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ABSTRACT

3D object reconstruction and rendering have a vital role in
computer vision due to its wide range of applications. There are several
techniques to achieve this, including laser scanner and photogrammetry.
In recent years, artificial intelligence-based methods, such as neural
radiance field, have been proposed and received impressive results. This
paper presents a method that applies photogrammetry for automatic 3D
point reconstruction of an object, and followed by rendering using
Gaussian splatting. In our work, we first capture images of an object
using normal cameras. The capture path involves moving 360 degrees
around the object at 3 different heights. Second, structure from the
motion-based method is employed to reconstruct its 3D point cloud on
the surface of the object. Next, the 3D point cloud is converted to and
considered as initial 3D Gaussian points. Then, these Gaussian points
are trained based on the difference between projection syntheses of
Gaussian points on training images. Finally, a rendering image for a
novel view is produced by projection syntheses of Gaussian splatting on
that surface. Our experiments showed that this flow-chart gives superior
results on 3D reconstruction and rendering. With a small object,
specially a fabric flower model with the size 50cm x 40cm x 40cm, it is
necessary to use approximately 90 training images, and the processing
time needed to generate the 3D Gaussian point cloud for rendering is
about 30 minutes.
TOM TAT

Phuc dung va két xudt doi tuong 3 chiéu hién nay dang cé6 mot vai
tro quan trong trong linh viee thi giac mdy tinh boi nhitng rng dung
rong rdi cua no. Hién nay co nhiéu ky thudt dwoc dap dung aé thire hién

viéc nay, chang han nhie dimg mdy quét laser hodc ky thudt quang tréc
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(photogrammetry). Nhitng nam gan ddy, cdc phirong phdp diea trén tri
tué nhan tao, nhir Neural Radiance Field, di dwoc dé xudt va dat duoc
nhitng két qua dan twong. Bai bdo nay trinh bay mét phirong phdp dp
dung quang trdc dé tir dong phuc dung dam may diém 3D ciia mot doi
tiwong, va sau do sir dung phirong phdp Gaussian splatting dé két xudt
hinh dnh doi twong 3D. Trong viéc nay, dau tién, hinh danh cia doi
twong diege chup bang cdc mdy danh théng thuwong. Qud trinh chup bao
gom viéc di chuyén 360 do vong quanh doi twong va chup & ba dg cao
khdc nhau. Thir nhi, phirong phdp da trén s phuc dung cdu tric tir
chuyén déng (structure from motion) dwgc sit dung dé tdi tao ddm mdy
diém 3D trén bé mat doi twong. Ké tiép, dam mdy diém 3D nay duwoc
chuyén doi va coi nhw cac diém Gaussian 3D khoi dau. Va roi, nhing
diém Gaussian nay sé dwoc tién hanh hudn luyén dé két xudt bang cdach
161 wu héa suw khdc biét giita cac phép tong hop hinh chiéu (projection
syntheses) ciia dam mdy diém Gaussian trén cdc hinh anh hudn luyén.
Sau ciing, hinh anh két xudt tir mét géc nhin bat ky dwoc tao ra bang
cdch tong hop hinh chiéu ciia nhitng Gaussian trén mét phang goc nhin
méi do. Thiee nghiém ciia chiing t6i cho thdy rang qui trinh nguyén 1y
nay mang lai két qud wu viét trong phuc dieng va két xudt hinh dnh ciia
vt thé 3D. Véi mét doi tiwong nho, cu thé nhw mot mé hinh béng hoa
bdng chat liéu véi ¢6 kich thude 50cm x 40cm x 40cm, s6 lwong hinh
danh can thiét cho hudn luyén la vao khodng 90 danh, va thoi gian can

xik Iy dé tdi tao vt thé 3D la xdp xi 30 phiit.

1. INTRODUCTION

View synthesis is a task of presenting an object
or a scene in any novel view from a few viewpoints
captured by camera. One approach to achieve this
is based on 3D geometry where an object is
represented by a point cloud [1], a set of voxels [2]
or of meshes [3] which are generated from images
captured from different positions, as shown in

Figure 1.

