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ABSTRACT: Reconstructing a 3D digital object from a set of points sampling real world objects has gained large
attention from the computer graphics researchers. However, the 3D surface reconstruction of large model requires the
processing of large-scale dataset which is indeed a very computationally expensive task. Therefore, a parallel algorithm
must be adopted to improve the performance efficiency of the 3D surface reconstruction process. Even the parallel
algorithms for the 3D surface reconstruction require high performance computing environment. The use of expensive
high performance computing machines, such as supercomputers, is not practical for educational and research applications.
Recently, Cloud Computing offers an outstanding potential of low cost high performance computing environment for
such distributed large-scale applications. This paper presents a framework for high-performance execution of a parallel
surface reconstruction of 3D objects on a private Cloud environment. First, a parallel algorithm for the 3D surface
reconstruction is designed using the Master-Slave technique. The master computation node partitions the main dataset
into a number subsets of data for the slaves to perform the parallel computations. The slave computation nodes simply
performs the same computations on different datasets received from the master computation node. Finally, the slaves
send the results back to the master node to finalize the computations. Experimental evaluation shows that the framework
effectively enhances the time required to sketch the overall 3D reconstruction process.
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I. INTRODUCTION

Reconstructing 3D digital objects from 3D sample points of real world objects is used in the computer graphics
research areas such as visualization, surface rendering, and shape similarities [1]. 3D surface reconstruction is used in a
number of applications, including: computer animation, virtual reality, digital heritage collections and medical
applications [2]. The surface reconstruction approaches can be divided into three categories [3]:

e Computational geometry category,

e Surface fitting category,
e Iso-surface extraction category.

In the first and the second categories, the surface is reconstructed explicitly using a polygonal mesh (first category) or
a spline surface (second category). In the third category, the required surface is defined as the O-level of an implicit
function f: R® —» R. The main advantage of this category is that it enables the local reconstruction of a set of points to
be performed in a linear time O(n) where n is the cardinality of the local set of points [4]. In addition, the iso-surface
extraction makes it possible to control the level of details of the resulting surface.

In general, the point based surfaces consist of surfaces represented by discrete point sets which are either directly
obtained by 3D acquisition devices or converted from other surface representations. This kind of surfaces is well suited
for multiresolution storage and transmission of complex objects. Unfortunately, efficient reconstruction of point-based
surfaces requires reconstructing the surface approximating large-scale set of points. Therefore, this process requires a
huge computational cost. Therefore, a parallel strategy is required to improve the processing time.

In this paper, a parallel 3D surface reconstruction algorithm is proposed. The proposed algorithm works in the implicit
iso-surface extraction category. In fact, the proposed algorithm partitions the input sample points into a set of local
patches that preserves the local neighbourhood properties of the surface. For each local patch a quadratic form is
computed. These local quadratic patches are considered as the local implicit functions defining the surface. Next, these
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local implicit functions are blended together to form the global implicit function. Finally, we get the required surface by
extracting the 0-level iso-surface of the global implicit function. The step of computing the local quadratics, or the local
implicit functions, has less inter-node communication. Therefore, it is more convenient for parallel computing. The
parallelism is employed using the Master-Slave parallel model [5]. The master node partitions the set of points’ dataset
into a number of subsets where the slaves perform the computations on the data subsets in parallel.

The Cloud has become a promising high performance computing for scientific applications, such as scientific
workflows, weather modelling and predictions [6, 7], as well as industrial applications, such as financial and medical
applications [8, 9]. The Cloud computing offers cheap on-demand large-scale data centers and computing resources, such
as CPUs and memory [10-12]. The Cloud has gained popularity by the ultimate advancement of the virtualization
technology which allows the creation of multiple virtual machine (VM) instances on a single physical server [13].

In this paper, a Cloud-based architecture is used to significantly improve the performance efficiency of the proposed
3D parallel reconstruction algorithm. The architecture is successfully used for providing high performance execution of
distributed scientific application, Coupled Model application [7], in a private Cloud environment. Originally, the
framework is developed to achieve performance control of distributed scientific applications [14] in a dynamic Grid
environment. In this paper, the Cloud-based architecture is adopted to provide high performance through supporting the
Master-Slave model of the distributed application and through balancing the workloads on the slaves.

