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Image-Preprocessing Algorithm for Three-Dimensional Reconstruction
of Targets in Complex Backgrounds

Fang Yamei, Wang Hongjun”, Huang Kuangyu, Zhou Weiliang, Liu Lei, Zou Xiangjun
College of Engineering, South China Agricultural University, Guangzhow, Guangdong 510642, China

Abstract For three-dimensional (3D) reconstruction of targets, existing image-processing algorithms require a
single background, and they significantly depend on the experimental environment. Therefore, an image-
preprocessing algorithm for 3D reconstruction of targets in complex backgrounds is proposed. First, to maximize
the target detail information, Gaussian filtering, Gamma conversion, and histogram-equalization processing are
performed on the acquired images to remove image noise and suppress complex backgrounds. Then, the Grab cut
and Deeplab algorithms are combined to solve the problems of long time consumed on Grab cut and edges blurred on
Deeplab, effectively separating the target from complex backgrounds. A test platform for the car model is built and
sixteen sets of target images are obtained to verify the algorithm. Considering two sets of targets as examples, the
effects of the proposed algorithm and the traditional 3D-reconstruction image-preprocessing algorithm are compared.
The segmentation accuracy of the proposed algorithm is 0. 9986, the sensitivity is 0.9889, and the specificity is
0.9991, which are higher than those of the traditional algorithm. The point-cloud noise rate of the traditional
algorithm is 22.7%, which is reduced to 1.15% by the proposed algorithm. The average reconstruction time of the
proposed algorithm is 2.245 s, which is 60.6% of the time of the traditional algorithm. These results prove that the
proposed image-preprocessing algorithm offers superior 3D image reconstruction under complex backgrounds.
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Table 1 Calibration parameters of Camera

Parameters Left camera

Right camera

1764.29 0 608.266
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|
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Fig. 5 Sample segmentation of Grab cut. (a) Original image; (b) segmentation process; (c) image after segmentation;

(d) image after
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(b) background-suppression images; (c) segmentation images; (d) overlaid images
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Table 2 Comparison of segmentation performance between

proposed method and traditional method

Method Accuracy  Sensitivity  Specificity
Traditional method 0.6658 0.9147 0.6521
Test method 0.9986 0.9889 0.9991
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Table 3 Noise-data comparison of point clouds between

proposed method and traditional method

Parameter Traditional method  Test method
Total cloud number 110637 81372
Number of noise 25114 936
Noise rate /% 22.7 1.15
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Table 4 Comparison of 3D-reconstruction effects and time consuming
Traditional method Test method
Angle - -
«© Time ) Time
) 3D reconstruction effect consuming 3D reconstruction effect Left and right to consuming
/ be matched /
S S
0 3.73 2.29
45 4.12 2.41
90 3.02 1.93
225 3.95 2.35
%~ ‘ multi-view stereo vision[D]. Shenyang: Northeastern
£ % X University, 2015.
[1] Mai CY, Zheng L H, Sun H, et al. Research on 3D B . T2 N WS = e s #F 5 (D). ok

(2]

(3]

(4]

reconstruction of fruit tree and fruit recognition and
location method based on RGB-D camera []J].
Transactions of the Chinese Society for Agricultural
Machinery, 2015, 46(sl): 35-40.

A ARH, FLE, AN, AL JET RGB-D AHALY SRR
=R SRR ER ] R R, 2015,
46(sl): 35-40.

Tang M H, Guo ],

Chen M Z. Introduction to

electron microscopy 3D reconstruction and its

application in materials science [J]. Journal of
Chinese Electron Microscopy Society, 2015, 34(2):
142-148.

A, S, BRORT . BEATHE T W = A T A 4
AR B AR 5T IRy v [T B B R,
2015, 34(2): 142-148.

Lu R, Song Q Y. Research on 3D reconstruction of
human knee joint [J]. China Southern Agricultural
Machinery, 2017, 48(23): 104-105.

PO, KRBT NIRRT I = mM TR M
JARHL, 2017, 48(23): 104-105.

Liao S W. Research of 3D reconstruction based on

[5]

(6]

[7]

(8]

131008-8

PR ZRALR2A, 2015.

LiJ] H, WuF Y, Zou X ], et al. Complete target
point cloud acquisition method based on binocular
vision[J]. Modern Electronics Technique, 2019, 42
(4): 112-116.

ZHE, R, APN%E, OB TXCH MR H AR
SR KRBT ]. AR TR, 2019, 42
(4): 112-116.

