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ABSTRACT

This paper studies the 3D target modeling method under multi-view video based on deep
convolutional network. Through the detailed exposition of the basic theory of 3D target modeling
technology and the complete derivation of non-uniform rational B spline curve, this paper establishes
technical support such as camera coordinate system for the generation of 3D target model. According
to the basic structure of Deep Convolutional Network (DCNN), a DCNN network model suitable for the
research scenario of this paper is established, and the model is utilized for feature extraction of images
in multi-view videos. The softargmin algorithm is used to generate the parallax map for parallax
estimation in the parallax calculation stage. According to the parallax map, voxel-based 3D
reconstruction of the target in the multiview video is performed, and the surface reconstruction of the
voxel model is performed using the Marching Cubes algorithm, and after obtaining the surface model
of the target object, texture mapping is performed to enhance the realism of the model. The deep
convolutional network based 3D building method in this paper can effectively realize the feature
extraction of target objects in multi-view video. In 3D target modeling, the model in this paper achieves
good results on both public and measured datasets, and has obvious performance superiority and
generalization ability compared with other methods.

Keywords: deep convolutional network, 3D target modeling, feature extraction, texture mapping,
multi-view video

1. Introduction

With the continuous development of network technology, people's audio-visual entertainment is also
changing. As a new multimedia form, multi-view video has become a mainstream form of network
video in recent years by virtue of its powerful interactivity and visual impact [1-2]. Multi-view video
refers to the video data of the same event from different viewpoints and angles, as well as different
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points in time, which are simultaneously captured by multiple cameras [3]. Nowadays, it has been
widely used in the fields of sports, concerts, games, medical treatment, etc., and has become a highlight
of people's audiovisual life [4-7]. A multi-view video database contains visual information captured by
numerous cameras, which can be used to realize users' seamless roaming and interactive viewing of
the scene by reconstructing the global scene. Compared with the traditional video captured by a single
camera, multi-view video has several characteristics: first, wide coverage. Multi-view video can
simultaneously record the scene of the same event from different angles and locations, thus covering
all the details of the event scene [8]. The content of this kind of video is more complete, but also can
provide more background information, so that the audience can more deeply understand the process
of event development. Second, the visual impact is strong. Through multi-camera shooting, multi-view
video can present an intense environment, the visual impact is far more than the traditional single-
camera shooting video [9]. Utilizing multi-view video technology allows viewers to experience the real
scene in a more immersive way, increasing the audience's sense of participation and entertainment.
Third, scene reconstruction is required. Multiview video requires the construction of a complete scene
from many different camera captures [10]. This process requires alignment, blending and fusion of
images captured by different cameras to obtain a complete scene. This process requires high technical
and algorithmic requirements.

While 3D target modeling refers to the use of computer technology to model and design the target
object to form a realistic and three-dimensional image [11]. And 3D target modeling with the
assistance of multi-view video has also been studied earlier, mostly for the detection and localization
of 3D targets with high resolution and accurate perception [12-14].

Multi-view 3D target modeling is important to achieve complete information about a certain scene
or space. For example, military exercises need to breach a certain site, but due to the front vision
blockage is difficult to directly breach, you can use drones and other means to obtain multi-view video
to determine the characteristics of the three-dimensional target to achieve rapid breach [15]. Life is
mostly the use of self-driving vehicles, the literature [16] used multi-view three-dimensional space to
obtain a complete point cloud data, making the car three-dimensional and bird's-eye view works well.
On this basis, literature [17] uses multi-view encoding dispersed 3D point cloud to form a deeply fused
network framework, which realizes accurate 3D target localization and detection in the self-driving
environment. It can be seen that multiview supports 3D target modeling, which is basically based on
acquiring 3D target panoramic features (point cloud) from multiview to form a high-resolution feature
network to achieve fast target modeling [18]. Literature [19], on the other hand, did segmentation
processing on the panorama and reconstructed the 3D geometric model with the target contour points
as the reference. However, there are overlapping 3D target features in multiple views or irrational
phenomena formed because of angles and other reasons, which is a disturbance to the modeling. For
this reason, literature [20] utilizes multi-view to obtain complete 3D target point cloud data, and
removes the intersecting and unreasonable data, and then further utilizes the local convex connectivity
patch segmentation method to obtain the accurate target and realize the complete detection of 3D
targets. In contrast, literature [21] adds deep learning techniques on the basis of multi-view to directly
train a more advanced classification network to classify the 3D target point cloud data in order to
recognize the objects comprehensively and accurately. Further, literature [22] utilizes the VEDet
framework based on multi-view 3D geometry for viewpoint perception and isotropic improvement of
3D target localization with encoded reconstruction of the 3D scene by visual sensors. In addition,
literature [23] utilized deep neural networks to learn the keypoints of 3D targets, which can accurately
predict the movements of 3D targets through stereo inputs. While literature [24] combined multi-view
with 3D convolutional neural network to form MV3D-CNN which can recognize moving targets, such
as moving vehicles and sign language actions.

