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ABSTRACT 

 

Pleural thickenings are caused by asbestos exposure and 
may evolve into malignant pleural mesothelioma. The 
detection of pleural thickenings is today done by visual 
inspection of CT data, which is time-consuming and 
underlies the subjective judgment. In this work, thickenings 
are initially detected as the differences between the original 
contours and the healthy model of the pleura. A subsequent 
tissue-specific segmentation using the 3D Gibbs-Markov 
random field (GMRF) within the initially detected region-
of-interest separates thickenings from thoracic tissue. 
Morphometric analysis leads then to 3D modeling and 
volumetric assessment. Both automatic detection and 
morphometric modeling of pleural thickenings proposed in 
this work assure not only reproducible detection but also 
precise measurement, hence this automated approach can 
assist physicians to diagnose pleural mesothelioma in its 
early stage. 
 

Index Terms— Feature extraction, X-ray tomography, 
Computer aided diagnosis, Computer Graphics, 
Morphometric analysis, Markov random fields, Anisotropic 

filters, Malignant pleural mesothelioma, Asbestos exposure  
 

1. INTRODUCTION 

 
It is well proven that 70%-90% of occurrences of pleural 
mesothelioma, high-grade malignant tumors of the pleura, 
can be traced back to asbestos exposure [1]. After a 
statutory prohibition in the year 1993 in Germany, 
occurrence of malignant pleural mesothelioma morbidity 
and mortality in Germany is expected to peak during 2010s 
to 2020s, due to both a long latency period of - on the 
average - 35 years as well as a vast usage upon the 
industrializing manufacture. For those asbestos exposed 
professionals, an early diagnosis of pleural mesothelioma is 
crucial for extending the life expectancy [2]. In case of lack 
of a proper treatment, the disease can rapidly lead to the 

patient's death. The focus of this work is on one hand the 
detection of the so-called pleural thickenings which can be 
caused by asbestos exposure, on the other hand the 
assessment of their growth rate.  

The pleural thickenings are located on the lungs 
enveloping mesothelial membrane, the pleural membrane 
(Fig. 1). They may evolve over the time to aggressive 
pleural mesothelioma. For non-invasive diagnostics, they 
can be identified by radiologist through the visual inspection 
of thorax CT-data of those asbestos exposed professionals. 
Depending on the layers’ thickness, the number of images 
varies between 80 slices with a thickness of 5 mm to about 
700 slices with a thickness of 0.5 mm. The visual inspection 
takes place by one slice after another on a medical 
workstation in order to find pleural thickenings. This 
procedure is very time-consuming, taking about 20 to 30 
minutes per data set, and underlies inter-reader and intra-
reader variability [3]. 

 

 
Fig. 1 A CT slice shows bump-like structures along lung 
border, these are the so-called pleural which can evolve to 
aggressive pleural mesothelioma. One example of present 
thickenings is magnified. 



To increase the accuracy of the localization and of the 
topological information of these quite small image regions 
within a subjective visual evaluation, a computer-aided 
diagnosis (CAD) system has been developed and allows the 
automated detection of pleural thickenings within CT data. 
In this work, a new approach including topology-oriented 
and tissue-specific detection allows the 3D segmentation of 
pleural thickenings from the surrounding thoracic tissue 
based on the application of 3D Gibbs-Markov random field, 
which is widely used in the medical image processing. 
Moreover, in order to provide an accurate volume 
measurement, a close-to-reality model of each detected 
thickening has to be constructed towards the volumetry. 
This happens by using the morphometric analysis including 
two steps, starting with mesh construction, followed by 
surface smoothing, then the geometric volumetry. Besides 
that, the developed tool includes also follow-up observation 
tool to provide change detection with precise localizations in 
order to facilitate physicians in making the diagnosis of 
pleural mesothelioma in its early stage which is the crucial 
key for patient’s survival rate. 
 

2. PRIOR WORKS 

 
Armato et al developed a semi-automatic method to 

estimate the dimensions of pleuramesothelioma, where the 
user can choose between a manual selection and a 
computer-assisted determination [4]. In manual mode, the 
user has to define a starting point at the inner margin of the 
pleuramesothelioma as well as the end point lying on the 
lung contour. The computer-assisted mode starts with 
automatic lung detection by applying multiple gray-level 
thresholding. Further steps include the separation of right 
and left lung and the exclusion of trachea, bronchi and 
diaphragm [5]. A further development of Armato's system 
allows the direct visual comparison of a baseline study with 
a follow-up study [6]. 

