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Abstract 

In our previous paper[1], we described a CT layer segmentation approach capable of automatically segmenting 

internal planar layers from volumetric data. In this paper, we extend our work to the segmentation of curved 

surfaces, e.g. cylindrical surfaces, by using a novel reduced dimension randomized Hough transformation. First 

subvoxel features (edges with polarities indicating rising or falling edges) are detected from each slice with an 

energy balanced transition detection algorithm. Then a randomized Hough transformation is applied to calculate 

five parameters of an ellipse in 3D space. Instead of constructing a five dimensional Hough Space, we propose a 

unique solution by using five 1D Hough spaces and one 1D verification space to locate Hough peaks. The 

rotation axis of a cylindrical object can then be determined by fitting a sequence of found ellipses. Finally, the 

same ellipse fitting method is applied to cut planes along the rotation axis to determine layer positions. All 

detected ellipses are classified into different layers based on edge polarities and sizes. We can unwrap cylindrical 

layers into planar surfaces for delamination analysis. 

 

The proposed method has been applied to a 3 layer cylindrical object. All three layers have been detected, 

unwrapped and analyzed for potential delamination detection in 40 seconds (512 cube using a notebook). 
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1.  Introduction 
 

In the past ten years three dimensional computed tomography has been more frequently used 

in automotive, aerospace, biomedical and precision engineering industry for defect inspection, 

internal dimension measurement and failure analysis. In plastic injection moulding industry 

3d-CT is successfully applied to measure geometrical parameters or to characterise the quality 

of the casting part in combination with automatic 3d image processing [2]. Similarly, the 

increasing availability of imaging instruments such as magnetic resonance imaging and 

superresolution CT has resulted in more prevalent use of these instruments for patient 

diagnostics and medical research. Various automatic image analysis tools have been 

developed for human organ modelling and abnormal segmentation and visualizations [3]. 

 

In medical image processing, organ segmentation is often the first step in computer-aided 

diagnosis. Segmentation of abdominal liver, kidneys, and spleen, from CT scan imagery has 

been attracting a fair amount of research recently. Thorsten Behrens , Karl Rohr , H. Siegfried 

Stiehl [4] presented an approach for the coarse segmentation of tubular structures in 3D image 

data. The algorithm, which requires only few initial values and minimal user interaction, can 

be used to initialise complex deformable models and is based on an extension of the 

randomized Hough transform (RHT). By means of a discrete Kalman filter, tubular structures, 

modelled as generalized cylinders, are tracked through 3D space. Successful segmentation 

results of tubular anatomical structures such as the aortic arc or the spinal chord have been 

presented. 
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In [5], Olena Tankyevych suggested a segmentation procedure for 3D nanotomography 

images of polystyrene balls. The balls are roughly spherical objects of size range 100- 300 nm 

were nucleated around an existing silica ball. The aim was to measure the sizes and locations 

of all the polystyrene balls with respect to the silica one.  As a pre-processing step for 

reducing noise in image reconstruction, 3D mean filtering and 3D connectivity filter as well 

as openings and closings are applied to the original images. After that 2D Hough circle fitting 

is performed to get circle centres and radii in 2D images. 2D circle centres are vertically 

aligned to cluster circles belong to the same ball. To locate the centre of each ball with a good 

approximation, centre with the largest radius is selected as ball centre.  

 

Many structures in aerospace, semiconductor and precision engineering are multi-layer in 

nature. Examples include LTCC (Low Temperature Co-Fire Ceramic), PCBA, stacked IC, 

Through-Silicon-Via and composite materials for aircraft wings. Segmentation of each layer 

in any orientation is essential for layer alignment, delamination, disbond and warpage 

analysis. In our previous paper [1] we proposed a Hough based method for automatic layer 

detection. We accumulated 3D edge features in three one dimensional accumulators plus one 

verification accumulator to find dominant planes.  

 

In this paper, we extend our work to the segmentation of curved surfaces, e.g. cylindrical 

surfaces by clustering subvoxel edge features into cylinders using Hough transformation. We 

then unwrap cylindrical layers into planar surfaces for delamination and disbond analysis.  

 

The rest of the paper is organized as follows: in section 2, the subvoxel feature detection 

algorithm is described. In section 3, the proposed cylinder segmentation and bonding surface 

unwrapping methods are explained in detail. Experimental results with CT mages from a 

multilayer pipe are given in section 4. Finally, in section 5 conclusion and future work are 

provided. 
 

2.  Subvoxel Edge Features from CT images 
 

2.1 Energy balanced feature detection 
 

To detect salient features in CT data set, which can be further clustered to for surfaces,  we 

propose an energy balanced subvoxel algorithm. The  algorithm is able to capture the low 

contrast transitions in voxel greys. Assuming a function f(x) has a transition either from low 

grey level to high grey level or reverse, energy balanced transition point detection can be 

defined by in the relationship below  

 

 

                           (1) 

 

where s is the transition start, e is the end and t is the subvoxel energy balanced point, or so 

called edge point. For low SNR CT data, we introduce Gaussian filtering and double 

resolution to (1) to enhance the repeatability of transition detection: image function f(x) is 

first convoluted with a Gaussian kernel to reduce the noise and then a volumetric triple linear 

interpolation is performed to improve the resolution. Finally, a numerical solution (2) is 

applied to resolve the integral equation to get t. 