The presentation of the paper is organized as follows: Section Il presents a detailed discussion of the related work on
surface reconstruction, parallel algorithms for 3D surface reconstruction, and the used high performance execution
environment for surface reconstruction in the previous literature. Section 111 presents the proposed parallel 3D surface
reconstruction. Section IV describes the Cloud-based architecture for executing the parallel 3D surface reconstruction.
Section V shows the experimental results and evaluation. Finally, the paper is concluded in Section V1.

Il. RELATED WORK

In recent years, the surface reconstruction problem has gained much of interest due to its motivation in a large area of
research in computer graphics [15]. As we mentioned above, the surface reconstruction techniques can be classified into
three categories: (1) Computational geometry, (2) surface fitting and (3) iso-surface extraction.

Concerning the computational geometry category, the surface connectivity are established by the aid of the Delaunay
triangulation or the Voronoi cells constructed over the input sample points [16, 17]. The advantage of the computational
geometry techniques is that the time complexity is of order to the complexity of the input points. However, due to the
use of the Delaunay triangulation, these techniques become inapplicable when the number of the input points becomes
too large. In addition, these techniques become inaccurate when the density of the input samples is not sufficiently
distributed over the surface.

In the surface fitting approaches, the surface is considered as a deformation of a base or a regular shape. The base
shape can be considered as a growing balloon [18] or a set of point connected by springs [19]. Similar to the computational
geometry approaches, the complexity of these techniques is of order to the complexity of the input points. However, these
techniques have a restriction that the surface topology must be the same with the base shape.

The iso-surface extraction approach is based on defining an implicit function over the bounding box enclosed the
surface and then define the required surface as the 0-level of the implicit function [3, 20, 21]. The advantage of the iso-
surface extraction approach is that the time complexity is of order the required iso-surface resolution regardless of the
complexity of the input points. In addition, the use of the implicit function during the reconstruction does not introduce
any restriction about the topology of the input object. Moreover, the resulting surface is guaranteed to be a water-tight
surface, i.e., a well-defined information about the object interior and exterior.

Due to the large computational cost of the 3D surface reconstruction algorithms, a number of research has been
conducted to parallelize the surface reconstruction and to execute in a distributed environment. For example, Yau et al.
[2] proposed a GPU-based surface reconstruction technique that parallelize the traditional region growing algorithm.
Their algorithm starts by marking a few subset of points as independent seeds. Each seed is propagated along the surface
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Step 1: The master starts by receiving the dataset as a set of points.

Step 2: Apply noise removal algorithm on the dataset using point set technique.

Step 3: Partition the dataset in n subsets using kd-tree algorithm.

Step 4: Distribute the n data subsets to the m slaves

Step 5: For Each slave:

Receive the datasets, generates a quadratic form to fit the set of points for each subset.
Send the results back to the master.

Step 6: The master receives and merges the results.

Figure 1. The proposed 3D parallel surface reconstruction algorithm.

until the surface is covered by all the seeds. However, this algorithm does not provide a global connectivity of the input
points. In addition, a post-processing step is required to remove the overlapping patches and filling holes. In a similar
manner, Feng et al. [1] proposed a parallel algorithm based on generating contour lines of the sample points in parallel
using the Master-Slave model. Further, a framework is used to run the parallel contour reconstruction algorithm on a
Grid environment using Condor-G. However, this approach has a limitation that the input surface should be convertible
to a layered dataset. This limitation restricts the domain of application to a limited number of domains, i.e., CT scans or
MRI images. Our approach does not have this limitation and it can be applied to any set of points without any
preformatting of the initial form.

I1l. PARALLEL SURFACE RECONSTRUCTION

The 3D surface reconstruction is a computationally expensive task. Therefore, in this section, a parallel 3D surface
reconstruction based on the Master-Slave technique [5] will be proposed. In the Master-Slave parallel model, the master
process divide the dataset into smaller set of datasets, and distributes the datasets onto the slaves. Each slave performs
the required computation on the assigned dataset in parallel with other slaves, and sends the result back to the master
process. Hence, the master process combines all the results, presents the result. Figure 1 shows the general step of the
proposed parallel 3D surface reconstruction in the master-slave framework.