Rudrapatna et al [7] proposed a further method for 
automated detection of pleural thickenings. The work group 
differentiates between two basic classes of pleural 
thickenings. Diffuse pleural thickenings have a smooth 
appearance; they are widespread and might merge with the 
surrounding tissue. In contrast pleural plaques are 
considered as local and sharply defined bumps. The lung 
boundary is firstly separated from the surrounding tissue by 
using a fixed threshold of -700 HU followed by 
morphological operators for excluding small structure 
elements. Pleural plaques are initially detected by 
subtracting the original segmented lung contour from its 
convex hull. By applying a radial walk, the lung's contour is 
dilated iteratively pixel by pixel. For every pixel of the 
dilated contours, various features are extracted. These 
features encode local information for each thickening like 
can reach rib or is on bump. They are used for later 
classification. 

 

3. METHODS 

 
A new approach to automatically detect pleural thickenings 
within CT data in an image analysis system is developed. 
The major three steps of the automatic system to not only 
separate the pleural thickenings but also measure there 
volume are as follow. 
 
3.1. Determination of pleural contour 

 
An initial segmentation of the pleural contours is done by 
the 2-step-application of supervised range-constrained Otsu 
thresholding on the 3D CT data to first detect thorax, and 
then pulmonary organs therein (Fig. 2) [8][9][10]. 

In order to detect and remove trachea and bronchi, the 
3D histogram of connected pulmonary organs is modelled as 
a finite mixture of c  Gaussian distributions ,( )p x  . 
Parameters   are estimated using the Expectation-
Maximization algorithm with all n  voxels: 
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Application of the maximum a posteriori criterion to 
map all voxels i to discrete labels {1,.., }kL c :  
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leads to the classification of that pulmonary region. After 
removing trachea and bronchi, left and right lungs are 
separated (Fig. 2) [11]. 

Now the step of contour relaxation will take place using 
Gibbs-Markov random field (GMRF). A GMRF describes 
the prior probability ( )P X  of the Markov random field X  
that contains the class {1,.., }kx c  in each CT slice: 

 1( ) exp( )A Bn A n B
P X

Z T


  , with ,Z T const  

where An  is the number of horizontal and vertical, and Bn  of 
diagonal inhomogeneous second order cliques. The diagonal 
potential B  is set to1/ 2 , the horizontal and vertical 
potential A  to 1 . The maximum a posteriori rule is applied 
to estimate the optimal final labelling 
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By assuming that |p(Y X)  takes a Gaussian distribution, 
the contour relaxation can be done for all pixels lying along 
the contour of the current lung region according to: 
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where ˆ|c xN  represents the pixel number in either region 

1c   for lung, or 0 for outside lung, and 2
ˆ|ˆ

c x  is the 
estimated variance corresponding to the class of x̂ , while 
the total number N of all pixels is equal to ˆ ˆ0| 0 1| 0( )x xN N 

or ˆ ˆ0| 1 1| 1( )x xN N  . 
 



3.2. Candidate of pleural thickenings 

 
After the segmentation of pleural contours, the topology-

oriented 3D detection of pleural thickenings is accomplished 
by the specially developed adaptive surface-based 
smoothing algorithm (ASBS) [12]. The smoothing takes the 
assumption of a convexity of the contour surface into 
account, since pleural thickenings can be understood as fine-
scale occurrences on the rather large-scale pleural surface. 
The smoothing algorithm creates a convex “healthy” 
volume model of the pleura. Differences between the 
healthy model and the original data are considered to be 
candidate of pleural thickenings (Fig. 3). 

 

 
Fig. 2 The 2-step supervised range-constrained Otsu 
thresholding first segments the thorax, then the lung 
parenchyma. The classification of that pulmonary region 
leads to the removal of trachea and bronchi. GMRF then 
carries out the final contour refinement.  

 
 

 
Fig. 3 ASBS algorithm creates an original lung (left) its 
healthy model (middle). Differences between them are 
considered as potential pleural thickenings (right). 