In this paper, the three-dimensional coordinate system of the camera is converted to the two-
dimensional coordinate system of the image pixels to realize the transformation from multi-view video
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line to multi-view image. A non-uniform rational B-spline curve is utilized to generate a curved target
object, which improves the flexibility and accuracy when processing the shape of the target object.
Based on the advantages of deep CNN over shallow CNN in complex data processing and the basic
structure of DCNN, this paper constructs a deep convolutional neural network structure containing
three convolutional layers, two fully connected layers, and a Softmax classifier, and uses it to realize
feature extraction on the input images of the dataset. In the parallax dimension, the cost space is
converted to a probability space, and the parallax value of each pixel is multiplied by the corresponding
estimated probability to obtain the predicted parallax value of the pixel, which is combined with the
loss function for the training of the network model to realize the parallax estimation of the input image.
According to the calibration parameters of the camera and the parallax map information, the image is
mapped to voxels in 3D space, and the voxel model is optimized using the spatial sculpting algorithm
to obtain a more accurate target voxel. The Marching Cubes algorithm is used to determine the
generation of triangular facets by traversing each voxel unit in the voxel model, and the corresponding
triangular facets are generated according to the combination of vertex states to construct the surface
model of the target object. The appropriate texture image is selected from the multi-view video image,
and the texture mapping operation is performed according to the geometry of the surface model and
the relationship between the camera viewpoints to obtain the 3D target model with texture.
Comparative analysis is used to compare this paper's model with other models in terms of feature
extraction and 3D object modeling results, highlighting the suitability of this paper's deep
convolutional network-based 3D modeling approach to the task of modeling multi-view video.

2. Three-dimensional target modeling techniques

2.1. Point of view and coordinate transformation

2.1.1. World Coordinate System and Camera Coordinate System. It is known that a point in three-
dimensional space is P(Bc,f;,Pz). The translation under three-dimensional space can be denoted as

P =P+T orexpressed as equation (1):

P'= (1)

S O =
S = O

0
0
1

N
~

where P denotes the three-dimensional coordinates of the point P after translation; and 7T
denotes [x z]T , the amount of translation.

The reformulation of the corresponding position of point P under the camera coordinate system
is equivalent to a rotation in three dimensions under the world coordinate system [25]. In general, a
rotation in any dimension can be expressed as the product of a coordinate vector and a suitable square
matrix. The angle under the camera coordinate system to the world coordinate system 6 isequivalent
to the point P rotated by the same angle around the world coordinate system in reverse 6. In three
dimensions, the rotation can be decomposed into rotations around each of the three coordinate axes,
and if the rotation is performed sequentially around Xx,y,z the three coordinate axes, then the total

rotation matrix R is the product of these three matrices R (),R (), R.(0), ...
R=R ()R (PR (0) (2)

From Eq. (3), Eq. (4) and Eq. (5), we can see the calculation process of R.(¥),R (9),R.(0):
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1 0 0

R(y)=|0 cosy siny (3)
0 -siny cosy

[cos¢p 0 —sing]

R ()= 0 1 0 (4)
sing 0 cosg |

[ cos@ sind O]
R (0)=|—-sin@ cos@ 0 (5)
0 0 1

The transformation matrix from the world coordinate system to the camera coordinate system is
then obtained, see equation (6):

P=[R 1]P (6)

2.1.2. Image and Pixel Coordinate System. The transformation from the camera coordinate system
to the image coordinate system is the process of converting a three-dimensional spatial coordinate
system to a two-dimensional planar coordinate system (3D-2D), called a perspective projection
transformation. In order to solve the relationship between them, the ordinary image coordinates
(x,y) areexpanded to chi-square coordinates (x, y).A pointin space, projected onto the image plane
is on a straight line with the center of light of the camera.

The conclusions that can be obtained based on the similar triangle relationship are given in Equation
(7) and Equation (8):

XC

=I7 (7)
Y

y—f'Z (8)

f is the camera focal length (the distance from the camera optical center to the imaging plane),
expressed in matrix form as equation (9):

X,
] [r o0 0 o]
z|y|=[o 1 0 0]~ 9)
100101“

Further, the relationship between the image coordinate system and the pixel coordinate system is
shown in equation (10):

X
u =E+u0
f(x)= (10)
v=-—-+v0
dy

dx represents the width of a pixel (X direction), in the same unit as X, and indicates how many
pixels are on the X axis, and similarly indicates the number of pixels on the y axis, and (x0,v0)
is the center of the image plane.
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Converting the above relations into matrix form, see equation (11):

x 0 u0
u dx .
vi={0 — Vv0|y (11)
dy
1 1
0 0 1

To summarize, the whole process of coordinate conversion from the world coordinate system to the
pixel coordinate system, which is also known as the imaging plane, is expressed as a continuous left-
multiplication next operation, as shown in Equation (12):

1
— 0 u0
X
u] |9 £ 000 v
z o L wollo ;oo TN 12
AVI|= i
‘ dy 0 1|2, (12)
| 00 10
0 0 1 1

2.2. Non-uniform rational B-splines

2.2.1. B-spline basis functions. In Bessel curves, Bessel basis functions are used as weights. b-spline
basis functions will be used in the same way. Unlike the Bessel basis functions, the B-spline basis
functions have two properties [26], namely (1) the domain of action is subdivided by nodes, and (2)
the basis functions are not nonzero over the entire interval. Each B-spline basis function is nonzero on
several neighboring subintervals, and thus, the B-spline basis function scope is localized.

