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ABSTRACT 

We present an algorithm to reduce the number of slices from 2D contour cross sections. The main aim of the 
algorithm is to filter less significant slices while preserving an acceptable level of output quality and keeping the 
computational cost to reconstruct surface(s) at a minimal level. This research is motivated mainly by two factors; first 
2D cross sections data is often huge in size and high in precisions – the computational cost to reconstruct surface(s) 
from them is closely related to the size and complexity of this data. Second, we can trades visual fidelity with speed of 
computations if we can remove visually insignificant data from the original dataset which may contains redundant 
information. In our algorithm we use the number of contour points on a pair of slices to calculate the distance between 
them. Selection to retain/reject a slice is based on the value of distance compared against a threshold value. Optimal 
threshold value is derived to produce set of slices that collectively represent the feature of the dataset. We tested our 
algorithm over six different set of data, varying in complexities and sizes. The results show slice reduction rate 
depends on the complexity of the dataset, where highest reduction percentage is achieved for objects with lots of 
constant local variations. Our derived optimal thresholds seem to be able to produce the right set of slices with the 
potential of creating surface(s) that traded off the accuracy and speed requirements.  
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INTRODUCTION 

The 3D depictions of medical images are 
becoming of increasing importance for 
analyzing volumetric features. For instance, in 
the case of simulating craniofacial surgery 
procedures, the identification and 
measurement of anatomical landmarks and 3D 
structures registration are best performed on 
3D graphical images. The effectiveness of 
such applications is often depends on the 
fidelity of the visualized craniofacial features. 
A more detailed and accurate representation is 
to be preferred compared to a sketchy and 
artificially smooth display of fiducial points. 
Unfortunately, the computational cost is 
increases with the increase in the accuracy of 
the outputs. Hence, balancing the speed versus 
accuracy is one of the many design criteria a 
visualization technique has to fulfill. 

We focus our discussion on 
reconstructing surface(s) from a stack of 2D 
cross sections as the method of visualization. 
This method relies on the availability of image 
slices acquired through various medical 
scanners such as CT, MRI, PET, and others.  
To capture and preserve accuracy, the acquired 
data is often very high in precision, in the case 
of CT craniofacial data, approximately 124 

slices with 512 x 512 32-bit voxels, each 
measuring 0.35 x 0.35 x 1.25 mm. While this 
precision may help us creates high accuracy 
outputs, there may be some redundant data 
between slices or some adjacent slices that has 
minimal differences which as a whole they are 
visually insignificant to distinguish. All these 
slices i.e. redundant and visually insignificant 
adjacent slices, if left unfiltered contribute to 
the overall performance of the surface 
reconstruction algorithm. The cumulative 
computational-time scales as the size of the 
dataset increases, and certainly we would like 
to filter out these unwanted slices prior to 
reconstructing the surface(s). The goal is 
therefore to devise an effective slice filtering 
algorithm to produce the optimal number of 
slices that strike the balance between accuracy 
and speed. 

In this article we discuss the 
implementation of a filter to optimize the 
number of segmented slices that best represent 
the feature of interest. The selection is driven 
by the properties of the slices, in our solution 
we used the number of contour points in 
adjacent 2D segmented slices. We assume, 
slices are worthy of exclusion if they have less 
number of points differences between them i.e. 
implicitly this indicate no significant 
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Figure 1.  Segmented contours data from skin of 2 months infant head dataset before (left) and 
  after (right) slice reduction. 

 
 

     
 

Figure 2.  Example of redundant consecutive cross sections from skin of 2 months head dataset. 
 

 
differences between slices’ features. Otherwise 
slice(s) are retained, and together they formed 
a reduced set of slices which will be the input 
to the surface reconstruction technique. We 
guard the difference measure by a threshold T 
which is either selected by the user or set as an 
optimum threshold Topt derived through a 
simple formula. The algorithm guards against 
“over” removing slices with differences below 
the threshold value by employing a cumulative 
error measure. 

Figure 1 shows 2D cross sections of 
skin from a 2 months infant with a cleft-palate 
deformity head dataset. Figure 2 shows the 
example of redundant cross sections, which 
are potential candidates to be removed by the 
method proposed in this article. 
 