The proposed algorithm starts by a set of oriented points as an input to the master, Figure 2(a). The input points are
processed to remove artificial artifacts like noises, low sampling over the surface, etc. In this step, we reduce the noise
that exists in the point set and resample the point using the point set techniques [22, 23]. The input point are then
partitioned using kd-tree to create local surface patches, Figure 2(b). The number of local patches depends on the shape
of the model and the splitting condition as we will describe later in the following subsection. For each local patch, a
quadratic form is generated to fit the set of points inside this patch, Figure 2(c). This step is parallelized over a set of
slaves, the generation of the quadratic forms is computed over a set of slaves in order to perform the computations in
parallel. The master controls the load balance of the computations between the slaves. Finally, the generated quadratic
form are returned back to the master computer. These quadratic forms is blended together for final mesh extraction by
the aid of the implicit surface framework, Figure 2(d). The following subsections will demonstrate the partitioning of the
dataset, the parallel computation of each slave, and the combination of the results by the master.

A. Dataset partitioning (Spatial partition)

In this subsection, we show how to partition the set of points into a set of local surface patches using the kd-tree [20].
In fact, the spatial partitioning of geometric surfaces, which contain sharp geometric features, into a set of small and flat
patches are well suited for the application of quadratic fitting. The partitioning process starts by initializing a bounding
box surrounding all the surface, as shown in Figure 3. Therefore, we apply the splitting condition proposed by [24]. Each
box of the kd-tree is divided into two sub-boxes if the contained points are not satisfying the following condition

VpEB—> N, >68, S€[0 1]

where 7, is the direction of the normal to the surface at p and 7, is the average normal direction in B.. The previous
splitting condition ensures that there is no surface folding inside the box by,.
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Figure 2. An example summarizing the general step of the proposed method. (a) The input model, 35k points. (b) The spatial partitioning of
the set of points, 2335 partitions. (c) The set of the quadratic forms corresponding to the partitioning.
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Figure 3. The general steps of the spatial partitioning using the kd-tree.

The size of the local surface patch S,which is contained inside b, depends on the value of the threshold §. Small
values of § yield local patches with normal vectors closer to the average normal vector inside each patch. This yields
small size local patches. Experimentally, we have found that choosing § = 0.1 yields a reasonable partitioning result. To
reduce the calculation time, we restrict the number of local points inside each local patch, i.e. if the number of points
inside the local patch is greater than a certain threshold, we repartition this patch. This additional condition is very helpful
in the quadratic patch generation step. In fact, the generation of each local patch, as we will see later, is reduced into
solving the eigenvalue problem of a system of linear equations. The size of this system of linear equations is equal to the
number of points in each local patch. Therefore, minimizing the number of points in each local patch reducing the
complexity of resulting system. Figure 4 shows an example of controlling the number of points in each local patch.

B. The parallel slaves computations (Local surface fitting)

This subsection shows how to fit a set of points into a quadratic surface patch [25]. This set of points is assumed to be
clean, i.e. it has been manipulated such that the noisy points are removed. In addition, we assume that the considered set
of points is sufficiently sampled over the surface. Therefore the resulting quadratic patch fitting the local points reflects
the local behaviour of the actual surface.