Let U be a set of n+1 non-decreasing numbers, ie., U, <t <u, <..<u,, where each U; is
called a knot and the whole sequence U is called a knot vector, see Eq. (13):

Uz{uo,ul,...,um} (13)

The relationship between the number of degrees, the number of knots, and the number of control
pointsis m =n+k +1. For non-uniform and non-periodic B-splines, the knot vector adopts the form
shown in Eq. (14):

U={0,0,0,0,2,,..0ttj1> L, L., 1) (14)

S mtk+1279 70

where the 0's and 1's of the first and end nodes are repeated in & repetitions so that the endpoints
of the curve coincide with the start and end control points.

Set U isthe node vector and half-open interval [i,,1,,,) isthe irdnode span. The nodes can be
thought of as dividing points that subdivide the interval [t,%,] into node spans. All B-spline basis

functions should have a domain of definition on [ty,u,]. Here, #4,=0 and #,=1 are usually used, so

the domain of definition is the closed interval [0, 1]. In order to define the B-spline basis functions, let
the order of the basis functions be d . The ith d th order B-spline basis function is denoted as

Nl,d(u) and its initial recursion is shown in Eq. (15) and Eq. (16):

1 ifu <u<u,,

0 other (15)

Ni,o (u)= {
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u—1u, u

u. -
_ N, g () +LN;+144 (u) (16)

i+d i i+d+1 _ui+1

]vi,d (w)=

The above equation is often referred to as the Cox-deBoor recursion formula. These basis functions
are all step functions if the order is 0, i.e.,, d =0. This is the first expression that indicates that # has

a basis function N, (#) of 1 on the interval [u;,%,,,) atthe ird node.

2.2.2.  Non-uniform rational B-spline curves. This section will extend the definition of B spline curves
to nonuniform rational B spline curves by further derivations. First consider the method of introducing
chi-square coordinates into the B-spline curve to derive the definition of nonuniform. The given n+1

control points are the F),H,B,...,P and m+1 node vectors of the nodes U =u,u,,...,u,. The d

th order B-spline curve defined by these parameters is shown in Eq. (17):
Cu)=) N, )P (17)
0

The control point P is rewritten as a column vector containing four components with the fourth
component being 1, see equation (18):

B=(x,y,2,)) (18)

One can think of this £ as a chi-square coordinate. Since multiplying the coordinates of a point (in
chi-square form) by a non-zero number does not change its position, multiplying the coordinates of
P by aweight W yields a new form in chi-square coordinates, see equation (19):

B =w (G, =W, wy, wz,w)' (19)

Note that £ and P represent the same point in the chi-square coordinates. Substituting this

1

new chi-square form into the above B-spline curve equation yields the result shown in Eq. (20):

C* ()= N, ,()P"
) (20)
=N, (@)w,(C,,1)

i N, (w)wx,
i=0

2 Ny,
C*wy=| "' (21)
2 Nia@wz,
i=0

Z N, (u)w,
i=0

Thus, point C" (1) is the original B-spline curve in chi-square coordinate form. Now, converting it
back to Cartesian coordinates by dividing C"(#) with the fourth coordinate, the form obtained is
shown in equation (22):
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“ N, (w)w,
Cwy=3 ——F
e ZN/,d (w)w,
7=0
\ (22)
Zn;z]vi,d(u)wi})i
ZNi,d(u)wi i=0
i=0

This is the equation of the curve determined by control point £B,H,B,...P , knot vector

Uy, Uy, U,y,..., U, , and weights Wy, W, W,,...,W, . Note that since weights W, are associated with control

1

points P, the number of weights and the number of control points must be the same.

2.2.3.  Non-uniform rational B-spline surfaces. A three-dimensional do Xdl -degree tensor product
NURBS surface is generated from a four-dimensional uniform B-spline surface. First, given the

following information: (1) a set of m+1 rows of n+l control points £, each, where

i,J
0<i<m,0< j<n.(2)theweights of the corresponding control points W, ;.(3) anode vector of /+1
nodes in the U-direction U ={u,,u,u,,...,u }. (4) a node vector of k+1 nodes in the V-direction

V= {VO,Vl,Vz,...,Vk}. (5) an order p in the U-direction. (6) an order ¢ in the V-direction. based on

the formula of the nonuniform rational B-spline curve definition, the definition of the nonuniform
rational B-spline surface formula is given in Eq. (23) and Eq. (24):

>N @N,, 0w, P,

S(u,v)= "ZOK/:OL )
Z Z Ni,do (u)Nj,dl (V)Wi,j
i=0 j=0
BJ = (qj’l) (24)

where Cl.’j is the coordinate of each control point (i, j) inthe gridarrayand W, ; isthe weight of
each control point (i, ;) . Ni,do (#) and Nj,dl (v) are the do -degree basis functions in the u-

direction and the d, -degree basis functions in the V-direction, respectively. Control point (i, j) isa

grid array which corresponds to the weight factor W, ;. W, ; atthe four corner points is greater than

i’j
0 and the rest are greater than or equal to 0. Note that a fundamental constancy, Eq. (25) and Eq. (26)
must be satisfied inthe % and V directions, respectively:

h=m+p+1 (25)
k=n+q+1 (26)
For convenience, the surface equation is defined in equation (27):
Alu,v
S,y =2 (27)
W, v)

