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Surface registration using a dynamic genetic algorithm
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Abstract

Robust and fast free-form surface registration is a useful technique in various areas such as object recognition and 3D model
reconstruction for animation. Notably, an object model can be constructed, in principle, by surface registration and integration
of range images of the target object from di5erent views. In this paper, we propose to formulate the surface registration
problem as a high dimensional optimization problem, which can be solved by a genetic algorithm (GA) (Genetic Algorithms
in Search Optimization and Machine Learning, Addison-Wesley, Reading, MA, 1989). The performance of the GA for surface
registration is highly dependent on its speed in evaluating the =tness function. A novel GA with a new =tness function and
a new genetic operator is proposed. It can compute an optimal registration 1000 times faster than a conventional GA. The
accuracy, speed and the robustness of the proposed method are veri=ed by a number of real experiments.
? 2003 Pattern Recognition Society. Published by Elsevier Ltd. All rights reserved.
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1. Introduction

A popular approach for modeling a real object is by cap-
turing the range data from a number of overlapping views
which cover the whole surface of the objects. Unless the
object is captured by an expensive imaging system like the
Cyber Scan, accurately registering the free-formed surfaces
corresponding to di5erent views into a single 3D model is a
signi=cant problem [1–4]. This is the case even if the target
object is placed on a rotating platform or the range sensor
is controlled by a robot. An ideal surface registration algo-
rithm should be fast and accurate. A robust surface registra-
tion algorithm should also have the following properties:

• insensitive to the values of the parameters in the algo-
rithm;

• not dependent on a good initial estimate of the parameters;
• not dependent on a good feature extraction process;
• insensitive to noise and data occlusion.
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The application of a genetic algorithm (GA) for solving
the surface registration is addressed in this paper and its
e5ectiveness will be evaluated with the criteria above.

Many registration algorithms have been developed in
recent years. They could be divided into two main classes:
(1) Iterative Closest Point (ICP) algorithm [1,5–8] and
(2) correspondence matching [9–12]. Besl and McKay [6]
proposed the ICP algorithm, which estimates a set of rigid
motion parameters that register the surfaces from di5er-
ent views into a model. This method works well if each
data point has a corresponding point in the model. Con-
sequently, its performance is greatly a5ected by noise and
occlusion, especially when it is applied to multiple range
image registration. Masuda et al. [1,8] proposed a more
robust method for registering a pair of dense range images,
which was an integration of the ICP algorithm with random
sampling and the least median of squares (LMS) estima-
tor. The LMS estimator is more robust than the standard
least squares (LS) estimator that minimizes the sum of
squared residuals because the LMS estimator minimizes the
median of squared residuals. Subsequently, the LMS esti-
mator can tolerate the presence of outliers of up to theoreti-
cally, 50%.
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Yamany and Farag [9,13] proposed an alternative algo-
rithm, which =rst computed the surface signatures from the
images. Surface signatures are surface curvatures estimated
at each point of an image. Matching signatures of two sur-
faces can be used to recover the transformation parame-
ters between these surfaces. They proposed to use template
matching to compare the signature images.

While the ICP-based algorithm is sometimes e5ective, a
good initial guess is essential to =nd the correct solution. If
the initial guess is far from the actual solution, incorrect solu-
tion or mismatching is very likely. In correspondence match-
ing approach, correspondences are established by matching
features extracted from the images. The selected features for
matching should be invariant to the movement of the object.
Such examples are points, lines, edges and regions. How-
ever, the correspondence problem is not easy to solve when
the number of features is large. Moreover, since no unique
feature can be de=ned for all 3D objects, correspondence
matching is highly application dependent. Even if we per-
mit the correspondences to be marked by the user through
a very time-consuming process, automatic surface registra-
tion would not be possible.

Registration of two free-form surfaces can be formu-
lated as a search or an optimization problem. This leads
to a six-dimensional optimization problem with many local
extrema. GAs are good at optimizing functions with many
local optimal points and have no restriction on the form of
the objective functions. Recently, a few attempts to use ge-
netic algorithms to solve this problem have been reported
[13–15]. For example, Brunnstrom and Stoddart [14] suc-
cessfully developed a GA surface matching algorithm which
often converges to a solution in 2 min with a AlphaStation
250. The results were obtained by =nding =rst the correspon-
dence of a set of sample data points between a model and
an input image. A transformation was then estimated from
these correspondences. Using this approach, the GA yielded
only an approximate transformation. They suggested using
a further process such as the ICP to =nd the accurate trans-
formation with the approximate solution as an initial guess.
Furthermore, it is unclear how such an approach will per-
form when some data points in the input image do not have
correspondence in the model.

