locations where
three materials are connected, it may seem impracticable. If the
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blurring is not isotropic and noise is added, matters are even
further complicated.

In this paper, we present a novel method that implements
the inverse operation: obtaining the material fractions starting
from the data value. We extend previous work [5], [6] by cre-
ating a representation that describes Gaussian derivatives (not
as a function of space, but) as a function of the three material
fractions around T-junctions. We incorporate invariance to the
anisotropy of the noise, i.e., random fluctuations on the sig-
nal, in the space spanned by Gaussian derivatives, as well as to
the anisotropic PSF (in image space). The proposed method is
applied to segmentation of the large bowel for CT colonogra-
phy. However, it may be equally useful for other problems that
involve three-material transitions.

A. Related Work

Lakare et al. [7] created 23-D feature vectors of local data
values that are reduced to five dimensions by principal com-
ponent analysis. Clustering takes place in the low-dimensional
space using a vector similarity measure and a maximum num-
ber of classes. A threshold on the average intensity of each class
classifies voxels to be tagged remains. In later work, Lakare
et al. [8] addressed a problem caused by PV voxels bordering
on the fluid mask. The intensity profile is considered a unique
property of each type of transition. Typical edge profiles that are
present between all materials, e.g., air and tagged material, are
identified by rigorously “exploring” some 3-D CT datasets in
a separate learning phase prior to the actual cleansing. During
cleansing, for each edge voxel, the profile is selected that best
fits encountered intensity profiles. A transfer function is defined
for each such profile in order to remove the PV problem during
rendering. Subsequently, Zalis et al. [9], [10] constructed a bi-
nary subtraction mask to segment the opacified bowel content
and address the PV problem using a colon–surface reconstruc-
tion routine. Data values represent a distance measure derived
from the subtraction mask. Wang et al. [11] presented an im-
proved electronic colon cleansing method based on a PV im-
age segmentation framework, which is derived using the well-
established statistical expectation–maximization algorithm. Al-
ternatively, Franaszek et al. [12] developed a new segmentation
procedure which organizes individual air- and fluid-filled re-
gions into a graph that enables identification and removal of
undesired leakage outside the colon. The proposed hybrid algo-
rithm uses modified region growing, fuzzy connectedness, and
level set segmentation. Wang et al. [13] also investigated a max-
imum a posteriori expectation–maximization image segmenta-
tion algorithm which simultaneously estimates tissue mixture
percentages within each image voxel and statistical model pa-
rameters for the tissue distribution. Cai et al. [14] developed
an EC method, called structure analysis cleansing, which ef-
fectively avoids cleansing artifacts due to pseudoenhancement.
Both values of a structure enhancement function and a local
roughness measure are integrated into the speed function of a
level set method for delineating the tagged fecal materials.

Inspired by Kindlmann et al. [15] and Kniss et al. [16], we
created an EC method that builds on an analytical model relating

data value I to gradient magnitude |∇I| at transitions between
two materials [6] (an elaborate description follows next). The
analytical model is scale- as well as rotation-invariant in the
presence of anisotropic PSF and anisotropic sampling. How-
ever, our two-material transition model is inappropriate for the
three-material T-junctions mentioned previously (Fig. 1). A pre-
liminary extension for cleansing such structures was sketched
by us previously [5], but anisotropic PSF and/or sampling was
not taken into account.

The literature on EC signifies the progress that was made on
the topic. Still, incomplete processing is known to leave artifacts.
It was indicated by Zalis et al. [10] that it is essential to ascertain
how artifacts still present in successfully tagged electronically
cleansed data affect observer performance.

B. Objective

Pickhardt et al. [4] identified a reading pitfall caused by an
artifact at T-junctions, that is, locations where air–fluid lev-
els interface with the colon wall. Accurate cleansing near such
T-junctions is particularly complicated due to the wide range
of angles at which fluid interacts with the wall, the fluctuating
intensities of tagged matter and soft tissue, an anisotropic PSF,
and/or sampling of the data and noise. It was shown that the ar-
tifacts may be easily misinterpreted as polyps (Pickhardt shows
clear examples [4]). The problem of leaving false positives was
also recognized in a recent paper which uses physical priors to
improve the segmentation [17]. To our knowledge, none of the
previous methods were specifically designed to deal with all
the aforementioned characteristics. The EC method currently
proposed particularly aims at improving the accuracy at three-
material transitions. The method will be invariant to anisotropic
resolution (PSF) and anisotropic sampling, which pertains to a
technical novelty. Clearly, one may compensate for an isotropic
PSF by low-pass filtering the data. However, this will go at the
expense of detail, which may affect the conspicuity of polyps.
Notice that the sampling rate may vary significantly as a function
of the reconstruction diameter. The importance of accurate EC
under these circumstances will be demonstrated numerically.

Technical aspects such as the effect of model parameters on
the outcome will be assessed by means of phantom data. An
extensive, clinical evaluation of the method was published pre-
viously [18] and will be summarized in Section III.