 
        

                                                (2) 

 



 
(a)                                                         (b)                                                  (c) 

Fig. 1 (a) transition model: s is the transition start, e is the end and t is the subvoxel energy 

balanced point 

(b) Double resolution is applied to enhance the resolution; (c) Integral equation of (1) 

is resolved by a numerical solution 
 

2.2 Scanning ellipses in space using subvoxel feature detection 
 

From one of the cutting angles the cylindrical object has the shape of multiple ellipses in 2D 

slice (Fig. 2). To detect feature points from this image, one can use omni directional raster 

scan. However, the detected features are scattered all over the place and very hard for 

clustering software to sort out ellipses (Fig. 3 a). In our approach, we use object detection and 

radial scan method: first multi-level thresholds are applied to detect the centre object (black) 

fulfiling certain criteria such as minimum width and height. Then object centre is determined 

from blob analysis and object chain code is derived to represent its boundary. Radial scan 

lines from centre to boundary pixels are used to scan each layer of cylinders (Fig. 3 b) 
 

 
 

Fig. 2  2D cutting slice from one of the cutting angles of a cylindrical object showing  

multiple ellipses. Feature detection 
 

 
(a)                                                       (b) 

Fig. 3  Feature detection for ellipses: (a) omni directional raster scan generates scattered edge 

points while (b) object analysis based radial scan produces sorted cylinder edges according to 

layers 



3.  Clustering of Ellipses and Segmentation of Cylinder Layers for Cylinder 

Surfaces Unwrapping 
 

3.1 Proposed Reduced Dimensional Hough for Ellipse 
 

We will use a modified version of the formal definition of the Hough transform given by 

Princen et al. [7]. Let   be a point in the 3D image space,  be a 

point in an N-dimensional parameter space, and   be the function that parameterizes 

the set of objects. We will call the set of data points , which are feature points 

detected from 3D image space. In this way, the image containing all the feature points  can 

be expressed as 

 

           .                   (3) 

 

Hough transform implementations discretize the parameter space and maintain a counter for 

each cell. The counters record the number of data points that map to a manifold that intersects 

each of the cells. If we denote a cell in parameter space centred  by , we can define a 

voting function as 

 

                                                                                   (4) 

 

Thus,  is 1 if any object in the parameter space cell  passes through the point X, in the 

image I(X). If we assume that there is no localization error, the Hough transform can then be 

written: 

 

 
or  

 

                                                                                                       (5) 

 

is thus the number of image pixels that pass an object  in  

 

For randomized HT, let us denote the transform as  where sets of k voxels selected from 

 are mapped into the parameter space. The standard Hough transform is thus 

.  An image object  (i.e., a point in the parameter space) now receives a vote only if it 

passes within the error boundary of each voxel in the set, so we have 

 

                                                     (6) 

 

where  denotes the set of all k-subsets of the edge voxels, . 

 

The major problem concerning implementation of formula (6) is that it involves voting and 

peak searching in multi-dimensional parameter space. Assuming a 3D ellipse  is to be 

detected using RHT, we need to build a 3D accumulator with sufficient resolution to 

determine 5 ellipse parameters a, b, c, d and e such that 

 

        



 

If this 3D accumulator is examined, one will find the majority elements of the accumulator is 

zero, with none zero counter values sparsely distributed around a few peaks. One solution to 

avoid a huge waste of memory space is to introduce rough to fine HT with adaptive Hough 

space resolution[8]. The other is our approach by reducing Hough space dimension.  

 

Let us examine a multi-dimension parameter space . If there is a 

significant ellipse in the feature space that yields a peak from formula (3) for every element of 

, there are also peaks for every individual element (e.g. ) or a subset of elements. 

From (3) we can formulate RHT for a subset of parameters as 

 

                                     (7) 

 

where  

 

              where M<N 

 

Without losing generality, RDHT for an ellipse determination in 3D space can be defined as 

 

                        (7a) 

 

                                                    (7b) 

 

                                 (7c)          

                 

                     (7d) 

 

                                      (7e) 

 

where a,b, c, d,and e are coefficients of ellipse equation .Comparing formula (5) and (7) the 

difference is that we reduce the Hough space dimension from one N-dimensional space to N 

1-dimensional spaces. If there exists only one dominant ellipse in a 3D image, using formula 

(7) to determine highest peaks in subsets of parameter spaces can derive a,b, c, d, and e 

corresponding to the dominant ellipse. However, in real situations, multiple peaks (including 

false ones)  can be found in each subset of parameter space which results in numerous 

potential a,b, c, d and e. It is necessary to identify “true” peaks in a combined a, b, c, d and e 

space from numerous potential in individual a, b, c, d and e spaces. We introduce a 

verification accumulator such that 

 

                                                                                (8) 

 

whereby verification function  is defined such that all parameters has an accumulator 

peak at either linear and non-linear combination of . As a linear verification 

function,  

                             (9a) 

 



where  are weighting factors, can be considered for its computational efficiency. 

