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Abstract: In vivo imaging techniques have emerged as 

capable modalities for high-quality bone imaging at 

outlying sites that avoid the problems of aggressive bone 

biopsies. A precise method for calculating TB thickness as 

well as marrow spacing that is relevant to in-vivo imaging 

would be worthwhile as an effective pointer of quantitative 

bone quality for medical trials intended to evaluate fracture 

risks under different clinical environments. The method 

proposes such an algorithm and estimate its accuracy, 

strength, and sensitivity to bone strength. Different adult 

bone diseases may leads to improved risk of crack in bones. 

It may end in substantial morbidity, death, and financial 

expenses. Clinically, bone diseases are defined in terms of 

bone mineral density. However, collective evidence suggests 

that the micro architectural quality of bone is an imperative 

foundation of bone strength and fracture risk. Exact 

measures of bone thickness and marrow spacing is of 

substantial interest for early identification of disease and 

treatment effects. The proposed method provides detection 

of different bone diseases along with fracture analysis of 

bones. The classification of several bone diseases done 

using artificial neural network classifier and are evaluated 

with real world specimens. 

Keywords: biopsies; neural network classifier; micro 

architectural quality; marrow spacing. 

 

I. INTRODUCTION 

Bones help to move, give shape and support to the human 

body. They are living tissues that rebuild constantly 

throughout the life. During childhood and teenage, body adds 

new bone faster than it removes old bone. After about age 20, 

it occurs the loss of bone faster than making new bones. To 

have strong bones at young age, and to prevent bone loss at 
older age, should consume enough calcium, vitamin D and 

exercise. Bone disease refers to the medical conditions, 

which affect the bone. A bone disease can also called as 

“osteopathy”. The term osteopathy can used to refer to an 

alternative health-care philosophy. So use of the term may 

leads to confusion. Osteochondrodysplasia is a general term 

used for the disorder of the development of bone and 

cartilage. Bone diseases leads to improved risk of fracture 

related with extensive morbidity, mortality, and financial 

costs. Almost, 30% of postmenopausal white women in the 

U.S. suffer from a bone disease called osteoporosis and the 

occurrence in Europe and Asia is similar. Clinically, bone 
disease are demarcated in terms of bone mineral density 

(BMD). However, collective evidence recommends that 

microarchitectural quality of trabecular bone (TB) is an  

 

important factor of bone strength and fracture risk. 

Trabecular bone forms a thick network of bone plates and 

rods and it leads in the vertebrae and at sites near the joints 

of long bones. Bone atrophy as it occurs in many bone 

diseases leads to either homogeneous or heterogeneous 

thinning of the trabecular elements. Moreover changes in TB 

network connectivity and topology, TB thickness and 

marrow spacing between trabeculae play acute roles in 

determining the mechanical fitness of bone and thus 

resistance to cracks or fractures. Thus disease such as 
osteoporosis, which makes your bones weak can be easily 

determined. Low bone mass that is not low enough to be 

osteoporosis is sometimes called osteopenia. Causes of low 

bone mass include family history, not developing good bone 

mass when you are young, and certain conditions or 

medicines. Not everyone who has low bone mass gets 

osteoporosis. But everyone with low bone mass is at higher 

risk for getting it. If you have low bone mass, there are 

things you can do to help slow down bone loss. These 

include eating foods rich in calcium and vitamin D and doing 

weight-bearing exercise such as walking, bowling or 

dancing. In some cases, the doctor may prescribe medicines 
to prevent osteoporosis. The classical method of measuring 

trabecular thickness is based on histomorphometry of 

transiliac bone biopsies [1]. The advent of imaging 

technologies such as micro-computed tomography (μ-CT) 

allows reconstruction of high-resolution 3-D images calling 

for more elaborate techniques for calculating TB thickness. 

Recently, in vivo imaging techniques including magnetic 

resonance imaging (MRI) [7], high-resolution peripheral 

quantitative CT (HR-pQCT) and multirow detector CT (MD-

CT) have emerged as promising modalities for high-quality 

TB imaging at peripheral spots that avoid the problems of 
invasive bone biopsies. Therefore, a precise and robust 

algorithm for computing TB thickness and marrow spacing 

that is valid to in vivo imaging would be useful as an 

effective pointer of quantitative bone quality for clinical 

trials designed to evaluate fracture risks under diverse 

clinical conditions. Numerous methods for calculating TB 

thickness and marrow spacing have been reported [2]-[6]. 