II. MATERIAL AND METHODS

A. Outline

Previously, we proposed a technique to relate material frac-
tions to derivative features near a two-material transition [6]
(Fig. 2, left side). The currently proposed method extends
this technique to three-material T-junctions (Fig. 2, right side).
The extended algorithm takes a vector of Gaussian derivatives
{I, Iw , Iww} as input features (in which I represents the orig-
inal image and subscript w indicates a derivative in gradient
direction).

1) The measured features {I, Iw , Iww} display different
noise variances and depend on the orientation of the edge.
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Fig. 2. Outline of the algorithm to recover material fractions at voxels.

We make them invariant to the orientation-dependent ap-
parent scale of the data and we scale them in such a
way as to obtain isotropic noise: {I, θ1σw Iw , θ2σ

2
w Iww}.

Edge voxels are identified in the image by thresholding
the gradient magnitude (|θ1σw Iw |). Subsequently, initial
estimates are determined for the low and high material
intensities, L and H , respectively, at opposite sides of the
edges in each such voxel. Both are parameters for the
arch model describing two material transitions, and the
parachute model representing three material T-junctions.

2) The edge voxels are classified as participating into two
material transitions or three-material T-junctions based on
filtering the local distribution of L and H values.

3) The specific type of transition in which a two-material
voxel participates is identified by locally clustering the
filtered L and H values. In effect, the cluster centers cor-
respond to regularized estimates of the L and H values of
the two material transitions. The clustering is performed
locally to accommodate signal fluctuations.

4) The scaled measurement triplet {I, θ1σw Iw , θ2σ
2
w Iww}

is projected onto the arch model if the classification
(b) was a “two material transition,” respectively, on the
parachute model for a “three-material transition” to ob-
tain improved estimates of the underlying true values:
{I ′, θ1σw I ′w , θ2σ

2
w I ′ww}.

5) The last step is to retrieve the material fractions that consti-
tute each voxel based on the improved feature estimates.
The material fractions are input into a transfer function
that renders the bowel lumen translucent and the soft tis-
sue opaque.

B. Material Fractions

During image formation, a linear combination of materials
is projected onto data value [Fig. 3(a)]. The method presented

Fig. 3. (a) Image acquisition combines contributions of different materials into
the partial volume CT value. We represent these contributions as barycentric
positions (t1 , t2 , t3 ) in a triangular domain (A1 , A2 , A3 ); µ1 represent the
expected (low) intensity of air, µ2 the expected (medium) intensity of tissue,
and µ3 the expected (high) intensity of tagged residual material. (b) Our method
enables the inverse operation. The derivatives Iw and Iw w facilitate this step.

by us enables the inverse operation [Fig. 3(b)]: retrieving the
material fraction from the local image data.

Assume a linear imaging model in which the image inten-
sity I can be written as a linear combination of pure mate-
rial intensities µm with corresponding material fractions tm :
I (tm , µm ) =

∑
tm µm ,

∑
tm = 1.

We restrict ourselves to three material fractions that corre-
spond to homogeneous barycentric coordinates. Thus, each in-
stance (t1 , t2 , t3) corresponds to a point P in a triangular domain
(A1 , A2 , A3) that is projected onto a data value [Fig. 3(a)].

Considering the CT colonography, let µ1 = L represent the
expected (low) intensity of air, µ2 = M the expected (medium)
intensity of tissue, and µ3 = H the expected (high) intensity of
tagged residual material.

Typically, most voxels are dominated by pure material (air,
tissue, and residue): the corners of the triangle. Fewer vox-
els participate in transitions between two materials: the edges
of the triangle. The smallest number of voxels participates in
three-material transitions: the interior of the triangle. Still, the
three-material transitions represent a significant fraction of the
voxels to be analyzed [4] (see the following). We will denote
a transition type by a combination of the letters L, M , and H .
Since voxels processed by the three-transition model will bor-
der on two-material transitions, the model is required to contain
a smooth extension of a two-material transition model. Finally,
trivial as it may seem, a model of the transition between two ma-
terials should be an extension of a single-material model. This
is important in order not to produce artifacts or discontinuities.
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C. Two-Material Transitions

Let us first consider two-material transitions. This section
summarizes the method presented previously [6]. The data value
across a Gaussian blurred step edge and its first derivative are
related by an arch-shaped curve. In other words, the arches
yield the gradient magnitude as a function of the data value, i.e.,
the arches coincide with the edges of the triangle in Fig. 3(b).
Deriving an analytical expression of the relation starts by mod-
eling a two-material transition to be a unit-step-function u (2)
that is convolved with a Gaussian g (3) resulting in a cumula-
tive Gaussian distribution G (1). The anisotropic space-variant
PSF resembles a spiral shape [19], but it is often modeled by
an anisotropic 3-D Gaussian. We found that the cumulative
Gaussian is an excellent model to describe the CT values across a
two-material transition [20]. Additionally, for a given direction,
the PSF showed to be approximately constant over the image,
and therefore, is not to be re-estimated for every voxel [20]

G (x;σ) = u(x) ∗ g (x;σ) =
1
2

+
1
2
erf

(
x

σ
√

2

)
(1)

with

u(x) =
{

0 x < 0
1 x > 0 (2)

g(x;σ) =
1

σ
√

2π
exp

(
−x2

2σ2

)
(3)

erf(x) =
2√
π

∫ x

0
exp

(
−t2

)
dt. (4)

Extension of this model to edge transitions in 3-D is straightfor-
ward. Let w represent the gradient direction, v = w⊥ the basis
of the isophote surface, and σw the apparent scale of the (as-
sumed) Gaussian function along w. Notice that a description of
transitions in gauge coordinates is, by definition, both rotation-
and translation-invariant.

