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Abstract Limited by the multi-source heterogeneity of data acquisition and the expensive
annotation of 3D reconstruction results, the existing 3D shape reconstruction methods based on
multi-depth of field image focus information usually need to be designed according to specific

application scenes, resulting in a lack of scene adaptability. This paper proposed a theory and
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method of constructing multi-depth-of-field image datasets, and designed a robust deep network
model on this basis. The constructed Multi-Depth-of-Field Image Datasets ( MDFI Datasets) aimed
at stripping the strong correlation between the actual semantics of images and the depth information.
The shape kernel function nonlinear spatial mapping method was proposed to extend the multidimen-
sionality and diversity of the datasets by combining the texture-rich characteristics of the input image
sequences with the inherent homogeneity and step properties of the 3D shape. The Deep Shape from
Focus Net (DSFF-Net) was designed with U-Net as the base network, and Deformable ConvNets
v2 was added to enhance the feature extraction capability of the network, and the newly designed
Local-Global Relationship Coupling (LGRCB) module helped to improve the aggregation capability of
the global focus information of the model. To verify the cross-scene applicability of MDFI Datasets
and the robustness as well as generalization of DSFF-Net model, this paper conducted experimental
comparative analysis from four different aspects. The results of the experiments show that compared
with the state-of-the-art Robust Focus Volume Regularization in Shape from Focus (RFVR-SFF)
and All-in-Focus Depth Net (AiFDepth-Net), the DSFF-Net model proposed in this paper decreases
15% and 29% in the Root Mean Square Error (RMSE) index, while the experiments on large

depth-of-field scenes show that the datasets construction method proposed in this paper can adapt to

real application scenes.
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(a) ?ﬂff@ﬁ
S ZRWIIRTE 5 R B = 4T SR AT A1)

Kl 5

K2 VBRI

e Bk 28
flx)=k k
f(xo)=kx+b kyxsb
)4 bR R f(x)=sina+b z.b
flx)=a"+b a,xsb
f(x)=log, x a,x
/zlfl(x y) O<1‘<a lQ] ,"',kﬂq
B R AL [l )= ashsycyeee
Rofn(xs y) b<x<c 1<n<<10
f(I y) k1fz+k1y k19k2 s Tsy
N . f(xyy) =—kxsin(Jx—ysin({/y) k.xsy
dfggny 0T REE
HURENEERA'S =— - LTy kyx,
fxy) k (22 +y?)+2 Ty
fla, ) =k(y—2?)?+(1—2)? kox,y

Sk B DR 2B B ) B TR A I AT A oy A= T AR
JE A 6 B B0 46 TE 55 45 R 1 A7 A DL 2 EHR
JF 51 K.
3.2.2 JESEENT
Y T UR TR S0 B B /N L T R X )
rh R R A [R] 5T AN S o X AT 2R R A
SCAE A A% bR O 5 5000 4 1) 2 A PR R 2 R kL BV GE
a6 B3R = B S ek B0 AT B AL R DR 400 B 5K
Yy 0 52 Z . A2 ok B8 3 A ) i 22 ) PN R B B 5K
P2 () RS o A9 E A bR B A b 3R R S R
B} K,O:
D=K,(d,.d,) (6
o, D 2 A B TR EE I T d, F0 d T2 46 T
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S0 R R0 BRI 0 R JRE P v B BIL S P A T I TR
. 2 3 a2 T AP RIE S R B Hoh 2 80k
WAL A% . 3 e Bl BIL 28 % TR A pR B 2 8 R
ANATCAT DA B 4 1 2 dE MR R 2 A L () AT LA

A KRR AE B A 1 AR
3 HoEBEZIH
add Da.jy =dpiijp T Rdyi R
linear D.jy =Rdpi.pdyi.j R
ploy Dy = (dpiipp dyciy TOR R.C
sigmoid Dg;.jy =tanh(Rd .y dy.jy +0O) R.C
gaussian Doy = Ae U,SM A.R

3.2.3 ZREWERIFIIE K
Z SR MG 9 107 Bl FE R B DEE RS TE
AR T3 508 gl 72 b BS99 ok B o A Ji i
SRR S 3 5 Z 18] BE L AT S8 BAE AL TR
0 Bl A JR ¥ DX T R S TR L A S R AR
ISECS
Jal R AR R A LIy & R E R R & gk )s
0 T8 DR Jmy S SR A IR 1 T DA R R 4 SR R 1A
BRI 589 #REch mEH.
1,=1Xh 7
Ho, S0 R B h 2 A WL SR A U A e L A
BATAEAR 6 IR A4 A7 S BR 1 O 2% 48 10 b s
PREICRT DA AT Ak o I R e a0
h(x,y):#mexp(*%>
Horb o 5 BB EUE T SUE Lo, y I8 R AR R,
Pentland"* 4t St BRI, 175 20 BEHI 2 5L
o MU S IR T w Z 1A B 2R
Eff|u—u
a;,(x,y)zﬁ
Hor,u SR B X AL b D AHPLE £8. A
SEAPLEERE £ 58k HAR d WAL
by 3k A R IS AR D B R A
e m (s ) 5 HO I 0 i3 4 I ek B 3R 47 465 A4S
B E L B

€))

9

B.,=I1.,Xh,, (10
Horp S BOREUE AL, SEMBRB RS T, ——XF
N [FIEE, KN HXW B EEEMR T, 88 (s yo ) #%
GRS BCER EE HET B

W—1 H—1

Id(.ro.yo):z EB;./(Z.*IO 2] o) (1D
i—0 j—=0

e 2 SR EBOF 50 A o 5 Bl B SR SR i
ZUEVE N Z AR A W SO R A T A R —

ML S BEALIL 19 2 SR B8 7 9 B 4.
3.3 DSFF-Net if & W 45 1 B
3.3.1 HEIRRZR 45

% 3| U-Net A5 e e MM 42 /5 SRS g &Y
ASCEF U-Net /E 2 [ 28 2549 19 &+, 2 HF K
A PR AR ISR AN K PR AR = M. L T2
SRR R BB =40 S it b, i T4 [ 23R
FEBHE T AN R RUBE (9 RS e 51 % T 38 A 531 1 sk
FEBEAN[H]. U-Net 3 1 9 28 i 2o 1t Ak #5 4 B IR 1R
Gy PR LIATAS [R] RUBE () B85 . Bl & FRAE 4 2
Ry 0, U-Net 38 3o Bk BK 3% 32 (Skip Connection) £
PRI 5 )2 40 1 R AE LA B B 2R AR DX Y 3 BB
Bl AR G A A R R =4 Tl R TR
B =R A A R S K, U-Net B 2% £
T AR LA £ T~ 0 D0 KG it T L AT DA g2 1) 2%