(a) (b) (c)

Figure 1. Presentation of a 3D object using
point cloud, voxels and polygon mesh
In recent years, several learning-based methods
have been proposed for novel view synthesis.
These approaches have gained significant
prominence. A neural radiance field (NeRF) [4]
presents an object by image generated from a

neural network. This technique uses spatial
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locations (x, y, z) and view directions in Euler
angles (6, ¢) of pixels as inputs to train a neural
network for predicting the output colors and
opacity. Subsequently, several NeRF-based
methods have been developed to achieve better
rendering results such as MIP-NeRF [5], MIP-
Nerf 360 [6]. In 2023, a new technique was
introduced in which an object was rendered by 3D
Gaussian splatting [7]. This method shows that it
improves both rendering quality and training time.

This paper presents a method to automatically
reconstruct a 3D point cloud model, and employs
Gaussian splatting to render 3D object using
images or videos captured by normal cameras. It
helps to reduce manual work in 3D object
reconstruction and rendering.
2. RESEARCH METHODS

Our method consists of three main steps:
discovering methods, collecting data, and proposing
and applying an effective method for 3D object
reconstruction and rendering. We started from
methods which use mesh-based rendering to the
most up-to-date approaches such as neuron-based
ones. Then, we focused on 3D Gaussian-splatting. In
our work, a variety of cameras was used for data
collection. After that, we installed open sources and
support free-ware which are cited and downloaded
from Github. Finally, our developed code is
deployed on a computer with GPU Nvidia RTX
3090T1, 64GB Ram for training and testing.
3. RESULTS AND DISCUSSION
3.1 Gaussian splatting

3D Gaussian splatting (GS) [7] is a
rasterization technique which converts 3D
Gaussian points in 3D space for photorealistic
rendering. The difference from a mesh-based
representation is that instead of using polygon

mesh which is created from at least 3 points

(triangular mesh), the GS-based technique uses
Gaussian. To present an object, the mesh-based
method uses a set of polygons, while 3D-GS does
a set of Gaussian points as depicted in Figure 2

and Figure 3.

Figure 2. Presentation of an area of an object.

P3

Left image and right images present an area

of an object using triangular and Gaussian,

respectively.

Figure 3. Presentation of an area of object by
combining of triangle mesh (left image) and
3D Gaussian (right image)

A Gaussian point is defined as in Eq. (1)

G(xlp,T) = e 0w ()
where u €R® represents the spatial mean and
X eR* denotes the covariance matrix. To ensure
validity throughout the optimization process, the
covariance matrix X is decomposed into a scaling
matrix § and a rotation matrix R as Eq. (2).

> =RSSTRT (2)

During the rendering process, the 3D
Gaussians are projected onto a 2D plane of
camera. Given a viewing transformation W, the
covariance matrix X' in camera coordinates is
given as Eq. (3).

X =jwiwTjt 3)
where J represents the Jacobian of the affine

approximation of the projective transformation. Each
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Gaussian is associated with an opacity value oand a
view-dependent color ¢, determined by a set of
spherical harmonics coefficients. The pixel color C'is
computed by performing o-blending on the sorted
2D Gaussians, starting from the front and
progressing toward the back, as shown in Eq. (4):
C=XienTiG (u | ¢/, 2Noicy, “4)

where T; = [T723(1 = ien TiGi (1 | #,X")ay)
3.2 Optimization

The optimization is based on a comparison
between the rendering images with the training
images. This process is iterated on all images in
captured dataset. To optimize, the derivatives of
scale and rotation of each Gaussian point need to
calculate. Assume that ¥/X' are the world/view
space covariance matrices of the Gaussian, q is the
rotation, and s the scaling, W is the viewing
transformation and J the Jacobian of the affine
approximation of the projective transformation. The
derivatives w.r.t scaling and rotation are calculated
as Eq. (5) and Eq. (6) using the chain rule.

