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Abstract Off-line reconstruction of rigid scene has
made a great progress in the past decade. However, the
on-line reconstruction of non-rigid scene is still a very
challenging task. The casting process is a non-rigid
reconstruction problem, it is a high-dynamic molding
process lacking of geometric features. In order to
reconstruct the casting process robustly, an on-line
fusion strategy is proposed for dynamic reconstruction
of casting process. Firstly, the geometric and flowing
feature of casting are parameterized in manner of
TSDF (truncated signed distance field) which is a
volumetric block, parameterized casting guarantees
real-time tracking and optimal deformation of casting
process. Secondly, data structure of the volume grid is
extended to have temperature value, the temperature
interpolation function is build to generate the temper-
ature of each voxel. This data structure allows for
dynamic tracking of temperature of casting during
deformation stages. Then, the sparse RGB features is
extracted from casting scene to search correspondence
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between geometric representation and depth con-
straint. The extracted color data guarantees robust
tracking of flowing motion of casting. Finally, the
optimal deformation of the target space is transformed
into a nonlinear regular variational optimization
problem. This optimization step achieves smooth
and optimal deformation of casting process. The
experimental results show that the proposed method
can reconstruct the casting process robustly and
reduce drift in the process of non-rigid reconstruction
of casting.

Keywords Non-rigid - Online reconstruction -
TSDF

1 Introduction

In recent years, with the introduction of depth sensors,
researchers began to study high-speed algorithm of 3D
reconstruction. Newcombe et al. [1] proposed an
effective method to reconstruct 3D scene in real-time,
but his method is usually interfered by noise.
Researchers have improved the underlying data
structure and the depth fusion feature of 3D recon-
struction algorithm, a variety of reconstruction meth-
ods [2-4] are presented to provide high quality
reconstruction [5].

These methods are able to reconstruct static scene
effectively, but these methods can not reconstruct
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non-rigid scene. However, the non-rigid reconstruc-
tion is widely used in industrial field. At present,
there are many geometric-tracking methods, either
multi-view camera or single RGB-D camera is used
for reconstruction in these methods [6]. These
methods need initial template for tracking, then the
template must be updated according to geometric
details. This object-specific template limits the
applicability to static scene, it is often difficult to
reconstruct dynamic scene in practice. To this end,
researchers present the template-free method [7], but
the real-time performance of reconstruction can not
be guaranteed.

Recently, the Dynamic Fusion method proposed by
Newcombe et al. can reconstruct the implicit surface
and deal with the reconstruction and tracking problem
of the hard joint model at real time [8]. The algorithm
achieves detail reconstruction of non-rigid scene.
However it is also limited by reconstruction time.
Because the color information is omitted, the tracking
strategy can not effectively track the tangential
motion. And the depth only strategy is also easy to
generate cumulative error. To solve this problem, this
paper uses sparse RGB feature to improve the tracking
robustness.

Our algorithm captures discrete and subtle shape
deformation by dynamically tracking the scene, rather
than using rough deformations. ARAP (as-rigid-as-
possible surface modeling) [9] is applied to the spatial
region of the embedded surface, and it is combined
with the automatically generated volumetric block to
extract the geometric complexity. Volumetric block is
an effective multi-resolution deformation control
field, it is build to solve the nonlinear optimization
problems. Finally, the robust alignment is achieved by
the correspondence of sparse SIFT, reducing the drift,
and realizing the stable tracking of the motion of
casting process. The main innovations of the non-rigid
reconstruction method proposed in this paper are as
follows:

1. A dense surface volumetric representation method
is presented to parameterize the geometric surface
and the motion of casting.

