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Fig. 1 Pixel relationship under different PPSR
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Fig. 2 Schematic diagram of the default pixel mapping. (a) Designed fringe pattern; (b) Projected fringe pattern
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Fig. 3 Pixel remapping scheme. (a) Remapping for RLF; (b) Remapping for CIDLF
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Fig. 4 Schematic diagram of the proposed method
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Fig. 5 Network architecture. (a) The ResUNet; (b) The BasicConv block; (c) The residual block
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- IIII|| llllll

Phase error

H6 =KX,

(a) PPSR=1;
Fig. 6 Three experimental results. (a) PPSR of 1; (b) PPSR of 44; (c) PPSR of 85

(b) PPSR=44; (c) PPSR=85

21 TAREEAZLTOMEMNERESL Zs AL

Table 1 Phase measurement error and contrast of fringe under different focusing degrees

Phase error/rad
Focusing degree

Contrast

Focused Slightly defocused Seriously defocused Focused Slightly defocused Seriously defocused
DZF 0.3013 0.0853 0.0242 0.6095 0.5633 0.4506
RLF 0.1174 0.0692 0.0256 0.6091 0.5604 0.4498
CIDLF 0.0898 0.0427 0.0215 0.6083 0.5626 0.4492

4.2 1B EEMETS DNN A5 3L

X HRH] DZF F CIDLF X i H i 5 i A T IRIE
i1 DNN 17— A it £ Intel” Core™ i7-1240P AL FEES |
16 GB N f£#1 NVIDIA Quadro RTX 5000 & it Hl
S, BARAEATE 19200 BTN AAB0EE . 400
R FH T 36 3F 4 45 S0 5 L B 400 8 0428 1) 2 2 &
15, EUREE R 528 8 pixels. 12 pixels Fl 16 pixels
AU ECE %% . DNN i FHBENLERE T % (stochastic gradient
descent, SGD) Ak ik #EATINSR, 1K sRECH ¥ 5 2 2%
(mean squared error, MSE), JIZRE 24T 100 &, bk
INK 8o MR FRUE N 53107, FEUIZRE 20 )5, 2
FREH A 53107, WA MSE 4 1.0128%10°,
TR BRSO 451 MSE 8 5.4261x10°,

SEXF IR e ) DNN AT PEREIEAS o 18] 7 305
T R R S SR . 1D T(a) SR 7(b) 43 S T
A 4 pixels i) DZF FIJEIHR 8 pixels [ CIDLF; & 7(c) 5
[ 7(d) W Rkt B AR BREE S, . A1 7 AT, INZRAE
1) W 45 RE RS A RICT- U 25 80, HLARBURY T HLRE PR BSR4
KT o B X E T A B S A S N 4% Ak B Y
DZF F1 CIDLF AR A7 i iR 2% . S 8868 BbR T
I L, 3R ARMER 32 250 4 A AHRS B kA T A A
it o W1 22 58 R M AR AR AL 5 005 i I =z [ 9 5 22 3
PPl o 22 2 5 T REWE W &F8 . BERSURE
DNN ZB5 &80 ABA I %25 . i3 2 ATUL, 48 DNN

AbFRY CIDLF fN iR 2= /)y, HIHAE 4 DRk
IR 2E C R 32 A AMRE SR K o XK T
= AE R R

B7 mAbmd&uBift. (@)5 (b) oA AMm A BN
4 pixels 49 DZF #= & #1 7 8 pixels 43 CIDLF; (c) 5 (d) #f
K289 2 P #2 DNN 325 694y th 5 40 1
Fig. 7 The input and output fringe patterns. (a, b) The input fringe DZF
with periods of 4 pixels and CIDLF with periods of 8 pixels, respectively;
(c, d) The output fringe patterns processed by proposed DNN

GRS AT BRI AR N B S S st AT T
WAL 5. R 32 ARSI U, 45
SN 8 BT 19 8(0) AU, 14 8(0) A
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DNN &b B[ DZF 480005 i AH A7 2559 . <1 8(1) i i
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B FE CIDLF W A7, %% 6 il 26 O 25 DNN Ak 3 11
CIDLF BNz, Bk 4 DNN ALEER DZF AR o
S T S M R ISR AE R, 5] 8() A A BEI X3
FEE 8G) TR B, MR 8(k) H BB RS SR AR
TR K . BRI LLE H, 24 DNN AL B Y
CIDLF A JLP- 5 &£ CIDLF 58484, T4 DNN Ab
PRIY) DZF AR sh B R B 8 o 32 T DZF (R A
WAL T CIDLF, HAERRE RS KT CIDLF, $3%