In general, the expected data values at opposite sides of

the transition are L and H such that I(w;σw ) ∆= (H − L)
G(w;σw ) + L denotes the data value and Iw (w;σw ) ∆=
(H − L)g(w;σw ) denotes the gradient magnitude (first deriva-
tive in gradient direction).

The arch function gives the scaled gradient magnitude σw Iw

as a function of I at scale σw

σw Iw = (H − L) arch ((I − L)/(H − L)) (5)

with

arch(x) ∆= σw g
(
G−1 (x;σw ) ;σw

)
=

1√
2π

exp(−{erf−1(2x − 1)}2), for x ∈ [0, 1]. (6)

Notice that the function arch(x) does not depend on a scale pa-
rameter. Therefore, it describes scale-invariant measurements.
Analogously, a generalized arch function archn (x) was derived
that relates the nth-order derivative to the data value [6].

We now assume that σw is known by calibration (see [20],
for our data).

Fig. 4. (a) Set of measurements along a path in gradient direction. The mea-
surement under investigation is marked by “∗.” (b) Projection on the arch model.
(c) Small deviations from the solid lines (red) correspond to the error in esti-
mated arch position. (d) Derivatives as a function of barycentric coordinates
near a three-material transition. These data were generated using L = −0.5,
M = 0, H = 0.5, noise STD = 0.05, input σ = 1.7, and operator σ = 1.4.

Consider three measurements (I, σw Iw , σ2
w Iww ) acquired by

Gaussian derivative operators [Fig. 4(a)] in the edge region.
The measured features will display different noise variances.
We will scale them in such a way as to obtain isotropic noise:
{I, θ1σw Iw , θ2σ

2
w Iww}. A trace of such normalized measure-

ments is obtained in gradient direction around each voxel. Fitting
the arch models (6) and arch1(x) to the normalized data yields
initial estimates for the local L and H values.

The local LH parameter space may be represented by the LH
histogram [6]. A peak in the LH histogram constitutes one type
of two-material transition. Concurrently, it can be shown [6,
Fig. 5] that three-material T-junctions manifest as vertical (con-
stant L) or horizontal (constant H) lines in the LH histogram.
At such locations surrounded by material intensities L < M <
H , either L or H stays fixed and there is a transition in the other
coordinate (which is determined by the magnitude of M − L
versus H − M ). The transition in the L or H value in image
space induces a large gradient magnitude of the L or the H
channel at a T-junction. Thresholds are applied to the gradient
magnitude in order to identify and discard these points from the
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Fig. 5. (a) Three-material transition is modeled using unit step edges scaled
with L, M , and H . (b) Step edge values are low-pass filtered. (c) Gradient
magnitude as a function of position. The model values are defined at σ = 1
for convenience. (d) Second directional derivative (SDGD) as a function of
position.

histogram. The filtered histogram describes the data adhering to
the arch model.

A K-means clustering (K = 3) is applied to the filtered
histogram for identification of the three transitions, e.g., soft
tissue to air. The means of the cluster centers render regular-
ized estimates of the L and H values parameterizing the ach
function. This clustering is performed in local environments to
accommodate signal fluctuations. At last, orthogonal projection
of {I, θ1σw Iw , θ2σ

2
w Iww} on the arch function yields improved

estimates for I , Iw , and Iww , which, in turn, are projected onto
material fractions [Fig. 4(b)].

We will now extend the arch functions to three-material
T -junctions. The gradient magnitude will be expressed as a func-
tion of barycentric coordinates, namely, the material fractions
[Fig. 4(d)]. We will find the best match between the scale- and
noise-normalized measurements and the three-material model.
The best match will yield the underlying material fractions.

D. Three-Material Transitions

The LH surface meets the colon surface at a variety of an-
gles to form a three-material transition. We will initially use a

T-junction with α = 90◦ to illustrate our method. Other angles
are analyzed by the same paradigm.

Let the junction model v be the intersection of three edges
[Fig. 5(a)]

v(x, y, z) =




L, x < 0, y < 0

M, x ≥ 0

H, x < 0, y ≥ 0

= L + (H − L)u(−x)u(y) + (M − L)u(x). (7)

The L, M , and H parameters of the junction model are delivered
by the filtered LH histogram that represents the L and H space
of local two-material transitions. In fact, the cluster centers in
the LH histogram correspond to the edges that construct the
junction. The LH histogram from a local environment is used so
as to be resistant against signal fluctuations.