S ARAE A — 2 R AE AR A v 78 3R 45 DI T W 4
i AR A8 #: FH (Deformable ConvNets v2)H
VE 5 A 1 55 7E WA A AR v 2 W 4 /)N B R AE
TR 1) 25 ) 2 2 O 2 022 5 TR TR e 91 £ 1 )2
fiE. FEAT LL 23Sy R BOM ) Y = 4 4 B A o A —
HERWT 2 ZEBZEHEME HEZR 3X3 &
AR, R BT, = H BB ERAE R E O 128 K
USRS 2 512, Ry b7 1k W 2% 75 I 25 o 72 v iy B
MR R, R M LeakyReL U ¥ {5 42 /F f1 BN
(BatchNorm) H—{b 2 2846 T2 Z W] (i 45 )2 1Y
REAE 23 A AH O RS AE T 0 PR B ) i SR L T AR T
GRZEMERERMILZEMAERAERBIEZE AEN
FEA Y R AR 1 AT R A ) R AR R E AR B

FEAL G W SRS B ik A 42 B i T 19 Jm 3 - 42 =)
5 R FRA # e (Local-Global Relationship Coupling
Block, LGRCB) '™ 3 s B R0 42 )y R fE (5 B R &
BEJ). TEWZ BB N 3 X3 M R 512 ERUZ
o ] 47 AR B - 42 JRy O R AS S B H L LB X i 4 A
W R 1 22 SR ER E 9 1 s A5 B AR
e G AR 25 2 i sk B A2 .

9K PR AR 55 WA B A A R AR B Y R A
A5 P2 WU RO B R [R) AR AT DL 4 o = 2 A AR
BAE. B, AR b Bt BRUZ IR SRR IR AR R
oL SRR AR BE R E 2 RAERE. R E K
— 2 K AR AR AR 3 ek WA B AR ORI Y
Sy HEARZ AR, B = 2 5 B A
] HiE 220 3 X3 45 B AR fil & M 2% vh g )2 R )2
FRAE K .

6 it 7R S A SCHY #E ) DSFF-Net 2544 ],
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X d
2SRRI
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750 %),

S SR N
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B 6 DSFF-Net f& 7 2% 4

3.3.2 WA EM

Yy o [a] X3 R AT AR 2= IR W e 2
AR L G X T 1 A R B B I A X L A B AL
e A5 2R A DX ) A R R o TR HE.L s BRI 4% B
AR A E BB X ) B DI SR AR S BT A
RUCHR I E X T 3 5 A 5L AR R 2R A DX ot 1
B FEAE SR IORIIZ AL I B8 ) W 23 R . B AT AT X5 i (8]
B EFAA IR AR e 2 (D il i T A dE
A VLR T R0 45 B AU A 94 fi 4 BiE 05 (20 A LT
AN A 1 4 BB 1 D A 2R A 0 i B[] R

A% SC ) B DA 5 18 T

(1) 755080 S 1 it 2 ) o o 20 B A il 2
1Y 2 5 IR BRI 5

(2) f& 58 1y JLAR] 8 AE AS A8 332 (i SIFT) 2 F+
TR Jo i Nk A 2 b s AR SO AT AR JE 36 RN
Xof ok A 2% ) SR A X O AE L AT AR IR A AR Y 10 B
FE TR 8 AR T 8% %8R X 3L 3 T 2 S IR R
J7 51 v 3R AR XU A [F] FE 25 4% S i A 0. AT A2

T A FUE A BUSCR AR R 5 A S it i 30 455 AT 1A
S0 AN LU 4 5 i DX R O T R A DX IR 5 £

TELZ FREGT I R4 XU VLS B
7 A R S = 4R TR S A R Pk AL T AR TR A B
5 FHB A1 B 42t 494 o 5 B 14 4 [ SR A O L O
REAS R B 28 ] A A AR AL BORAER /N K i)
ARG BT W P o i R 85 kA7 B 1AL A
BUeR E M #% i . X (o) B Y (p) 43 B 3R i A e
AEFERE X A R AR 4 Y AL E p AR RO AFAE  n] A2
A BT LR K

Y(p)=> W, X(p+P,+AP)+AM, (12)

Hr AP AM, 53 5l & R AR B k7T 2 2] 1 1 7
SRR AR . 0] AR T G B L S A R
Il 84 5 0 285 [X 3 3R £ 10 SR R

B 7 rp R AR 506 BRI AT AR TE 46 L X b, 3
T 7 () R AL GG FBURFE R s B 7(b) Jg 7R ml A8
TE 6 BURFE L AR . AL 58 45 B i A B0 5 AIF 5K 2 7F [



8 SRIT IS . 2 S IR RMR AR AR B = e A - i e S T 1743

BSR4k B LA AL 4 ) N FE LR AT AR T
A5 BROOS 2 BURZ U 7K 1 0 2 B0 i A% i o 4 AU
P19 SR A5 LR D A% » 8 P 1 A 28 00 2% ) Y DX I
B 7 (o) e 7n AT AR TE 4 AR R 1A L o Sk AR il 2
P2 2 >0 00 O % . R AR 4 ARUEL MR S B 5 A
N E . IR B o) B AR AL 9K AT 2 AR
g8 1 i A% 57 B AL 5 Bl o8 AR AU 51K R 3% O A% o2
AL AR IEAT R AR A B C AR TR R IR SR B RS RS
BN B AT A R 5K 18 32 BURF AL {HL

7
“

1

1

1

1

1

1

1

1

i NN

! D[R

1

"

| NN
= 1 e
L7 % 1 oy,
A7 ! vy &
N7 1 N4

1

1

1

1

1

1 3 o
X A 2N \\} /\
bj//b'/, H cih e T A
RSN A | N N2 7 \\\—'\\‘*/\\
AN NN 27 5

. AN \Y

NN NN LT R

1

1

1

1

1

(G EBIRH L
7 g TR S AT A BN L

3.3.3  Juif-2 )RR R MG B

Y[R — 37 e AN R AL T R — TR R, AR
DX 355 114 1 040 AT %) ) 45 5 TR (1) ) e — A 1 Bk
6%, R — B L 25 R A 42 R AR S I B B R A D i
[ R A SCHE R - 42 R 6 R A A LU R A (E
(14 Jry 8 R4 Jr SR AT R L I T 0 R A RO A
DT S8 SR A Y f%) JL AT R AE 238 BE 1, IR T = 4E 40
ARG B Bk A B R - 4 e R A R B R R £ B
i F 1 Sl FRAE 4 B 1 A5 3087 B R AR Floc
FIF v s T3 BVBE Froca B0 A SR8 & 2R AL 43 5045 5]
JRIFRFRAE » F grona 40 A 42 JR) OG22 HEABE 03 A5 3 42 )R
A Fifi J K Jry 8 A A0k R0 4 S R R A 5 15 B )R 8 - 42 R
FRAE Feou

Fo.=fU(F ) » (Fgopa)) (13)