3.3. Final detection of pleural thickenings 

 
In today's applied clinical terms a classification between 
pleural plaques and diffuse pleural thickenings is made. 
While pleural plaques occur as circumscribed bumps, 
diffuse pleural thickenings appear more widespread and 
might merge with the surrounding tissue. The proposed 
smoothing algorithm of the previous step delivers the 
localization of pleural thickenings’ candidate. For a further 
more fine-scale tissue-specific segmentation of pleural 
plaques from the surrounding thoracic tissue, the following 
three steps are executed. 
3.3.1. Orientation-based anisotropic diffusion 

A pre-processing step performs an anisotropic diffusion 
filtering on the region-of-interest (ROI) around the initially 
detected thickenings [13][14]. Since the directional topology 
of each thickening has also influence on the filtering 
process, a further conduction coefficient function has been 
included in order to enable additional smoothing along the 
local orientation of each thickening achieving the so-called 
orientation-based anisotropic diffusion  ̃: 

 ̃( ⃗  )   
 

 
( 

 (
‖  ( ⃗  )‖

  
)
 

  
 (

 ( ⃗  )
  

)
 

)  

where   intensity,   local orientation angle at  ⃗ on the scale 
level  , with each specific threshold    and    (Fig. 4). The 
local orientation   can be estimated according to structure 
tensor analysis [15]. 
3.3.2. Tissue-specific segmentation 

For tissue-specific segmentation a probabilistic model 
 ( | ) was constructed for the Hounsfield Unit (HU) data 
  being a thickening class          , where   for 
residual thorax tissue. For this purpose, CT scans have been 
analyzed by a professional radiologist in order to acquire 
tissue-specific properties of pleural thickening. The 
resulting intensity distribution was then modeled by a finite 
mixture of Gaussian distributions (Fig. 5). The parameters 
were estimated by the Expectation-Maximization algorithm 
[16]. The consequent application of a model fitting 
technique then allows an initial tissue-specific segmentation 
of pleural plaques from the surrounding thoracic tissue via 
the maximum a posteriori estimation (Fig. 5) [17]. 
3.3.3. Surface relaxation 

In order to determine an optimal label  ̂ for a volume  , the 
probability  ( ) can be accepted as a constant, hence 
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In this step, a 3D Gibbs-Markov random field (3D-
GMRF) model [18][19] is applied on the initial tissue-
specific segmentation result of the previous step in order to 
achieve a high precision segmentation of pleural plaques, so 
that  ( ) depends on the energy  ( ) of its neighborhood 
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where   (  ) is the clique potential of the configuration   
for the clique    , and   as normalizing constant. 



 
Fig. 4 ROI around a potential pleural thickening before and 
after the orientation-based anisotropic diffusion. 

 
For this purpose, a 3D neighborhood has been introduced, 
where each center point has 26 neighbors. Based on the 
selection of the second order neighborhood, configurations 
of each two-points clique are defined (Fig. 6). Since  ( ) is 
determined by the number of inhomogeneous cliques within 
the set of inhomogeneous cliques     : 

 ( )  ∑   (  )
   

 ∑  (  ) (  )
    

  

with  (  ) as the number of inhomogenous cliques in that 
set of inhomogenous cliques   , and  (  ) as corresponding 
3D distance-weighted factor.  
While each CT slice is an equidistant grid  , the distance 
between layers    varies according to the number of 
existing slices; therefore the 3D distance-weighted factor for 
each clique configuration has to be adjusted correspondingly 
each clique type: 

- for clique with elements on the same layer,  
face to face  (           )   , and 
edge to edge  (           )    √ , 
- for clique with elements on different layer,  

face to face  (              )      , 
edge to edge  (           )    √  

    , and 
vertex to vertex  (           )    √  

     . 
 

 
Fig. 5 Application of the tissue-specific model  ( | ) leads 
to the classification of tissue within the ROI being 
thickening tissue or not. 

 

 

 
Fig. 6 3D second order cliques for 3D-GMRF: (from left to 
right upper row) a face to face clique on the same layer, an 
edge to edge clique on the same layer, (lower row) a face to 
face clique on different layers, an edge to edge clique on 
different layers, and a vertex to vertex clique, resp. 