RELATED WORKS 

The issue of accuracy versus speed has long 
been discussed in the literature. In the context 
of surface reconstruction, the solutions to this 
tradeoff can be divided into three categories; 
pre-processing, surface reconstruction itself, 
and the post-processing stage. In pre-

processing the main aim is to filter dataset, 
either to remove noise, fix missing data, 
convert scattered data into structured format or 
resample dataset into more coarser or finer 
resolutions. In general a pre-processing 
solution modifies original dataset in some 
ways, and the derived data will then form the 
input to surface reconstruction algorithm. Sub-
sampling to coarser grid is one of the 
examples of dataset reduction (implicitly this 
imply coarser grid resolution per slice). In 
VTK (Schroeder and Lorenson, 1996), a filter 
object known as “vtkExtractVOI” for instance, 
allows sub-sampling at a coarser grids. While 
this solution in general reduces the number of 
slices to process, and potentially improve the 
overall computational cost of reconstructing 
surface(s) over the original dataset, they have 
certain drawbacks. The sub-sampling is 
exhaustively done over the entire dataset, often 
fail to take into account the local variations of 
the feature(s) reflected in the set of data. A 
better approach is perhaps to adaptively 
sample the dataset to preserve local variations. 
Our approach reduces the number of slices 
based on the contents of the slices, taking into 

(a) Slice-74 (b) Slice-75 (c) Slice-76 
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account local variation of the features via the 
number of points in the closed contour. 
Furthermore, our solution does not do any sub-
samplings, and it is fast since we only 
calculate differences, which require only a 
single subtraction operation for a pair of slices. 

Attempt to tradeoff visual fidelity with 
speed has been done at the surface 
reconstruction algorithms themselves. For 
instance, Livnat in (Livnat et. al., 1996) 
developed accelerated isosurface extraction by 
decomposing dataset into value space. An 
efficient geometric search (in span space) 
based on kd-tree for a give surface is then 
designed to retrieve the relevant voxels for 
surface construction. Another approach is to 
extract surface(s) that is view dependent (Itoh 
and Koyamada, 1995). That way, only visible 
portions of the dataset that need to be 
processed, hence potentially improved the 
surface reconstruction overall performance. 
Treece in his PhD thesis (Treece, 2000) and in 
(Treece et. al., 1999) presented a surface 
reconstruction method, that extract surface(s) 
based on point and region correspondences 
between points on the contour’s slices. Hoppe 
et. al. proposed a mesh optimization by 
minimizing an energy function that captures 
the competing desires of tight geometric fit 
and compact representation (Hoppe et. al. 
1992, Hoppe et. al. 1993, and Hoppe, 1994). 

Post-processing methods concerned 
with reducing or simplifying the output 
(polygonal data type) produced by surface 
reconstruction algorithm. Typical operations at 
this stage include triangle decimation method 
proposed by Schroeder et. al. in (Schroeder et. 
al., 1992), multi-resolution (Schilling and 
Klein, 1998) and a varieties of hierarchical 
representation methods. In summary, methods 
in this category improve the computational 
cost of the rendering part but overall 
performance of surface reconstruction is 
unaffected i.e. no improvement. 

Our approach as hinted above falls 
under the category of pre-processing solution. 
It is different from the conventional re-
sampling techniques in that it works on slices 
which contains closed contour – the original 
slices have gone through a segmentation 
process. In term of data, our slices contains 
scattered 2D points on a plane, contrast this 
with the conventional re-sampling filter, e.g. 
“vtkExtractVOI” which typically works on 

structured data. The following section detailed 
the approach proposed in this article. 
 
