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A hybrid network based on light self-limited attention for structured

light phase and depth estimation
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Abstract: Phase retrieval and depth estimation are vital to three-dimensional measurement using structured
light. Currently, conventional methods for structured light phase retrieval and depth estimation have limited
efficiency and are lack of robustness in their results and so on. To improve the reconstruction effect of struc-
tured light by deep learning, we propose a hybrid network for structured light phase and depth estimation
based on Light Self-Limited Attention (LSLA). Specifically, a CNN-Transformer hybrid module is construc-
ted and integrated into a U-shaped structure to realize the advantages complementary of CNN and Trans-
former. The proposed network is experimentally compared with other networks in structured light phase es-
timation and structured light depth estimation. The experimental results indicate that the proposed network
achieves finer detail processing in phase and depth estimation compared to other networks. Specifically, for

structured light phase and depth estimation, its accuracy improves by 31% and 26%, respectively. Therefore,
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the proposed network improves the accuracy of deep neural networks in the structured light phase and depth

estimation areas.

Key words: structured light; deep learning; self-limited attention; phase estimation; depth estimation

e

1 3l

6o =R B RO R AIE Bt R
BLBIEFE SRS Iy Ta) 22—, S8 = 4k
RO = 4RI = Y E )y P, B
PRAVRT BE 2 S0, TEDLAR A D15 BRI SE . A
PSS H. SCYRA . Blds AALSE | AR BE A 55 40U
AAH T RE 0 R ETRS, 7R R pypEseh, )
DAAEAL GE i S5 48 AR A, 5 U R E 2253 PR
DA ST A 8 3 Sy AR 3R 5 R TRT AR A7 4 SBOT
U FUARAS Iy kB, Al R HT SRS SR AL
ESIINE R 2R LR Y ISRy R -2 7L S ey
Bl e 1) A5 B BARAE A AR (57 S JBORS BE B AT
SR AE ), AHRE ST TE /DT 2 3 IR AR AL
19, 3@ B AR TR AR AR A XS AL o T TE XS
T G AR T 1 R B8 i o A 32 10 R 8K
o HKG R REZ s sh A K. DA E ik
ARAF AR AL I A AL AL, T 20 o — 2L e T
D7 VW AR AR AL AR 4 e XA AL A, TR
SRR EEAG T I7 T, AL 507 kT S AT R GibR
SE ARSI B2 ST 2 TR B T 5 = A 45t

g5 LTIk, HERR Y SR SOMI A T S IR EEAG T
SR GI R Rk SRR, RSSO =
G I T 2 R TIRE R
Feng 5 N 38 32 52 Y0 TIF B % B il 2 ) 2% ] L) g 3%
S v B SR BRI S RO R AR TS BE ), BAROR B,
3 2ok 45 R 2% T e ] 235 5, A A5 3 oG AR
flEl. Nguyen S5 A4 1 —Fhom s 09 )7 vk,
FHA B R 2 Hh A BRI B BR FE P, Jeught 45
NS T —Fh 58 B TR EE 27 ) Y MERANEIE 5%
S E LN R RSP S S JIE YN
T —Fh Z B BR B 2 ) BRSO Y = 4R
D7, Jl 4B BeE 2 5 AR ARAT YR R TR 2
fF RN, o, KA G5 F ARSIl 7 A Ak
THEM L, AR T L SUF BRRER 3k, M
Transformer A% {42 ) T 22 00 09 5 XAk 4
JRif TR SCFE R DA s g7 e B g A, B H
F IR STk [12-14] X3 b R 45 0 7 3

HAN, Zha 5F AFFE T —FEA CNN-Trans-
former B, 2 A AL IE o S5 0GR TN A AR AL
JRFFU, FE LSRRI 7 T S T A B RCR

AT L, FETFURBE 2 2] B AR AL T FNR BE AL
THERJ&E T Il 3 Tl ), H AT 3R p s A AR
WS T B M ROR, (B TE BRI R 22, 1A T
PeFH S ], AL, AR SCHEH T —FF CNN- Trans-
former AHES A IBLEL, 70 4 BB HAE U R
PRIER B SRR 5 2 R R AR Al A, IF 58T
THEREIIHLHI AR, LE 2% i fift A R B
1 % /1 (Light Self-Limited-Attention, LSLA) #L il
DA R NA SRR . &5, Bt
DR 28 7 25 KA YE TR BEAL THFIAR AL T F P AT 55 R
AT TS5