Alternatively, a non-linear implementation 

                           (9b) 

 

can reduce the chance of a false peak. 
 

3.2 Determination of Cylinder Axis 
 

Cylinders’ rotation axis must be determined (Fig. 4) so that cut planes perpendicular to the 

axis can be used for feature detection to derived cylinder surface equations. To do so, we 

arbitrarily cut 25 planes along x, y and z axis respectively and for each cut plane, Hough 

ellipse fitting is performed to get a sequence of ellipse centres. Hough line analysis is applied 

to get best fit axis from ellipse centres. 

 
Fig. 4 Determine cylinder axis by cutting 25 planes along x, y and z axis respectively and for 

each cut plane, Hough ellipse fitting is performed to get a sequence of ellipse centres. Hough 

line is applied to get best fit axis from ellipse centres. 

 

3.3 Segmentation of multi-layer cylinders 
 

After determining cylinder axis, cut planes along the axis with single voxel step size can be 

formulated to derive 2D cross section of the cylinders at a particular position. Radial scanning 

is followed to identify cylinder edge points with polarities. Edge points of the same polarity 

are clustered into ellipse using the proposed Reduced Dimension Hough Transformation. 

With a known ellipse equation, we can go back to edge voxels to discard those far away from 

the best fit ellipse and link those valid voxels to form cylinder boundary. We use flood fill 

algorithm to fill up the voxels between cylinder boundaries and export the result as 

segmentation result. 
 

3.4 Cylinder Surface Unwrapping 

 

In CT based failure analysis it is often required to investigate the disbond and delamination 

between different layers of materials. After cylinder feature detection and layer clustering, we 

are able to isolate cylindrical surfaces and unwrap them into planar surfaces for better defect 

inspection and analysis. 

 

For each cut plane along the cylinder rotation axis, we calculate the ellipse perimeter for a 

particular layer and perform re-sampling from, say zero degree to derive one line of 

unwrapping surface with line width equal to ellipse perimeter. Repeat this process for all cut 

planes yields a 2D flat surface which represents unwrapped cylinder surface of that layer. 



 

4.  Experimental Results 
 

We now describe the details of our method used in real X-ray images to verify the validity of 

the proposed approach. A multi-layer pipe is scanned using CT and Fig. 5 shows of CT slices 

from three orthogonal views.  

 

 
 

Fig. 5 A multi-layer pipe CT data with three slices from three orthogonal views. 

 

Unaware of the cylinder orientation, a rough search is conducted to determine the existence of 

cylinders, and if there is, the rotation axis. As mentioned in section 3.2, we cut 25 planes in 

three orthogonal views and use Hough ellipse fitting to find the maximum number of detected 

ellipses. If the number of the detected ellipse centres is bigger than a preset threshold, Hough 

line is applied to determine cylinder axis. 

 

Along cylinder rotation axis, multiple cut planes are formulated for the detection of cylinder 

salient points: edges with polarities. Fig. 6 shows the edge detection results in 3D. 

 

The detected edge points are further clustered into ellipses representing different layers of 

cylinders on this cut plane. The detected ellipses of individual planes are further clustered into 

surfaces of cylinder layers. Fig. 7 shows the segmentation results of cylinder layers: three 

layers of the cylinder are classified into two components. 

 

Cylinder layer unwrapping: subvoxel features are detected along two layers of a multi-layer 

pipe. These features are clustered and unwrapped into two 2D flat surfaces for visualization. 

The widths of the unwrapped surfaces are equal to the average lengths of corresponding 

ellipse’s perimeters (Fig. 8, top image is unwrapping of outer layer and bottom image for 

inner layer). 

 



 
 

Fig. 6 subvoxel 3D edge detection result 

 

 

 
 

Fig. 7 the segmentation result of a multi-layer pipe after layer separation 

 

 
Fig. 8 Cylinder layer unwrapping: subvoxel features are detected along two layers of a multi-

layer pipe. These features are clustered and unwrapped into two 2D flat surfaces for 

visualization. The widths of the unwrapped surfaces are equal to the average lengths of 

corresponding ellipse’s perimeters. Top image is the unwrapping of outer layer and bottom 

image is for inner layer 



5.  Conclusions and Future Works 

 
This paper presented a new approach for segmenting curved surfaces (cylinder layers) from 

CT data. We proposed subvoxel salient point detection to track cylinder layer voxels and 

applied proprietary reduced dimension Hough transformations to detect cylinder axis and 

ellipses in 3D space. Object analysis and radial scanning are used to improve feature detection 

reliability. 3D features are clustered and unwrapped to 2D planes to visualize the disbond and 

delamination between layers.  It has been shown that curved surface unwrapping can be 

performed reliably. The processing time for detection of a 3 layer cylinder in a 512 cube is 30 

seconds (using a laptop with Intel dual core 2,4G processor).  
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