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Abstract: Fringe projection(structured light) 3D imaging is a widely used 3D imaging method. In recent years,
the integrated three-dimensional sensor has developed rapidly, especially the three-dimensional sensor based on
the principle of structured light has gradually become an essential sensor unit for high-end smart phones.
However, with the increasing requirements from applications, people have higher and higher requirements on the
efficiency, accuracy, stability and other aspects for the fringe projection technique. At the same time, the rapid
development of deep learning technology has opened a new door for the development of optical imaging
technology, and from this door we notice that with the introduction of the concept of artificial intelligence, the
development of fringe projection technology is also experiencing a new breakthrough. In this paper, the basic
theory of fringe projection 3D imaging was introduced. Then, by using the deep learning technology, the fringe
projection technology based on the physical model can become a technology driven by "data", and in this case, it
showed the potential to surpass the traditional algorithm. Finally, the challenges and future research directions in
this field from the aspects of neural network model, training data, training methods and so on were discussed.
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Fig.1 Diagram of fringe projection 3D imaging
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Fig.12 Schematic of temporal phase unwrapping using deep learning
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Fig.13 Comparison between traditional MF-TPU and the deep learning

based method for high-frequency phase unwrapping (for

example, the frequencies are 8, 16, 32, 48 and 64 respectively) [+
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Fig.14 Neural network structure diagram of height estimation from a single fringe image'
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Fig.15 Experimental results of spherical, triangular bevel and face image grating!*’. The first column is the fringe image of the input neural network; the

second column is the true simulated height distribution; the third column is the height distribution of the output of the neural network; the last

column is the error distribution map based on the second column and the third column
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Fig.17 Test results“”. (a) 3D shape of the original data; (b) error
distribution of the original data; (c) 3D shape of the corrected

data; (d) error distribution of the corrected data

Inputs Outputs

-
M, (x, y)

-

L---¢1*__-_
I o o ey

Neural network

e—————

-

5 ETREFINBR=ERK

= RS AR O B R AR B AR 1 — A2 )
S, RERE XA PR S AR TIC %, TR M T AT
FLZE LR A U RS 3 CMOS 27 1 H AT EL B
SCELARRDTT W, LT WA R, (AL REAS SR
2T PR R o ST BR S 5, el N 4 1
B AR = AR IR, MR — A B B A i
FEMERL, Syt Feng S5 AW HR T RUBIRS R 5 2
Fe AR, W T 5 T RO A S = 4k R
ARG, MR AR AR 20,000 Wit = ZERE .

N T R R AR A S B e PR I, T
= 4 AR P RO B D B4 e 2 SOk iz s A ik
Fr 4, AT LA/ N YRz sloeh = 4k i e T
(R S 1 DR = e R ORI T =
ol A ) B e B 5O o %07 vk B4 BN P 18 i,
TR BE 2 ) Bk B X = R LM v ) A A2
R B, o — W T A = ZE AR, 53 A0 Wi R A
BIARDZ A28 05 RETT . B fm R A o ) R SE S ML,
DRI 2 5 ) — R R SRR

Wrapped phase

- -=Unw§apped phase

L-—--‘1Q—-—

[ 18 TS TR I 2 3] e B A ST P
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Fig.19 High speed 3D imaging of a falling table tennis and static plaster at speed of 20 000 frame/s
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