H (ORRBIBRAERB LR, gD RRE)H
KA, £ FRR R -2 R RMA TR

TE Jmy 8 06 & A 15 43 3 v AR SOk T IR B A )
(Depth-Wise Convolution, DWConv) , A {# 3IF ¥ 2%
BT L RE (19 [F] I B (IS 2L Y 28000 TR 6 B i 1%
GE AR 25 AV A B 43 A A S i 280 5 e i A i

(WO REERRELRE (ORGSR

o AERJR KRy b AR SUIE S Sk 48 1 2
Sk AR HLENY I AT E R el
A 45 FH (Point-Wise Convolution, PWConv) X %
ARFESE AT EE Y 5K, FEX H A E 2 E O O K FlV
%l AN ) e R U N E G W 1N R = N R (T

JRRFR.H QK AV AT s
Atz‘em‘ion(Q,K,V):Softmax(%)V (14

H,dRF Q. KMV [ R4, A= HLH
IR R A R RE A BCRCEE 8K B 2 R R AR Z ()
) AH 5 1 2 1 52 B0 22 S5 R SR )T 9 22 TR AS ) % &
P RRAE B AR S THRRAE (S B 5 B i — 2P 1R
T 4 A Y M RE.
3.4 REBEK
i i DSFF-Net [ 4 i U 15 21| () % 5 & D, 7]
RE 2 A7 78 M 75 TN i 2 R 25 45 ) R, A SCR 4 SR 4R
FURE A SR G B B R R L E %5
KRSy S D e T B B b i 3 5 1B O 5 B
S B DR RDF 22 38 A2 il & 3800507 A il 4
FRAEREZ
D= GT(D,.I,) (15)
Horp T2 MR8 2 5 R BB 9045 2 4 R A EHER
GT AR FIETF il A R 10 I8 I oR A
AR AR DR CL AR W
GURJE G AR R S BN AR LM R C A7
it Jy SR A S AR RS R AR L]
WLl G EMS T/ 15 S iERNEC:
ClL,=>W.,(I)HC,., (16)

W= 3 (1)) g

|w|2k:(i_,)6[,)k 0i te

Hrp CFRR AR E . WU ) RAS FENER
i M j FRRBERIME p M 00 NGB T,
POBRESAE W TIEE T 0 IHEM T2, ol
RAREAPERRNE e RomFHHE T KEE
Rt i IR KA AS BRI D
D:arg[rnax(::, (18)

4 LWEER

4.1 XWIFE

ARSI SR AR B R 3600 5K, 58 o g
e RN Fn A T SRR 1 T O A3k AR B 12000 7KK
/NN 256 X256 15 5 SRR 38 1 W) UG TE 5 R A AR
100 5K 256X 256 KAl T B2 &, X H 347 Bl AL 20 5
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Hl

¥ i 2023 4F

DAY 55 A% o 55014 B ML 2 303k AR B 12 000 4 T .
RS E SR EE —— 41/ 4R 12000 42 5
TREMG T 51 o B 20 8006 o AL 5 100 5K K/ 256 X
256 Z SR 256 X 256 B IR E FIl 256 X 256 fY
R FE L R BRI 8 k.

TR O

’ A rd —
& wl q rp - )
| =4 i

ey
e |
.-m‘] "".. . ..‘-’ "
VRRE IR
- P P ECPPODPOw®
0 N SCHE () S 55
> oS v s oRPT e
S
8 ke

7% SOl R DLAE B 10 000 4 2 SR R T
SN W0 45 . 22 SR BB S AR o I 248 B TR i N I
JEE PRI D I 4 2 8 1 A 2845 R JEBEAT 100 Y IEAR
k. eV Zrad R b i A Adam fEA6R . B) 8R]3R
BWENLI0 L RS HCE A S R IR 2
W BIL R AT 12T 45 00 i OB 1A 8 4% AR P45 ) ) ) ) L it
AL BRI /INBEE Ry 2. AR SCAE B pytorch HEZR RS A 4 45

R, F ] 3090 GPU Il % DSFF-Net.
4.2 HELXIE

ik — IR % DSFF-Net [ 2% 25 14 (1 & 2244
AR SCHE A A JE B0 45 FoD500 v X A58 78 3JE 17 7 il
WA, A B fiE (MSE) A5 8 2 50 & (Param) Hl
HEPR 8] (Runtime) = A J5 W #6470 0. MRS BR %
#&ESH S m AR R A 100 LK, I
TESRC A (A, T il S 36 b AR 0 T il AN TR 32 )
N B IR e 27, T 2 AR A S xR R
B RUZ BT X 4.

W 4 PR e AR 1O U U R E
T EE R AT s FETH 9L 56 2 U+ A i
JRER-4 R R A B B S A U R 3 T 4% A R #0A
e e A S 3 (U D) i FH AT AR JE 5 B e
U 70 31 2% 1) B 2 MO0 B A% P s AE D Rl 52 30 4(U+
A+D) iP5 A TH RS 2 R R SCE 3 I A s T
SEHG 5CU_A) Hp il i ey -4 il A A Br e U 11 =
TP 2% PO ST P ] SRR s ZET Al SE S 6(U_D)
H AT AR TG S BV A 7 T U A 3 9 2% v A J2 R
45 PR B 5 B R TENE R SE 58 T(U_A_D) h 25
THALSEE 5 F 6 [ ks

x4 HEXEER

) R E g
15T 44 URET AR ﬁﬁéiﬁzﬁ%gfk W S Hh /A BATHSE] /s MSE iy =
U J 26855681 0.576 0. 0095 /
U-+A J J 27320321 0. 668 0. 0081
U+D J J 28274898 0.796 0.0072 =S|
U-+A+D J J J 30634706 0. 855 0. 0067
U_A J J 24960513 0. 632 0. 0085
U_D J J 27072594 0.788 0.0074 Bl
U_A_D J J J 25177426 0. 800 0. 0068

I SRS 5 AT LA L AT ARTE S R B TR T
Do 24805 85 5 J -4 Jmy 0% R R A B B AT RICHR T I 45 G
JE A TR BT DA SRR AR S B R T sy R R

Z B T S B T A B R A

AR SCR B (U_A_D) , 32 85 50 [m] I 7 ] 7] 72
T TN Jey 8 4 Jry # B BB 3k B PE AR U A L B S
EERIR IR AL 2 47 I RS . a0 DA E B 4T
S, W] DA AR SCHRE ) DSEFF-Net 9 46 455 71 1] L)
A5 B0 A Iy W 245 1 R [ e 1 T SR S 00 RS A T
(] 4[] R
4.3 MELEXWERKE S

AR5 DU 7 T HEAT R BB B = 4 5 T
TR AT R RN A AT MR i R AL RGE 3 R oy

AR GERE RIS L B TR B2 2] 1 = 4R P A i g A A
Xof LU BRI AT = 4B T A T AR AR 1 5 | 5 S g R R
TR 55 S0 DU AR 43 AT 7 M % FE.