DZF [ U e 3L T CIDLF ., HARALI SA
5 3% i S IR . MAIED 8() PTLAE Y, £ DNN 4k
FEAY CIDLF 7EJ IR ZRAb ARG A2 L Lt DZF SAnBENN
PIRE A IR BT AT . IR 8(k) FTAE Y, FERITRE I
SRR R AR R T, 42 DNN Ab#RAY CIDLF
AA0Z . DZF S A0 .

e, RHAEZIRIET T80 Mg Rk 9
Fis o Dk FFRE 32 2P AHRS 531 4R 15 1 2§ £ CIDLF #H
PIAEABRUERINL . FIFIARE 4 CARRS AL TS50 . T
FRARE S AR AR 22 [ 22 (E A 26 XA AR O iR 2%
9(a) Zr 4t T AP AR B £ CIDLF., £ DNN
A HY DZF 5 CIDLF il & AL 18 25 . Ml FURgE
PEEPUAS KISEA TR, 40 9b) B . ME AT IR
W, YA R D, 22 DNN LAY 2k SR AR AR
AL 22 R B 6, JUHUJEXS CIDLF i 5, H

k2 ARBZFEWGAEZNZIRE

Table 2 Phase measurement error of different methods

A3t [rad
Phase Error

AP [rad

DZF CIDLF DZF CIDLF
Focused 0.2787 0.0724 0.3012 0.0898
Defocused 0.0613 0.0223 0.0825 0.0417
DNN 0.0613 0.0223 0.0614 0.0225
i
_ - o “r 057
4 —_—--—(;DLF-defocused - 33 A 04t ; —— CIDLF-defocused
3t ~ — CIDLF-DNN £ o Al ——CIDLF-DNN
=~ DZFDNN g32r 03 [T — DZF-DNN
2r ke ™ 2 L 01!
e, o 3.1 < oot <
B 1T SS~al a0 - ) £ - 2602702802.90_30[;3_103:32-_ -
5 g 01
L0 90 95 100 105 110 @
g N / \\ / x/piex! = 0
» -335
-2 /"’E -3.40 -0.1r
‘\\/ “\“\‘\. /4’ 5 -345 02}
-3 2
w0 = i
_ L L L o T o -0.
40 100 200 300 400 Shoma % 0 100 200 300 400 500
. * -3.60 / ixel
X/DIXG| 400 402 404 406 408 410 412 414 X/pixe
x/pixel

B8 SRk, (ae) Ak amddmik: (b-d). (Fh) 2355 @) 5 (e) #94ada: (i) # (b-d) # iRt iz B Ao Aals &
B () A () P B & BRI K (k) A (h) PRI S ALt & 5 BEa K

Fig. 8 Comparison of experimental results. (a, e) The two selected test objects; (b-d) and (f-h) The phase maps corresponding to (a) and (e), respectively;

(i) The phase along the marked lines in (b-d); (j) The zoomed in phase curves of (i); (k) The phase along the marked lines in (f-h) and zoomed in curves
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The impact of diamond pixel DLP projector on the
accuracy of PMP system and its improvement
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Abstract

Objective Phase measurement profilometry (PMP) has emerged as a key optical technique for acquiring three-dimensional (3D) surface
information. It has been successfully adopted in fields such as precision manufacturing, biomedical imaging, robotics, security inspection,
and digital entertainment. Recently, the demand for high-resolution optical 3D measurement has increased rapidly. In the high-resolution
PMP system with digital projector, the measurement error caused by pixel matching between projector and camera becomes obvious. In
ultra-high-resolution PMP systems with a high projector-to-camera pixel size ratio (PPSR), fringe patterns projected by diamond pixel
digital light processing (DLP) projectors exhibit prominent zigzag edges. Furthermore, the sampling frequency of vertical fringes is only
half that of horizontal fringes, resulting in a significant decline in phase measurement accuracy and becoming a key bottleneck restricting
system performance. Addressing this critical issue requires a comprehensive solution that mitigates both pixel dimension induced and
discrete sampling errors.