Considering the requirement of differentiability with backpropagation, this section continues the
discussion on differentiability of nonuniform rational B-splines by defining the differentiation method
for NURBS surfaces in Egs. (28) and (29):
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A(u,v)zZZN,.do(u)N o 0w, B, (28)
w(u,v) = ZZ N, N, , (W, (29)

Then, according to (0" +//0u‘®/)S(u,v), Equation (30) can be obtained:

akH ak al B
WS(M,V) = F?(A(%V),W(ul,v))
al—/ (30)
(Z C/a—jA(u v) —w(u,v)")
Jj=0
If each term is finite, see equation (31):
o+ / j o
aka,S(uv) k( ZC]a/A(uv) w(uv) D)
Jj=0
! k ai 6j ak—i 8l—j (31)
;ICJtZOkC o o A =, v

3. 3D target modeling for multi-view video

3.1. Feature extraction and parallax estimation based on deep convolutional networks

CNNs, as excellent feature extractors, allow end-to-end classification learning of feature
representations from raw image data, thus avoiding the process of human manual feature extraction.
Deep CNNs usually have advantages over shallow CNNs when dealing with complex big data problems.
Multiple layers of linear and nonlinear processing units stacked in a hierarchical manner provide the
ability to learn complex representations at different levels of abstraction. As a result, deep
convolutional networks (DCNNs) offer significant performance gains over traditional machine
learning models in recognition tasks containing hundreds of categories [27]. The finding that deep
architectures can improve the representation capabilities of CNNs improves the use of CNNs in
machine learning tasks.

3.1.1. Structure of deep convolutional networks. The convolutional layer is the core of the DCNN and
also the biggest differentiator between it and other neural networks. Figure 1 shows a basic DCNN
structure.

C » S
C » S
C » S
Input » C » S
C » S
C » S
C » S
CerCl TayerS2  yerCy eSS comectedlager | OUPUIer

Fig. 1. Basic structure of deep convolutional neural network
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As can be seen from Fig. 1, the whole deep convolutional network is mainly composed of input layer,
convolutional layer, sampling layer, fully connected layer and output layer, and the convolutional layer
and sampling layer are usually regarded as convolutional layer uniformly, and the role of each layer is
as follows:

Input layer: input data such as pictures and videos. Take the picture as an example, the input layer
is a 24*24*3 matrix, and 3 represents the RGB three channels. Usually before the input will be the
original sample data preprocessing, such as normalization, de-mean, whitening and other operations.

Convolutional Layer: In a convolutional layer, each neuron is connected to only a small local subset
of the neurons in the previous layer, which is a square region spanning the height and width
dimensions. The part used to do the convolution operation is called the convolution kernel and needs
to be specified in size. Data of the same size as the convolution kernel needs to be selected from the
input matrix to perform the convolution operation, that is, to find the sum of the products of the
corresponding positions as the output, when the output can be regarded as another form of the input.
Usually, multiple convolution kernels can be designed in the network in order to extract multiple
features.

Fully Connected Layer: The fully connected layer is mainly used at the end of the neural network for
classification, and is usually added after the convolutional layer. Unlike pooling and convolutional
layers, this is a global operation. It takes inputs from the feature extraction stage and globally analyzes
the outputs of all the previous layers before nonlinearly combining the selected features and using
these features for the classification task.

Fully Connected Layer: Fully connected layer is mainly used at the end of the neural network for
classification and is usually added after the convolutional layer. Unlike pooling and convolutional
layers, this is a global operation. It takes inputs from the feature extraction phase and globally analyzes
the outputs of all the previous layers before nonlinearly combining selected features and using these
features for classification tasks.

3.1.2. Feature extraction. In deep convolutional neural networks, the closer to the top layer of the
network the more localized the extracted features are, the better the generalization of that part of the
features, which in most cases applies to all images. The closer to the bottom layer the more globalized
the features obtained from that part are, and the closer the relationship with the dataset used. Taking
advantage of this property, in this paper, the convolutional module in the VGG16 model is selected and
initialized using the weight parameters after sufficient training in the dataset as a preliminary feature
extractor for generalized local feature extraction, after which a convolutional neural network
consisting of three convolutional layers, a pooling layer, two fully connected layers, and a Softmax
classifier is attached to target the multiview video dataset for training. viewpoint video dataset for
training. The detailed design of the deep convolutional network structure used in this paper is shown
in Fig. 2.
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150%150%*3 150*150*64 75%75%128 37*37*256 18*18*512 9*9*256
Part
— — — — — VGGl6
l
— — — — — DCNN
Soft-max 14 1024 8*8*256 6*6*512 6*6*256

Convolution
Max pooling
Full connected

Soft-max

Fig. 2. Network structure of DCNN

First is the convolution module, where in each convolutional layer, the input X; of the previous

layer is convolved using convolution kernel W,

; j» and the result is processed using the ELU activation

function to produce a new output y;:

() = X, x20
S = a(e’-1), x<0 (32)
=1 =[S @3)

where [ represents the /nd convolutional layer, * represents the convolutional operation, M
represents the number of inputs to the layer, and bj represents the bias of the layer. In the error back
propagation stage, the error between the actual output and the desired output is calculated using
equation (34):

1< >
E_%;(y] —0].) (34)

where, y; represents the actual output, 0, represents the desired output and 7 represents the

number of samples. In this process, the cumulative error is minimized using Stochastic Gradient
Descent (SGD).