7Y £ B £ Base- Line Datasets™® . 4D Light
Field Datasets™*", The Synthetic POV-Ray datasets"*,
SLFD and DLFD datasets®" . FoD500™" . HCI 4D
Light Field Datasets!® , Mobile Depth datasets!*
F1 MDFI Datasets 348 #E 47 = 4EJE 50 1k, 38 10 %)
Lot G5 = e 8 40 & g AL (GCH'Y  RDFY™ | RFVR-
SFF) RIS TR BE 2% 2] 1) = 4 B 36 1 #4525 (DDFF-
Net? | Defocus-Net™" | AiFDepth-Net''*) | FV-Net*))
X LGP Al A SC T £t BoHls 28 MDFT Datasets Fil
DSFF-Net 810 A sk, 16 4% = 4 8 50 8 g 5t [
BRI S S BOE £ UL 3R 5.
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x5 WIEEXR®EE

BRI RFH W RFAA EiGnEes
. Journal of Visual Communication and Image thresSmooth=32 .thresSmooth=232 .mask=3.G=1.
GC . 2018
Representation lambda=0. 01
RDF IEEE Transactions on Image Processing 2020 Tmad=0.1,Tbokeh=0.15.FM(r;=1,r,=2,r;=5)
. X lambda=0. 3 .alpha=0.1.beta=1.5.g =2.5,
RFVR-SFF IEEE Transactions on Image Processing 2021 amoda atpha veta Y~ gamma >

itr=_8.nei=2

H. v, Base-Line Datasets % A [A] 80 #L L JE IR
AN RS K AT R R AR B S P A 15 Fh
Tlt T 50 1 AR 491 4« B i [ S 3 R AR O 0 AN A
SRS A S IR iR Sy R 3K A A ) 2R £
M2 9 R] F M 54D Light Field Datasets WAL 7y
T 25 M 2R IS L s A 32 ] T I
K AL 4 55 SO KOG R T S5 1% JE s The Synthetic
POV-Ray Datasets 3% ] 312X A [F] 485 784 75 /i 5
SRR SR A X B TR IR R R B AL Ok
30 Fh3g 5 AE i ; SLFD and DLED Datasets {ll]
55 SUHT ORI T ST 0 A D 2 R B
£E 30 Fiz S AE K. MDFI Datasets fifi HL 4
15 20 2 5 IR UG 7 51 B0 408 1 o 52 36 4h 52 i B 35
WEAS S =4 A d 7. DL BB 4 HoA 80
TR Z R SEREAE 1] FH R B0 UE AL G = 2 % 40 2 S 7).
T340 FoD500 Bdla 4R AF o & BB 46 HoREAR Z ¢
HAMERRERE & T iR E ) K=
JE 5 B A AL, ff HCI 4D Light Field Datasets #il
Mobile Depth datasets W F >k X Hb £ A~ 165 70 7F 2 5%
W RERAA T R RIRCR.

AT S B A DA 48 b o i VP Al % = 4R P AR
AR R P fE 22 L B 5 iR 2% MSE (Mean Square
Error) . ¥ 7 R i% 2 RMSE (Root Mean Squard
Error) U4 {H {5 M [t PSNR (Peak Signal to Noise
Ratio) . 55 #) AH Ll P SSIM (Structural Similarity) .
YA 2 R EL Correlation (Two Dimensional Cor-
relation Coefficient) . ¥ 7 ¥ #{ iR 2= logMSE (Mean
Squared Logarithmic Error) | i  #4: (Bumpiness) |
FH X iR 22 46 6 Abs. rel (Absolute relative error)
MR Z 5 E Sqr.rel(Square relative error).
4.3.1 fLG BRI H

AR SCHR Y A ) 45 B TR A A AE MDFT Datasets it
Fr I - 98 J5 TE T B 46 b 3R 47 20 LA 32 0 53 A

FWAE IRV 3k 6 Fn TR S5 = 4EIE A
ARG B AT LU AR SCHR S B0 4R T LA K
| AR T 5 A DX {EL T 0 E i A T TR
AR DI T8 P AU T Bl IR 23 Y GC A,

T < B9 v Ji 7 45 A A GE B R 7E A () %
PEEE M) = 4k JE i 8 8L 4) #r. Base-Line Datasets £l
MDFT Datasets FF AL 7% 5 2% i 714 5 £ DX 00 &2 0

xR 6 ERERLL

) " N R AR
B LR 4 5 5 - ;
RMSE PSNR SSIM Correlation logMSE Bum piness
GC 31. 0549 18. 6753 0. 6945 0.7805 1. 0583 4. 4006
. RDF 7.5254 31.0699 0.9001 0.9617 0. 1900 4. 4377
Base-Line Datasets
RFVR-SFF 2. 6444 40. 2357 0.9433 0.9958 0.0641 4.6793
DSFF-Net 1.2341 47. 6830 0. 9872 0.9998 0.0217 4.1893
GC 28. 7857 19. 1625 0. 7880 0.6974 0. 4862 3.5328
) . RDF 14.1952 25.9345 0. 8609 0.8165 0. 4046 3.6308
4D Light Field Datasets . .
RFVR-SFF 7.6344 32.0967 0. 8868 0.9346 0.0617 4.0753
DSFF-Net 5.7720 35.9345 0. 9430 0.9558 0.0599 4.1575
GC 36.1867 16. 9871 0.4013 0.5383 1.0891 4.1036
The synthetic POV-Ray RDF 27. 5430 19. 3640 0.4631 0.6575 0.6163 4.3617
Datasets RFVR-SFF 20. 7392 21.9149 0.6148 0.8186 0.2310 4. 4590
DSFF-Net 17.5819 23.3142 0. 6176 0. 8856 0.1553 4.8628
GC 32.1132 18.1783 0.7691 0.7107 0.6034 3.2031
SLFD and DLFD RDF 16. 7392 24,2084 0.8615 0. 8065 0.2036 3.6453
Datasets RFVR-SFF 9. 6026 29.1287 0.8910 0. 9300 0.0830 4,0774
DSFF-Net 8. 1863 31. 0837 0.9345 0.9524 0. 0600 4.2050
GC 32. 4645 18. 1829 0. 7494 0.7065 0.7084 4.5445
RDF 9. 2067 29.5061 0.9222 0.8997 0.0997 4. 6526
MDFI Datasets(our) . o -

RFVR-SFF 3.0771 38.7133 0.9523 0.9935 0.0084 4. 6852
DSFF-Net 0.7557 50. 8376 0. 9962 0.9997 0.0026 4.5113
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The synthetic POV -Ray Datasets

MDFT Datasets (our)
(¢) RDF (d) RFVR-SFF (e) DSFF-Net (D) ARAERE

9 A GUBIITE T RO A B = 4R S A
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SENLRE J1. GC Bk (& 9(b)) i3 5t h 4 ik 11 4%
W25 % Bk b 52 3 EHR Se 3 5% i s RDF 55
B (E 9(e)) A1 RFVR-SFF B (F 9(dD) 7E B EVF
M T T % BRE G R, E T SR I o A
AR ) DSFF-Net B8 (] 9 (e)) 75 2 45 X ST
i e A2 77 T 2 B A A

