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Application of Deep Learning Technology to Photometric Stereo
Three-dimensional Reconstruction

Wang Guohui, Lu Yanting

School of Optoelectronic Engineering, Xi’an Technological University, Xi’an 710021, Shaanxi, China

Abstract Photometric stereo three-dimensional (3D) reconstruction is a hot topic in the fields of machine vision and
photometry. This method is widely used because of its simple equipment, low cost, and high resolution. With the rapid
advancement of artificial intelligence and deep learning technology in recent years, the development of photometric stereo
technology has entered a new era. This paper reviews the progress in the application of depth learning technology to
photometric stereo 3D reconstruction. First, the research background and the basic principles of photometric 3D
reconstruction are introduced. Next, various types of photometric stereo 3D reconstruction methods are summarized.
Then, the commonly used synthetic and real-photoed datasets are briefly introduced. Further, a detailed description of the
applications of depth learning technology in photometric stereo 3D reconstruction is provided, wherein the physical model-
based photometric stereo technology is transformed into a “data-driven” technology to achieve high prediction accuracy.
Finally, the paper analyzes and summarizes the challenges and opportunities for future research in the application of deep
learning technology to photometric stereo reconstruction.
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Table 1 Details of the commonly used synthetic photometric stereo datasets

Used datasets 3D shape (number)

BRDF (number)

Light (number) Number of images
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Fig. 4 The illustration of the commonly used synthetic photometric stereo datasets. (a) Blobby photometric stereo dataset”;

(b) Sculpture photometric stereo dataset”™; (c) CyclesPS photometric stereo dataset””
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19] H FR , DILiGenT-MV %% 45 £ 7 DiLiGenT éﬂl%ﬁ
B SR B YRR 20 A LUCES $dis 421
P 14 AW IRTE 52438 3 LED SR B85 R Bk B
KEMS . A, DILiGen T 10° 4 41 ,H,Tlof\%
PRAE 1O Rl AR A M R 0906 BE S AR IR . 2 MAs T %
FH B S BRI 48O B 7 A BRS04 1 HL AR B

2 H TR I PRGBS A RSO 5 Y LA L

Table 2 Details of the commonly used real-photoed photometric stereo datasets

Datasets Number of 3D shapes

Number of views

Number of lights Number of images

DiLiGenT" % 10
Gourd &. Apple'”
Light Stage Data Gallery ™

Harvard'"”!

DiLiGenT-MV""

w U1 NN oy w

Kaya'*"
LUCES""* 14
DiLiGenT10"" 10 (X10)

1 96 960
1 102, 98, 112 312
1/2 253 2277
1 20 140
20 96 9600
1 260 780
1 52 728
1 100 10000
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TR B AR M 4% (DBN) , A H 1)l 2k (pretraining ) F1 13
8 (fine-tuning) 7 ¥ ¥ 25 2% fiff 45 ) 24 v A7 7 1) Jm 5B
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PR A5 R AiF 11 B 1 RN 43 2 TUIN RE 1, B 32 I T AL
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P T F 5 A AU CNN 2249 2 28 ik 2
4 LeNet-5, HAA i HH)Z .\ F REEZ (R Z R i
fE) e i)z, K BBUZE T BHUR N FRE 12
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ILSVRC-2012 3 FEHr , 12 485 78 78 [FIAL 43 2 400888 11 5 122
FAL K 15. 3% , AHEE T Z i S 19 7 2%, 1R R B AIK
THAE DS BE T HE RS Wk 1 F s
HXF CNN AL BT $00 . a8 T MOk £ 1
B i VGG™  ResNet"™ . DenseNet 4% | CNN #
YRGB A Bk — 2 R
4.2 REZIJEXEIEXIDEEHTHNA

1993 4F , Iwahori %5 " R F BLIGUK 2 0ft 28 I 2%, 75
T 5t 23R 2 08 AR L A R B T Al 3 O
JEE 7 A RS 58 1 R 3 T ik 1) A A R AR
%5 SLR 3D M IR A . Z )5, Rajaram
2000 Cheng'""' il Elizondo %57 4 3% ] £ B i )2 1 22
I £ FIG B ST AR ) vk AT I L, AR, B

Input images Shadow layer

Fully connected layers

m: [l % ~l—O
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O
O

.

% -—O O
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Measurement

vectors
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R T b 28 N 24 1 O B ST A 3D R Uy ik KRR L aE
T Lambert #5881 e SR i A AT 558K B R FR
Mo BEAE B ) HOR I T 2 & R DL B CNN7E 1514
PURIRN 3D F A S AR 1 RO T, K R
J&E 2% 2 BERL Y N 6 BE ST AR 3D B A ), TR
= ) BOR B R IERE T U AlE Lambert 6 BE 57 44 (7]
BT T Tl AR A5 B ST R 3D FE B R T il T sE
FrAn £ 5 .
4.2.1 DPSN

2017 4, Santo "5 — UK IR BE 2% ) H R 1 H
Tt RE ST AR 3D F A B — A W 0 TR O B ST AR
W25 (DPSN) o 3% I 28 16 52 2% 1 B 33k 2 00 1 5 9 14
BRI 5] = VAP T ORI S (B L LE |
Lambert & [ ¥ 7] & (9 7000 (] 80 b A T8 155 7
AR RN HIRE = IR RS TERY
W .