In the selection of the activation function, compared to the commonly used ReLU function, the ELU
function is selected for activation in this paper to avoid Dead ReLU, i.e., the use of the ReLU function
may result in some neurons never being activated. Also, since the output mean of the ELU function is
close to 0, the SGD converges faster when this function is used as the activation function.

For the setting of the convolution kernel in the convolution module, unlike the setting of the
convolution layer in VGG16 where the size of the convolution kernel is all 3x3, this network chooses
an alternating pattern of 1*1, 3*3, and 1*1, where the 1*1 convolution kernel serves to deform the
inputs linearly while keeping the dimensionality unchanged, and then nonlinearize them afterwards
by the ELU activation function, which reduces the increase of the number of layers tendency of
overfitting brought about by the increase in the number of layers. A 2*2 pooling layer is set at the end
of the convolutional layer, and the following effects are achieved by the maximum pooling operation:
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1) Effectively reduce the number of parameters. The number of parameters of an m*m feature
matrix will become (m/a)*(m/a) after pooling by a pooling region with area a*a.

2) Make the translation, rotation, and scaling of the extracted feature image have some invariance.
This is because the pooling region, if large enough, ignores some subtle changes within the region, thus
making the generalization of features stronger.

In the design of fully connected layers, this paper uses a 1024-dimensional fully connected layer
paired with the last fully connected layer consistent with the total number of model categories as the
fully connected module of the DCNN. Considering that line drawings contain less information than
natural images, compared with the settings in the VGG16 structure, this paper reduces the parameters
of the fully connected layer from 2048 to 1024, and reduces the three-layer fully connected layer
structure to two layers, in order to reduce the number of neurons and improve the convergence speed.

3.1.3. Parallax estimation:

1) Parallax regression. At the end of the feature extraction stage, the model was designed with a total
of four output modules, and for each output module, two 3D convolutions were used to generate a
four-dimensional convolution with a channel number of 1, which was then sampled on the cost space.
The softargmin algorithm is used in the parallax computation stage, which is done by converting the
parallax dimension into a probability space using the softmax function. For each pixel, a vector of

length drmx is used, where the elements are the probabilities of all parallax levels p,. The specific
formula is given in (35):

X;

el

P, = SOﬁ max(xi) = ZJ: . (3 5)

Jj=0

The predicted parallax value of the pixel is obtained by multiplying and summing the parallax value
of each pixel with the corresponding estimated probability as in Equation (36):

dmﬂX
dprezzd.pd (36)

d=o0

where d, ., is the predicted parallax value and dm is the maximum parallax value.

pre

2) Loss function. The parallax estimation in this chapter uses the L1 loss function to train the
network.The SMOOth‘, loss function is a loss function commonly used in regression tasks, especially
in cases where there is a large difference between the target values.If the absolute value of the
difference between the predicted value and the target value is less than a threshold (often referred to
as the smoothing parameter, delta), the loss is one half of the square of the difference. If the difference
is greater than the threshold, the loss is the linear difference between the absolute value of the
difference and delta L1 loss function as in equation (37):

pre pre

N
L(d,d ):%Zsmooth[q(di—d ) (37)
i=1

where N denotes the total number of labeled pixels in the feature map, d,

labels, and d

pre

is the true parallax with

is the predicted parallax of the network. SMOOIhL function as in equation (38):

0.5x%, if |x| <delta

|x| -0.5, otherwise (38)

smooth; (x) = {
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where x=d. —d , delta is the threshold value.

pre?
3.2. Three-dimensional target modeling

3.2.1. Voxel-based 3D Reconstruction. Voxel-based 3D reconstruction is performed using parallax
maps generated by parallax estimation. First, the image is mapped to voxels in 3D space based on the
calibration parameters of the camera and the parallax map information. Let P(x, y,z) be a voxel
point in 3D space, U, V be pixel coordinates in the image plane, and the mapping relation can be
expressed as:

_ [xB
= D(u,v) (39)
x:(u_;‘f)xz (40)
_ (v=v))xz (41)

/

where f is the camera focal length, B is the camera baseline length, D(u,v) is the generated
parallax map, and , v, is the principal point coordinates. The voxel representation of the target
object can be obtained by voxel mapping the multi-view image. The voxel model is optimized using a

spatial sculpting algorithm to remove the background voxels and redundant voxels to obtain a more
accurate voxel of the target object.

3.2.2.  Surface reconstruction. Surface reconstruction based on the voxel model is performed using
the Marching Cubes algorithm. The algorithm determines the generation of triangular facets by
traversing each voxel cell in the voxel model, based on the state of the vertices in the voxel cell (whether
they belong to the interior or exterior of the target object). Setting the eight vertices of a voxel cell as
v, ~ v, and its state value as s € {0,1} (0 means external and 1 means internal), the surface model

of the target object is constructed by searching the predefined triangular face sheet configuration table
and generating the corresponding triangular face sheet according to the combination of vertex states.

3.2.3. Texture Mapping. After obtaining the surface model of the target object, the texture mapping
operation is performed to enhance the realism of the model. First, a suitable texture image is selected
from the multi-view video image, and the mapping coordinates of the texture image on the surface
model are determined according to the geometry of the surface model and the relationship between
the camera viewpoints. Let 7(u,v) be the coordinates on the texture image and P(x,y,z) be the
points on the surface model, whose mapping relationship can be determined by geometric projection
and interpolation algorithms. Then, the color information of the texture image is mapped onto the
surface model to obtain a 3D target model with texture.