4D Light Field Datasets H A] 3 — 25 56 JIF 4% &
BAESEPR St X TAE 45 iy R . GC 5%
2 (B 9 (b)) X T 837 SO A, AR 23K 41 45 14
FBL R AF . AH X T 37 5 ik B 5 80 X ) 2% B
2% s RDF 83 (B 9 (o) 7 R AETEHr 75 18 2 IAH XS
B4 AH T 52 B 37 5 b W 4K 3 G 4R 4 M B A 225
RFVR-SFF 594 (& 9 (d)) 76 5 £ X B4 5 Ao
3 W= SO ERO I R S NI N e L J W RN
SCHE ) DSFF-Net f81 (K 9 (e)) 78 R ALV FE
1L BRI JUH R T RG A0 45 44 1) 2R 3k B AEH
55 U X IRATS A 92 T 25 il

The synthetic POV-Ray Datasets F UL ¥ iIF £
T BRVE A 52 bR 37 50 b 0 T U N SR R 52 R 3R
ik, GC Bk (& 9(b)) BAR AT LU 42 2135 43 15/ 45
F L AH X T3 5 2 WOOF N e A 805 B RDF 7k
(I 9 Ce) ) AL RE ) B H & 1R 34, %o T 37 55 J2 ORI 4
TS0 B TG s = S i i i s REVR-SFF 53k (1 9
(d)) 1 5 A DI AN A E 2 2 R I R A4, U AR TR
JE P 1 G AR 45 J7 s A SCHR Y DSFF-Net #7 #Y
(I 9 Ce)) A8 AT LA 3 3% 5 26 40 3 285 440 {5 78 I8 i 1]
8 300 % DR A5 5 T A — 5 1Y 32 T A5 (A 32 SR
T2 T 51 S UE P AR BEAE 52 37 557 vh B 40 [) Joit IX Js ) 30 2
Ghith.

7E SLFD and DLFD Datasets 51 8] DL gF — 5 I
TIE A Fh B8 7R S B 3 35 v Ok T 55 SRR i R B
GC 54 (I 9 (b)) 1E AR 7» B dfe vh R B R 47 (B X T
Y 55 808 s R WA RDE 5325 (& 9Ce)) Al
A3 H O DX I 1 58 S0 3 5 (B TR AR A
eV 2% s REVR-SFF 53k (B 9 (D) E 55 80 5t
A RE 4075 J7 180 22 B R o AEL A7 A BB 0 e 7 5 AR S8
i) DSFF-Net # %1 (|8 9(e)) 15 25 T 48 4 by gl 1ot
T TR X T 37 55 TS R S ) Rl ) AR L A T B - T Y
B o (75 7 55 ST 5% X 3R BT 5 9 | 5 D
A Bl T x5 S B Y R AR B AT IR B R
W 1) ZREVE R Z 4R PEAE 1 AR A A BAESR
.10 R TR RE ZACR.

(a) VIGREREE (b) BEREE
B 10 53 uE A MR

25 b A SO ) DSFF-Net #5881 018 18
REN L EREM B EM T YA RGFHERE, UH
XoF A 4 45 +h) 0 55 S0 3R XS0y A O T 2 A BROR
(U

5k gt = AE T8 50 d AR b B M 5 R
JE GRS LA UEAS R R S . AT &
P S 0 {2 L # B 4E Base-Line Datasets, 4D
Light Field Datasets, The Synthetic POV-Ray datasets
F1 SLFD and DLFD datasets.

W P R BT 2 RRIER R S R ]
L MR P L Ol B T T A [ Y R S IR R K
0.,0.04.0.08.,0.16.,0.2.,0.5 F1 1,3 % RMSE Ji¥
W8 B X Ll T 00 4 B P R0 b v TR BE TR 2 T ) A 2 5
RO &R L0 B < 4 20 b 37 55 B8 00 0 A T
5 A 128 X128.,256 X256 F1 512 X512, DL MR A [H]
BERIAE 2% A RUBE 7 T Y P RE L 2 & SSIM A PF Ay
T8 bR R Wy 22 RUBE T 28 B 75 m] LA AR B 06
A L.

Base-Line Datasets, 4D Light Field Datasets
I The synthetic POV-Ray Datasets H, Z4s 3 #2 H
) DSFF-Net 5 17 M P & 45 P 52 50 b A0 T Ho At
s Z RE GBS E 128,256 #1512 RUE I
FHABBEA, SLFD and DLFD Datasets H1. 4 3 42
th ) DSFF-Net A5 5 7 M 75 28 8 15 5 v 475 2% U H 4
G TR RS B L X AE 128 R R & b 8 T RFVR-

W 7 Jros A SCHE ) DSFE-Net i 8175 2
Yy T MR 5 ROBE & 0 M T AE L 0 I At A% 58
T T EL B A R P A e R Y BRI B B
TR R TN
4.3.2  FET VB2 S 1) = 4B 50 AR R L