In this paper, we propose a novel GA method to
tackle the surface registration problem. Given two surface
measurement images of an object from di5erent viewing
locations, we aim at =nding the transformation between
these images. These two images can be merged by mapping
one set on top of the other with an estimated transformation
such that occluded parts of one image can be recovered
from the other. We investigate the use of a GA to solve
this problem. Its e5ectiveness will be critically evaluated
using synthesized data. The developed surface registration
algorithm was found to be fast, accurate, and robust. For
example, integrating two dense range images of 10,000
sample points each with about 70% overlaps in content,
it only takes 45 s for a PC with Pentium III 450MHz

processor to complete the job. The re-constructed model
using the proposed surface integration algorithm has less
than 1% error.

The remaining of this paper is organized as follows. Sec-
tion 2 examines the formulation of surface registration as
an optimization problem and Section 3 describes our GA
formulation, and how they are applied to solve the surface
registration problem. Real and simulated experiments are
described in Section 4 to demonstrate the e5ectiveness of
the proposed GA free-form surface registration and model
re-construction. Error sensitivity analysis in constructing ob-
ject model with synthesized data is also included in this
section. A conclusion is given in Section 5.

2. Surface registration

2.1. Surface registration as an optimization problem

Given two surfaces, an input image S1 = {Pi} and a tar-
get image S2 = {Qi}, the objective of surface registration is
to determine the Euclidean transformation T between these
two surfaces. If S2 is the image of S1 under the transforma-
tion T , the Euclidean distance between T (Pi) and its corre-
spondence on S2,Qi is zero for all i. However, if the surfaces
S1 and S2 were captured by depth sensors, the Euclidean
distance between T (Pi) and Qi would not be zero because
of the measurement error and quantization error. Therefore,
it is common to regard surface registration as an optimiza-
tion problem by minimizing the Euclidean distances among
all correspondence pairs T (Pi) and Qi with respect to the
transformation T , i.e.

min
T
Ei(T ) = min

T
[|T (Pi) − Qi|] for all i: (1)

Since the transformation T contains six parameters: transla-
tion on x-, y- and z-axis, and rotation about x-, y- and z-axis,
this is a six-dimensional optimization problem. When the
two surfaces S1 and S2 have total overlap, it is common to
minimize the sum of Ei(T ) for all i; otherwise the median
of Ei(T ) is minimized instead, i.e.

min
T
Median

i
[Ei(T )] = min

T
Median

i
[|T (Pi) − Qi|]: (2)

In practice, the correspondences of T (Pi) are not known
unless the actual transformation has been determined.
Therefore, the temporary correspondence for measuring the
Euclidean distance among them is usually adopted. The
concept of temporary correspondence is =rst introduced by
Besl and McKay [6] and is de=ned as the point with mini-
mum Euclidean distance among all points in S2. Given a set
of points {Pi} in S1 (size N1) and {Qj} in S2 (size N2), the
point Qi in S2 is de=ned as the temporary correspondence
of Pi under the transformation T , such that the Euclidean
distance, Ei between Qi and T (Pi) is the minimum among
all points in S2. In addition, since the median of error
function is non-linear, it is therefore non-di5erentiable in
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Fig. 1. Sample surface for testing the di5erentiability of F(T ).

general. Thus gradient-based optimization algorithms may
not be suitable for this optimization problem. This is studied
further in the next section. To summarize, the registration
error function for a transformation, T is de=ned as

F(T ) =Median(Ei) for 16 i6N1; (3a)

Ei(T ) = min
j
|T (Pi) − Qj| for 16 j6N2: (3b)

2.2. Surface manifold of a registration error function

In order to visualize the registration problem better, a hy-
pothetical problem of registering a simple surface is further
considered in this section. Given a surface S de=ned by three
points: P1, P2 and P3 in Fig. 1, we try to register S with
itself by =xing Tx, Ty, Tz and Rz to be 0 and varying the val-
ues of Rx and Ry. The corresponding error surface of F(T )
and its gradient are plotted in Fig. 2. The function should
have the global optimum at Rx = Ry = 0 which corresponds
to the center of Fig. 2(b). It can be observed

• from Fig. 2(a) that there are many local minima, then
gradient-based optimization approach is unlikely to con-
verge to the optimal unless the initial point falls in the
global optimal lobe

• from Fig. 2(b) that the gradient function is not
continuous, therefore the error function would be
non-di5erentiable. This will further degrade the per-
formance of gradient-based optimization methods in
searching for the global minimum.