3.4. Assessment of detected pleural thickenings 

 
Mesh construction algorithm with following surface 
smoothing are applied to build a close-to-reality 3D model 
and overcomes a difficulty in constructing such a complex 
branch structure. The volume of smoothed mesh model is 
then calculated by mean of the divergence theorem. 
 

3.4.1. Mesh construction 

This cuberille (opaque cubes) approach is based on an idea 
to have vertices and faces of a surface to represent a 
volumetric data [20][21]. In the view of shape, another 
technique such as thin plat spline can be used to create a 
simple thickening structure [22][23]. However, it cannot 
handle a complex branch structure well enough, while 
cuberille can. Another technique, mesh construction via the 
marching cube [24] can lead to the reconstructed volume 
less than the original voxel-based structure. The cuberille 
mesh construction starts first with the binarization of the 
volume with respect to the isovalue has to be carried out. 
Second, all boundary front-faces have to be found. Third, 
these faces have to be rendered as shaded polygons.  
 
3.4.2. Smoothing technique 

Laplace-Beltrami (LB) eigenfunction expansion [25][26] 
and spherical harmonic (SP) expansion [27][28] are 
currently state of the art, when it comes to smooth a mesh 
structure. Based on mathematical framework of LB operator 
- the LB operator is self-adjoint with respect to the inner 
product space for any functions on surface, so it assures that 
the orthonormal basis exists. This orthonormal basis for 
function on an orientable smooth two-fold differentiable 
surface is given by the eigenfunction of the LB operator. 

While LB can be applied straight forwards, the 
application of SP requires an optimization after the initial 
reconstruction. 

In this work, an optimal number of eigenfunctions in 
comparision to the number of vertices from the starting 
mesh structure as bases for LB has to be found out, where 
both the smoothness of the re-constructed model as well as 
a-close-to-reality appearance of the model are the criteria 
with minimal volume difference from the original voxel 
mesh. 
 
3.4.3. 3D volume 

In computational geometry, the volume of the closed surface 
of a polyhedron can be calculated from the divergence 
theorem which is the direct generalization of Green’s 
Theorem from 2D to 3D [29]. 
 

4. RESULTS 

 

4.1. Detected pleural thickenings 

 
Fig. 7 depicts a pleural thickening stretching over three CT 
image slices, which is initially detected as the difference 

between the original pleural contours and the “healthy” 
model created by the ASBS algorithm. Subsequently, these 
ROIs are filtered through the orientation-based anisotropic 
diffusion as shown in Fig. 7(left). Fig. 7(right) shows the 
initial labeling after fitting the filtered ROIs to the 
probabilistic HU model of pleural plaques.  
 

 

 
Fig. 7 Example of an initially detected thickening stretching 
over 3 slices z-1, z, and z+1 (from top to buttom), resp., 
(left) after the orientation-based anisotropic diffusion 
filtering, (right) the fitting to the probabilistic HU model of 
pleural plaques.  

After this, both 2D as well as 3D Gibbs-Markov random 
field model is applied on these initial tissue-specific labeling 
results in order to achieve a high precision segmentation of 
pleural plaques. Fig. 8(left) shows the result after using 2D-
GMRF relaxation which appears to preserve the border on 
the same slice of each thickening.  Fig. 8(middle) shows the 
result after using 3D-GMRF relaxation which obviously 
takes the inter-slices connectivity into account. The 
subsequent superimposition of the both proposed contour 
relaxations examine the transition between the thickening 
and the surrounding thoracic tissue. The finally 
segmentation result is shown in Fig. 8(right). 



 

 
Fig. 8 Two examples of 2D and 3D GMRF realaxation. 
(left) While 2D-GMRF relaxation preserves the border on 
the same slice of each thickening, (middle) 3D-GMRF takes 
the inter-slices connectivity into account; hence (right) the 
best detection results from the superimposition of both 
results. 

 
4.2. Evaluation of the detection 

 
For this purpose, both the two-dimensional followed by the 
subsequently three-dimensional segmentation were 
performed on a test set of 27 pieces of pleural thickening 
from CT data using GMRF model. After the superposition 
of both 2D and 3D results, the final results were then 
submitted to an experienced physician. This should first 
highlight from the original data what he considered as true 
contour of the thickening. This true contour constructs the 
gold standard for the evaluation. 