4. Experimental results and analysis

4.1. Experimental data set

The experimental simulation takes the public dataset BrnoCompSpeed and the real scene measured
dataset LzVideoSpeed as the research objects to validate the effectiveness of the deep convolutional
network-based multi-view video 3D target modeling method proposed in this paper.

The publicly available dataset BrnoCompSpeed consists of 20 single full-HD videos recorded by
traffic surveillance cameras with a duration of about 0.5 hours, which cover 11 angles, with a range of
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viewpoints extending from 0° to 180°, and an 18° interval between neighboring viewpoints. Each
vehicle consists of 6 Normal Movement (NM) sequences, 2 View Blocking (BG) sequences and 2
Overlapping with Other Vehicles (CL) sequences, for a total of 21,463 vehicles in the video. The speed
measurement utilizes LiDAR LiDAR to achieve accurate determination of the optical gate, and the
mainstream video speed measurement methods use this value as a benchmark to calculate the error
rate. As can be seen from the GB5768.3-2009 specification, the length of the lane demarcation line is
fixed in some countries, while the lane demarcation line standard is uneven in another part of the
country, and the dataset needs to be calibrated to the datum according to the lane demarcation line
related standards defined in the regulations. The subsequent experimental process can be completed
under this datum setting for the verification of feature extraction, parallax estimation and other
methods.

The measured dataset LzVideoSpeed by the relevant traffic control point road traffic monitoring
video, the video covers seven cameras at intervals of 15 ° captured by the Department of the 0 reason
to provide, including different roads recorded in 24 hours of heavy ° - 270 ° of the 14 different angles
of the vehicle video images, and each viewpoint of each vehicle contains 2 to the normal driving
sequence, respectively, the 00 and 01 sequences, the video vehicle The total number of vehicles in the
video is 31,752. Subsequent experiments are based on the benchmarks defined by this relevant
standard to complete the verification of the universality of the method proposed in this paper in the
measured data of real scenarios.

4.2. Feature extraction

In order to verify the effectiveness of the feature extraction module of this paper's algorithm, two
datasets, BrnoCompSpeed and LzVideoSpeed, are selected for effective evaluation. The experiments
were realized under Ubuntul8.04 system based on pytorch version 1.1.0 with CUDA10.0 and
cudnn7.6.5, and the computer was configured with Intel Xeon(R) Sliver4112CPU2.6GHZ,
NVIDAGeForce2080Ti graphics card. The profile size of the input network in all experiments is
128x128, the learning rate in model training is 10-4, the batch size of the BrnoCompSpeed dataset is
set to (5, 3), and the number of training times for the experiments with small, medium, and large
sample sizes are 100K, 80K, and 60K, respectively. when training the LzVideoSpeed dataset, taking
into account the large sample size, the batch size is set to (3), and the batch size is set to (3), and the
batch size is set to (3). When training the LzVideoSpeed dataset considering its larger sample size, the
batch size is set to (3, 3), and the first 100K of the model is trained with a learning rate of 10-4, and the
learning rate of 10-5 is used for the next 80K.

4.2.1. Analysis of results on the BrnoCompSpeed dataset. In order to compare the algorithm of this
paper with other methods, the datasets were divided from different data volumes, which were denoted
as LT, MT, and ST. The training set consisted of 6 NM sequences, 2 BG sequences, and 2 CL sequences
for the first 74, 62, and 24 vehicles, respectively, and the remaining wearing of the gauntlet was divided
in the test set. The first 4 NM sequences of each data were used as Gallery set and the remaining 2 NM
sequences, BG sequences and CL sequences were used as Probe SET.

The feature extraction accuracy of this paper's algorithm with various other methods on LT, MT, and
ST data volumes, respectively, is shown in Fig. 3. The figure represents the LT, MT, and ST experimental
results from top to bottom, respectively, and all the results represent the average of the feature
extraction accuracies of the data in the positive, side, and fuzzy views. The experimental data and
parameter settings of the comparison methods CNN-LB, GaitSet2019, GaitSet2021, GaitPart, and
GaitGL in the figure are consistent with the algorithm in this paper. From the experimental results, it
can be seen that compared with CNN-LB, GaitSet2019 and other methods, the multi-view feature
extraction effect of this paper's algorithm achieves a significant improvement in all angles, whether in
a large sample size or in a small sample size. Since the contour appearance is in the side of the vehicle
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at 90°, there is a large difference between the contour appearance at this time and the other viewpoints,
which leads to a decrease in the accuracy of feature extraction, but the accuracy of this paper's
algorithm at 90° viewpoints is improved compared to other algorithms. In Figure 3(a), based on the
test results in the LT sample size NM state, the accuracy of 90° is improved by 12.91% compared with
GaitSet2019, and the accuracy of 0° and 180° is improved by 14.38% and 15.78%, respectively. These
three angles also achieve similar or higher improvements in the rest of the graphs. Based on the
accuracy rates in BG and CL states with different data sample sizes, it can be seen that the algorithm
in this paper has a significant improvement for the phenomenon of feature extraction accuracy
reduction due to occlusion of scenery and other vehicles in multiple viewpoints, and the deep
convolutional network structure can substantially improve the feature extraction accuracy in BG and
CL types in all three types. In the small sample size experiments, as shown in Fig. 3(g), (h), and (i) plots,
the accuracies of all angles in the three states are improved compared with GaitSet2019. It proves that
the algorithm in this paper remains robust with a small number of data samples.
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Fig. 3. Accuracy of BrnoCompSpeed under three different experimental settings