Let V represent the junction model after convolution with a
3-D Gaussian [Fig. 5(b)]. We assume that σx , σy , and σz denote,
respectively, the effective scale of the Gaussian operators in x-,
y-, and z-directions

V (x, y, z) = L + (H − L)G(−x, σx)G(y, σy )

+ (M − L)G(x, σx). (8)

Vw describes the gradient magnitude at the junction [Fig. 5(c)]

Vw (x, y, z) ∆= ‖∇V (x, y, z)‖ (9)

with

∇V (x, y, z)

=



−(H−L)g(−x, σx)G(y, σy ) + (M−L)g(x, σx)

(H − L)G(−x, σx)g(y, σy )

0


. (10)

Consider an anisotropic PSF. The anisotropy causes the gra-
dient magnitude to vary as a function of edge orientation: an
effect that complicates the procedure. It is preferred that the
gradient magnitude exactly at the edge only varies as a function
of the type of transition. One might impose additional blur-
ring to obtain isotropic resolution. However, this goes at the
expense of resolution. Scaling the gradient magnitude by σw

yields the scale-invariant gradient magnitude. This results in
identical amplitudes of the gradient magnitude at the edge for
measurements of different scales. However, in the following
paragraphs, we will show that in addition to the scale normal-
ization, the derivatives have to be scaled to have isotropic noise
in the space spanned by the Gaussian derivatives.

Let Vww correspond to the second derivative in gradient di-
rection of the junction model defined in (8) [Fig. 5(d)]. Due to
the translation invariance along z (i.e., the direction parallel to
the fluid level in the junction model), we get

Vww (x, y, z) =
V 2

x Vxx + V 2
y Vyy + 2VxVyVxy

V 2
x + V 2

y

. (11)

Similarly to scaling of the first-order derivative, multiplication
with σ2

w yields the scale-invariant second derivative measured
at the junction [Fig. 5(d)]. Notice that although the location
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Fig. 6. (a) Displaying σw Iw as function of barycentric position reveals a
parachute-shaped surface. (b) Problem is that probing this surface along fixed
intensity (dark line) results in equal altitude for two positions; the surface
folds back. (c) Projecting the parachute upon I , σw Iw reveals the overlap area.
(d) Including the second derivative (b) in gradient direction (dashed line) solves
this problem. This can be seen since equal magnitudes have different second
derivative in gradient direction.

of maximum gradient magnitude of blurred curved edges is
displaced inward [21], the corner point remains at its exact
location [22].

E. Parachute Function

The parachute function yields the Gaussian derivatives as a
function of material fractions (in barycentric coordinates and
not as a function of space). The function is named “parachute,”
because the surface created by the gradient magnitude as a func-
tion of material fractions reminds us of a parachute [Fig. 6(a)].
We will first derive an analytical expression of the function and
then show that the second derivative is required to uniquely
identify the material fraction in a three-material sample around
a T-junction. An analytical expression will be employed to map
material fractions onto a position in image space (x, y), in
which, subsequently, the derivatives are computed. Only two
barycentic coordinates suffice since t1 + t2 + t3 = 1.

First, notice that t2 (the fraction of material M ) does not
depend on y (a). Consequently, the inverse cumulative Gaussian
relates x to t2

x = G−1 (t2 , σx) . (12)

The inverse cumulative Gaussian function G−1 is obtained by
inserting (1) in G

(
G−1(x)

)
= x as explained in [6]. Solving

for G−1(x) yields

G−1 (x;σ) = σ
√

2 erf−1 (2x − 1) , x ∈ [0, 1] . (13)

Second, t3 is regarded. Considering that

t3 = G (−x, σx) G (y, σy ) (14)

and

t2 = G (x, σx) ⇔ 1 − t2 = G (−x, σx) (15)

(14) is rewritten into

t3 = (1 − t2) G (y, σy ) ⇔ G (y, σy ) =
t3

(1 − t2)
(16)

from which we derive

y = G−1
(

t3
1 − t2

, σy

)
. (17)

Third, the generalized parachute function describes the scale-
invariant nth derivative along the gradient direction as a function
of material fraction by inserting (12) and (17) in either (8), (9),
or (11), respectively, for n = 0, 1, or 2

parachute (0, t1 , t2 , t3) = V (x, y, z)

parachute (1, t1 , t2 , t3) = σw Vw (x, y, z)

parachute (2, t1 , t2 , t3) = σ2
w Vww (x, y, z)

(18)

with x and y functions of the material fractions as presented by
(12) and (17). Note that the orientation of the T-junction was cho-
sen in such a way that all z-dependencies have vanished. Analo-
gous to (18), higher order derivatives may be computed as well.
Fig. 6(a) illustrates the first-order parachute function, showing
Vw as a function of barycentric coordinates (1 − t2 − t3 , t2 , t3).

Properties of the first-order parachute function are as follows.
1) Corners of the triangle (nodes) denote pure materials with

all partial derivatives equal to zero.
2) Edges of the triangle denote mixtures of two materials,

the scale-invariant gradient magnitude being given by the
arch function [6].

3) Interior of the triangle denotes three-material mixtures.
4) The measurement pair (I, σw Iw ) leads to ambiguity in

material fractions for certain combinations. The second
derivative is unique here and solves the confusion (Fig. 6).

5) The parachute model is scale invariant at the underlying
transitions due to the use of scale-invariant derivatives.

Let us bear in mind that our objective is to classify samples
into material fractions, based on the vector of Gaussian deriva-
tives.