2. The globally sparse SIFT correspondence is build
to achieve robust loop-closed-tracking.

3. The optimization strategy of space deformation is
designed to solve the real-time tracking problem
in the non-rigid alignment process.
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2 Related Work

The static reconstruction method based on RGB-D
scanning is divided into point-based representation and
grid-based representation method [10]. Following the
development of depth sensors, the implicit surface are
normally used for reconstruction [11]. The implicit
surface can effectively regularize the noise of low-
resolution data. Based on this surface representation,
there has been a way to reconstruct geometric details in
real-time. For example, the static reconstruction method
proposed by Newcombe et al. in 2011 captures the
truncated signed distance field (TSDF) to achieve dense
reconstruction of the scene at sensor rate [12].
Rusinkiewicz et al. proposed iterative closest point
(ICP) algorithm that can perform model-to-frame
tracking in real-time [13]. Steinbruecker et al. proposed
a multi-resolution reconstruction algorithm that extends
surface representation to larger volumetric reconstruc-
tion [14]. In recent years, on-line reconstruction meth-
ods are mostly based on sparse feature tracking, motion
structure and multi-view combination. They are inte-
grated into a signed distance field to achieve the on-line
reconstruction of geometric surface [15-17].

These static reconstruction methods perform well
for solid scenes, they still can not be adapted to non-
rigid reconstruction. In order to do dynamic recon-
struction, several methods are proposed to track non-
rigid deformation in real-time. For example, Collet
et al. [18] proposed the use of multiple RGB or depth
inputs to achieve non-rigid tracking of certain types of
objects. Guo et al. [19] also proposed a template-based
approach for tracking deformed mesh. Garg et al. [20]
proposed a non-rigid self-motion method that captures
the deformation geometry of RGB video, whereas the
reconstruction results are rough. Thus, non-rigid
reconstruction methods compensate the deficiency of
traditional static reconstruction method. For example,
Li et al. [21] proposed a non-rigid method to track
deformation of objects, the objects is scanned by
RGB-D camera, but an initial step is needed to
integrate the static templates before reconstruction. To
this end, template-free method is proposed for tracking
of moving scene in real-time [22]. Most of these
tracking methods are based on empirical analysis of
captured motion. Therefore, in addition to the time
problem, the drift and over-smooth are also a long
input sequence problems. DF method uses RGB-D
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input to reconstruct non-rigid scene. The method uses
sparse deformed graph to achieve the optimization of
the non-rigid motion.

The works of Agudo et al. [23-27] and others [28]
provide online solutions for the dynamic domain,
using exclusively a sequence of RGB images. It is
worth noting that the Non-Rigid reconstruction meth-
ods proposed by Agudo et al. can run even in real time
at frame rate of 30 Hz.

Most of these methods reconstruct non-rigid scene
such as people or objects, they can not reconstruct the
process of casting. In this paper, TSDF is embedded
into the deformation of casting, color features are used
for matching correspondence between frames, these
features are also used as global anchors to reconstruct
casting.

3 System Outline

We use an RGB-D sensor running at 30 Hz frame rate
to capture the frame sequence of casting. The color
and depth image are captured in resolution of
640 x 480. The truncated signed distance field
(TSDF) is used for parameterizing the geometry and
deformation feature of casting [29] (see Sect. 4). The
geometric and color information of casting are stored
in its undeformed mesh. In order to define the rigid
transformation of each voxel, the deformation field is
stored at the same resolution as TSDF. In each input
frame, the deformation field is continually updated and
the new RGB-D image is integrated into an unde-
formed shape. The reconstruction pipeline of our
method is shown in Fig. 1. The polygon mesh of shape
P is first generated, which is the isometric surface of
the current deformation field. Then, the correspon-
dence between P and depth graph is matched robustly
based on the sparse RGB feature and the dense depth
data (see Sect. 5). The space deformation is adjusted
to match the best correspondence. The update of the
deformation field is repeated in iterative closest point
(ICP) manner. Next, the depth and color data of each
captured frame are integrated into the TSDF. In each
reconstruction step, a data parallel iterative strategy is
used for solving the high dimensional nonlinear
optimization problem of space deformation (see
Sect. 6). Finally, the non-rigid reconstruction of
casting is done in real-time, the comparison is made
between the advanced methods (see Sect. 7).