ay’ _ ax'dy

ds d¥ ds (5)
o _ax'ar
dqg  dX dg ©)
ay’ Uy,iUq U1,iU2,j>
where —=< , U=JW,
0%, \UpjUz; UziUy

Y _dTdM dr _dTdM .. po dE o
ds_des’dq_deq’M RS, dM_ZM ’

and

oM;j {Ri,k lf] =k

For scaling: sk~ |0 otherwise

For rotation, we recall the conversion from a
unit quaternion ¢ with real part ¢, and imaginary

parts ¢, g;, g to a rotation matrix R:

R(q) =
(@ +ad) (g -aa) (60— a.q))
2| (a4 - ¢va) 53— @ +aD0 (40— ¢-q) @

(@a = ara;) (g0 +9ra;) 35— (a? +af

Then, the gradients for the components of ¢
are calculated as Eq. (8), Eq. (9), Eq. (10), Eq.
(11). Deriving gradients for quaternion

normalization is straightforward.

0 —SyQk Sz4j

oM
6_qr = 2| Sxqk 0 —Sz4i 3
—Sxqj Syqi 0
oM 0 _Syqj Szdk
g = 2| 59 —2syq;  —S;qr )
—Sxqk Syqr _Zszqi
am _stqj Sydi Szdr
3a. =2 Sx4ji 0 Szdk (10)
qj

—Sxqr Sydk _Zszq]’

—ZSqu _Syqr Szdj
=2 Sxdr —ZSqu —Sz(qj (11)

0qx
Sxqi Syqj 0

The optimization for getting good renders
includes 3 components: good initialization,
differentiable  optimization, and adaptive
densification. For the initial point cloud, we can
use any methods to reconstruct the 3D point cloud
of the object. A well-known method which is
usually used for automatic reconstruction is
structure from motion [8],[9]. Then, the process
of differentiable optimization and adaptive
densification are described as Algorithm 1, in
which the densification is a process of splitting a
point becoming 2 points if the size of the
Gaussian point is large.

Algorithm 1: Optimization and Densification
w, h: width and height of the training images
M <« initial points
S,C,A < Initialize attributes()
i<0

while not converged do

V, I — SampleTrainingView()
I < Rasterize(M, S, C, A,V )
L « Loss(I, I)

M,S, C, A— Adam(VL)
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if IsRefinementlteration(i) then for all
Gaussians (4, Z, ¢, a) in (M, S, C, A) do
if a <€ or IsTooLarge(u, X) then
RemoveGaussian()
end if
if VpL > 1, then
if ||S]| > s then
SplitGaussian(u, %, ¢, @)
Else
CloneGaussian(y, X, ¢, @)
End if
End if
End for
End if
i—i+1
End while
3.3 Block diagram of system
Figure 4 presents the flow chart for novel view
synthesis of an object in this work. First, the

images are acquired from any cameras. Second,

using any methods for 3D reconstruction. These
points are considered as initial points for training.
The training process uses the point cloud, render
in a specific pose and location of an input training
image. Then, the difference is used to update
Gaussian point parameters. The training finishes
when the number of steps is met. For the render
phase, an image in novel view is obtained by
synthesis of projected trained Gaussian points on

a specific pose and location.

=%
/S

"\

]

Figure 4. View point path planning for object

the poses and positions of images are estimated. capture
Next, the point cloud of object is obtained by
Image Pose/position Point cloud . Save Gaussian
A8€ 08 . =»| Training [ i
acquisition estimation reconstruction point cloud
(a) Flow-chart for training
Pose/location Gaussian point .
. > P =»|  Projection [ Render
input cloud