Hildebrand and R¨aegsegger , thickness at a certain point is 

the diameter of the major inscribed sphere holding that point. 

A distinct implementation of this description using chamfer 

distances was presented. The star-volume algorithm [4], [5] 

has been useful to compute TB marrow spacing. Principally, 
it decides the object volume seen unobscured from a certain 

point and, finally, calculates the average of this measure over 

a target volume. This method is well suited for high-
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resolution images that can easily be segmented. However, it 

is assured to fail when substantial partial voluming is 

presented in a target object. Saha and Wehrli avoid this issue 

of partial voluming in TB thickness computation at low 
resolution by hosting the use of the fuzzy distance transform 

(FDT). However, this technique fails to fully account for 

digitization errors in local thickness computation. The star-

line-based algorithm is used for an accurate and robust 

measure of TB thickness and marrow. Here, present such an 

algorithm and evaluate its accuracy, robustness, and 

sensitivity to bone strength. Although, this method is applied 

and evaluated on MD-CT imaging, it may be adapted for 

other in vivo 3-D imaging modalities including MRI and HR-

pQCT. Also, the method may be applicable to other in vivo 

medical imaging applications such as pulmonary airway wall 

and vascular thickness. Most of the existing techniques 
performed experiment on cadaveric specimens of lumbar 

vertebrae. They found that, with similar trabecular plate 

density, the specimens with lower mean trabecular thickness 

showed low bone strength, indicating the relationship 

between TB thickness and strength. The Star-line tracing 

method was evaluated in a sample of Young adult volunteers 

with tibial scans. They also experimented based on its ability 

to predict bone strength in cadaveric specimens for 

evaluating the sensitivity. Some techniques observed a 

correlation between TB strength and plate thickness. In a 

histologic study involving 78 normal subjects, 100 patients 
with vertebral fracture, and 50 patients with hip fracture, 

Parfitt et al. observed reduced TB thickness in the fracture 

group as compared to the normal subjects. Several studies 

have revealed the relationship between aging and TB 

thickness. There are many kinds of bone problems are 

increasingly apparent. Although HR-pQCT was developed 

recently, its ability to detect age- or disease-related changes 

in bone micro architecture and to provide additional fracture 

risk determinants has been demonstrated. In this method 

detection of different bone disease along with fracture 

analysis of bones are performed. Bone diseases are 
determined based on Bone Mineral Density (BMD) value. 

The BMD is calculated by computing the thickness of bone 

parts. An intercept-based algorithm is implemented for 

computing thickness. Finally, the classification of several 

bone diseases is done by using artificial neural network 

classifier. Here develops an algorithm and evaluate its 

accuracy, robustness, and sensitivity to bone strength. 

Although, the method is applied and evaluated on MD-CT 

imaging, it may be adapted for other in vivo 3-D imaging 

modalities including MRI and HR-pQCT. There are many 

kinds of bone problems: (a) Low bone density and 

osteoporosis, which makes bone weak and more likely to 
break. (b) Osteogenesis imperfecta makes bone brittle. (c) 

Paget's disease of bone makes them weak. (d) Bones can also 

affect cancer and infections. (e) Other bone diseases are 

caused by poor nutrition, genetic factors or problems with the 

rate of bone growth or rebuilding. Strong bones are important 

for the health. A bone mineral density (BMD) test is the best 

way to measure bone health. 

 

II. PROPOSED SYSTEM 

The quantity and the quality of available bone influence the 

clinical success of bone implants. They quality is defined in 

terms of density. Computed tomography (CT) is a well-
known method for getting bone images before performing 

bone implant surgery. It allows accurate three-dimensional 

assessment of anatomic structures and direct measurement of 

bone density and characteristics that provide important 

information about the bone.  