2 FUBHREARE

Ml 7R ) 2% a0 #5248 )3 R (Fringe Projection
Profilometry , FPP) 2 4 & 52 A FIAH HLZH A1),
14 FPP RGUJF IR K], 52 UK S 8 B R 1805
N HIRE L, IR 808 5 T ORI RESS
B, R 5 AP SO 1 B CE R . fE2 iR
(1) FPP H, #3455 2 AN [ 1 2k 2 ]
2, ML Z 5K B Fr, SR i AR A AR SRAR 24
IR0 = HIEARAF B .

- g

K1 FPP R4HHHEIA
Fig. 1 Schematic diagram of the FPP system
AL T AT AR B AL SR AL, i RE S R
ARG, T 2R E0] AR N



120 RED2E (RgEs)

17 %

L (xy) =A(xy)+B(x;y)cos ~(xy)+ ZNLH

1

Horb, 1, (6 y) WA — 1R RO y) LR, ACGY) N

AR R A BT ROLIR, B(xy) M iz s iR D,

T(GY)NIZERIAAE, n=0,1, N 1, B
MAEE RAE A (1) T A AR AL
> 2nn!
I,sin ~N
(xy) =arctanf—————+§ 2
D>QI cos @
n=0 " N
AN AR 2n AR B AR . AR B 2L
AR, T ZoR AR AR 0 B AR R TT, AL
JEFF AT

(xy) =7 (xy)+2nk(xy) 3
Hrp, (xy) R RIFANL, k(X y) S 28R EL

132 32

WRAEFR E AL =M ARAREIC R, l AFH 3
2t X REASE, R AR 2 X RE S T R R = A v B

&3
F1./6s 0

3 ATEH2AAGREEST HRE
P 2

3.1 BAREH

DR 25 () AR SE RE S U RG22 kg 1l
K2 iR e Hl— ARt a8 - an 4l . %M
R A JESE O CIEME, TEgmfidas [ 25 v, it T
R A 7 2O A R 0 43 PR 3 AR, B2 UK 4
BERRHE, 2800 4 T RAES , iF A SRS 25 I 2%,
AT AR R OB b SR AR, M g i 2% 22
(A1 53 B 23R R A B 55 21 5 o R AR R S [l v
IR T B 42, RS 28 I 25 ok 2
FHEFER R RE ARG, T3 B3 S A5 Bk
HHEE .

32+12832 32 1

T

128+256 128 A

256+512 256 A

¥ 128128
> 4
: ¥ 256 256
» Convolution 3x3
¥ Max pooling I’I’D
A ConvTranspose ¥ 512 512
>

Convolution 1x1
— Skip connection

[1 CNN-Transformer block

& 2

B —
&)-)Q-
1024 1024

W25 2y 12

> » >

512+1 024 512 QA

_B-B-8

Fig. 2 Network structure diagram

K7 B 2% B — )2 Be AR I A B, BT
RIS o0 2% PR LA ] BEHR IR (R 85 BT T 2%
i o 0T 28 AT LA bR 22 ) B A,
FCANAS [R] 5 [, AN [RIASE SR A RRAE o HL 58 B2 1 hn 2=
FEOHE RO IS . FEBIRCR R,
T YRR I A LT . 28 S R B, HE I 4 v F)
1024 MFRCR B
3.2 CNN-Transformer HH45 SRR

CNN & —FhETiR A2 2%, B IR RS R

JE RN AR)ZE AR, AT DL 24 2 e 4R,
A Sh R UG RRIE S B, B8 R TR0 %R,
{ERFITF L F 35 B A RHET R Transformer J&
— PRI H R L A2 AR, AT LA
A& JRE R, e RN IR RE S . FESSF LR
AL 3R R T EGRECE  4E EE  , (EH
& 55 1Y Transformer A5 Y 25 S 800 = 0ok K,
CNN FI Transformer 45 & 7] DAHE A 780 (1 3138040
R [A] i ¥ CNN-Transformer 19 5 # A0 45 45,



13

KB, 55 ST R B RIGE R WSS AR AL SR FE Al TR & 2% 121

FH CNN 2 i EHZ 9 R F8FEE, Transformer 2% J
PG 4 SR B, SR iE 5 2R R A Rl A, 42
FHEE AL FIRAE ST o FETF I, AR SCHE CMTUY [
Bili L FFAT T Rk, BEE AT 43k 3 ARGy, L 4
PRI UnIE 3 fiis .