OUR APPROACH 

The key factor in this approach is how to 
select slices that contains significant data. 
Common properties which may be used to 
base our selection includes the number of 
points in contour, the spatial distributions of 
data points on the slice, frequency of points 
value, shape of the contour and other 
quantitative measures of the contour points 
such as mean, variance, and standard-
deviation. We need a quantity, which is fast to 
compute and yet it is able to adequately 
represent the feature of the data. While the 
quantities like shape, points’ clusters and 
qualitative measures may retain significant 
information about the data; their derivation is 
time consuming to compute. We chose the 
number of points in closed contour on each 
slice as a single measure to describe the 
content of slice. While this may look like a 
naïve choice, surprisingly this measure 
collectively describes the contents of the 
dataset quite well. With this choice of 
measure, we base our selection of 
rejecting/retaining slices on the number of 
contour-points’ difference (or distance), di 
between adjacent slices. We assume that slices 
with redundant contents imply no or very 
small feature differences between them and 
hence removing one slice from the pair would 
not create significant visual artifact. Therefore, 
we find pair wise distance for all contour 
points P = {p0, …, pn}, where pi is the number 
of contour points for slice i, and n is the total 
number of slices, using the following 
Euclidean distance formula : 
 

di = ∑ ||pi – pi+1||.   (1)
  

 
As illustrated in Figure 3, a large value of di 
indicates significant changes between slices 
hence these slices should be retained. In 
contrast small di signifies small differences 
between slices, these are then candidate slices 
to remove. In our case, removing/retaining 
slices is determined by a threshold value. A 
threshold value T is set either by the user or 
automatically derived from the dataset (known 
as optimum threshold or Topt). Slice is rejected 
if the distance between a pair of slices is less 

n-1 
 
 
i=0 
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than the threshold value (T or Topt). 
Unfortunately, if we proceed doing this on a 
series of consecutive pairs, and if each of them 
has a distance less than T or Topt, we will 
ended up with span of gaps between 
significant slices. This is the case where we 
are over rejecting similar pair of slices. A 
corrective measure is introduced to minimize 
over rejecting similar slices. We employed a 
counter dA (cumulative error), which is either 
updated with the amount of slices’ distance di 
every time a slice is rejected from a pair or it is 
reset to zero when a slice is retained. Slices are 
then retained when their distance or dA is 
greater than T or Topt. The algorithm proceed 
by testing the contour-points’ distance 
between a pair of slices one at a time until all 
slices are processed. The first and last slices 
are retained to provide a reference frame. 
Figure 4 shows Slice Reduction algorithm. 
 
OPTIMIZING SLICE REDUCTION 

One of the crucial issues in slice reduction 
algorithm is how do we choose the right T, so 
as to balance between speed and accuracy of 

the surface reconstruction algorithm i.e. 
finding the optimal Topt.  Figure 5 shows the 
relationship between T versus reconstruction 
time and visual fidelity respectively. The 
visual fidelity (observed the number of cross 
sections) for three values of T for human head 
dataset is further illustrated in Figure 6. 

We determine Topt with a simple 
formula as shown in Equations (2) and (3) 
below. Basically, for a given dataset, we run 
through slice reduction with different T values, 
and compile the total number of contour points 
for each T value, POINTST  as shown in Table 
1. Note that this set of POINTST  reflect the 
denseness of the dataset, different dataset will 
have a different set of T and POINTST. For 
instance, Table 1 shows the set of T and its 
corresponding POINTST for human clavicle 
dataset. 

Prior to calculating Topt, we determine 
the midpoint (POINTSmid) in the contour points 
density range: 
 
POINTSmid = [max (POINTST)– min (POINTST)]/2      (2) 
 

e.g. POINTSmid = (13656 – 218) / 2 = 6719
 

 
 

Figure 3. Comparison of 2 pairs of slices from skin feature of human head dataset.  
  Left: slice-54 & slice-55 and value of d37. Right: slice 11 & slice-12 and value of d11. 

 
 
 
 

 
 
 
 
 
 
 
 

 
 
 

Figure 4.  Slice Reduction algorithm 
 

Significant 
changes from a 
pair of slices, 

d11 = 36. 

Less changes 
from a pair of 
slices, d54 = 4 

1. Compute the pair-wise differences of contour points, di. 
2. Sort and remove duplicated of di => a list of dif. 
3. Set a T from dif and initial dA as 0. 
4. Retain the first slice. 
5. Start from the second slice thru the last slice, 

If di > T, retain the current first slice 
              & return dA 0. 
Else if dA > T, retain the current first slice 
              & return dA 0. 
Else, reject the current first slice 
         & accumulate di to dA. 

6. Retain the last slice.
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Figure 5.   T versus reconstruction time and model accuracy. 
 