 

The star-line tracing algorithm for computing TB thickness 

and marrow spacing at a low resolution achievable in vivo. It 

effectively deals with the partial voluming effects of in vivo 

imaging. With reference to conventional algorithms based on 

sampling distance transform along skeletons the method 

avoids the problem of digitization. The computer generated 
phantom images are used to check the accuracy while human 

ankle specimens are used in terms of its stability across a 

wide range of voxels to evaluate the robustness. From 

cadaveric specimens sensitivity of the method can be 

evaluated based on its efficiency to measure the bone 

strength. Correlation between thickness values and repeat 

scan reproducibility under in vivo conditions are computed at 

ex vivo and in vivo imaging resolutions. This method is 

more accurate and robust also TB thickness and marrow 

spacing computed demonstrates strong associations with 

bone strength. The computed measures allowed 
discrimination between male and female volunteers.The 

disadvantages of Existing System are: (i)The 

Osteochondroma or bone abnormal growth cannot be 

detected. (ii)In the existing work it unable to detect 

multiregional cracks. (iii)There arise problems with multiple 

bones in an image. (iv) Have increased computation time. 

Trabecular (or spongy) bone forms a dense network of bone 

plates and rods and it dominates in the vertebrae and at 

locations near the joints of long bones (metaphysis and 

epiphysis). Bone atrophy as it occurs in bone diseases leads 

to either homogeneous or heterogeneous thinning of the 
trabecular elements. Besides changes in TB network 

connectivity and topology, TB thickness and marrow spacing 

between trabeculae play critical roles in determining the 

mechanical competence of bone and thus resistance to bone 

fractures.  

 

The intercept-based algorithm is introduced for computing 

thickness at axial voxels that overcomes the digitization 

error. Let us consider a voxel p ∈ O in a fuzzy object O; an 

intercept of O at p along a direction (polar: θ, azimuth: φ) is 

the membership-weighted length of the straight line segment 
lθ,φ(p,O) passing through p with the two ends coinciding 

with the boundary of O. It should be noted that, for a voxel p 

∈ O, there can be many intercepts ofO passing through p. 

Let_O (p) denote the set of all possible intercepts of O that 

pass through p. The thickness measure τO(a) at an axial 

voxel a is approximately equal to the length of the shortest 

intercept of O passing through a, i.e., 
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where π(l) denotes the intercept length of l. The above 

quation offers a new algorithm for thickness computation at 

axial voxels. The problem can be overcome by developing 

the novel algorithm. In our work it can be avoided by the use 

intercept-based algorithm which computes thickness at axial 

voxels that overcomes the digitization error. In case of the 

intercept-based approach, the true axis of an object always 

orthogonally intersects a minimum intercept line. Therefore, 

even when an axial voxel deviates from the true axis, the 
error caused by the intercept approach is minimized. 

Consider the skeletal pixel where star-lines are drawn.  

 

The FDT-based method will assign a thickness value of 3 

pixels. Now consider the new intercept-based approach. 

Although the sample pixel fails to coincide with the true axis, 

the minimum intercept line produces the correct thickness 

value as the true axis transects the minimum intercept. 

Finally, this behavior of the FDT-based method is not 

consistent; for example, it produces the correct thickness 

value for the structure of (b), and therefore, a uniform 
compensation may not work to correct for this digitization 

error. By this method detection and classification of several 

bone diseases can be performed. The classification of bone 

diseases is done by the use of artificial neural network 

classifier. The bone mineral density (BMD) value is an 

important factor which determines the bone strength. The 

algorithm involves computation of skeletal image, calculating 

the width of the skeletal image and classification of the 

image. This approach evaluates the accuracy, robustness, and 

sensitivity to bone strength.  

 

It can be easily applied and evaluated on MD-CT imaging. 
The method adapted for in vivo 3-D imaging modalities 

including MRI and HR-pQCT. Older methods that can 

measure bone density at the hand, radius or ankle include 

single energy absorptiometry, metacarpal width or density 

from hand xrays. High-resolution magnetic resonance 

imaging of the tibia or radius shows promise for allowing a 

"virtual biopsy" of the bone and can non-invasively follow 

bone structural changes, but this is also currently a study tool. 

 

A. SYSTEM ARCHITECTURE 

The proposed bone disease detection and classification 
system architecture is depicted in the below diagram. There 

are four steps: skeletonization phase, centroid calculation 

phase, thickness computation phase, and classification phase. 

In the skeletonization phase, input image is converted to gray 

scale image. Then the gray image is resized to some finite 

pixel resolution, displays the new resized image.  