In the three driving states, the average of all angle accuracies in each state is compared with the
typical method, and the results are shown in Table 1. From the data in the table, the feature extraction
effect of this paper’s algorithm in the three states is BG>CL>NM under LT sample size.Compared with
GaitSet2019, the feature extraction accuracy in BG, CL. and NM conditions is improved by 20.21%,
20.06% and 36.49%, respectively, and compared with CNN-LB, it is improved by 18.70%, 18.84% and
33.95%, the model performance improvement is obvious because the algorithm in this paper uses
deep convolutional network to enhance the feature space richness and improve the representativeness
of each feature, and thus achieves the best feature extraction accuracy.The accuracy difference
between NM and BG conditions is 12.29% and 12.97% with GaitPart, respectively, and that of CL is as
high as 21.37%. In the MT sample experiment, GaitSet2021 improves the accuracy of feature
extraction on the original basis, while this paper's algorithm improves 35.27%, 35.71%, and 34.52%
over GaitSet2019 in the NM, BG, and CL conditions, respectively, with an average improvement of
35.17%. The results illustrate that the performance of deep convolutional neural network for feature
extraction is better than the effect of pixel-level attention and frame-level attention in medium sample
size, and the algorithm is still stable with moderate adjustment of sample size. In the ST sample
experiments, although the data sample size is not sufficiently large, the accuracy still maintains a
respectable level compared with typical methods, and the average accuracy in the three states is
improved by 25.94% compared with the GaitSet2019 method and 19.79% compared with the
GaitSet2021 method. In all experiments, the feature extraction accuracy is much higher than methods
such as CNN-LB, proving the effectiveness and accuracy of the algorithm in this paper.

Table 1. Average for accuracy rates of all angles

Gallery set NM#1-4
Probe set NM#5-6 BG#1-2 CL#1-2
LT GaitSet2019 72.36 70.83 53.24
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CNN-LB 73.87 72.05 55.78

GaitSet2021 76.32 73.49 63.97

GaitPart 80.28 77.92 68.36

GaitGL 83.46 82.61 75.48

Ours 92.57 90.89 89.73

GaitSet2019 52.19 51.32 48.76

GaitSet2021 67.42 64.85 54.37

MT GaitGL 73.21 71.44 65.95
Ours 87.46 87.03 83.28

GaitSet2019 73.22 67.38 41.52

GaitSet2021 75.47 7243 52.68

ST GaitGL 77.94 75.32 69.74
Ours 90.83 86.94 82.17

4.2.2. Analysis of results on the LzVideoSpeed dataset. In order to verify the generalization
performance of the algorithm, the measured data set LzVideoSpeed is used for the experiments, which
is superior to the larger data volume of LzVideoSpeed, considering the larger model of the algorithm,
the algorithm selects five angles of 0°, 45°, 90°, 135° and 180° from the data set for the experiments,
and the experiments are conducted by using the first 15876 vehicles as the training samples, and the
second 15876 vehicles as the test samples, of which the #01 sequence is used as the Gallery set.
vehicles as test samples, where #01 sequence is used as Gallery set and #00 sequence is used as Probe
set. the results are compared with DigGAN, Input/Output, GaitSet2019, GaitPart, and GaitGL methods.
The feature extraction accuracies of all methods in LzVideoSpeed dataset are shown in Fig. 4. As can
be seen from the figure, the accuracy of this paper's algorithm under five angles is 84.70%, 87.53%,
90.64%, 90.81%, 89.88%, respectively, which is an obvious advantage over other algorithms. It shows
that the feature extraction performance of this paper's algorithm under the selected dataset has
obvious superiority.
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Fig. 4. Average accuracy for various methods under LzVideoSpeed
4.3. Three-dimensional target modeling

4.3.1. BrnoCompSpeed dataset modeling results. The 3D multi-view 3D modeling performance and
modeling quality of the DCNN is first demonstrated on the BrnoCompSpeed dataset, evaluated on the
basis of the accuracy and completeness of the generated 3D target models, as well as an overall
measure (Overall) that combines the accuracy and completeness. The generation process of the multi-
view 3D target model used for training is as follows:
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1) In order to meet the input requirements of the DCNN, all input images are cropped in a center
cropping manner, the resolution of the cropped images is # =1082,w =1560, and the camera model
parameters are adjusted accordingly.

2) The parallax maps corresponding to all input images are estimated using the DCNN. When
estimating the parallax maps, the number of sampled parallax planes is Z =128, and the number of
viewpoints of the source images used is 6. The parallax maps corresponding to all images are
estimated by using all images as reference images in turn.

3) Filter the parallax maps based on the proposed voxel, surface, and texture reconstruction criteria,
and then fuse all the parallax maps to construct an initial 3D model, and then filter the initial 3D model
to obtain a 3D target model that characterizes the target state.