             
                  (a) Ia with T = 2                                      (b) Ib with T = 10    (c) Ic with T = 20 

 
Figure 6.   Retained slices for three different values of T 

 
 

With the POINTSmid we can map it 
back to the information in Table 1, in this case 
6719 is between POINTS2 (9954) and 
POINTS4 (5379). This will form the local 
region, labeled appropriately as  POINTSTlow  
and POINTSTupp respectively to correspond to 
the lower threshold Tlow (T2) and the upper 
threshold Tupp  (T4). Then we determine the Topt 
using the following rules : 
 
If (POINTSmid > [POINTSTlow + POINTSTupp] / 2) 
 Topt  = Tupp 
Else            (3)
 Topt = Tlow. 
 

 In the above example Topt is equal to 4. 
This method of determining optimal value of T 
is directly derived from the information 
gathered from the dataset. Different dataset 
densities – referring to data complexities as 
well as their size, will provide different set of 
Topt. We have run the slice reduction algorithm 
through different set of data, ranging from 
simple human head data to complex engine’s 
block dataset. Table 2 provides slice reduction 
percentage for dataset we tested with this 
algorithm. Refer to Figure 7 for the full set of 
results. 
 

 
Table 1.    Number Of Points For Each Threshold Value Of Human Clavicle 

Human clavicle 
T 0 2 4 6 8 10 12 14 20 22 28 30 42 44 58 

POINTST 13656 9954 5370 4054 2292 1488 1476 1278 1182 1106 880 696 642 372 218 

 
Table 2.   Percentage Of Data Reduction Using Optimum Slice Reduction Algorithm 

Model 
 Skin 

(Head) 
Bone 

(Head) 
Skin 

(Infant) 
Bone 

(Infant) 
Scapula 
(Human)

Clavicle 
(Human) 

Diaphysis 
(Human) Mouse Confocal Engine 

Topt 8 16 23 44 30 4 6 14 9 16 
% of Data 
Reduction 

 
48.64 

 
45.20 

 
45.09 

 
45.41 

 
42.48 

 
54.83 

 
40.35 

 
43.40 

 
45.19 

 
49.56 

T 

Reconstruction Time  

large 

small 
short long 

Ic

Ia 
Ib

T 

Accuracy 

large 

small 
poor perfect 

Ic 

Ia 
Ib 
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                              (a) Slice Reduction (T = 0)        (b) Slice Reduction (T =2)         (c) Optimum Slice Reduction (Topt = 4) 
 

        
 

                            (a) Slice Reduction (T = 2)           (b) Slice Reduction (T = 4)       (c) Optimum Slice Reduction (Topt = 6) 
 

       
 

                       (e) Slice Reduction (T = 2)       (f) Slice Reduction (T = 5)     (g) Optimum Slice Reduction (Topt = 9) 
 

        
 

                                (h) Slice Reduction (T = 4)        (i) Slice Reduction (T =10)       (j) Optimum Slice Reduction (Topt = 16) 
 

         
 

                                (k) Slice Reduction (T = 4)       (l) Slice Reduction (T = 10)       (m) Optimum Slice Reduction (Topt = 16) 
 
Figure 7.  Examples of Slice Reduction with different value of T and the Optimum Slice Reduction.
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DISCUSSION 

The results show that slice reduction depends 
on the complexity of the dataset. In general 
high percentage of slice reduction is achieved 
for dataset with simple structures or those with 
have lots of constant local variations. The 
study also indicates that the result produced by 
optimal threshold value, Topt is able to tradeoff 
between image accuracy versus speed of 
execution.  
 
CONCLUSION 

We have presented a slice reduction algorithm, 
with the aim to remove slices perceived as 
non-significant from further processing by 
surface reconstruction algorithm. These 
optimal set of slices provides the right number 
of slices for both preserving the accuracy 
while keeping the computational time to 
minimal. Initial experiments performed using 
this idea show some promising results 
particularly if the feature of interest has 
regular structure. 

We anticipate the full potential of this 
approach will be realized once we incorporate 
the optimal set of slices with the meshing 
algorithms. We also anticipate a special 
surface reconstruction algorithm is needed to 
process these optimal set o slices. We plan to 
investigate further on the design and 
development of this surface reconstruction 
algorithm. 
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