Chen MY, Tang Y C, Zou X J, et al. Multi-shaped
and point clouds acquisition

targets recognition

algorithm in complex environment [J]. Laser &
Optoelectronics Progress, 2018, 55(11): 111505.
PRODER, FERE, 48 %, % ERHETRELA
PRI o PO W (U] WOt 5ol 7o R,
2018, 55(11): 111505.

Zhang T X, Automated recognition of imaged targets
[M]. Wuhan: Hubei Science and Technology Press,
2005.

KRR MR A S B AR M. 0 LR 8
A AL, 2005.

Wang ZJ, YuZ ], Ma K, et al. An image filtering

algorithm based on adaptive median and gradient



Wt 5ot T o R

(9]

[10]

[11]

[12]

[13]

[14]

Laser &  Optoelectronics

weight []].
Progress, 2017, 54(12): 121001.

ER%E, T2o, DY, 5. —F B & N E s A
BOmBR R 08 P 5k U] Bot 5ot Tt e,
2017, 54(12): 121001.
Zhang G H, Feng Y B,

inverse

Lu W D. Gray image
processing characteristics of the region and the
acquisition[J]. Journal of Qigihar University(Natural
Science Edition), 2007, 23(4): 49-52.

TkkEde, DHOE, B TR BG4 B IR BE AR IR AE
IR FRII]. FFMRRFER AP,
2007, 23(4): 49-52.

Ma HQ, Ma S P, XuY L, et al. Adaptive image
denoising based on improved stacked sparse denoising
auto-encoder[J]. Acta Optica Sinica, 2018, 38(10):
1010001.

LZraR, HmF, VRBLER, M. R T O AR B X
WE 1 g i B 13 0 PRI 2R [T Dlesfor i, 2018,
38(10): 1010001.

Chen H Y. Research on the extraction of depth
information of binocular visual and its key algorithms
[D]. Chengdu: University of Electronic Science and
Technology of China, 2016.

W XUE A0 TR A R 4R I R HE O i B vk A Y
[D]. WAR: T RHE R, 2016.

Li Y M, Ren T T. Image enhancement method based
on car secondary safety system in smog days [J].
Laser & Optoelectronics Progress, 2016, 53 (4):
041003.

MM, AEEEEE . 555 K E WA B % A R RBIN R
TrEm s [J]. WOt SOLl 723, 2016, 53
(4): 041003.

Boykov Y, Veksler O, Zabih R. Fast approximate
graph cuts [J]. IEEE
on Pattern Analysis and Machine

Intelligence, 2001, 23(11): 1222-1239.

energy minimization via

Transactions

Kolmogorov V. Graph based algorithms for scene

reconstruction from two or more views[ M]. Ithaca,

[15]

[16]

[17]

(18]

[19]

[20]

[21]

131008-9

New York, USA: Cornell University, 2004.
Rother C, Kolmogorov V, Blake A. Grabcut:
interactive foreground extraction using iterated graph
cuts[C] // ACM Transactions on Graphics (TOG),
2004, 23(3): 309-314.

Shelhamer E, Long J, Darrell T. Fully convolutional
segmentation [ J |]. IEEE

and Machine

networks for semantic
on Pattern Analysis
Intelligence, 2017, 39(4): 640-651.

Chen L C, Papandreou G, Kokkinos I,

Transactions

et al.
Semantic image segmentation with deep convolutional
nets and fully connected CRFs[EB/OL]. (2016-06-
07) [2018-11-05]. https: // arxiv. org/abs/1412.
7062.

Chen L C, Papandreou G, Kokkinos 1, et al.
Deeplab: semantic image segmentation with deep
convolutional nets, atrous convolution, and fully
connected CRFs [J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2018, 40 (4):
834-848.
Chen L C, Papandreou G, Schroff F, et al.
Rethinking atrous convolution for semantic image
segmentation[ EB/OL]. (2017-12-05) [2018-11-05].
https: // arxiv.org/abs/1706.05587.

Sandler M, Howard A, Zhu M L, et al.
MobileNetV2:

bottlenecks [C] // 2018 IEEE/CVFE Conference on

inverted  residuals and  linear
Computer Vision and Pattern Recognition, June 18-
23, 2018, Salt Lake City, UT, USA. New York:
IEEE, 2018: 4510-4520.

WuCY, Yi BS, Zhang Y G, et al. Retinal vessel
image segmentation based on improved convolutional
neural network [J]. Acta Optica Sinica, 2018, 38
(11): 1111004.

RIRY], HAN, FRU, . ETUGEERME RN
2% 1 A0 D0 It A PR AR 2 B L. Do 4R, 2018, 38
(11): 1111004.