In Fig. 3 we show nevertheless the trails of 20 steep-
est gradient descents with di5erent initial points. The circle
of each path represents the initial position of the trail and
the stars represent the converged positions. We can observe
that only two of 20 trials fall into the global optimal, and

hence the success rate would be less than 10%. Even some
points has fallen into the global optimum lobe, the steepest
gradient descent approach is still unable to reach the global
optimum when the solution at the global optimum happens
to be non-di5erentiable. Fig. 4 clearly illustrates such phe-
nomenon of oscillation. We observe that when the solu-
tion approaches towards the global optimum (from iteration
4–6), the solution oscillates within a small range. This phe-
nomenon will occur in most cases, even at local minima.
On the contrary, the proposed GA we are going to present
in Section 3 can successfully =nd the global optimum of
this example in all of the 500 trials. Fig. 5 shows the resul-
tant =tness in 500 trials and the range of resultant =tness is
within 0 and 0.03.

3. Proposed GA

3.1. Gene and chromosome formulation

Since the geometric relation (Euclidean Transformation)
between two surfaces can be represented by six parameters,
we de=ne this set of parameters as a chromosome. Each pa-
rameter then corresponds to one of the genes in the chro-
mosome. They are de=ned as

Translation genes
Tx Translation of x-axis
Ty Translation of y-axis
Tz Translation of z-axis

Rotation genes
� Rotation about x-axis
� Rotation about y-axis
� Rotation about z-axis
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Fig. 2. (a) Shape of F(T )—median of Error against Rx and Ry .
(b) Gradient of surface shown in (a) with intensity indicating the
magnitude of the gradient.

Fig. 3. (Left) Path of 20 steepest gradient descent trials; (Right) corresponding values of intensities.

Tx, Ty and Tz are the translation genes and �, �, � are the rota-
tion genes. They form a chromosome [Tx; Ty; Tz; Rx; Ry; Rz],
which represents the relation (Euclidean transformation ma-
trix) between two free-form surfaces, i.e the data points in
two surfaces are related by the mapping, T :

T = C1RxRyRzSC2;

where

Rx =




1 0 0 0

0 cos � sin � 0

0 −sin � cos � 0

0 0 0 1



;

Ry =




cos � 0 −sin � 0

0 1 0 0

sin � 0 cos � 0

0 0 0 1



;

Rz =




cos � sin � 0 0

−sin � cos � 0 0

0 0 1 0

0 0 0 1



;

S =




1 0 0 0

0 1 0 0

0 0 1 0

Tx Ty Tz 1



;
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Fig. 4. Oscillation at optimizing a non-di5erentiable function shown in Fig. 2(a).

Fig. 5. Resultant =tness of 500 trials of the proposed algorithm for
minimizing the F(T ) function.

C1 =




1 0 0 0

0 1 0 0

0 0 1 0

−CX1 −CY1 −CZ1 1



;

C2 =




1 0 0 0

0 1 0 0

0 0 1 0

CX2 CY2 CZ2 1



:

3.2. Fitness function

A GA uses a =tness function to determine the perfor-
mance of each arti=cially created chromosome. Since the
=tness function is intended to measure the registration
quality, it is natural to use the registration error function in

Eq. (3) as the =tness function. With the median of Ei as
the =tness measurement in Eq. (3a), the corresponding GA
could in principle, registers surfaces with more than 50%
overlap.