(b) Flow-chart for rendering

Figure 5. Flow-chart for training and rendering of an object from sparse images

3.4 Experiment
3.4.1 Experiment setting up

In our experiments, first, a short video of an
object was captured for image retrieval using
hand phone camera. To get better result for

rendering an object, we captured 3 rounds of 360

degrees surrounding the object, one on the top,
one the middle, and the last one on the bottom, as
shown in Fig. 5. Second, the images were
obtained by extracting frames from the video
with 1 frame per second. A requirement in this

step is that an extracted image must have overlap
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regions with its neighbors. The overlap regions
have to be sufficiently large so that they can use
for pose and location estimation. In our
experiments, overlap areas are around 70% with
sampling 1 frame per second. Next, the structure
from motion method is applied to estimate
camera poses and positions of extracted frames
automatically. Then, the point cloud for the
object was generated based on matching points in
multi-view. Finally, this point cloud was
converted to and considered as an initial Gaussian
point cloud for training. After training completed,
it can be used to render the object at any novel
views. An interactive viewer was utilized to
capture a position and rotation in the real-world
coordinate system, and used as inputs to render
an output image of the object.

3.4.2 Experimental results

In this paper, we did experiments on 2
objects: an elephant toy and a flower model.
First, we used an Iphone to record a video of the
elephant model in 65 seconds, and the flower in
93 seconds. Second, frames of the video were
extracted with 1 frame per second. Figure 6 and
Fig. 7 presents some images of the elephant and
flower models. The structure from motion method
was used for automatic camera pose estimation.
Figure 8(a) and 8(b) show the camera poses of
extracted images for elephant and flower models,
respectively.

After training completed, Gaussian points are
used for rendering. Figure 9 and Fig. 13 present
visual comparison between a rendering view and
its ground truth image. Figure 10 and Fig. 14
show rendering images in arbitrary novel views.
To see the affection of Gaussian scale, we
presented rendering images in different Gaussian

scales as shown in Fig. 11 and Fig. 15. Finally,

the rendering model in novel views is shown in
Fig. 12 and Fig. 16. Comparing between the input
images and the rendering images visually, it can be
seen that Gaussian splatting is a good technique to
present the 3D objects. These rendering scenes can
be embedded to a game engine for further
applications. Besides visual evaluation, we also
recorded consuming time for the whole process.
With about 60 and 90 images of elephant and
flower models, respectively, the processing time is

around 20 minutes and 30 minutes.

model

Figure 7. Captured images of the flower

model
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Figure 8. Estimation of camera poses and
positions. (a) for elephant model. (b) for flower
model

View point 2

Figure 11. Rendering images of elephant
model in different Gaussian scales. From left

to right, top to bottom, the scales are 0.01,

0.2, 0.5, and 1.0, respectively

|
“TI

Rendering Ground truth
Figure 9. Visual comparison between
rendering and input images of elephant model

Figure 12. Rendering images from novel

Figure 10. Rendering images in novel . .
. . viewpoints of elephant model
viewpoints of elephant model
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/é N / ] SR
Viewpoint 2
Figure 15. Rendering images of flower model

in different Gaussian scales. From left to

right, top to bottom, the scales are 0.01, 0.2,

Rendecing Ground truth 0.5, and 1.0, respectively

Figure 13. Visual comparison between

rendering and input images of flower model

Figure 14. Rendering images in novel

viewpoints of flower model

Figure 16. Rendering images from novel

viewpoints of flower model
4. CONCLUSION
This paper presents a technique for automatic
3D reconstruction and rendering of an object using
structure from motion and Gaussian splatting. In

our work, we used normal and cheap cameras such

Viewpoint 1 as phone cameras. This helps people able to
reconstruct their interesting models using their
devices. From experiments, it shows that this

method gives a good quality for visualization.
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Therefore, it is suitable to use in some applications
that require high quality. With consuming time for
the whole process to be around some minutes, this
technique makes it become more practical for
model reconstruction. In addition, the rendering
technique is based on projection of Gaussian, it
does not require devices with high configuration.
The viewer can even run on webGL for rendering.
With the above points, this method can be
deployed in many applications in the future.
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