F. Noise Isotropy

The measurement triplet
(
I, σw Iw , σ2

w Iww

)
is obtained by

Gaussian derivative operators and display different noise vari-
ances. An approximation of the noise-free signal values will
be obtained by finding the “closest” point on a model. A Eu-
clidean metric can be used to do so only if the noise on the
features is isotropic, which is imposed by scaling the deriva-
tives: {I, θ1σw Iw , θ2σ

2
w Iww}.

The ratio of a signal’s noise variance of before σ2
ni and after

σ2
no filtering, i.e., convolution with a D-order Gaussian deriva-

tive with scale σop in N dimensions is [23]

σ2
no

σ2
ni

=
(2D)!

σN +2D
op πN /2D!2D 2N +D

. (19)
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This result is used to predict the variances of noise in(
I, σw Iw , σ2

w Iww

)
and to compensate for the differences. The

scaling of the first axis is taken unaltered, i.e., θ0 = 1.
An elaborate deduction of the scaling parameter θ1 for the

first derivative was described previously [6]. Its calculation is
initiated by determining the relative variance of the noise on I
due to the filtering by the PSF: σ2

I /σ2
ni (in which σ2

ni is now the
hypothetical noise variance prior to PSF filtering). Typically, the
PSF along the scanner’s z-axis (axial, slice pitch, out-of-plane) is
lower when compared to the x- and y-dimensions (lateral or in-
plane). Let σop,z represent the axial scale and σop,⊥z the lateral
scale of the PSF. Effectively, it is decomposed into an axial and
a lateral component after which a concatenated application of
(19) with (σop,z ,D = 0, N = 1) and (σop,⊥z ,D = 0, N = 2)
renders σ2

I /σ2
ni [6].

The relative variance of the noise on Iw , σ2
Iw

/σ2
ni , is calcu-

lated in a similar way. Let σop,w represent the effective scale
of the Gaussian derivative filter in the gradient direction (w)
and σop,⊥w the lateral scale. σ2

Iw
/σ2

ni is obtained via (19) using
(σop,w ,D = 1, N = 1) and (σop,⊥w ,D = 0, N = 2) [6].

At last, θ1 is given by

θ1 =
1

σw

σI

σIw

=
1

σw

(√
2σ

3/2
op,w σop,⊥w√

σop,z σop⊥z

)
(20)

in which the factor 1/σw is needed to compensate for the scaling
in σw Iw .

Analogously, a second scaling parameter θ2 for the second
derivative may be calculated to be

θ2 =
1

σ2
w

σI

σIw w

=
1

σ2
w

√
σ2

no

σ2
ni

=
1

σ2
w

(√
2σ

3/2
op,w σop,⊥w√

σop,z σop⊥z

)
.

(21)
Projecting the noisy measurements

(
I, σw Iw , σ2

w Iww

)
onto

the parachute model will yield a robust alternative to the standard
computed Gaussian derivatives across T-junctions.

G. Mapping Image Measurements onto Material Fractions

The projection of single measurement triplet onto the model
may still be inaccurate due to the noise. This occurs especially
at the basis of the parachute, i.e., near the corners of the trian-
gle at positions in which one material dominates [Fig. 6(a)]. To
solve this problem, a neighborhood of samples along w is used.
Let {I, θ1σw Iw , θ2σ

2
w Iww}(p) with p = 1, . . . , P be a set of P

measurements along the orientation of the gradient. Note that the
partial derivatives are normalized by multiplication with θ1σw

and θ2σ
2
w . Now, we need to find the trajectory at the parachute

that yields the shortest Euclidean distance to the set of mea-
surements. The trajectory that best matches the measurements
is selected by minimizing the summed square residuals

t = ( tq,1 tq,2 tq,3 )T

= arg min
tq , 1 ,tq , 2 ,tq , 3

P∑
p=1

2∑
n=0

θ2
n‖σn

w I(n)(p)

− parachute(n, tp,1 , tp,2 , tp,3)‖2 (22)

Fig. 7. (a) Specifically near the basis of the parachute, a measurement may
be easily misinterpreted. (b) Streamlines in w-direction, starting from a grid of
points on the T-junction in image space. (c) Oversampling occurs in barycentric
space, which is evident by the high density of lines near the edges of the
triangle. (d) and (e) Streamlines along w-direction generated in barycentric
space until the distance between the lines is below a certain minimum: 0.2 and
0.05, respectively (distances in material fraction). (f) and (g) Corresponding
streamlines in image space. (h) and (i) Typical artifacts from undersampling
disappear when changing sampling from 0.2 to 0.05 (distances in material
fraction). Artificially generated polyps are used with sizes 3, 5, 7, 9, and 11 mm
and σ = 1 mm. The left part of middle polyps connects to fluid (H ) and right
part connects to air (L).

with I(n)(p) the nth Gaussian derivative in gradient direction at
point p along the trace and tp,m the material fraction of material
m at point p at the trajectory at the parachute.