AR DSFF-Net 5 BUAT i 5k T IR B 2 ) 19 =
YETE A0 B 7 AT G O S A5 R A A
AT 2 B s 4 FoD500 A S 25 AN B Y 54
Bl HARGE R AN 8 BT . 2% 50 R T ) ¢ B [ A
i 7S AR AR BEAT PEA. b 38 23 Budl ok A Bofnie
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KT EHEEBITEAFELIE
_— — . . Wﬁ%'r*kﬁéyﬁ@MSD ‘ | ‘ 2 RS2 5 (SSIM)
no-noise 0. 04-noise 0. 08-noise 0. 16-noise 0. 2-noise 0. 5-noise 1-noise 128 256 512
GC 31.0549  29.2851  28.5833  27.1055  26.6324  26.2313  26.2603  0.5824 0.6945 0.4791
Base- Line RDF 7.5254 6.6158 6.8185 7.7201 6.5616 7.2413 7.2407  0.7809 0.9001 0.9333
Datasets RFVR-SFF 2. 6444 3. 8838 1. 9665 7.4996 9.0484  15.4434  21.1444  0.8856 0.9433 0.7627
DSFF-Net  1.2341 1.5431 1.7449  2.2026  2.4867  3.0353  3.9368  0.9262 0.9872 0.9843
GC 28.7857  31.9851  31.5419  33.8365  35.2053  33.6488  35.4327  0.5024 0.6656 0.7880
4D Light Field RDF 14.1952  15.0633  15.9339  16.6255 17.0182 18.1281  19.6769  0.5592 0.7459 0.8609
Datasets RFVR-SFF  7.6344 18.5505 23.1902  25.9138  26.6327 29.6114 31.8186  0.7153 0.7971 0.8868
DSFF-Net  5.7720  8.0515  9.8961 11.2622 11.7334 13.5621 15.0008  0.7351 0.8666 0.9430
A GC 36.1867  40.4512  39.6273 38.2517 36.8516  35.5131  35.8048  0.3641 0.4013 0.4431
Tl;i)’éfl};}:y“c RDF 27.5430  31.3696  32.7742  33.4892  33.3854  33.9465  34.8914  0.3631 0.4631 0.6397
Datasets RFVR-SFF 20.7392  25.8936  27.4615 28.7213  29.1467 30.2773 31.7073  0.5120 0.6148 0.7340
DSFF-Net 17.5819  22.0349  23.7014 24.8537 24.9478 25.8358 26.5744  0.5518 0.6176 0.8082
GC 32.1132  32.3257 32.7613  33.9787  33.8596  35.4630  35.5295  0.4916 0.6555 0.7691
SLFD and DLFD  RDF 16.7392  18.8880  20.5748  21.4399  21.3474  22.6572  23.6360  0.5379 0.7459 0.8615
Datasets RFVR-SFF  9.6026  15.0272  19.4253  22.7574  23.8952 28.0351 31.0361  0.6928 0.7734 0.8910
DSFF-Net  8.1863  13.0562 15.9887 18.0589  18.8054 21.0741 22.4507  0.6912 0.8707 0.9345
x8 ETFEFINZ4#EHREEXLLILRE
s 4, MSE RMSE Abs.rel Sqr.rel Bum piness SRR RFEHT W
DDFF-Net 0. 0334 0. 1670 0.17 0. 0356 1.74 39806222 18ACCV
Defocus-Net 0.0218 0. 1340 0.15 0.0359 2.52 1508047 20CVPR
AiFDepth-Net 0.0127 0.1043 0. 66 0.3523 / 16533873 211CCV
FV-Net 0.0188 0.1250 0.14 0.0243 1.45 15963225 22CVPR
DSFF-Net 0. 0068 0. 0743 0.49 0. 0350 0.56 25177426 /
SCET N A I R R Datasets fll FoD500 4% 45 #4711 45 3 £ Base-Line

H 52 B0 4 % 1] . K 3¢ DSFF-Net 7 MSE .RMSE
H Bum piness S HA #, I T 55 30E T 48 3¢ DSFF-
Net A5 7 0] A 24 T 8 3 5% b (9 U8 B2 A5 B A2 1k
B gl AN 4 R B AR AR B A5 000 R 3 AR A Al
W 5 IR B, 4R SC DSFF-Net #8570 75 3 BE (8 700 1)
REBK, JG 8T LR,
4.3.3  BURAEXT =4I A AR A G 5] 05

WA SC 2 ) DSFF-Net #5843 Jji] 78 MDFI

Datasets " 47X PEAN

N3k 9 FiR 558 = 4k @8 RDF Fl RFVR-
SFF S 56 1iF 58 £ A1 &5 R PR i = T FoD500 Il 5 1y
DSFF-Net, /i T# f§ MDFI Datasets JI| Z: 1) DSFF-
Net. H I AJ UL A< 3CH2 th # MDFI Datasets A1 #2 T
FoD500 %4 4 0 e ik g st h RAE M s £ A 5,
T AN 23 W T 5 5 3 5 IR B2 O ¢ & Rt ] 3
AT HETZrs5.

R HEEN=Z4H#EREEEENISEIE
— BAREER A
RMSE PSNR SSIM Correlation logRMSE Bumpiness
GC 0. 0034 49,7775 0.9609 0. 7086 0. 3874 0.1379
RDF 0. 0015 56. 8204 0.9928 0.9225 0. 1830 0. 0564
RFVR-SFF 0.0016 55.7972 0.9948 0.9241 0.1937 0.2237
DSFF-Net(FoD500) 0. 0086 41. 6050 0.8332 -0. 0368 0.8022 0.1167
DSFF-Net(MDFI Datasets) 0.0010 59.1663 0. 9960 0. 9569 0.1321 0. 0484

4.3.4  RERY =R

P AR e ) MDFI Datasets 3048 42 1 DSFF-
Net # B ¥E HCI 4D Light Field Datasets 1 Mobile
Depth Datasets 317 3F I, DL 36 IF DSFF-Net #£ %l
ST AT LIS TR B 55 8 X L A SORE i
N BE SEAT O R % 55 A A9 58 IR AE R L i B

T B 1 00 b 8 R O el AR L SR8 % 1 A5 8 g 3R
FE XTI 7 2, oAb R T IR BE A 2] i R R A AT
FE AR VE B 2 I 25 R A8 I 32X R v AT o] dal i
H.th DDFF-Net 5 % ¥ DDFF12-Scene %% 3 42 i)l
4k, AiFDepth-Net 7£ FoD500 %% 5 Il 2k, 1 A 3¢
DSFF-Net #5875 78 3C 42 H 59 8045 42 MDFI Data-
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sets Yl Z.

Bl 11 /R T A SCHE ) DSFF-Net #5551 5 % 45
SRS T AR (RDF ,REVR-SFF) fl 5L T I3 i 2%
S =48 550 8 45 % (DDFF-Net, AiFDepth-Net)
7t HCI 4D Light Field Datasets #1 Mobile Depth
datasets 4 48 I W0 9 TR 2 18], RDF BB (8] 11
Ca)) AT LAA R0CH 3 5 b 1 i A5 B B0 4 1 2R

(a) A (b) RDF (¢) RFVR-SFF

I i K 301 25 4 W 3o 7 v 3R B R A {H S T ok A A7 A
I 25 s DDFF-Net #8751 (J& 11 (e)) Fl AiFDepth-Net
(11 Cd)) B A AT L B 5 550 3 S b i SR A e 4
H H F i = S 5 119 0 56 0 1 TG T A T 5 AR S 4R
ST I 11 Ce)) ANSURT DIOKS o 4 W7 3 5t 1 SR A f
Ko ELTRBE S5 2R o M SR — 2 B A

(d> DDFF-Net
DDFF12-Scene

(e) AiF Depth-Net
FoD500

(f) DSFF-Net MDF1
Datasets

B 11 AR IR ) = 4 5 O

% 5 R B4 B0 48 (MDFT Datasets) 4 4 €2 A~
U0 R R A {5 B = 4 T 50 28 )y i (A6 56 Atk )
TR 4R T LS5 R B 3 B T G S B i U
TR BEAE B2 . 5 otk W] ), 45 SCH& 9 DSFF-Net
Do 25 R A HLA e i =y T R ARG e i 5 2 R R
BHAMARE LB TR TEGRREFEN =4 E
T vk e RO AR I 2R B B 3 5 s N
Jo IR W 5 5 RURE & # % J7 1T, DSFF-Net J7 i
AH G T 2 B B S G G ik IR E 7 ) R
BEA LR BT PE R A Y 5 RUBE IS N R A AT
b Sz AutE. RORWF oY BB R AT T Wy i