DW Conv
- r
T
.' -

Layer norm

s

Light self-
limited-attention

—..:

L

Layer norm
FFEN

|

|
h J

K] 3 CNN-Transformer FHe2544 &
Fig. 3 Structure of the CNN-Transformer module

32.1 REFAFAERIE L

i T Transformer 9454 7] B8 2 Z00% FZ 1Y
WA SRR S, T A AR B IR G R R
I, ol FH I B2 LR 12 D0 28 9 I E 4 1 e ) 0 I 4%
ZRIKAE ST, WAL (4) Fizw:

LFE (x) =DWConv(x)+x ; 4

Horp, LREAUR R AR RS B0, x 2R W 4,
H WIS B A B3 B, d R FRE i 4k
J&, DWConv# /R IR E B . KRB SE e e 1E
U TN T o B RN A Z A A 1
WSr AT RIS, v LU R TR, A
ARG Ry B A5 R, (EAEAEABEA A HIA R
8 R R 25 )7 B b AR AR B (R, f T
P NCIERL PG S S RN IS i RN o
BUAFAE X A R]

322 BERARFEEZS

Transformer 1] LLA 30 27 2 RS 09 42 R
fiE, SR MITESS DG RS AL B v, HSCH0a ) 24 3 3 o AR
i, A R A TR IR AR RS . A
it LSLA #LHIUS $E4T 42 R RRIE A B, 442 )
LR 00 R dR A4 s P88 43, I FH A
B DB DL BRI R Bk v 007 8 5 R
PAR AR A RN AEIs D T R Y Ta]
W AT DU FH PG ) 2 T 25 4645 8, DL B4R
ST A A

TEABGERY A TE R L b, SR8 5 RoR
AR SF R BN, 78 3 SR 1EF A3, HnT
REZR 7 i A a5~ Hh AN [] B R], T U 7R 5 X
L B3] AR DG IR (Y AR AE 1) . 7 MR, B FIME
T N AN [A] B B R E AEMRRRIE . SR, 7
LSLA Bl b, th T3 K UG5 B b B, PH
B (A X R A X, SR RT LA S
AT SR i, AN, TE UG ALHR, AHAR A
F HHA AR LAY R, 3 55 R 1) A
A XAEBEAE R PIATHY . X AT DL &80 LSLA
P A5 AR, I HGE 755 2 m R Y
NN EE75=

LSLA HLiA2 35 5 8 A5 BB H A BR A
B, ArEAE BRI T —A> A S A AL S G
by i, SE0R 1AL EAR R RIR, AT LIS A b A 3
i NE P B RS BRI B ]
DA A i R, skt B TR P g
TERES1o3A0, i 1R &R EFIZ ALRE T .
HARAAL, 75 LSLA AL, % T R4 AL &,
T e AR A RO R R S
FE. AE, 2R AT EEYGHE 2
Ja BN SCIE B, BT RLG, 15 B R AR REIE R
No AN, BRAITE B S BIRAE softmax BRELZ IS
T P AN i 22 Dk FR ] — S AR T A
{E.. WAMERAL B 22 FNsh A REEAH BLFC &, LSLA
B ) 22 E SN

Attention (Q; X; X) = softmax QXT DS+B; +Bg)X
5

Hor, XA s A8, Q& A iy AR, DS R
AT I BAT BRI sl S R RN &
M 2548, By Bo 43 Tl I PRI o7 8t 22 R A6 B
2 o



122 RED2E (RgEs)

17 %

323 WA ZM %
R 5 S — 08 43+ ol P LA TRT BRL A% T o 22
%% (Feedforward Neural Network, FFN), FFN i
5 A2 B 2 L A0, 2 i H o
3 2o R AR fT T 5 SRR R AR 1R 2
/o Y FNN AL 5 Atk JZA1—4> GELU
PG PR S — MR R AN RAST K 4
£, 55 AL LI R 0 Lo A RS 46 /08 .
PR EA B TOR B A TR BT KR A
TR R, HEE ] GELU #3705, R GELU
FESE R AT B