We implemented this minimization problem in a numerical
manner as follows. Fig. 7(b) shows the streamlines generated
by uniform sampling of the T-junction followed by tracing the
gradient uphill and downhill for a number of steps. Each such
line corresponds to a curve in barycentric coordinate space via
(14) and (15): see Fig. 7(c). Notice that the lines cluster along
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the edges of the triangle, reflecting that the samples are rapidly
dominated by two-material transitions while moving from the
center of the T-junction. Alternatively, in Fig. 7(d) and (e),
similar lines are created by maintaining a minimum distance
in barycentric coordinate space via (18). The latter procedure
yields a much more homogeneous distribution of the stream-
lines. Concurrently, it allows us to control the resolution in
material fraction space.

The latter approach was taken to generate a “code book” of
traces. Each entry consists of model-computed triplets along a
trace of length P , with P = 1, 3, or 5. Subsequently, we find
the best match between image features (our measurements) and
the entries in the code book (representation of the model). The
material fractions that are associated with that entry yield the
desired material fractions.

H. Generalization and Visualization

The concept introduced earlier is generalized by creating sep-
arate “code books” for a variety of angles at which the fluid
touches the colon. In the subsequent section, we will go into
aspects such as how many angles are required.

The construction of the T-junction sustains a direct mapping
of material fractions onto derivative features via (18). Unfor-
tunately, such a mapping cannot be obtained for other config-
urations. Therefore, we have chosen to numerically generate
the “code books” for other angles. A representation of the se-
lected geometry is generated and the Gaussian derivatives are
computed up to order two for single positions and traces, as
mentioned earlier. For each sample (or trace), we know the true
underlying material fractions by computing the overlap between
the Gaussian PSF and the model. We store the set of traces that
homogeneously fill the barycentric space in the code book.

The exact, subvoxel localization of an edge usually depends
on the type of transition. The concept of material fractions allows
a straightforward segmentation of a material that borders on
two or more other materials. Having a material fraction volume
allows one to delineate the object via a single isosurface (e.g.,
a material fraction threshold 0.5). Currently available rendering
engines can be used after mapping the material fraction onto
image values.

III. RESULTS

We will demonstrate the efficiency of EC by application of
the presented three-material model to CT data from the Walter
Reed Army Medical Center (WRAMC). The National Institutes
of Health offer a CT colonography image database complete
with associated colonoscopy findings (imaging.nci.nih.gov).

A. Parameters of Parachute Model

We found experimentally that a particularly relevant param-
eter of the parachute model is the (anisotropic) PSF of the input
data. It was demonstrated that for a given direction, the 3-D
PSF of the CT scanner is approximately constant over the im-
age and that the cumulative Gaussian is an excellent model to
describe the CT values across a two-material transition [20].

Fig. 8. (a) Electronic phantom was created in which the angle of the tagged
material varied. Gaussian distributed noise was added with SD = 10 (best case)
and SD = 50 (worst case). The size of the largest artifact after cleansing was
measured by means of ε1 and ε2. (b) Result using the proposed method for
a single model at 45◦ angle, (c) idem for a 90◦ angle, and (d) idem for a
135◦ angle. Horizontally is the angle of the synthetic junction and vertically
the error expressed in pixels. (e) Result using the best match in codebooks
including all three models. (f) Median winning codebook identified by its angle
(vertically) for low noise (black bars) and high noise (gray bars) over several
noise realizations.

We measured the PSF by fitting this function to edge profiles
at the colon surface (thereby assuming an anisotropic, Gaus-
sian PSF). It was found that the in-plane resolution of the
WRAMC CT data was σop,⊥z ≈ 0.56 mm and the slice resolu-
tion was σop,⊥z ≈ 0.82 mm. The STD on the estimated scale
was STD (σxyz ) ≈ 0.03 mm.

Other parameters are the threshold on gradient magnitude to
select the edges and the threshold to remove the horizontal and
vertical lines from the LH histogram. They were empirically
chosen to be slightly above the noise level. We found that the
EC result was hardly affected by changes in their setting. We
apply them primarily to limit the calculation time.

B. Model Evaluation: Trace Length and Number of Angles

The proposed procedure was applied to synthetic low-pass
filtered T-junctions in which the angle was varied from 0 to
π and to which Gaussian noise was added [Fig. 8(a)]. The

Authorized licensed use limited to: TU Delft Library. Downloaded on June 05,2010 at 06:19:17 UTC from IEEE Xplore.  Restrictions apply. 



1314 IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 57, NO. 6, JUNE 2010

algorithm used models of three different angles (45◦, 90◦, and
135◦) and three sizes of the trace length (1, 3, and 5 points
separated by σw ). Gaussian-distributed noise was added with
SD = 10 (corresponding to a high-dose CT scan) and SD = 50
(corresponding to low dose). After EC, the largest artifact was
determined. This artifact was identified by the largest devia-
tion from the true surface (ε1 , indicated in black). Additionally,
its maximum diameter (ε2 , indicated in gray) was determined
by the full width halfway the bulge in the edge profile [25].
Fig. 8(b)–(d) shows the size of the largest artifact (in pixels) as a
function of the angle in the synthetic T-junction after cleansing
separately using each model (45◦, 90◦, and 135◦). The stan-
dard deviations on the graphs were obtained by repeating the
procedure with different noise realizations. Applying the three
models simultaneously and letting the best match win substan-
tially reduces the size of the artifacts found, see Fig. 8(e). Typi-
cally, the model angle closest to the actual angle is selected [see
Fig. 8(f)].