(a) (b) (c) (d)

Figure 4. An example of partitioning the Stanford Bunny by restricting the number of points in each local patches. (a) 20k points =
4 partitions. (b) 10k points =115 partitions (c) 1k points = 237 partitions. (d) 100 points = 2727 partitions.
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For each pointp = (px,py, pz) in the local patch S, the objective here is to find a quadratic patch f(p) such that:

f(P) = api + bpy + cp7 + 2epxpy + 2fPyp, + 2gPxD; + 2lpx + 2mpy, + 2np, +d =0
Using the homogeneous coordinated, the previous equation can be represented as the following matrix form:

a e g L]
1le b f m{|py|_
[pxpypz]gfcnpzo
Il m n dltl

In general, the points pf € S, do not satisfying exactly the fitting equation. So that, a minimization step is required to
find the coefficients a, b, ..., d such that the following summation is minimum

To prevent the minimization process from selecting the trivial solutiona = b = -+ = d = 0, we add the following
constraint:

a?+b%+c?+2e?+2f2+2g*+22+2m*> + 202 +d* =1

Using the least square minimization of quadratic patches [25], the minimization process is reduced to 10 x 10 real
symmetric eigenproblem of the form A = DTD, where D isa N x 10 matrix of the form:

[p2, P2 PE PuPy, DPybPz PxPz Px Py Pz i

Where N = |S;landi € [1 N]. The matrix A has 10 real eigenvalues and the corresponding eigenvectors. The
eigenvector corresponding to the smallest eigenvalue represents the coefficients a, b, ..., d that minimize the quadratic
error of the fitting process.

C. Merging the results by the master (Implicit surface generation and extraction)

The generated local patches from the previous step represent closed quadratic patches. Moreover, the quadratic
equations have uniform sign (positive or negative) for the values inside the quadratic patch and zero on the surface and
the opposite sign outside the patch. Therefore, these quadratic patches are considered as implicit functions. Since the
overall surface is the union of the local patches, the overall surface is the blending of these local implicit functions.
Consider that the f; is the quadratic function that represent the local surface S;. The blending of the functions f;are as
follows:

HOEDIIA®)
k
where §,, are defined as the following
_(1 p € By
O = {O otherwise

The value of f(p) = 0 for all the points p which lie on the surface S. We can extract a triangular mesh that sample the
surface S by applying the marching cube technique [26] to the extract the iso-surface f (p) = 0.

The following section presents the Cloud-based architecture which is used to execute the proposed parallel 3D surface
reconstruction in a Cloud Environment.

IV.C LOUD-BASED ARCHITECTURE

Figure 5 shows the overall architecture of the Cloud-based framework for executing the proposed parallel 3D surface
reconstruction, presented in Section 111, in a Cloud Environment. The architecture is successfully used for providing high
performance execution of distributed scientific application, Coupled Model application [7]. Originally, the framework is
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Figure 5. The proposed Cloud-based architecture.

developed to achieve performance control of distributed scientific applications [14] in a dynamic Grid environment. The
Cloud-based framework consists of three main layers.

The first layer is the high-performance control of the application (HPC App) which consists of two main components,
namely communicator and the master process. The master process component starts the main task of the 3D parallel
surface reconstruction, as shown in the algorithm described Figure 1. The communicator interacts with the HPC
Components to send and receive the data and results between the master process and the slaves. The second layer is the
high-performance of each distributed components (HPC Component). HPC component is a software wrapper for each
slave. It handles the communication between the slave and the master process component. The third layer is consists of
the loaders. Once the framework is deployed on the Cloud, each loader starts execution on a virtual machine. The loader
are responsible for starting the slaves for execution by running the proper binary file of the slave for the corresponding
virtual machine configuration. Hence, each slave becomes waiting to receive the dataset from the master process.

V. EXPERIMENTAL SETUP AND PERFORMANCE EVALUATION

This section evaluates the feasibility and the performance of the proposed 3D parallel surface reconstruction algorithm,
described in Section 11, on a private cloud environment using the Cloud-based architecture, described in Section 1V.