Altogether, the 27 pieces of pleural thickening marked 
by physician consist of 4116 manually segmented pixels. 
All thickenings are detected correctly. Difference reveals by 
the size of the detected contour, which appears mostly 
smaller than the gold standard. 2147 pixels from the gold 
standard are detected correctly, while 96 pixels are wrongly 
detected (Tab. 1). 
 
Tab. 1 Evaluation of the detection using 27 real pleural 
thickening containing 4116 pixels as Gold standard. 
 
Gold standard Detected Rate 

 Number of pleural thickenings 
27 27 100.00% 
 Number of true positive pixels 

4116 2147 52.16% 
 Number of false positive pixels 

4116 96 4.28% 
 

4.3. 3D model reconstruction 

 

Experiments have been carried out both on phantom test 
data of simple structure (Fig. 9) as well as on the real 
thickening data. Both LB and SP can also reconstruct the 
simple structure of thickenings and yield a smooth 
appearance of the reconstructed model. But LB is better than 
SP in handling with the complex branch prototype. More, 
over the optimization step in SP is sometimes difficult and 
not successful to be applied with some topological mesh 
structures such as cuberille. When it can be used, it 
improves the resulting model by lowering the degree of 
facsimile and lowering maximum different volume in many 
simple structure cases, but not the complex branch structure. 

The experiment set reveals that using only 10-50% of the 
maximum eigenfunctions which is limited by the number of 
vertices from the starting mesh structure as bases in LB 
yields the desired smoothness of the model as well as a-
close-to-reality of the model with volume different less than 
5% (Fig. 10). 
 

 

 
Fig. 9 A phantom test data of simple structure consisting of 
contours over CT slices (upper) becomes a reconstructed 3D 
model (lower) after mesh construction and the surface 
smoothing, in this example cuberille mesh with Laplace-
Beltrami eigenfunction expansion smoothing algorithm 
using 10% of the maximal eigenfunctions. 



5. IMPROVMENT TO PRIOR WORKS 

 
In this paper, a new detection algorithm for a CAD system 
to automatically detect pleural thickenings within CT data is 
proposed in order to improve the precision of the algorithm, 
which used a fixed threshold of -700 HU. The new 
algorithm considers vertically neighbored contours and 
understands pleural thickenings as fine irregularities on the 
rather smooth 3D lung surface. For a further more fine-scale 
and tissue-specific segmentation, the final relaxation is 
executed, which is based on the application of both 2D and 
3D-GMRF, followed by the superimposition of both 
relaxation results. A close to reality modeling is then 
provided to the 3D modeling via mesh construction 
followed by Laplace-Beltrami eigenfunction expansion. 
 

 
Fig. 10 The evaluation of the reconstruction accuracy 
through the average Euclidean distance to the original mesh 
and volume difference shows that using only 10-50% of the 
maximum eigenfunctions in LB yields the desired 
smoothness of the model as well as a-close-to-reality of the 
model with volume different less than 5%, while there is no 
significant difference for the choice of mesh construction 
algorithm. However, marching cube can be combined with 
both initial (SPinit) as well as optimization process (SPopt). 

 

6. CONCLUSIONS 

 
While the 2D-GMRF relaxation preserves the border on the 
same slice of each thickening, 3D-GMRF takes the inter-
slices connectivity into account; hence the best detection 
results from the superimposition of both results. For the 
volumetry, the close-to-reality model of each thickening was 
then used to calculate the volume (Fig. 11). The detected as 
well as the modeled thickenings also agree with the 
investigation results from a professional radiologist. Hence, 
the presented results indicate that this approach is capable of 
assisting physicians in the tedious task of detecting and 
volume measurement of pleural thickenings in CT data. In 
the next phase, the whole system will undergo an evaluation 
in a clinical test setting using routine CT data. 

 

 

Fig. 11 Reconstructed 3D model of two examples of pleural 
thickening. Cuberille mesh structure was smoothed through 
Laplace-Beltrami eigenfunction expansion algorithm using 
14% of eigenfunctions resulting in volume difference less 
than 5%. Both simple (above) and branched complex 
(below) structure can be displayed. Physicians agreed also 
with their reconstructed appearance. 
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