C. Clinical Evaluation

Fig. 9(a) illustrates that simple thresholding is not sufficient
to segment the colon surface. A two-material-based model,
as proposed earlier, leaves artifacts along the line where the
liquid–air interface touches the colon surface [Fig. 9(b)]. The
three-material method renders the colon surface free of artifacts
[Fig. 9(c)]. Fig. 9(d) serves as a reference.

It is a complex problem to measure the performance of an
EC algorithm. Effectively, one should like to determine the ex-
tent to which the algorithm modifies polyp shape so that it
is not detected anymore. If the EC algorithm would change
polyp shape in a destructive manner, this might lead to different
“conspicuity.”

In order to test the algorithm’s effect on polyp shape, all
patients were included from the WRAMC data that contained
polyps ≥6 mm in diameter (measured during colonoscopy).
Prone and supine positions were considered as separate “find-
ings.” Every polyp finding was assessed by an independent
researcher, who determined whether the polyp (a) completely
resided in air, or was (b) partly or (c) fully covered with tagged
intraluminal remains. Subsequently, it was marked and pre-
sented in a 3-D display (unfolded cube display: ViewForum,
Philips Healthcare) [24] to an abdominal radiologist (o1) and
a research fellow (o2). The observers assessed the findings re-
garding “conspicuity” on a 5-point Likert scale: (1) Inadequate:
the lesion is not visible; (2) Moderate to questionable: the lesion
is hardly visible; (3) Average: it is expected that the lesion is
detected; (4) Good: the lesion is well visible; (5) Excellent: the
lesion is very well visible.

In total, there were 129 polyp “findings”; 18/129 findings
(14%) concerned polyps completely covered and 41/129 find-
ings (32%) related to polyps partly covered by tagged material
(these were all to be uncovered by EC); 70/129 findings (54%)
referred to polyps completely surrounded by air (no EC action
needed). Both observers rated polyp conspicuity of all polyps
residing in air not significantly different from all those partly or
fully residing in fecal matter (by means of the Mann–Whitney

Fig. 9. (a) Rendering before electronic cleansing is applied, (b) with two-
material electronic cleansing and (c) with three-material electronic cleansing;
(left) a normal colon sample and (right) a polyp together with its (d) correspond-
ing optical colonoscopy image.

Fig. 10. Histograms of polyp conspicuity for both observers stratified by a
polyp’s environment: completely surrounded by air, fully submerged (TR), or
partly submerged (ATR).

test (o1: p = 0.5; o2: p = 0.6). The numerical data, i.e., the
distribution of the ratings on conspicuity is in Fig. 10. It con-
tains the normalized histograms of conspicuity stratified by the
polyp’s environment.

These data demonstrate that lesions uncovered by EC have
similar conspicuity in the 3-D display as lesions already exposed

Authorized licensed use limited to: TU Delft Library. Downloaded on June 05,2010 at 06:19:17 UTC from IEEE Xplore.  Restrictions apply. 



SERLIE et al.: ELECTRONIC CLEANSING FOR CT COLONOGRAPHY 1315

to air (particularly regarding the lesions partly covered with
tagged intraluminal remains).

The efficiency of the EC algorithm was assessed by letting
the same observers review ten randomly selected patients that
harbored polyps ≥6 mm in largest diameter, as well as nine
randomly selected patients without such polyps before and after
EC. The total evaluation time per patient was recorded, as well
as the assessment effort (on a Likert scale) and the sensitivity
and specificity. It was found that the median evaluation time per
patient after EC was significantly shorter than for original data,
i.e., without EC (by Wilcoxon’s matched pairs signed rank test,
12 min versus 17–20 min (o1, 02: p < 0.004)). Additionally, the
assessment effort was significantly smaller (also via Wilcoxon’s
matched pairs signed rank test (o1, 02: p < 0.0000001)). The
sensitivity per polyp was identical for the original and the elec-
tronically cleansed data and for both observers: 10/12 polyps.
Observer 1 had, in total, two false positive detections in the orig-
inal data and four false positive detections in the electronically
cleansed data. Observer 2 had two false positive detections in the
original data and four in the electronically cleansed data. For
both observers, the reported sensitivity and specificity do not
differ significantly between original and electronically cleansed
data. The findings on sensitivity and specificity should be re-
garded as descriptive statistics due to the small study population.
We have decided to include them, though, to have an indication
in this respect and avoid the pitfall of being out of the ordinary
without noticing.

We conclude that the short average 3-D evaluation time and
the low assessment effort without significantly affecting sen-
sitivity/specificity indicate that the EC algorithm significantly
improves the reading efficiency without resulting in artifacts
that complicated the reading.

IV. CONCLUSION

This paper presents a novel method to estimate material frac-
tions at T-junctions. In fact, it solves the partial volume effect
that hampers accurate delineation of materials near such struc-
tures. The method is particularly invariant to an anisotropic PSF
and anisotropic sampling. The method aimed to improve the
segmentation of junctions in CT colonography data, i.e., loca-
tions where air–fluid levels touch the bowel wall. We found that
41/129 findings related to polyps partly covered by fecal mate-
rial signifying the importance of accurate EC in these cases.