4 Deformation Field with Temperature Feature

We reconstruct non-rigid scenes by combining sur-
face reconstruction and motion tracking. In this
paper, the truncated signed distance function (TSDF)
is used for representing the initial undeformed model,
and the deformation field is used for tracking motion.
First, the model is initialized through regularization
of volumetric grid, the points of grid are saved in
index table. Each grid point stores six properties, the
first three properties are truncated signed distance of

D; € R, color values C; € [0, 255]3 and confidence
weights W; € R. The function values of D at the zero
point represent undeformed meshes, which are
referred to as canonical gestures. The essence of our
deformation is the newly acquired depth data is
continuously fused into this canonical frame and the
D is updated according to the confidence weight to
achieve non-rigid deformation. The last three proper-
ties store the information of the current space defor-
mation. For each grid point i, the position of the
deformed point is stored in #;, the current rotation angle
is stored in R; (3 Euler angles), and the temperature
value of the point is stored in 7;. The improved data
structure with the temperature property is shown in
Fig. 2.

In this paper, the temperature interpolation function
is proposed to calculate the temperature field of
casting, the temperature field refers to the change of
the temperature with time or space. The finite element
method [30, 31] is used for establishing the temper-
ature function (7) of the voxels of casting. The four
vertexes of voxel are numbered according to right
hand criteria in clockwise direction, see Fig. 2. The
calculation of the temperature field during the casting
process is defined as follows:

T = N;T; + Nj/T; + Ni T + N/ T, (1)

in which, N;,N;,Ni,N; is the shape factor, which
defined as follows.

(ai + bix + c;y + diz)
(a; + bix + ¢cjy + djz)
(ar + brx + cry + diz)

(a1 + bix + iy + diz)
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Fig. 1 Reconstruction pipeline of our method. The polygon
mesh of casting is first generated, which is the isometric surface

test result

of the current deformation field. Then, the correspondence
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Fig. 2 Space deformation with temperature property. The four nodes of the voxel (e) are defined by the direction of the
counterclockwise and right-hand helix, the temperature properties of point are saved as a tuple in data structure

in which, a;_;, b;_;, c;_;,d;_; is constant value, V is the
volume of voxels. T;, T;, Ty, T; is the pouring temper-
ature of points.

When the metal liquid is poured into the cavity,
pouring temperature (7)) refers to the temperature of
the metal liquid. This temperature is composed of two
parts: liquidus temperature (7)) and super-heat (7).
Liquidus temperature is determined by the chemical
composition of the metal liquid itself. The chemical
compositions of the metal liquid used in this paper are
as follows: 3.6% C, 0.1% Cu, 0.036% Mg, 0.15% Mn,
0.007% Mo, 0.029% Ni, 0.016% P, 0.02% S, 2.65% Sn
[32]. The liquidus temperature is calculated as follows:

T, =1538— > aw (3)

i:chem'ic.al

composition
in which, a; = a¢, acy, amg, apn, amo, ani, a,, as, asy, it
is the temperature coefficient of the chemical compo-
sition.w; = Wes Weus WMgs WMns WMo s WNiy Wpy WSy, W, it
is the ratio of chemical composition contained in the
metal liquid. 1538 is melting point of pure iron. Based
on the pouring temperature of each points, the
temperature of casting is computed by the formula

(1), the computed result is stored as a property of
TSDF which is integrated into the deformation field. In
this paper, we get the temperature of casting after
matching correspondence.

At the top of the deformation field, the rotation
angle (R) and displacement (¢) are defined to simulate
the global motion of the scene. Each grid point is
initialized to zero, except for the position of #;, and ¢ is
initialized as the displacement of regular grid. Unlike
the dynamic fusion method, the regular volumetric
mesh g is more close to the shape of the real scene, it is
more suitable for dynamic relocation of the spatial
position of the non-rigid object. The property values of
the grid points are obtained by tri-linear interpolation.
The change of the position of the points is achieved by
the space deformation function:

S =R- (O () ) + 1 (4)

in which, length is the number of points, o;(x) is the tri-
linear interpolation weight. P is the current deformed
surface, P = s(P).

