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Abstract: Three-dimensional (3D) shape measurement based on fringe projection was widely used in industrial
manufacturing, quality testing, biomedicine, aerospace and other fields. However, due to the short exposure time
of raster images acquisition process, 3D reconstruction results were usually affected by serious image noise in the
scene of high-speed measurement. In recent years, deep learning has been widely used in computer vision and
other fields, and has achieved great success. Inspired by this, we proposed a learning based approach for noise
reduction with raster images. Firstly, we constructed a convolutional neural network based on U-NET. Secondly,
the neural network was constructed to learn the mapping relationship between the noisy fringe images and the
corresponding high quality wrapped phase during the training process. With proper training, this network can

accurately recovered phase information from noisy fringe images. Aiming at off-line 3D measurement in fast
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moving scene, experimental results show that the proposed method can recover high-precision phase information

by using only one raster image, and the phase accuracy is better than the traditional three-step phase shift method.

This method can provide a practical and reliable solution for improving the accuracy of 3D measurement in high-

speed scene.

Key words: high-speed 3D shape measurement;
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Fig.1 The flowchart of noisy fringe image phase acquisition based on U-NET
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Fig.2 Different stages of high-frequency noisy fringe images restoration.

(a) High-frequency noisy fringe image of the doll cat; (b) High-
frequency noisy fringe image of the combined object;
(c) The arc tangent function numerator of the doll cat; (d) The arc
tangent function numerator of the combined object; (¢) The arc
tangent function denominator of the doll cat; (f) The arc tangent
function denominator of the combined object; (g) The absolute
phase of the doll cat; (h) The absolute phase of the combined

object
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Fig.3 Comparison of the phase error between deep learning and traditional method. (a) The error between the true value and the absolute phase of the

doll cat recovered by the traditional three-step phase shift method; (b) The error between the true value and the absolute phase of the doll cat using

deep learning; (c) The error curve of the true value and the absolute phase of the doll cat recovered by the two methods; (d) The error between the

true value and the absolute phase of the combined object recovered by the traditional three-step phase shift method; (e) The error between the true

value and the absolute phase of combined objects using deep learning; (f) The error curve of the true value and the absolute phase of the combined

object recovered by the two methods
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Fig.4 Comparison of 3D reconstruction results under different methods. (a) 3D reconstruction result of the doll cat restored by the method in this paper;

(b) 3D reconstruction result of dolls cat restored by traditional methods; (c) The true 3D reconstruction result of the doll cat; (d) 3D reconstruction

result of composite objects recovered by the method in this paper; (e) 3D reconstruction result of composite objects recovered by traditional

methods; () The true 3D reconstruction result of the combined object

32 XHAEMNFHEHENIRER

R T BRSO R R D iR s A S R T s
SR = 2 AR o X — A T A ) /N E XL
P HEAT T /0N XU T L e R A
F14) P, A A 45 1 e Tl — R4 342 (29 800 rpm) P4 —
P4 5 BE (29 1800 rpm).  H1 T 4% 5% {1 (DLP4500 pro)
X AR 4 1E 5% 5% S0 150 o B T vk Wl 2 AR A S 5
114 e 3 3 e LR, T AR R 48
R 4000 Wi, PHCAEASE LR P e T —
{E 25 BOR 6 2 15 52 AXH 72 2 3 1 4 b fh & o2 3 AH L
PEATRIAE R4 . fESCR AR eh, 76 700 Wi/s R 43 36
@ B XU ) — 4 T R A R 4 R A AR BN B
1530 T B A A TE R KU SR S0 R R

l S(a) LA S & 5(d) 43 S8R T 43 e — RS2 T

IR T T e 0 XU T s AR Ak B0 BIR . AR
700 1i/s (1 = 3T XEHER i RUB 52 T = 2B I 4%
ol AL D R X —sh &Y 5 . W LMRA S
B EIE— AR SR B, /el XU 19 [) — o i 5 ke
O 1 565 — WG FE1 vl I 440 G S 1 1 B TR 1Y
PRI TE A A . Y XU 11 4 38 3 RN R R, B
P4 15 A M 8 B o

FE— R4 3 1) e 3 R T 5 B 1 5(b) KL 5(c) A&
XTI T /N XUBR 1 = S A 5. HrP &L 5(b)
A48 =AM T IR G R AR, ] 5(c) Ak
TR 2 ) W 25 U a2 R o D3 1 i
O R A AR SR R TR R R RO, A& 58 05 % F LA
— R TR A 1 /N AU 1 = AR RO g 2, Koz
Mo 7 5 T 4 A A . P S(c) HPRE S AR 0K X3 T

202200067



sk AR
% 24 www.irla.cn % 51 %

Speed~800 rpm

Speed=1 800 rpm

B 5 ANFREEE T XU = ZEF LR . (2) — 143 (29 800 rpm) FRAEAINMUER EIE; (b) 1248 =LA v —H3 F MU = HEF AR, (o) T
U-Net [F2%— R4 T XU = AEFEAZ5 R (d) A3 (29 1800 rpm) TRAMRUH IS (o) 148 =D ABRE 1 TR XU —ZEE S5 R ()

JET U-Net [¥2% — #4380 KU = 4E B 45

Fig.5 3D reconstruction results comparison of fans at different speeds. (a) Fan images collected at first speed (about 800 rpm); (b) 3D reconstruction

results of fan at first speed by the traditional three-step phase shift method; (c) 3D reconstruction results of fan at first speed based on U-Net

network; (d) Fan images collected at second speed (about 1800 rpm); (e) 3D reconstruction results of fan at second speed with the traditional

three-step phase shift method; (f) 3D reconstruction results of fan at second speed based on U-Net network
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Fig.6 3D reconstruction and analysis of precision sphere. (a) 3D reconstruction result of left precision sphere; (b) Error distribution of left precision

sphere; (c) Error histogram of left precision sphere; (d) 3D reconstruction result of right precision sphere; (e) Error distribution of right precision

sphere; (f) Error histogram of right precision sphere
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