(1) G fa] 78 %5 e B4 42 (MDFI Datasets) 3 fil
AR AN [ 1 P SR R o b S T Y 2 i 28 R A
T I BRI R 5 31 52 3 5 80 2 1) 0 $s
WSV L i — 2R TN R AR

(2) BUA 1) DSFF-Net [5 2% ZH4) 16 4% 20 1k 40 15
L AL i A B T s e R 1A R R T X
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Z % x #

[1] Zhang Shun, Gong Yi-Hong. Wang Jin-Jun. The development
of deep convolutional neural networks and its applications on
computer vision. Chinese Journal of Computers, 2019, 42(3) .
453-482(in Chinese)

CoRIT, 3eda 22, EFETE. WG & M40 & R K HAETT
FEHLALSE U A . TEIEHLAE R . 2019, 42(3) . 453-482)

[2] Song Wei, Zhu Meng-Fei, Zhang Ming-Hua, et al. A review
of monocular depth estimation techniques based on deep
learning. Journal of Image and Graphics, 2022, 27(2) . 292-
328(in Chinese)

CR#E, R € SRS JE T IR B S 1y 5 H R AN T8
AREgk. o EERE %4, 2022, 27(2) . 292-328)
[3] Li Hai-Sheng, Wu Yu-Juan, Zheng Yan-Ping, et al. A survey



1750 it " Bl &2 Ejid 2023 4
of 3D data analysis and understanding based on deep learning. [15] Thelen A, Frey S, Hirsch S, et al. Improvements in shape-

[4]

(5]

(6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

Chinese Journal of Computers, 2020, 43(1) ; 41-63(in Chinese)
g E, BRI FRHE PR AR, BE T IR 2 ) (9 = 4 53R o b7
W T e aRaR. THEEHLAER . 2020, 43(1): 41-63)

Han Lei, Xu Meng-Xi, Wang Xin, et al. Depth estimation
from multiple cues based light-field cameras. Chinese Journal
of Computers, 2020, 43(1): 107-122(in Chinese)

i, IRENR, £E%. BT BBRNZ LR G REMN
W07k, I LR . 2020, 43(D); 107-122)

Wang Jun, Zhu Li. 3D building facade reconstruction based
on image matching-point cloud fusing. Chinese Journal of
Computers, 2012, 35(10);: 2072-2079(in Chinese)

CER, KA. HT BRI - 2 @l 0 S0 57 i = 48
. B ALER . 2012, 35(10): 2072-2079)

Yan Tao, Qian Yu-Hua, Li Fei-Jiang. et al. Intelligent
microscopic 3D shape reconstruction method based on 3D
time-frequency transformation. SCIENTIA SINICA Infor-
mationis, 2023, 53(2): 282-308(in Chinese)

CEE, Bde, 28 WIS, =2 mh AR A8 e 00 A A 8 A Ao =
SR ATk P EPE . fF PR, 2023, 53(2) . 282-
308)

Ali U, Mahmood M T. Robust focus volume regularization in
shape from focus. IEEE Transactions on Image Processing,
2021, 30 7215-7227

Zhang Rui, Li Jin-Tao. A survey on algorithm research of
scene parsing based on deep learning. Journal of Computer
Research and Development, 2020, 57(4) ; 859-875(in Chinese)
CoRE, MG, JETIRE S I 5 B R giidk. it
FHLBFIE S &, 2020, 57(4) ; 859-875)
Yang Fengting, Huang Xiaolei, Zhou Zihan. Deep depth
from focus with differential focus volume//Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.
New Orleans, USA, 2022 12642-12651

Wang Ning-Hsu, Wang Ren, Liu Yu-Lun, et al. Bridging
unsupervised and supervised depth from focus via all-in-focus
supervision//Proceedings of the IEEE International Conference
on Computer Vision. Montreal, Canada, 2021: 12621-12631
Maximov M, Galim K, Leal-Taixé L. Focus on defocus:
Bridging the synthetic to real domain gap for depth estimation
//Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. Seattle, USA, 2020: 1071-1080
Nayar S K, Nakagawa Y. Shape from focus. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 1994, 16(8) .
824-831

Muhammad M, Choi T-S. Sampling for shape from focus in
optical microscopy. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 2012, 34(3): 564-573

Pertuz S, Puig D, Garcia M A. Analysis of focus measure
operators for shape-from-focus. Pattern Recognition, 2013,

46(5): 1415-1432

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

from-focus for holographic reconstructions with regard to
focus operators, neighborhood-size, and height value interpo-
lation. IEEE Transactions on Image Processing, 2008,
18(1) . 151-157

Pech-Pacheco J L, Cristobal G, Chamorro-Martinez J, et al.
Diatom autofocusing in brightfield microscopy: A compara-
tive study//Proceedings of the 15th International Conference
on Pattern Recognition (ICPR-2000). Barcelona, Spain, 2000
314-317

Jeon H-G, Surh J, Im S, et al. Ring difference filter for fast
and noise robust depth from focus. IEEE Transactions on
Image Processing, 2020, 29: 1045-1060

Ribal C, Lermé N, Le Hégarat-Mascle S. Efficient graph cut
optimization for shape from focus. Journal of Visual Commu-
nication and Image Representation, 2018, 55: 529-539
Minhas R, Mohammed A A, Wu Q M J. Shape from focus
using fast discrete curvelet transform. Pattern Recognition,
2011, 44(4) . 839-853

Yan Tao, Chen Bin, Liu Feng-Xian, et al. Multi-focus Image
Fusion Model for Micro 3D Reconstruction. Journal of Computer-
Aided Design and Computer Graphics, 2017, 29(9). 1613-1623
(in Chinese)

(FE¥, Bl XRS5, JE T 22 5 R Al e 1R Y . o = 4k
AT TR LR B B 5 BB 2 A R 2017, 29(9)
1613-1623)

Ali U, Mahmood M T. 3D shape recovery by aggregating 3D
wavelet transform-based image focus volumes through 3D
weighted least squares. Journal of Mathematical Imaging and
Vision, 2020, 62(1): 54-72

Yan Tao, Wu Peng, Qian Yuhua, et al. Multiscale fusion
and aggregation PCNN for 3D shape recovery. Information
Sciences, 2020, 536 277-297

Yan Tao, Hu Zhiguo, Qian Yuhua, et al. 3D shape recon-
struction from multifocus image fusion using a multidirectional
modified Laplacian operator. Pattern Recognition, 2020, 98
107065

Minhas R, Mohammed A A, Wu Q M, et al. 3D shape from
focus and depth map computation using steerable filters//
Proceedings of the 6th International Conference on Image
Analysis and Recognition. Halifax, Canada, 2009: 573-583
Gaganov V, Ignatenko A. Robust shape from focus via Markov
random fields//Proceedings of the GraphiCon Conference.
Moscow, Russia, 2009: 74-80

Boshtayeva M, Hafner D, Weickert J. A focus fusion framework
with anisotropic depth map smoothing. Pattern Recognition,
2015, 48(11): 3310-3323