However, the speed of convergence has always been
a concern in adopting the GA approach for optimization
[16,17]. In our formulation, since we have to search the
temporary correspondence of every data point to deter-
mine Ei on measuring the =tness of each chromosome,
the processing time depends heavily on the eOciency
of this searching process. In order to reduce the pro-
cessing time, we adopt the following two speeding-up
strategies:

(i) We heavily subsample the input surface, S1 to SS1. In
our experiments, the size of SS1 is in the order of few
hundreds even the original surface, S1 could have tens
of thousand points. This should not a5ect the registra-
tion accuracy signi=cantly since the target surface, S2

is not subsampled at all. Therefore, the =tness function
becomes

F(T ) =Median (Ei) for Pi in SS1; (4a)

Ei(T ) = min
j

|T (Pi) − Qj| for 16 j6N2: (4b)

(ii) to compute the =tness function, we need to identify Qi

the corresponding points from the subsampled surface
to the target surface in Eq. (4b). Since we have not sub-
sampled the target surface, the number of searches to
be performed remains large if N2 is large. Therefore,
we use a fast nearest neighbor search algorithm called
“KD-Tree” [18] to =nd the corresponding points in
Eq. (4b).

After incorporating these speeding-up strategies, the sur-
face registration algorithm becomes much faster while the
accuracy of the registration has not been a5ected by the
sampling step.
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3.3. Reproduction

3.3.1. Cross-over
During the cross-over operation, given two chromosomes

CMSj=[T j
x T

j
y T j

z �
j �j � j] and CMSk=[Tk

x T
k
y T

k
z �

k �k � k ],
we =rst randomly select the number of genes to be
swapped—Nswap where 16Nswap6 6 and then randomly
select the genes to be swapped. Therefore, the e5ective
cross-over rate for each gene is 0.5833 in all our ex-
periments. Note that the new o5-springs generated using
cross-over operation could be signi=cantly di5erent from its
parents so cross-over facilitates the far-searching process in
searching for the optimum. On the contrary, the mutation
described in the next section for real-value genes will pro-
duce o5-springs that are slightly di5erent from their parents
therefore it facilitates a local-search process instead.

3.3.2. Mutation
Similar to cross-over, mutation is another standard oper-

ation in genetic algorithms. Under mutation, each gene has
a certain probability to change its value. In our implemen-
tation, we let this probability be equal. Therefore, the e5ec-
tive mutation rate is 0.1666 since each chromosome has six
genes.

Di5erent from a binary gene, which changes from 0 to
1 or from 1 to 0 in a mutation stage, each real-valued
gene in a chromosome will be accumulated with a small
value. The value to be accumulated is generated randomly
within the range [−MV;+MV ]. Subsequently the chromo-
some, i.e. the transformation has undergone a small local
change. In this paper, instead of adopting a constant max-
imum accumulated value (MV ) for the entire process, we
propose to vary MV according to the =tness value of each
chromosome. If the =tness value is large, the chromosome
is far away from the optima point. Hence, a far jump is
needed to get to a better chromosome; so we let MV be a
larger value. Conversely, only small movement is needed
and MV is set to be a small value. Therefore, maximum
allowed movement of the translation genes is set dynami-
cally with the =tness value of the chromosome. Assume that
the =tness of the parent chromosome CMSi is FIT (CMSi),
which is the median Euclidean distance among all temporary
correspondence pairs. From geometry, it is equivalent to
that the true correspondence is within the sphere centered
at CMSi with radius equals to FIT (CMSi). Therefore, the
magnitude of maximum accumulated values for the trans-
lation genes has been chosen to be FIT (CMSi). It can be
easily veri=ed that this choice of MV satis=es our require-
ment that when the chromosome is far away from the global
optimum, the mutation will implement a far jump. Alterna-
tively, a chromosome with lower =tness implies that it is
closed to the global optima and hence only small movement
is needed.

To evaluate the e5ect of the proposed dynamic muta-
tion, we setup two 100% overlapped surfaces registration

Table 1
Performance comparison of GA with and without dynamic mutation

With dynamic Without dynamic
mutation mutation

Fitness (mm) Mean: 0.41 Mean: 10.4
SD: 0.266 SD: 2.73

No. of Generation Mean: 115.7 Mean: 109.4
SD: 24.3 SD: 21.2

Computation time (S) Mean: 130.9 Mean: 91.9
SD: 22.3 SD: 14.0

experiments with di5erent strategies, one with constantMV ,
and the other with dynamic MV . The statistics of their =nal
=tness values, number of generations needed and computa-
tional times for 10 experiments are shown in Table 1. Since
the dynamic mutation operation reduces its mutation range
as the GA approaches close to the optimal, the searching
step with dynamic mutation operations will vary. It could
be large at =rst but would get smaller towards the optimal.
In particular, the step size should be smaller than when con-
stant mutation range is used, at locations near the optimal.
As discussed in the next section, the GA will converge to
a solution if its distance from the optimal is smaller than
the step size. Therefore, if the step size is large, the genetic
algorithm will tend to terminate pre-maturely. This will have
two consequences:

(i) Dynamic mutation algorithm is likely to converge to
solution with smaller registration error.