We get P from the volumetric block, the deforma-
tion is applied to the grid point. First, a thread for each

@ Springer
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grid cell is used for extracting the final set of triangles.
The resulting vertex is deformed immediately accord-
ing to the current deformation field, and the P is
obtained. The deformed grid is used for matching
correspondence. The algorithm steps are as follows:

5.1 Dense Depth Correspondence

Depth correspondence is established by fast projection
association steps. Different from the traditional

input. P //deformed camera attitude map, represented by R and 7.

i //latest added point
k //pouring rate

output. S //deformation field with grid points

Stepl. m =length(S)
if m=0 then

//initialize the deformation field according to the initial camera attitude

Sy =t

m=m+1

=0
P=P

1

Step2. for i to length(P)//add a new node to the deformation field

ity = s
Srﬁ =1
m=m+1
Pl =P,
Step3. end

, > k then

5 Matching Correspondence

The deformation field is updated by matching
correspondence between the current shape P and
the new frame. The new frame consists of depth data
and color data. The dense depth-correspondence is
obtained through data-parallel projection (see
Sect. 5.1); The sparse color-correspondence is
obtained through RGB data (see Sect. 5.2). Since the
sparse color descriptors do not change with space
deformation, it is used as a global anchor for dynamic
and robust tracking of deformation targets. The
matching process with temperature feature is shown
in Fig. 3.

cesS

(2o wel(1 = ea/x)S20x = S8) + (1 — & /2)8 + (1 — &/2)8;)) — 8%

method, we extract a mesh-based isosurface (S) and
rasterize it, then, the sample points (S,) of the current
isosurface is obtained. Each S, is projected into the
current depth map (D;), the sample points are read at
the projection position to generate a correspondence
between S. and S¢. In order to measure the similarity,
we calculate their world spatial distance (HSC — 8¢ Hz)
and the normality of the normals (S, o S%).

In order to ensure the accuracy of reconstruction,
we set three thresholds: distance (g;), normal offset
(¢,) and camera angle (g,). The correspondence is
filtered by setting the confidence of the correspon-
dence to zero (w.=0). The confidence of the
correspondence is computed by formula (5):

: (5)

we(x)=11- 7

@ Springer



3D Res (2017) 8:32

Page 7 of 16 32

match the previous
frame

Fig. 3 Correspondence matching process with temperature
feature. The deformation field is updated by matching corre-
spondence between the current frame and the next frame. After

in which, d is the Euclidean distance to the nearest
point x.

5.2 Sparse Color Correspondence

In this paper, dense and sparse correspondence are

combined to improve tracking stability and reduce
drift. To this end, we use GPU to compute SIFT to

Fraction Liquid
%

’— Empty

incremented g

. . 64.3
fusion with
57.1
temperature

match the current 00
frame

incremented fusion, the frame with temperature properties is
incrementally updated to match the new frame

match all previous input frames. When a new frame is
captured, all feature points are projected to the
previous frame through deformation field. Assuming
that a rigid transformation is used for the matching
between the previous frame and the current frame, the
reconstruction pipeline consists of four aspects: key
detection, feature extraction, correspondence match-
ing and correspondence filtering. The correspondence
matching algorithm is as follows:

input. L //the control points of frame
Dinax //the maximum change of the depth of point
[1,-1, M,,.1] //the depth correspondence of the previous frame
[1,, M,,] //the depth correspondence of the current frame

R'//rotation angle of camera
t' //displacement of camera

&t . C //correspondence list

K. //global corresponding points

Stepl. i=axyxblock+ yxthread

//initialized points
if thread =0 then
k=0

syncthreads() //synchronize all points within a thread
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Step2. forz=0to y//all pixels within a thread

p=L,
z=M,(p)
if zthen

//if the depth data is valid then transform coordinate
5.2 =2R (p)") +1!

p= (x—,,L, T //project to previous frame
z Zz

if isinlmage( p”")
d= Mnfl (p,) s

li = (p7p,’1n(p)_[n71(p,)) 5 Kc ++
//added correspondence
Step3. syncthreads()//synchronize thread

b = yxthread
C =1,
Step4. end

In this paper, data parallel strategy is used for
searching key position in RGB-D image, the searching
result is set as the maximum value of zooming field. It
contains 4 octaves, each with 3 levels. Where only the
extremes with valid depth are used, then the key points
are integrated into three-dimensional space. All key
points of the same scale are stored in an array and
managed by an atomic counter. The maximum number
of key points is 150 per image. Our algorithm
associates each key point with up to two gradient
directions.