Comparison with DCNN is made with advanced traditional multi-view 3D target modeling
algorithms such as Camp, Furu, Tola, Gipuma, and advanced multi-view 3D target modeling methods
based on deep learning such as SurfaceNet, MVSNet, and so on. Table 2 shows the quantitative
comparison results of the generated 3D target models, and from the comparison results, it can be seen
that the deep convolutional network in this paper achieves the best degree of completeness while
guaranteeing a high degree of accuracy, which in turn achieves the optimal overall 3D target modeling.

Table 2. Quantitative comparison results

Method Accuracy Completeness Overall
Camp 0.236 0.462 0.429
Furu 0.348 0.528 0.497
Tola 0.359 0.634 0.536

Gipuma 0.473 0.667 0.604

SurfaceNet 0.532 0.703 0.679

MVSNet 0.718 0.738 0.703

DCNN 0.892 0.877 0.847

4.3.2. Analysis of Modeling Results for LzVideoSpeed Dataset. In order to show the generalization
ability of the DCNN method, experiments are conducted on the real dataset LzVideoSpeed in this paper.
The parallax maps of the LzVideoSpeed dataset are estimated without any kind of training or fine-
tuning of the DCNN using the LzVideoSpeed dataset data. Similar to the BrnoCompSpeed dataset, the
LzVideoSpeed dataset is also evaluated based on the generated multiview 3D target model, but uses
F —score as the primary evaluation basis.The process of generating the multiview 3D target model
on the LzVideoSpeed dataset remains consistent with the BrnoCompSpeed dataset.

Table 3 shows the quantitative evaluation results of the DCNN-based multi-view 3D target modeling
approach on the LzVideoSpeed dataset, and among all the state-of-the-art multi-view 3D target
modeling approaches reviewed, such as Altizure, ACMH, R-MVSNet, D.R-MVSNet, MVSNet, Pix4D,
COLMAP, MVE and others, the DCNN-based DCNN multi-view 3D target modeling approach achieves
the most advanced model generation performance. Specifically, among the eight target perspectives,
the DCNN-based 3D target model generation scored seven firsts and one second, which gives the
DCNN-based 3D modeling method the most advanced performance compared to other methods.

Table 3. LzVideoSpeed data set evaluation results

Method Mean 0° 20° 40° 60° 80° 100° 120° 140°
DCNN 59.32 77.31 55.10 50.58 65.28 55.54 55.28 60.66 54.77
Altizure 56.44 75.06 61.31 38.49 61.86 55.19 53.64 56.31 49.65
ACMH 55.10 70.47 49.75 45.28 59.43 53.02 52.41 58.56 51.84
D.R-MVSNet 50.84 73.34 54.67 43.56 44.14 46.88 47.11 51.27 45.73
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R-MVSNet 48.67 70.20 47.00 32.95 43.30 52.00 49.24 52.27 42.42
MVSNet 43.64 56.06 28.59 25.16 50.96 54.32 51.00 48.02 34.99
Pix4D 43.49 64.70 32.10 26.73 54.71 51.03 35.48 48.13 35.07
COLMAP 42.48 50.70 22.57 2591 56.93 45.04 47.44 48.98 42.26
MVE 25.60 49.07 23.96 13.03 5.24 39.84 38.53 5.84 29.32

5. Conclusion

In this paper, deep convolutional networks are used to achieve feature extraction and 3D modeling of
target objects in multi-view videos. The model in this paper is compared with other models to
illustrate the applicability of the deep neural network-based 3D modeling method in the research
scenario of this paper.

1) The model in this paper performs well in feature extraction on the BrnoCompSpeed dataset, and
shows the highest feature extraction accuracy when facing different data sizes. The model improves
the feature extraction accuracy of vehicles in 90° normal driving condition by 12.91% over the
GaitSet2019 model in the largest LT sample size, and the extraction accuracies of 0° and 180° are
improved by 14.38% and 15.78%, respectively. Compared with the CNN-LB model, the feature
extraction accuracy of this paper's algorithm in the three driving states is improved by 18.70%, 18.84%
and 33.95%, respectively. Compared with the improved GaitSet2021 model, the accuracy of this
paper's algorithm under the three driving states is improved by 16.25%, 17.40%, and 25.76%,
respectively.The accuracy of the model's extraction under five angles, namely, 0°, 45°, 90°, 135°, and
180°, is 84.70%, 87.53%, and 90.64%), respectively, for the LzVideoSpeed real-world dataset, 87.53%,
90.64%, 90.81%, and 89.88% respectively, which is also an obvious advantage over other algorithms,
and fully demonstrates the good performance of the model in the task of multi-view feature extraction.

2) The model's 3D target modeling in the BrnoCompSpeed dataset achieves the best completeness
while guaranteeing high accuracy, with an overall measure of 0.847, which is a significant
improvement over Camp and other 3D modeling methods.The F1 values of this paper in the
BrnoCompSpeed dataset for the eight viewpoints are 77.31, 55.10, 50.58, 65.28, 55.54, 55.28, 60.66,
54.77, with an average F1 value of 59.32. Except for the F1 value of this paper's method at 20°, which
ranks second, the F1 value of this paper's method at all other viewpoints is the first one among all the
participating methods. It proves that the 3D target modeling method in this paper has advanced
performance.
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