The algorithm takes a vector of Gaussian derivatives as in-
put features. These features are computed along a path that
follows the gradient both uphill and downhill from a voxel un-
der consideration. The measured features are made invariant to
the orientation-dependent apparent scale of the data and nor-
malized in a way to obtain equal noise variance. The so-called
parachute model was introduced that maps Gaussian derivatives
onto material fractions near T-junctions. The (L,M,H) model
parameters are estimated locally such that the method specifi-
cally adapts to the intensity variation of intraluminal remains.
The scale- and noise-normalized measurements are compared
against “code books” generated from the modeled junctions

in which the angle is varied. The entry that produces the best
match to the observations is selected. This effectively renders
improved estimates of the Gaussian derivatives. The relative po-
sition emanating from the matching yields an approximation to
the underlying material fractions.

Previous work by us did not model the anisotropy of the
PSF [5] and provided only an analytical expression of the two-
material transition [6]. Clearly, data may be blurred in order to
impose isotropy. It should be noticed that our method does not
sacrifice resolution like that.

An extensive clinical study of the algorithm’s efficiency was
very recently published [26]. The purpose of this study was
to compare a primary “uncleansed” 2-D and a primary EC 3D
reading strategy in CTC in limited prepped patients. Seventy-
two patients received a low-fiber diet with oral iodine before CT
colonography. The examinations were performed on a 64-slice
multidetector CT system with a reference milliampere value
of 40 mA, which is substantially lower than the data from the
current submission. Six inexperienced and two experienced ob-
servers reviewed both cleansed and “uncleansed” examinations
in randomized order. We concluded that the primary EC 3-D
display method yields a significantly higher sensitivity than the
primary uncleansed 2-D display for novices. No significant dif-
ferences were found regarding the sensitivity for experienced
observers. Specificity did not differ between the display meth-
ods for both observer groups. Distracting “ridges” emanating
from locations where air, soft tissue, and tagged material meet
were not reported by any of the observers. This indicates that
the method’s performance regarding sensitivity and specificity
is not affected by the higher noise level in this setting.

A limitation of the study is that our outcomes may not be
extrapolated to patients taking a so-called limited bowel prepa-
ration (as the WRAMC patients were extensively prepared).
It might be expected that a rigorous preparation simplifies EC
somewhat since there may be less tagged material than in a
limited purgation scheme. Moreover, such remains may have
a more homogeneous appearance. Still, the complex nature of
the problem prompted us to study the algorithm’s performance
on the WRAMC patients. It should be noticed that we found a
considerable processed volume fraction (0.20), despite the ex-
tensive preparation. Probably any EC algorithm will perform
optimal with homogeneously tagged stool. Accordingly, we ex-
pect the algorithm to be better suited for removing pools of fluid
compared to fecal residue, since the former will present a more
homogeneous density.

Another limitation is that the angle at which the L–H surface
meets the colon wall is assumed to be either of three cases. Re-
cently, Rivaz showed that the meniscus effect caused by surface
tension forces may be measured from patient data [17]. Includ-
ing this effect may further enhance the performance of the EC
technique.

We conclude that the proposed method enhances the use of
CT colonography in a 3-D display mode in extensively prepared
patients. The method is currently further evaluated in clinical
practice. Our present study also focuses on the application of
the three-material model outside the scope of CT colonoscopy.
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Fig. 11. Apparent scale of the erf-function is plotted as a function of
orientation.

APPENDIX

CALIBRATION OF σw

The proposed method assumes that σw [apparent scale in
gradient direction, see (6)] is known. It is calibrated as follows
(which summarizes [20]).

The CT values across a transition between two materials were
modeled by an edge-spread function (erf)

G(w;L,H, σw ) = L + (H − L)
(

1
2

+
1
2
erf

(
w

σw

√
2

))
(A1)

in which L is the data value of the low-intensity material; H the
data value of the high-intensity material; w the distance to the
actual edge position; and σw the apparent scale.

Equation (A1) was fit to edge voxels in a least squares fashion.
In order to do so, the voxels in a small area (2 voxels width)
across the edges were taken into account.

The “apparent” size of the underlying Gaussian may depend,
however, on the orientation of an edge with respect to the erf.
The latter is expected to have a smaller scale in xy-direction (in
plane) than in z-direction (out of plane). The effective scale of
edges in the gradient direction was modeled as a function of the
angle α between the gradient vector and the positive z-axis

σw (α) =
√

(sin (α) σ⊥z )
2 + (cos (α) σz )

2 (A2)

in which σz is the scale of the out-of-plane underlying Gaussian
erf and σ⊥z the scale of the in-plane underlying Gaussian erf.

Accordingly, the calibration was initiated by fitting the erf
function (A1) in a representative image to each edge voxel,
yielding σw (α) estimates. Subsequently, σz and σ⊥z were com-
puted by fitting (A2) (Fig. 11). This rendered an in-plane scale
of ∼0.40 mm and an out-of-plane scale of ∼0.82 mm.

Finally, σw could be calculated for any edge having orienta-
tion α by means of (A2) using the calibrated values for σz and
σ⊥z (all data used in the experiments were obtained by means
of the same scan parameters).
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