A 128-dimensional SIFT descriptor is calculated
for each valid key. Each key consists of its three-
dimensional position, scale, orientation, and SIFT
descriptors. Key points and descriptors are extracted in
resolution of 640 x 480, and the required GPU
processing time is 8 ms.

In this paper, all extracted features are stored for
matching correspondence in subsequent frames. The
feature distance from the current to all previous frames
is calculated, and vice versa. The best matching
correspondence in both directions is determined by the
minimum value of the shared memory. There are 128
correspondence between two frames. The correspon-
dences are stored in order by sorting the feature
distance. The algorithm preserves 64 best correspon-
dence between frames.

@ Springer

6 Space Deformation

In order to reconstruct the non-rigid surface in real
time, the space deformation is updated at the frame
rate, and the robust reconstruction of the casting
process is realized. The algorithm uses the dense
projection ICP to estimate the global pose parameters
of the correspondence. In this paper, objective func-
tion is defined on the deformation field to optimize the
non-rigid transformation. The deformation process is
shown in Fig. 4.

In order to guarantee the robustness of deformation,
the optimal parameter is defined as a nonlinear
variational optimization problem. The following
objective functions are defined:

Etotal (X) = WrEreg (X) + WsEsparse (X) + WdEdense (X)
+ Weo Econ (X )

(6)

in which, E,,, represents that the object is regularized
by local rigid deformation in the previous frame.
Egarse Tepresents the sparse color correspondence,
Egense represents the dense depth correspondence.
Confidence weights refer to w,, wy, wy and w,,, it
controls the relative impact of different object, it
remain constant during the reconstruction process.
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Our method is build upon non-rigid fusion strategy,
the depth data of each RGB-D frame is incrementally
integrated into the TSDF. Our non-rigid fusion method
defines a deformation field through the whole recon-
struction. We only integrate to the voxel M (a ring of
the current isosurface). It contains at least three
optimization step (Kyin = 3) to ensure that the data
is fused into the specific region of deformation,
avoiding the overlap of the geometric details. The
isosurface is expanded to handle previously invisible
geometric features. This extension needs to add new
points to the grid, because the new point has not yet
been included in the optimization process, the location

deformation

0.8

‘

0.6

0.

o

0.2

Temperature gradlent( C/mm)

of these grid points and rotation properties does not
match the current deformation. We initialize the
position and rotation of each new grid point by
extrapolating the current deformation field.

7 Experimental Results
7.1 Qualitative Analysis
The core of our method is to integrate the temperature

feature into TSDF and use the sparse RGB feature as a
global anchor for robust tracking. Figure 5 shows the

temperature
curve
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Fig. 4 Casting deformation and temperature gradient. Illumi-
nation curves of casting are presented under 3-level deforma-
tion. The albedo of the first level is higher than that of the
adjacent area, the illumination curve of the first layer changes

100 200 300 400 500

time(s)

drastically. Compared with other level, the lighting mutation
occurs continuously in first layer of 1-level. While the shading
optimization is done level by level, the illumination curves tend
to be smooth, the mutation is reduced
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reconstruction result of our method. In the absence of
geometric feature, dense depth correspondence will
cause drift, especially for tangential motion. We
successfully track and reconstruct scene by including
color feature. For low-resolution deformed grids, the
deformation field is not soft enough to handle fine-
scale deformations. Using only depth data results in
inaccurate tracking and local drift. When the target is
violent and the geometry is not obvious, it will cause
failure tracking. In this paper, we combine the RGB-D
map with the color feature to reduce the drift, the
reconstruction result matches the deformation grid
with high resolution.

We compare our method with method proposed by
Li et al. In Li’s method, the pre-scanned template is
reconstructed from the static sequence. In our method,
we do not need the pre-scanned template, the perfor-
mance of our method can be quantitatively evaluated
by calculating the geometric distance of the template
which is fused into the first frame at last. In Fig. 6, the
fusion result of our method is shown in yellow one, the
blue one is the fusion result of Li’s method. Compared
with the template-based method, the reconstruction

error of our method is less than that of Li’s method, our
method obtains a higher quality without the need for
an initial template.