 

 
Fig. 1. System Architecture 

Using the resized image skeleton of the image can be 

computed. First, taking the complement of the resized image 

an inverted image of the original image will form. Convert 

the gray image to a binary image. The pruned and thinned 

image of the original image can be shown. The gray image is 

converted to double image by intercept-based algorithm. It 

implements the fastmarching algorithm to find the skeleton 

of the original image. The function called Skeleton is 
implemented to calculate an accurate skeleton of the object 

represented by a binary image and volume using the 

fastmarching distance transform. In centroid calculation 

phase, find the distance to the vessel boundary and get the 

maximum distance value, which is used as starting point of 

first skeleton branch. Make a fastmarching speed image from 

the distance image and form skeleton segments using 

fastmarching. In thickness computation phase, thickness of 

the bone image is calculated using intercept-based algorithm. 

Finally, in classification phase, the bone image is classified 

whether it is normal or disease affected. The classification is 
done using artificial neural network classifier. 

 

B. SYSTEM FLOW ANALYSIS 

The input image is converted to a gray scale image and after 

resizing the input image skeletal image is computed.After 

binary conversion skeleton thinning operation is performed 

to detect the end points and branch points in the image. 

Removal of soft tissues is performed for getting a clear 

image. Then intercept based algorithm is used for thickness 

computation. Training the ANN classifier for classification 

of bone disease. 
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Fig. 2.Skeletonization Phase 

 

Fig. 3. Centroid calculation Phase 

 
Fig. 4. Thickness Computation Phase 

 

Fig. 5.Classification Phase 

 

C. SYSTEM IMPLEMENTATION 

The proposed system can easily be implemented, as this is 

based on existing techniques of bone disease detection of 
trabecular bone .The existing algorithms for finding skeletal 

image can be utilized for the computation of boundary is 

more secure and easy to handle. The resources that are 

required to implement/install these are available. The medical 

analysts of the clinics already have enough exposure to such 

techniques can easily handle this. So the work is 

operationally feasible. The method involves three steps: (a) 

Computation of skeletal image. (b) Calculating the width of 

the skeletal image. (c) Classification of the image. This steps 

are implemented using four phases: skeletonization phase, 

centroid calculation phase, thickness computation phase and 
classification phase. The aim of the skeletonization is to 

extract a region-based shape feature representing the general 

form of an object. In skeletonization phase, extract the central 

path of a 3D bone object. The skeleton is the locus of the 

centers of all maximal inscribed hyper-spheres. 

Skeletonization is the extraction of skeleton from a digital 

binary image and it provides region-based shape features. It 

is a common preprocessing operation in raster-to-vector 

conversion or in pattern recognition. There are three major 

skeletonization techniques: detecting ridges in distance map 

of the boundary points, calculating the Voronoi diagram 

generated by the boundary points, and the layer by layer 
erosion called thinning. In digital spaces, only an 

approximation to the "true skeleton" can be extracted. There 

are two requirements to be complied with: topological (to 

retain the topology of the original object), geometrical 

(forcing the "skeleton" being in the middle of the object and 

invariance under the most important geometrical 

transformation including translation, rotation, and scaling). 

Skeletonization based on distance transformation requires the 

following 3-step process:  

 The original (binary) image is converted into feature 
and non-feature elements. The feature elements 

belong to the boundary of the object. 

 The distance map is generated where each element 

gives the distance to the nearest feature element. 

 The ridges (local extremes) are detected as skeletal 

points. 

The distance map resulted by the distance transformation 

depends on the chosen distance.  

 
Fig. 6. Extracted feature points are marked by pink squares 

(left) and distance map using city block (or 4-neighbour) 

distance (right). 

 
Fig. 7. Distance map using chess-board (or 8-neighbour) 

distance (left) and distance map using (3,4)-chamfer distance 

(right). 

This distance transform fulfils the geometrical requirement, 

if an error-free Euclidean distance map is calculated, but the 
topological correctness is not guaranteed. The Voronoi 

diagram of a discrete set of points called generating points, is 

the partition of the given space into cells so that each cell 

contains exactly one generating point and the locus of all 

points which are nearer to this generating point than to other 

generating points. If the density of boundary points as 

generating points goes to infinity then the corresponding 

Voronoi diagram converges to the skeleton.  Both 

requirements, i.e, the topological and the geometrical can be 

fulfilled by the skeletonization based on Voronoi diagrams, 

but it is an expensive process, especially for large and 

complex objects. It is an iterative object reduction technique 
for modelling fire propagation in digital spaces. In this phase 

thinning technique is employed for skeletonization. Thinning 

is an iterative object reduction technique. The thinning has 

some beneficial properties:  

 It preserves the topology (retains the topology of the 

original object), 
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 It preserves the shape (significant feature suitable 

for object recognition or classification is extracted), 

 It forces the "skeleton" being in the middle of the 

object, and 

 It produces one pixel/voxel width "skeleton".  

