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Abstract. Pleural thickenings are connective tissue propagations caused
also by a long time exposure to asbestos. They can be an early stage
indicator of the malignant pleural mesothelioma. Its diagnosis is time-
consuming and underlies the physician’s subjective judgment. In order
to speed-up the diagnosis and to increase the objectivity of the analy-
sis, three fully automatic methods to detect pleural thickenings from CT
data are described and compare in this paper. We apply normal vector
analysis, second derivate analysis or curvature scale space computation
to analyze the lung surface. In the second step we combine a hysteresis-
thresholding with the principle of the convex hull to segment localized
thickenings precisely. These new approaches are presented in order to al-
low precise and robust detection of pleural mesothelioma in early stage.

1 Introduction

Pleural mesothelioma is a malignant tumor of the pleura that can be caused by
long time exposure to asbestos. Due to the long latency time of 35 years a peak of
pleural mesothelioma morbidity and mortality is expected during 2018 [1]. High
risk patients undergo a regular check-up including CT imaging. A diagnosis is
time consuming and subject to strong inter- and intra-reader variability.

An older approach [2] detects thickenings by generating the healthy lung
model using 2D convex hull. Pleural thickenings are founded by calculating the
difference between the convex hull and the existing contour. Drawbacks of this
method are the high number of false detections and unsteady fusion of thick-
enings in different slices. A semi-automatic method for pleural mesothelioma
assessment during therapy is presented in [3]. The method requires manual ad-
justment and is time consuming. In order to increase the objectivity and to
speed-up the diagnosis we developed three 3D methods to detect and segment
pleural thickenings automatically.

The first step consists of extracting the lungs contours by using a two-step
supervised range-constrained Otsu thresholding [2]. The second step is the thick-
ening localization using surface analysis methods. In the last step a hysteresis-
thresholding is combined with the convex hull to segment the detected thicken-
ings. A consensus classification made by medical expert is used to evaluate the
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implemented algorithms and to compare our results with the method in [2]. This
paper provides detailed description of the two last steps of thickening detection.

2 Materials and Methods

Pleural thickenings cause strong indention and bumpy structures in the detected
lung surface. Fig. 1 shows examples of pleural plaques in the lung. Normal vector,
second derivate analysis and curvature scale space computation are applied and
compared to identify strong variations of the lung surface. Input for the surface
analysis is a binary volume of the lung surface generated by the lung contour
extraction [2].

(a) (b)

Fig. 1. Pleuraplaque as (a) strong indention and as (b) strong variation of the lung
surface.

2.1 Normal vector analysis of lung surface

For a binary segmentation normal vector can be computed at a point p = (x, y, z)
of a discrete surface S in any adjacent neighborhood N [4]. By considering all
points of the neighborhood Nn of size 2nn+1, the three components nx(p), ny(p)
and nz(p) of the normal vector n(p) are computed:

nq(p) =

nn
∑

i=−nn

nn
∑

j=−nn

nn
∑

k=−nn

w · iq · α(x+ i, y + j, z + k)
√

i2 + j2 + k2
, (1)

where q = {x, y, z}, α(x+i, y+j, z+k) is the value of the binary mask and w is a
weighting factor defined as the inverse of the Euclidian distance [4]. Thereafter,
the deviation dq of each component nq of the normal vectors is computed in a
defined region of interest Nd of size 2nd+1, in order to localize strong variations

dq(p) = |max(nq(p̃))−min(nq(p̃))| , ∀ p̃ ∈ Nd. (2)

The variation of the lung surface is finally defined by the product of the deviation
components dq(p)

v(p) = dx(p) · dy(p) · dz(p). (3)
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Fig. 3(a) shows an example of the localization of strong variations using normal
vector computation.

2.2 Second derivate analysis with parameterization of surface

An alternative approach to detect high variation is a second derivate analysis.
Due to the small range of binary values {0, 1}, the second derivate analysis on
binary masks is subject to strong noise. Therefore we developed a new parameter-
ization of the lung surface. For the parameterization we computed the Euclidian
distance d(p) of each lung point p = (x, y, z) to the lung center c = (xc, yc, zc)

d(p) =
√

(x− xc)2 + (y − yc)2 + (z − zc)2. (4)

The computed distances d(x, y, z) are mapped to d(i, z) in a 2D surface S
′

. The
surface S

′

can be seen as a 2D matrix with n×m points, where m represents the
number of slices in the given 3D mask and n represents the maximum number of
contour points in one slice. The distances d(i, z) of all contour points of slice z are
sorted in the corresponding column of S

′

with respect to their connection. The
columns of S

′

are aligned considering the relationship between contour points
from different slices. As shown in Fig. 2, the parameterization represents an
opening and unfolding of the lung surface.

(a) (b) (c)

Fig. 2. (a) 3D surface of the left and right lung. (b) Cutout of the left lung. (c) Param-
eterization of a cutout of the left lung. The color represents the position of the surface
points from the start- to the endpoint after opening.