Our method reconstruct casting in better way
compared with other method. The local deviation of
our method is less than 1 ms, the RGB feature is
extracted as the anchor of correspondence, this anchor
reduces the drift, it guarantees the robustness of
tracking. In addition, our method reconstruct casting
in higher resolution compared with DF method, our
method keeps the geometric details of reconstruction
in large scale.

In Fig. 7, the tracking stability of our method is
shown, and each surface is fused according to the
position of the point in the canonical grid. In the case
of non-rigid tracking, the surface features remain
constant and the surface will change its structure over
time in the event of tracking failure or drift. Our
method robustly tracks the surface points throughout
the sequence, and all points remain stable in their
undeformed position without drift. Table 1 presents
the noise intensity, the external point ratio, the
reconstructed projection error (RPD), and the 3D

Temperature
°C

(_1 Empty

1402
1396
1390
1384

1378

1373

1367

1361

1355

1331

1325

1319

Fig. 5 Non-rigid reconstruction with temperature feature (casting Cl). In the absence of geometric feature, dense depth
correspondence will cause drift, especially for tangential motion. We successfully track and reconstruct scene by including color feature
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Fig. 6 Comparison between our method and Li’s method
(casting C2). The fusion result of our method is shown in yellow
model, the blue one is result from Li’s method. Compared with

point estimation error (3PEE) in the dynamic fusion
process. 3PEE refers to the Euclidean distance
between 3D point and the estimated value. It can be
seen from the table that the average error of recon-
struction of C2 casting is between 0.025 x 10~7 and
4.374 x 107!, It can be seen from the experimental
results that the reconstruction accuracy decreases
smoothly with the increase of noise, and no mutation
occurs.

7.2 Quantitative Analysis

In this set of experiment, our algorithm is quantita-
tively tested by synthetic depth and RGB data. A grid
is generated from 10 virtual observation points with a
given camera track. By radiometric projection, a
quantitative depth map is obtained from the real
model, Gaussian noise is added to simulate the true
depth sensor characteristics. In order to generate color
data, we set the surface reflectivity to a uniform value
and use a spherical harmonic function to illuminate the
model. Our method is compared with the micro-
scanning method (WMSM) proposed by Wang et al.
[33]. Table 2 shows comparison result of two meth-
ods. The results of WMSM include W_a, W_b and
W_c. The results of our method are named S_a, S_b
and S_c. The geometrical model of casting is cut by
virtual plane, and the cross section is projected into
horizontal coordinate system. The casting before
optimization is then projected onto the horizontal

7.000-5.000-3.000-1.000 1.0003.000 5.000 7.000

50.0
45.0
40.0
350
30.0
25.0
20.0
15.0
10.0

5.0

0.0
-7.000-5.000-3.000-1.000 1.000 3.000 5.000 7.000

#_point %
223 02569

399 00445

362 00403
609 00679
2245 02502
639120 712255
215806 24.0501
16103 17946
7040 07846
3555 03962
2324 02590
7433 08284

distribution(+/-) # point %
0 0.0000
2 00250
o 0.0000
1 00125
140 17467
373 466126
2856 356332
690 86089
78 5963
B 0an7
£ 0azat
a 05115

a2aT«T =T=]=]«]«]=]=

the template-based method, the average error of reconstruction
of our method is less than that of Li’s method, our algorithm
obtains a higher quality without the need for an initial template

plane using the same method. The two projection
curves are fitted to calculate the error distance between
the two surface geometries, several key points are
extracted from the projection and the error results are
displayed at these critical points. The maximum
threshold is set to 2, the maximum nominal value is
set to 0.2, the minimum threshold is set to —2, and the
minimum nominal value is set to —0.2. Table 2
includes the maximum positive deviation (Mpd), the
maximum negative deviation (Mnd) and the standard
deviation (sd). The excess of the maximum threshold
(emc) is calculated as a percentage, and the excess
minimum threshold (emt) is also expressed as a
percentage. When the tangent plane is projected to the
vertical direction, the deviation results are shown as
W_a and S_a. The mean standard deviation of W_a is
2.3921 mm and S_a is only 0.6102 mm. Compared
with WMSM, the matching accuracy of our method is
improved by 18%.