It does not preserve the topology, since an object is 

disconnected, or an object is completely deleted, or a cavity 

(white connected component surrounded by an object) is 

created, or a cavity is merged with the background, and, if 

two cavities are merged. There is a new concept called hole 

in 3D pictures. A hole is formed by white points, but it is not 

a cavity. Topology preservation implies that eliminating or 

creating holes is not allowed. The produced types of 3D 

skeleton depends on the chosen endpoints to be preserved: 

curve thinning preserves line-end points, surface thinning do 
not delete surface-end points, and shrinking does not consider 

endpoints. The skeletonization has been successfully applied 

in the following three medical applications: (1) assessment of 

laryngotracheal stenosis (2) assessment of infrarenal aortic 

aneurysm, and (3) unravelling the colon. Each of the emerged 

three applications requires the cross-sectional profiles of the 

investigated tubular organs. The proposed process is sketched 

as follows:  

 image acquisition by Spiral Computed Tomography 

(S-CT), 

 (semiautomatic snake-based) segmentation (i.e., 
determining a binary object from the gray-level 

picture, 

 morphological filtering of the segmented object, 

 curve thinning (by using one of our 3D thinning 

algorithm), 

 raster-to-vector conversion, 

 pruning the vector structure (i.e., removing the 

unwanted branches), 

 smoothing the resulted central path, and 

 calculation of the cross-sectional profile orthogonal 

to the central path. 

 
(a)                                                        (b) 

Fig. 8. Complementation of images. (a) Original image. (b) 

Complement image 

Morphological operations are performed on binary images 

such as: (i) 'spur' removes spur pixels. (ii) 'clean' removes 

isolated pixels (individual 1's that are surrounded by 0's), 

such as the center pixel in this pattern. 

 

             

 

 

 

(iii) 'skel' method removes pixels on the boundaries of 
objects but does not allow objects to break apart. The pixels 

remaining make up the image skeleton. This option preserves 

the Euler number. (iv) 'thin', with n = Inf, thins objects to 

lines. It removes pixels so that an object without holes 

shrinks to a minimally connected stroke, and an object with 

holes shrinks to a connected ring halfway between each hole 

and the outer boundary. This option preserves the Euler 

number. 

      (c)                                                             (d) 

Fig. 9. Skeletonization of images. (c) Binary image. (d) 

skeletal image 

 

In Centroid calculation phase, measure the properties of the 

region using regionprops method. 

STATS = regionprops(L,properties)  

It measures a set of properties for each labeled region in the 

label matrix L. Positive integer elements of L correspond to 

different regions. 

 

Fig. 10. Centroid detection from skeletal image. (e) 

Bounding box and centroid. 

An intercept-based algorithm is introduced for computing 

thickness at axial voxels that overcomes the digitization 

error. The classification and recognition of bone 

characteristics and features constitute a major step. Current 

statistical methods do not always give satisfactory results. To 
improve performance in this area, a methodology based on 

one of the principles of artificial neural networks: the back 

propagation gradient is deployed. With 100% recognition 

and 90% prediction success, the results are very promising. 

0           0          0 

0           1          0 

0           0          0     
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III. ADVANTAGES OF PROPOSED SYSTEM 

1. The minimum-intercept length measure is highly 

robust under small random shifts of axial voxels 

2. Partial voluming effects are efficiently handled 
during intercept length computation.  

3. It can detect multiple bone diseases and 

multiregional cracks.  

4. Through skeletonization method, extract a region-

based shape feature representing the general form of 

an object. 

5. The method used can extract the central path of a 3D 

"tubular" object. 

6. All regions in the multiple bones analyzed at a time 

and it provides additional fracture risk determinants.  