After parameterization, the surface S
′

is smoothed with a 2D Gaussian func-
tion g(i, z, σ) in order to remove noises

dσ(i, z) = d(i, z) ∗ g(i, z, σ), (5)

where σ is the standard deviation of the Gaussian function. We then computed
the second derivative of the smoothed surface for each parameter i and z

d̈l(i, z) =
∂2dσ(i, z)

∂l2
, (6)

where l = {i, z}. The localization is then performed by applying eq. (2) and
eq. (3). Fig. 3(b) shows an example of the localization of strong variations using
second derivate analysis.
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2.3 Curvature scale space

The curvature scale space is a gradient based method that analyses the curvature
of surfaces at different scales. The lung surface is parameterized similarly to the
second derivate analysis with the difference, that the x and y coordinates instead
of the Euclidian distances are mapped in two 2D surfaces Γ (x(i, z), y(i, z)). The
parameterized surfaces are then smoothed with a 2D Gaussian function in order
to remove noises Γσ(Xσ(i, z), Yσ(i, z)).

The curvature of the parameterized surface is computed [5]

kl(i, z, σ) =
Ẋl(i, z)Ÿl(i, z)− Ẍl(i, z)Ẏl(i, z)

Ẋl(i, z)2 + Ẏl(i, z)2
, (7)

where l = {i, z}. The localization is finally determined with eq. (2) and eq. (3).
Fig. 3(c) shows an example of the localization of strong variations using the
curvature scale space.

(a) (b) (c)

Fig. 3. Variation of the lung surface computed with (a) normal computation in a cubic
neighborhood Nn with nn = 3, (b) second derivate analysis on parameterized surface
by scale parameter σ = 2, (c) curvature scale space by scale parameters σ = 2, 6
and deviation for all three methods by a cubic neighborhood Nd with nd = 1. High
variations are represented in red and low variations in blue.

2.4 Segmentation of thickenings

The segmentation of thickenings is carried out through hysteresis-thresholding.
Two thresholds tHigh and tLow are used to extract lung regions of high variation.
All surface points p = (x, y, z) with variation v(p) ≥ tHigh (strong points) as well
as all points with variation tHigh ≥ v(p) ≥ tLow (weak points), that are connected
to a strong point are extracted.The surface analysis does not differ between con-
vex and concave structures. In addition, the hysteresis-thresholding does not al-
ways manage to segment thickenings completely. To refine the thickenings border
and remove the convex structures, we combine the hysteresis-thresholding with
the convex hull computed separately for the left and right lung in transversal
plane. The similarity of the final segmentation of the three methods in Fig. 4 is
a consequence of the refinement function that uses the convex hull of the lung
to correct the thickening border.
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(a) (b) (c)

Fig. 4. Segmentation and refinement of detected thickenings using (a) normal vector,
(b) second derivate analysis and (c) curvature scale space. Lung surface is represented
in blue and segmented thickenings are represented in red.

3 Results

No gold standard regarding the volume of thickenings was available. Therefore
the experiments are carried out using CT data from eight lungs from different
patients with focus on maximum detection. These scans of the lung typically
contain 80 to 700 images-slices. In order to determine the optimal parameters,
we varied the parameter nn of the cubic neighborhood Nn for normal vector,
the scale parameter σ for second derivate and curvature scale space, and the
parameter nd of the cubic region of interest Nd for deviation computation from
1 to 10. Fig. 5 shows the variability of the detection in function of the parameters.

(a) (b) (c)

Fig. 5. Number of detected thickening using (a) normal vector, (b) second derivate
analysis and (c) curvature scale space.

In a second experiment we use a consensus classification of thickenings made
by two medical experts and compared the results of the implemented tools with
the results of another fully automatic detection system [2] based on the principle
of the convex hull. The classification of the detected thickenings, the sensitivity
and the precision of all algorithms are given in table 1. The true negative (TN)
part of the lung is difficult to quantify without errors, therefore further quality
criteria like specificity and efficiency were not determined.
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Algorithms TP FN FP NE NE+FP Sensitivity Precision

Convex hull [2] 741 388 2108 - 2108 66% 26%

Normal vector 841 288 1498 1097 2595 74,49% 24,47%

Second derivate 767 362 1286 527 1813 68% 30%

Curvature scale space 825 304 1516 293 2099 73,07% 28,21%

Table 1. Classification of detected thickenings. TP = true positive, FN = false nega-
tive, FP = false positive and NE = new detected thickenings that does not match the
consensus classification. Used parameters ni, nr and σ are the same as in Fig. 3.

4 Discussion

We have presented three approaches for thickenings detection. The normal vector
achieves the highest sensitivity of 74, 49% but the lowest precision of 24, 47%.
Contrariwise the gradient achieved the highest precision of 30% and only 2%
more sensitivity than the principle of the convex hull. The curvature scale space
offers the best compromise between more detections for less errors by achieving
a sensitivity of 73, 07% and a precision of 28, 21%. Furthermore, several new
detected thickenings, that did not match the consensus classification, have been
classified as false positive. New investigation of the results by medical experts
will probably improve the results of the three implemented algorithms.

All three algorithms improve the thickening detection. However the segmen-
tation of the rear of the thickenings is approximated by the convex hull. Ap-
proaches like [6] offer a tissue-oriented segmentation method in order to separate
detected thickenings from surrounding tissues. Furthermore the localization can
be improved by adaptive methods or wavelet-analysis instead of the maximum
deviation.
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