Since WMSM needs to enter the initial mesh, we
extract the initial mesh from the implicit surface. Our
method takes about 11 s to reconstruct C1 and C2
casting. Because WMSM needs to minimize the
objective function, the computational complexity is
higher. WMSM reduces the artifacts by assuming a set
of albedo clustering, but the texture error is still large.
In this paper, the sparse RGB feature is used for
optimizing the geometric and albedo changes in the
hierarchical structure, the texture distortion is effec-
tively reduced for the geometric details. The
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Fig. 7 Dynamic reconstruction of C2 casting. Each frame is
fused according to the position of the point in the canonical grid.
Our method robustly tracks the surface points throughout the

Table 1 Reconstruction error of C2

Temperature
°C

Empty

635.1
630.2
625.2
620.3

615.3
610.4
605.4
600.4
595.5
590.5
585.6
580.6
575.6
570.7

sequence, and all points remain stable in their undeformed
position without drift

reconstruction accuracy is higher than that of WMSM,
as shown in Fig. 8. Our reconstruction is optimized
after the fusion step, and WMSM is optimized before

c % RPD 3PEE Time (ms) fusion. WMSM’s optimization strategy smoothes the
20 30 0377 x 10-7 0120 x 10=°  0.12 local details of the geometry. The total run time of the
19 20 5784 % 10°°  4374x 10~ 0.16 two methods is basically the same, however, our
18 10 2287 x 105 2477 x 10-10 025 method c?ln achieve better reconstruction quélity.
17 5 50845 10-° 4452 % 10-10 031 For d1fferent scans of Fhe same casting, .the
B ~ reconstruction performance is evaluated by testing
16 25 0936 x107 0518x10° 035 . .
whether the two points match in correspondence.
I3 0 0204 x 1077 0.236 x 10~ 036 Figure 9 shows accuracy and performance of several
methods [15-17] on matching confidence threshold.
Table 2 Comparison of Point Mpd Mnd sd emc (%) emt (%)
our method and WMSM for
two-dimensional deviation W_a 6280 4.9732 —3.8561 1.0404 10.5573 0.0478
(unit: mm) W_b 8015 3.0446 ~1.9560 0.3948 0.4991 0.1540
W_c 3327 6.4600 —6.1895 0.9569 5.4707 0.4809
S_a 6302 3.9822 —2.0966 0.6500 9.2250 0.0354
S_b 8083 2.5055 —1.6550 0.3060 0.3547 0.0866
S_c 3274 5.3866 —5.4020 0.8746 4.6506 0.2636

@ Springer




3D Res (2017) 8:32

Page 13 of 16 32

D:0.3059
S————

D:0.0532

D:-0.2928

D:0.1920

D:0.1501

20000 =
1.6400
12800
09200
05600
0.2000
02000
05600

y (|
-0.9200;
(|

-1.2800;
~1.M00=
-2.0000gy

Fig. 8 Comparison of our method and WMSM for three-dimensional deviation. The sparse RGB feature is used for optimizing the
geometric and albedo changes in the hierarchical structure, the texture distortion is effectively reduced for the geometric details

C1 casting(c=1.0)

closed loop ratio

C3 casting(c=1.0)

1
o :
=2
S 08 oo
5
— | a'!r.,...-,_.,.. -
§ 0.6 RN
s ~——ours PN,
s 047 —ours+SIFT ‘
3 ==-Choi
§ 0.2 Fang
o 8 ---Dai

0 02 04 06 03

L]
32
g
c
°
©
5 ——ours
5 041 —ours+SIFT|
2 ||--Choi
8 02[-- Fang
& | --pai
0
0 0.2 04

0.6

matching ratio

038

precision function value

precision function value

0.8}

0.6

0.2

0.6

04}

0.2}

“-ours

0.41 —ours+SIFT

matching ratio

==-Choi
Fang
- =-Dai : :
0 0.2 04 0.6 1
closed loop ratio
C4 casting(c=1.0)
e —
——ours o
—ours+SIFT
==+Choi
Fang
==Dai i
0 0.2 04 0.6 1

Fig. 9 Comparison of several methods for matching accuracy. This graph shows the performance of several state-of-art geometric

methods on matching confidence threshold

Our method performs well by retaining 92% accuracy
at 95% closed loop. The matching threshold for each
method is calculated by matching the optimal ratio of
volumes, while the ratio is changed when correction is
involved continuously during TSDF optimization
step, and reconstruction accuracy keeps relative to
that ratio. The experimental results show that manu-
are

ally produced

COI'I'GSpOIldeHCGS

poor

performance when noise and data loss are involved
in initial RGB-D input. Our method can maintain a
more robust reconstruction in this condition. Our
method owns a higher precision compared with other
manual geometric matching methods.