(ii) Algorithm using constant mutation range will tend to
converge earlier because pre-mature termination may
occur.

From Table 1, the GA with dynamic mutation converges
consistently with much better =tness than the ones with
constant mutation range, while the number of generations
required for convergence is only slightly larger for the
GA with dynamic mutation. This implies that the dynamic
mutation scheme is e5ective in determining a suitable step
size at various stages such that the GA will not terminate
pre-maturely. It should be noted from Table 1 that the
computation time increased more than the increase in the
number of generations when the dynamic mutation scheme
was adopted. The additional increase in computation time
was the result of computing the variable step size for each
mutation operation. Nevertheless, since the GA with the
proposed dynamic mutation scheme performed consistently
much better and outweighed the increase in computation
time, the dynamic mutation scheme was adopted in the
proposed GA.
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Fig. 6. (a) Original parameter range and initial population. (b) First contracted parameter range based on the converged population distribution.
(c) Second contracted parameter range based on the converged population distribution.

3.4. Dynamic boundary

Upon termination, the GA should reach a stationary point
with no improvement on the =tness in the passed several
consecutive generations. This happens either the optimal
solution has been found or the mutation step is too large
compared to the di5erence between the optimal solution and
the converged solution. To ensure that the converged solu-
tion is closed enough to the global optimum, we adopt a
coarse-to-=ne optimization strategy similar to the one pro-
posed in Ref. [19]. After the GA has converged, we applied
the GA again with a reduced solution space, which e5ec-
tively gave the second process a smaller mutation step size.
Subsequently, the converged solution of the second GA pro-
cess would be closer to the global optimum than the =rst
one. This iterative process was repeated until further reduc-
tion of solution space did not lead to improvement in the
=tness of the population.

To determine an appropriate solution space for each
iterative step of the GA, we assume that the population
will fall into or near the global optimal lobe once the GA
is converged. Therefore, the genes in the converged pop-
ulation can be used to de=ne the reduced solution space,
i.e. the new parameter ranges. So we let the new param-
eter range contain all the chromosomes in the converged

population. Fig. 6 illustrates such a process. However, this
dynamic boundary process is only meant for =ne-tuning the
solution, not for searching for global optimal lobe. There-
fore, has the population fallen into or near the local optimal
lobe, the proposed dynamic boundary process could not
help the population jump out of it and reach the global opti-
mal lobe. The complete dynamic GA is summarized in Fig.
7. After initialing the population with N chromosomes, two
groups of new o5-springs were generated. One group was
generated with both cross-over and the described dynamic
mutation operations, while the other was generated with
the dynamic mutation operations only. The new genera-
tion is then formed by two groups of chromosomes. Half
of them come from o5-springs generated using cross-over
operation. The remaining half come from those generated
using mutation operation only or from the previous gen-
eration. This selection process tries to include both the
far-search and local-search mechanisms as described in
Section 3.3.1 so as to balance the e5ect of exploration and
exploitation.

The reproduction process will continue until the =tness
of the newly generated population does not improve for
a number of iterations. If this is the case, we will apply
the dynamic boundary step to reduce the searching space
and apply the genetic search again. The whole process will
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Fig. 7. Flow diagram of the proposed genetic algorithm.

Fig. 8. Experiment results for merging noise-free images of a skull computer model.

terminate if further search space reduction and genetic search
do not yield a better solution.

4. Experimental results

4.1. Model integration

In below, we evaluate the e5ectiveness of the devel-
oped system for multiple-view integration and 3D model
re-construction. In order to measure the accuracy of the
model re-construction process, the depth images corre-
sponding to range images taken from di5erent directions
have been generated from a computer model obtained
from Ref. [20]. These input images were shown in the
=rst row in Fig. 8. The views were then integrated us-
ing the developed surface registration algorithm. If the
number of views is suOciently large, a complete model
can be re-constructed. The model constructed by integrat-
ing the input images was shown in the second row in
Fig. 8.