 

IV. RESULTS 
This section includes experiments and performance 

evaluation involving real bone fragment images taken by a 

CT scanner. The images are extracted from 3D stacks, to 

demonstrate the ability of the proposed method. In order to 

show the benefits of the proposed algorithm for solving the 

bone fragment segmentation problem, the performance of the 

proposed segmentation algorithm is compared with several 

leading competing methods. To confirm the accuracy of the 

segmented region shapes, two more metrics are used to 

evaluate the segmentation algorithms which are: Cut 

Discrepancy (CD) and Hamming Distance (HD). Metric 
values range from 0 to 1, the smaller the degree of mismatch, 

the closer the metric value to 0. CD sums the distances from 

points along the segment boundary in the computed 

segmentation to the closest segment boundary in the ground 

truth segmentation, and viceverse. HD measures the 

difference between two segmentation results. The PWT 

algorithm scores high in all similarity measures while the 

other methods are scoring low in one or more similarity 

measures.   

TABLE I. SIMILARITY FACTORS FOR DIFFERENT   

ALGORITHMS USED IN PERFORMANCE 
COMPARISON 

 
 Efficient algorithm scores high values in all similarity 

measures while less efficient one scores low in one or more 

measure type The competing methods list includes: Level 

Set, Active Contour, Region, Threshold, and Watershed. The 

image in Table. 1 shows similarity measures computed for 

different algorithms. 

 
Fig. 11. A performance comparison between the different 

segmentation algorithms. The x-axis represents the similarity 

measures for different segmentation schemes while the y-

axis represents the measure value. 

Each algorithm is represented by group of bars. It is 

noticeable that the PWT algorithm outperforms all other 
leading segmentation techniques. The results show that the 

presented algorithm performs better than the other schemes. 

This indicates that the proposed algorithm is able to capture 

more of the fragments and the shape of the segmented region 

is very similar to the truth-model without leak and merge 

problems. The computed measures shows the performance 

differences of the different algorithms. The algorithm 

parameters are the values for minimum intensities for 

cortical and cancellous regions in the CT image which are set 

during the calibration process of the imaging device. These 

parameters are easy to understand and control which make 
the algorithm intuitive for clinical applications. 

 
Fig. 12. A performance comparison between the different 

segmentation algorithms. The  x-axis represents the CD and 

HD metrics for different segmentation schemes while the y-

axis represents the metric value. 

The results shows that the method presents a unique 

likelihood probability that is based on intensity and locality 

information of the image pixels to increase the algorithm 
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robustness to image inhomogeneities. The algorithm also 

introduces an original solution to leak problem through small 

gaps by detecting narrow areas of the bone region in the 

image and processing them last in the algorithm. The 
conducted experiments to extract bone fragments from CT 

images show the superiority of the presented algorithm to 

leading segmentation algorithms. 

 

V. Conclusion and discussion 

To avoid the problems of invasive bone biopsies, an 

analyzing method, which is applicable in in vivo imaging 

techniques including Magnetic Resonance Imaging, High 

Resolution Peripheral Quantitative CT, and Multi-row 

Detector CT are highly efficient. A precise and robust 

algorithm has been designed for computing TB thickness and 

marrow spacing for the early detection of bone diseases. The 
algorithm can evaluate fracture risk under different clinical 

condition. Clinically, bone diseases are defined in terms of 

bone mineral density, however increasing evidence suggest 

that that the micro architectural quality of trabecular bone is 

an important determinant of bone strength and fracture risk. 

Accurate measures of TB thickness and marrow spacing is of 

significant interest for early diagnosis of disease and 

treatment effects. The proposed system provides the 

detection of different bone disease along with fracture 

analysis of bones. The proposed algorithm deals with the 

classification of several bone disease done using artificial 
neural network classifier. The proposed scheme is performed 

only for the analysis of bone tissue images. Bone images 

possess greater deal of partial voluming effects. To some 

extend this problem has been resolved, but a complete 

solution from partial voluming effect can be developed. As a 

future enhancement, the proposed system can be 

implemented for the analysis of muscular diseases and its 

classification. The problem identification related to different 

bone CT images can also be implemented. The method has 

been applied to compute TB marrow spacing. Essentially, it 

determines the object volume seen unobscured from a given 
point and, finally, computes the average of this measure over 

a target volume. This approach is well suited for high-

resolution images that can easily be segmented. However, it 

is bound to fail when significant partial voluming is 

presented in a target object.  To overcame this issue of partial 

voluming in TB thickness computation at low resolution by 

introducing the use of the fuzzy distance transform (FDT). 

However, this method fails to fully account for digitization 

errors in local thickness computation. 
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