A private Cloud is set Using Eucalyptus which is an open source software which implements Infrastructure as a service
(1aaS) Cloud [27]. The laaS infrastructure allows the end user to flexibly execute distributed scientific applications over
the allocated VMs. Eucalyptus is used as the Cloud management layer because of its compatibility with commercial cloud
products such as Amazon EC2 and S3 [27]. This compatibility enables to run a scientific application on a private cloud
using Eucalyptus and a public cloud using Amazon without modification in execution framework or the distributed
application [7]. The experiments are conducted on a private Cloud consists of four physical machines, each machine has
i7 core Intel 2.2 GHz processor and 32GB memory. The virtualization layer is based on Xen hypervisor version 4.3. The
VMs are deployed using Eucalyptus version 4. Each node runs Ubuntu version 12 operating system. OpenMPI version
1.5 is used with Open-MX version 1.4 as an optimised architecture for message passing MPI. 1 Gigabit Ethernet network
fabric is used for networking. Open-MX is used to improve the commination performance of the MPI [28]. On Each
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compute node, a virtual machine is deployed and assigned 4 CPUs and 16 GB memory. As shown in TABLE 1, on each
VM HPC Component is deployed, and HPC APP is deployed on a VM.

TABLE 1.
THE DEPLOYMENT OF THE ADAPTIVE FRAMEWORK ON THE CLOUD RESOURCES.
Compute Node Number deployment

1 HPC APP (Initiate Master)

HPC Component(Initiate Slave)
2 HPC Component(Initiate Slave)
3 HPC Component(Initiate Slave)
4 HPC Component(Initiate Slave)

Figure 6 shows the reconstruction of the same object at a different resolutions, at different level of details. Through

controlling the grid dimension of the iso-surface. It is clear that as the resolution is increased, a better 3D image will be
reconstructed.

Figure 7 shows the reconstructed execution times of the image of the Stanford Bunny in different parallelism using
the proposed parallel algorithm, described in Section 111, where the dataset of the points contains exactly 263,256 data
points. The master will partition the point into 240 patch, and each slave will be assigned the same number of patches to
compute in parallel. It is clear that as we increase the degree of parallelism, the execution performance of the
reconstruction process is improved compared to the sequential algorithm where the number of slaves is equal to zero.
The execution time corresponding to the number of slaves is obtained as the average of 10 executions for each number
of slaves. Figure 8 shows the calculated speed up corresponding to the number of slaves. It shows that the execution
performance is almost double the execution performance the sequential algorithm.

(a) (b)

Figure 6. Reconstruction of the bunny rabbit at different resolutions. (a) The resolution of the grid is 243 partitions. (b) The
resolution of the grid is 643. (c) The resolution of the grid is 2563.

Execution time(Seconds)
Speed Up

1 2 3 1 § 1 rd i i s 6

Number of slaves Number of Slaves

Figure 7. The execution times corresponding to the number of slaves. Figure 8. The speed up corresponding to the number of slaves.

Copyright to IJIRCCE DOI: 10.15680/ijircce.2015.0306090 5344



ISSN(Online): 2320-9801
ISSN (Print): 2320-9798

{13TRCCE)

International Journal of Innovative Research in Computer
and Communication Engineering
(An ISO 3297: 2007 Certified Organization)

Vol. 3, Issue 6, June 2015
VI. CONCLUSION

This paper has proposed a novel parallel 3D surface reconstruction algorithm. The proposed algorithm partitions the
input sample points into a set of local patches that preserves the local neighbourhood properties of the surface using the
kd-tree algorithm. For each local patch a quadratic form is computed. These local quadratic patches are considered as the
local implicit functions defining the surface. Finally, the local implicit functions are blended together to form the global
implicit function. Hence, the required surface is computed by extracting the O-level iso-surface of the global implicit
function. The step of computing the local quadratics, or the local implicit functions, is parallelized using the Master-Slave
parallel model. The master node partitions the set of points’ dataset, using the kd-tree algorithm, into a number of subsets,
local patches. Each slaves performs the computations of the quadratic forms on the assigned local patches in parallel.

Further, a Cloud-based architecture is used to significantly improve the performance efficiency of the proposed 3D
parallel reconstruction algorithm. Experimental evaluations on a private Cloud managed by Eucalyptus have shown that
the speed of the 3D surface reconstruction has improved significantly compared to the sequential algorithm. The future
work will focus on providing adaptive performance management for the execution on a dynamic private Cloud where the
computational nodes have different load conditions. Managing the adaptive performance for the Master-Slave model will
be based on employing an intelligent model for assigning different workloads for the slaves according to the different
load conditions on the computation nodes.
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