Table 2 tabulates the processing times and errors of the
surface registration processes during the model construction
experiment. Three surface registration processes have been
carried out for mapping input images to target images. With
the registration transformations found, a complete model
can be constructed. By registering the re-constructed model



C.K. Chow et al. / Pattern Recognition 37 (2004) 105–117 113

Table 2
Registration time and converged =tness value during model
re-construction from input images in Fig. 8

Input image Target image Speed (s) Best =tness value
at convergence

2 1 54 0.875
3 2 51 1.043
4 3 53 0.988

against the original model, the modeling error was found to
be about 0.5% of the model size. During registrations, 300
points have been chosen randomly from the input images.
All the surface registration processes were performed with a
PC platform with Pentium III 450MHz CPU. The processing
time is under 3 min.

4.2. Noise sensitivity

In this experiment, sensitivity of the proposed model
construction process to noise was evaluated. Similar to the
previous experiment, we generated the depth images cor-
responding to range images taken from di5erent directions
from another computer model obtained from Ref. [20].
These images are depicted in Fig. 9. Gaussian noise has
been added to the range images before they were used for
model construction. The experiment was repeated with dif-
ferent levels of noise added to the generated images. If the
proposed model construction process is robust, a model with
error comparable to the noise in the input images should be
obtained. The statistics on processing time and modeling
error are tabulated in Table 3. The re-constructed models
are depicted in Figs. 10–12. It can be observed from Table
3 that modeling errors are within the noise levels of the
input images of each experiment. Therefore, the proposed
algorithm is relatively insensitive to noise. Experiments
with larger noise levels added to the input images have
not been carried out because the images with 2% added

Fig. 9. Input range images of a human vertebrae model.

Table 3
Experiment results on sensitivity of the model integration process
to noise

Noise level (%) Modeling Modeling
time (s) error (%)

0.5 184 0.53
1.0 201 0.83
2.0 242 1.25

noise already appeared to be signi=cantly distorted from
those expected from a good range capturing system, such
as those images used in the next experiment. Study on the
proposed algorithm for registering and model integration of
noisy data, such as medical images will be addressed in our
future work.

4.3. Model integration of real images

The surface integration exercises were repeated with a
complete set of images downloaded from [21]. The input
images are shown in Fig. 13 and the corresponding range
images are shown in Fig. 14. The corresponding registration
times and errors are tabulated in Table 4. After model con-
struction, new images can be obtained from the model. Four
such views from the merged model are shown in Fig. 15.
The corresponding construction process took about 3 min
on a PC with Pentium III 450MHz CPU. The results show
that the proposed surface registration process appears to be
e5ective and fast.

5. Conclusion

This paper described a robust system for free-form surface
registration, based on a GA [22]. Due to the characteristics of
GA, the developed system does not depend on a good initial
guess of solution. Prior information on correspondences or
feature points is also not necessary, and it is insensitive
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Fig. 10. Various views of the re-constructed model with 0.5% Gaussian noise added to input images shown in Fig. 9.

Fig. 11. Various views of the re-constructed model with 1% Gaussian noise added noise to the input images shown in Fig. 9.
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Fig. 12. Various views of the re-constructed model with 2% Gaussian noise added to the input images shown in Fig. 9.

Fig. 13. Input images for model construction.

Fig. 14. The corresponding range images shown in Fig. 13 for model construction.

to noise and data occlusion. One contribution of this paper
is the proposed new =tness function. However, the formu-
lation of the =tness function leads to a heavy computational

load. In order to speed up the process, the input image was
heavily sub-sampled randomly and a fast search method
was adopted to =nd the correspondence in the target image.
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Fig. 15. Synthesized views from the model constructed using the range images shown in Fig. 14.

Table 4
Registration time and converged =tness value during model
re-construction from input range images in Fig. 14

Input Target Speed (s) Best =tness value
image image at convergence

2 1 61 1.54
3 2 58 1.59
4 3 64 1.69

With these speeding-up strategies, the searching-speed was
at least 1000 times faster for registering surfaces with tens
of thousand data points, without scarifying the registration
accuracy. Another contribution of this paper is in propos-
ing a new genetic operator called “Adaptive Mutation” to
further speed-up the processing time. We have tested the
system with a large amount of models and all model inte-
gration processes can be completed in a reasonable duration.
For example, merging a model with four views only takes
5 min on a PC with a Pentium III 450MHz CPU.
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