In this paper, Asus Xtion Pro sensor is used to
capture scenes of automobile castings under natural
lighting conditions. Testing scenes are named as C1,

@ Springer
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C2, C3 and C4, as shown in Fig. 10. Depth sensor
operates in two modes: the first is to capture
640 x 480 resolution depth data and RGB images at
30fps frame rate, the second is to capture 640 x 480
depth data and 1024 x 1024 RGB images at 12fps
frame rate. The sensor uses a structured lighting
template to obtain independent depth values only at
points with visible projection IR. The effective depth
resolution is lower than flow resolution. For these test
scenes, weight parameters are set as follow:
we = 0.2, w, =20, wy = 10~ 100, w, = 0.1. The
weight value increases from 10 to 100 during recon-
struction. For a target scene with a uniform albedo,
w, — oo is used to indicate that albedo is a constant
parameter.

First, depth data with noise is fused into initial
geometries represented by TSDF. Noises are regular-
ized by fusion, but it will cause surfaces to be too
smooth, resulting in the lack of high-frequency details
of geometric reconstruction and drift. Figure 10 shows
deformation of castings before and after, red points

before

refer to matching keys before optimization, green
casting refers to fusion result after optimization from
three different stereo. The geometric details of auto-
mobile casting can be robustly tracked in real time.
Table 3 shows fusion time, optimization time, and
GPU memory exhausted by our method. Following
parameters are used for estimating running-time: (1)
There are three levels, up to 9 outer Gauss—Newton
iterations and 10 PCG iterations; (2) We measure
fusion input data (F) and optimize TSDF (O) at 3
levels; (3) It includes GPU memories occupied by
variables (#V), hierarchy number of Gauss—Newton
iteration (#I), and total time (time). Our method
corrects implicit functions with 31 M dynamic vari-
ables in seconds. For C1 casting, highest resolution is
achieved by 130 M variable on 3-level hierarchy,
which takes about 3 min to calculate. Reconstruction
result of C1 shows that optimized voxels own
resolution of 1 mm and other scenes have a resolution
of 1.5 mm. The optimized TSDF achieves high-
resolution reconstruction of automobile castings.

— >

o optimize

Fig. 10 Before and after result of our method for automobile castings. Red points refer to matching keys before optimization. Green
casting refers to fusion result after optimization from three different stereo

@ Springer



3D Res (2017) 8:32

Page 15 of 16 32

Table 3 Reconstruction

a ! Level L1 L2 L3 Total

time of automobile casting

(#V: MB, Time: s) Casting F O #V F (0] #V F (0] #V #1 Time
Cl 4.0 1.1 31 34 0.5 14 1.7 0.3 4 12 11
C2 2.6 1.0 20 2.0 0.5 10 0.9 0.3 3 11 73
C3 1.9 0.8 18 1.6 0.4 9 0.9 0.2 2 9 5.8
C4 1.5 0.7 16 1.2 0.3 7 0.7 0.1 1 9 4.5

8 Conclusion

In this paper, an on-line volumetric reconstruction
method based on optimization of non-rigid deforma-
tion field is proposed to achieve real-time tracking of
geometric shapes and motion characteristics of non-
rigid deformation scenes. An uniform volumetric
representation is presented to achieve parametric
representation of geometric and kinematic character-
istics. In our method, GPU fast parallel optimization
strategy is combined with sparse color and dense depth
constraints to achieve motion tracking. The experi-
mental results show that the whole casting process is
reconstructed in fast frame rate, the temperature field
is generated dynamically to predict the defects of
casting robustly.
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