Mahmood M T. MRT letter; Guided filtering of image focus
volume for 3D shape recovery of microscopic objects. Micros-

copy Research and Technique, 2014, 77(12): 959-963



8 1]

TRIT IS . Z BRI R RGBS Jin A S

1751

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

Hazirbas C, Soyer S G, Staab M C, et al. Deep depth from
focus/ /Proceedings of the Asian Conference on Computer Vision.
Perth, Australia, 2018 525-541

Saxena A, Schulte J, Ng A'Y, et al. Depth estimation using
monocular and stereo cues//Proceedings of the 20th Interna-
tional Joint Conference on Artificial Intelligence. Hyderabad,
India, 2007. 2197-2203

Geiger A, Lenz P, Urtasun R. Are we ready for autonomous
driving? The KITTTI vision benchmark suite//Proceedings of
the IEEE Conference on Computer Vision and Pattern Recog-
nition. Providence, USA, 2012. 3354-3361

Cai Qin-Yi, Chen Zhong-Gui, Cao Juan. High-quality point
cloud resampling method based on optimal transport theory.
Chinese Journal of Computers, 2022, 45(1); 135-147 (in
Chinese)

R AR > PR Bt AR, 56 T I O A% F BIR Y 5 BT it 5 & T
REETT . TR, 2022, 45(1): 135-147)

Wu Z, Song S, Khosla A, et al. 3D ShapeNets: A deep repre-
sentation for volumetric shapes//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Boston, USA, 2015: 1912-1920

McCormac J, Handa A, Leutenegger S, et al. Scenenet
RGB-D: Can 5M synthetic images beat generic ImageNet
pre-training on indoor segmentation?//Proceedings of the
IEEE International Conference on Computer Vision. Boston,
USA, 2017 2678-2687

Honauer K, Johannsen O, Kondermann D, et al. A dataset
and evaluation methodology for depth estimation on 4D light
fields//Proceedings of the Asian Conference on Computer
Vision. Taipei, China, 2016. 19-34

Heber S, Pock T. Convolutional networks for shape from
light field//Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. Las Vegas, USA, 2016.
3746-3754

Shi J, Jiang X, Guillemot C. A framework for learning depth
from a flexible subset of dense and sparse light field views.
IEEE Transactions on Image Processing, 2019, 28(12).
5867-5880

Subbarao M, Lu M-C. Image sensing model and computer
simulation for CCD camera systems. Machine Vision and
Applications, 1994, 7(4). 277-289

Wei Hao, Cui Hai-Hua, Cheng Xiao-Sheng, et al. Image
defocus simulation technology applied to evaluation of focused
morphology recovery algorithm. Acta Optica Sinica, 2019,
39(11): 140-148(in Chinese)

(F55, Rl BAMS. —MHFIE0RETB IR E Bk
1 PG B R0 AR, SB2F 24, 2019, 39(11) ¢ 140-148)
Sundaram H, Nayar S. Are textureless scenes recoverable?//
Proceedings of the IEEE Computer Society Conference on

Computer Vision and Pattern Recognition. San Juan, USA,

1997 814-820

[40]

[41]
[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

Abdelmounaime S, He Dong-Chen. New Brodatz-based image
databases for grayscale color and multiband texture analysis.
International Scholarly Research Notices, 2013, 2013. 1-14
Https://Kylberg. Org/Datasets/

Subbarao M, Choi T-S, Nikzad A. Focusing techniques.
Optical Engineering, 1993, 32(11): 2824-2836

Pentland A P. A new sense for depth of field. TEEE Trans-
actions on Pattern Analysis and Machine Intelligence, 1987,
(4): 523-531

Ronneberger O, Fischer P, Brox T. U-net: Convolutional
networks for biomedical image segmentation//Proceedings of
the International Conference on Medical Image Computing
and Computer-Assisted Intervention. Munich, Germany,
2015 234-241

Zhu X, Hu H, Lin S, et al. Deformable ConvNets v2: More
deformable, better results//Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition.
Long Beach, USA, 2019: 9308-9316

Wang Ke-Qi, Qian Yu-Hua, Liang Ji-Ye, et al. Local-global
coupling relationship based low-light image enhancement.
SCIENTTIA SINICA Informationis, 2022, 52(3): 443-460(in
Chinese)

CEsit, BT, B W% JR-2RCRBA 1K B
ElG e, ERL . FREE, 2022, 52(3): 443-460)
Xie Juan-Ying, Lu Yin-Yuan, Kong Wei-Xuan, et al. Butterfly
species ldentification from natural environment based on
improved RetinaNet. Journal of Computer Research and
Development, 2021, 58(8): 1686-1704(in Chinese)
CGHHBYE, B4R, FLAEFF . Ttk RetinaNet [ H R 3
Berp o RN SR ). HF A NLBT R S R . 2021, 58(8):
1686-1704)

Vaswani A, Shazeer N, Parmar N, et al. Attention is all you
need//Proceedings of the Advances in Neural Information
Processing Systems. Long Beach, USA, 2017. 6000-6010
Ali U, Lee I H, Mahmood M T. Guided image filtering in
shape-from-focus: A comparative analysis. Pattern Recogni-
tion, 2021, 111: 107670

Hosni A, Rhemann C, Bleyer M, et al. Fast cost-volume
filtering for visual correspondence and beyond. TEEE Trans-
actions on Pattern Analysis and Machine Intelligence, 2012,
35(2): 504-511

Pertuz S, Puig D, Garcia M A. Reliability measure for
shape-from-focus. Image and Vision Computing, 2013, 31
(10): 725-734

Wanner S, Meister S, Goldluecke B. Datasets and bench-
marks for densely sampled 4D light fields//Proceedings of the
Vision Modeling and Visualization. Lugano, Switzerland,
2013: 225-226

Suwajanakorn S, Hernandez C, Seitz S M. Depth from focus
with your mobile phone//Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition. Boston, USA,

2015: 3497-3506



N

1752 it "

5

1R 2023 4

ZHANG Jiang-Feng. M.S. candi-
date. His research interests include deep

learning, 3D shape reconstruction.

Background

The three-dimensional shape reconstruction based on the
focus information from multi depth of field images studied in
this paper belongs to the field of machine vision, and is widely
used in the process of three-dimensional modeling and quanti-
tative analysis in medical, biological, precision manufacturing
and other fields. In response to such problems, it is common
in the world to design field-adapted algorithm models for specific
application scenarios. This paper takes the lead in researc-

hing from the perspective of deep learning, and proposes a
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construction method for multi-depth of field image focus
information datasets and a robust depth network model. As
one of the main research contents of the National Natural
Science Foundation of China “Dynamic Three-Dimensional
Reconstruction of Microscopic Images”, this paper aims to
provide a general datasets and a scene-adaptive depth model
for 3D shape reconstruction. The previous research results of
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