Methods A high-precision measurement method combining pixel remapping and deep learning was proposed to overcome these
challenges. Firstly, by analyzing the transmission characteristics of fringes in the PMP system and the pixel mapping law of diamond pixel
projectors, a pixel remapping scheme for column-interlaced diamond linear fringes (CIDLF) was designed. This scheme rearranges
diamond pixels into column-interleaved straight-line arrangements, doubling the sampling frequency of vertical fringes while effectively
alleviating the zigzag phenomenon on fringe edges. Unlike the traditional diamond zigzagged fringe (DZF) and rectangle linear fringe
(RLF), CIDLF maintains consistent fringe width between design and projection, ensuring better sinusoidality of projected fringes.
Secondly, a ResUNet deep neural network integrating residual network and UNet architectures was constructed to smooth the captured
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fringes. The UNet component enables spatial downsampling and upsampling for high-level feature extraction and detail recovery through
skip connections, which fuse low-level pixel information with high-level semantic features. Residual modules incorporated into both
encoder and decoder paths alleviate gradient vanishing and overfitting during deep network training, enhancing the network’s ability to
preserve fine object details while smoothing fringes. The network’s basic convolution block (BasicConv) consists of 3x3 convolution,
batch normalization, dropout regularization, and rectified linear unit activation, ensuring efficient feature learning and noise suppression.
To ensure reliable network training, a high-quality dataset construction method combining defocused projection and the 32-step phase-
shifting algorithm was developed. The focused fringes and defocused fringes corresponding to the focused one are captured. Then,
parameters of fringes including background, amplitude and phase are obtained with 32-step phase-shifting algorithm and the averages of
the background and amplitude of the two types of fringes are worked out. A high contrast smooth fringe is generated using the above
parameters as the ground truth. The dataset included 19200 fringe images for training, 400 for validation, and 400 for testing, covering
fringe patterns with periods of 8, 12, and 16 pixels. The ResUNet was trained using stochastic gradient descent (SGD) optimization with a
mean squared error (MSE) loss function. Training spanned 100 epochs with a batch size of 8; the initial learning rate of 5x10™ was updated
to 5x107 after 20 epochs, resulting in a final training MSE of 1.0128x107 and a validation MSE of 5.4261x10".

Results and Discussions An experimental system composed of a LightCrafter 4500 projector (1140 pixelx912 pixel) and a Bonito CL-
400C camera (2320 pixelx1736 pixel) with a Nikon zoom lens was established to verify the method. PPSR was adjusted by modifying the
camera lens focal length, covering values from 0.5 to 85. Experimental results demonstrated that as PPSR increased, the pixel structure of
the projector in fringe patterns became more distinct, leading to more prominent regular distributions of phase measurement errors. For
traditional DZF, the phase error reached 0.3013 rad in the focused state, while CIDLF achieved a significantly lower error of 0.0898 rad,
outperforming both DZF and RLF across all focusing conditions. When combined with ResUNet processing, the phase measurement error
of CIDLF under the 4-step phase-shifting algorithm was reduced to 0.0225 rad, approaching the 0.0223 rad error of the 32-step algorithm.
This performance is particularly valuable for high-speed 3D measurement applications that require fewer phase shifts. In measurements of
step-shaped objects and objects with step reflectivity, CIDLF processed by ResUNet showed phase curves nearly identical to those of
defocused CIDLF, with steeper edge transitions and smoother reflectivity boundary regions compared to processed DZF. For complex
objects, the proposed method maintained low phase measurement errors even in intricate regions, outperforming defocused projection and
DZF processing. The method effectively balances fringe smoothness and detail preservation, resolving the trade-off between error
reduction and information retention in high-PPSR systems.

Conclusions This method effectively resolves the measurement error issues caused by diamond pixel DLP projectors under high PPSR
conditions. By combining pixel remapping to optimize fringe sampling and ResUNet to refine captured images, it achieves both high
measurement accuracy and detail preservation. The proposed dataset construction method ensures robust network training, enabling the
system to perform well with fewer phase shifts. This work provides a feasible approach for achieving high-precision, high-resolution, and
high-speed 3D measurement. Future research will focus on adapting the network to varying system configurations and expanding its
applicability to dynamic measurement scenarios.

Keywords: optical three-dimensional sensing; fringe projection profilometry; pixel remapping; deep learning
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