4 EBEBR

T UE B I A Do £ T R e R AL P
AT 50, AR SCHEAT T PRFP S5 25 R AR A A1t
(FIFH & s RG I d, 22 AR A7) FRER FEAd 11 CRILH]
BRI EE D), I H AR B S8R A iy B
PR Lo mife T S . i R B TR R A ST HE
28k Pytorch, 5256 GPU & 24 GB N7 NVIDIA
GeForce RTX3090,

4.1 SEMYerEAIfETSELE
411 HEESL

TE 4516 't 5 38 G, AR 57 1) T 0 55 v, AR
SCAH R 8 LSO R AE A BRI R 1000
FEAR Y . A< SCfl A9 /2 i Blender A i 190
FLEAE A Feng 55 NIRRT HL B AED, #8455
Bl s B EANE 4 FTR o BEAFEAR RN
640 x 480, ¥ M 8 1 1 Y LG4 I R4 | Sk
LA . S LU A EE, TR AR
B (AL SR R B 2 B AR -

TER ZBOR ALl R H AR b, 8 500 EE AXKY)
PN TP, 22 o B b B . AR A 5K
(2) T LRR AR A A R AR

M (x;y)
D(xy)

cB(x;y)sin” (x;y)

- arctan cB(x;y)cos” (x;y) '
6

7 (x;y) = arctan

o, o Ji IO T FE A A ) B3 1) i B (7
ITEN =12, N B ES c=N2), M(xy)H
D (x;y)43 3 22 7 43 F T B (x; y) sin ~ (x;y) Al 43 £
TjicB(x;y)cos ” (x;y) FUTR 5 .

INZERE ' PG T 0 A AR A B 2 ) £ 2

AR R S TR H 237350 D F43-BEI0 M, Pl a2
3K (6) XLEA LTI PIF X T ARG
5 R E Y s B A R B oz 8],
I, AR S A77E 2n BOBRAS . B PR 2
> 75 0 LA B TR0 kAR A7 T A e e ]
it D A M BT EATEERRAS, BRI, FIH D
M ] DLAJAS B g o A B A . SEEG il
UNet 25 X5 X P RR 7 AT I 25, LUk B
AL AR, R4S 5] D A M BT A 5 A
ALATIPRE FE 2 TH T2 60%., b T BAkiy A XU H
5, FFEF A D A M A 58 G, 785 A< 7
25 B LA B TSI — A3 SO0 5 SR AETR RS A 42
Tt T EHL A AR TR 2R — K, b T YR
A T] 25 R L 10 PRI, A SCHE S 56 (%) J A CAFE
[ D AT M

)1 )
..I\\"|||:'5’{“”m55'51HH"" ‘"H\\\\\l‘w'hikl‘ivl\\m["

Il

WWWW

«2;( !]

4

K4 WoBdempE., 5110 BEdE, I E
S (a) D ELAREUAL: (b) 7 HARSUA D; (o) i H
8B M; (d) 15 B ARSI ; (o) B AL AR EL
F; () FLEEAREUR] Ds (g) HEEAREUET M; (h) FLEEAE
SR E AN

Fig. 4 Sample maps in some datasets. The first lines are

|

simulation data, the second lines are real data.
(a) Simulation fringe map; (b) simulation fringe
map D; (c) simulation fringe map M; (d) simulation
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fringe map D; (g) real fringe map M; (h) real fringe
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Fig. 5 Comparison of different network simulation and real data wrapped phases. The blue boxes are the simulation data, and
the orange boxes are the real data. (a) UNet; (b) DPH; (c) R2UNet; (d) SUNet; (e) Ours; (f) Label
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Tab.3 Comparison of ablation experiment results

MSE Al e/s
CMT 11.32 6.89
CMTH#LSLA 9.17 6.45
CMT#HFFN 11.34 5.54
CMT+UJE S5 8.94 9.68
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Tab.4 Comparison of the depth estimation results by

different methods
15 HAEAR IR
MSE il /s MSE B EP
Unet 8.78 5.98 9.97 6.44
DPH 8.03 8.66 9.86 10.59
R2UNet 7.57 8.73 8.72 10.92
Ours 6.43 8.09 7.64 8.44
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Fig. 9 Comparison of the visual results of depth estimation by different methods. The blue boxes are the simulation data, and
the orange boxes are the real data. (a) Input data; (b) UNet; (c) DPH; (d) R2UNet; (e) Ours; (f) Label
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