DPSN % & 57 ik K& 5 A B % )2 (shadow
layer) | 4= % % )2 (fully connected layers) 135 ] i & 4
HAE AR LR, AL 6 BT o i 5 o R S AR R
150 6 BE 5 1) g2 B4 B Y, AR R e
(measurement vectors) PAiZ 1% & (per-pixel) i B =X §i
A DPSN I Tl 25 o 706 EE S AR g it i T4 Jm)
o BN T B # 5 B 5 (cast shadow ) 7] 782 AN 1T sk
S B, H T 2 A9 2% T R 38O IR &40 i BRDF #55 2
TCE X LR ST AL R, S T AR I 2k B B
5 B 5 30, DPSN 51 A 2 F Dropout £ 7K 1) BH 5%
2 B AL 55— d A e i, RUDEE T E N
0. LB 2RI 45, DPSN 0] LA 850 2% 2] A
LI AL 3 % TR 1) B BRI OC R L JT LR G R T A5
BRDFs FI% 5 B 52 . 7 B0 B Be L 45 72 5 U1 2R B B A

[ ) 5 B8 J5 1], DPSN i LB A% 3 09 75 20 Al 11 1k 3
TET A 925 1] i, 4 A T 1 09 34 38 T8 Y 2 T I 1 4 )
E— Ak, 3 i B (0 AT & 0F e ik — P —
A, B R ARAT Rk ) 2 A THE, BRI R T 2 LS

Normal map

K6 DPSNZEfy
Fig. 6 The architecture of DPSN™
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w691,

K745 T DPSN 7 3k FE e (0 11 07 k™ L2
75 1 (B BASELINE') %} DiLiGenT % % 4™/ rp i)
6 N5 Sk S 4 1 W A 3 T 1k 1) R ) 5 R RAE I 1)
WERY, Hy BT EME S 2.3 417 AR
[] 7 3k T A 1 e T vk ) i, R DA AR R R 22 R, R O
BOE AT B 2% (MAE) . IR H A LLE 3, %)
F buddha Al reading 13 2 FH Fij % 44 % il B A 90 14 1% 50
B %L T Lambert B 1 11 1.2 J5 2 n] DAAR A 58 4 1) T
HZER . KT cow Fl goblet 1X 2 /1 4 J& A4 ki Bl B AE
Lambert ¥ 14 , DPSN Jy i FUM (1 25 5 01 A8 T 15 58 )7
6T H A SR R A R Lambert 3% 18] 15 0] 2

12.19 23.77

BASELINE

DPSN

12.68 8.01 1128

cow goblet

WA BERARR . [, B8 2 5 Dropout 5 B )
iz FH RG4S [ 52 ) A O O 8 3 R s T O R Y
KR A A0 T B 25 T 2% (DNIND) B 20616 13 ~7 14
3D A AR HIEA Ry —F BRI I AR L Bl
J&i , Santo & Z TAEMAT T H#E— P R 45 A%
PE 0K 2 B9 BRDF Y {45 DPSN A L X 4 1k 2 it A4
JR A BRDF #E47 #00 o H 12 7 B AR SR A7 75 — SE 1]
A R) A, F A D % I AR O IR O a4 B
I AR 7840, DPSN 75 2B i VIl 2 H5 4k A0 35 3000 25 0
149 56 B8 7 1) AR [, AN BE % b B oK 0 6 B8 1) 10 % B ST
A 3D H 1) 8, 3 BRI T 9% A S PR AR B e Y
N o

16.86 7.86 15.51

7 X DILiGenT MO 40 e A4

Fig. 7 Reconstruction results for several objects from DiLiGenT dataset™”

4.2.2 PS-FCN.UPS-FCN # SDPS-Net

DPSN 9 $2 H B T 3% B 2% 2 3 R 7606 BE 57 1K
3D 40k Y AF T B . X DPSN H % IR Oy [l 77
B LN, A EE AT T )
9% o 2018 4F , Chen %57 & H — Fl 36 F 4 % B W 4%

(FCN) 38 1 06 BE ST AR (0 TR BE 4 25 ) 24, Bk =2
PS-FCN. %M%Y T DPSN Ot BE 5 ] 7y 2
TSt e S [R) 0, i O 8 2 ) 06 B ST R 3D FE A 43
B3z Ak BE 1 K R H T, i B 78 X 4 Lambert 2 i 1 4b
AR T A ISR
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PS-FCN J& — £ 73 3% 1A W 2% , iy ok 22 A 4y
fiF $& B #% (shared-weight feature extractor) | F§ fiE ¥ &
JZ (fusion layer) Fl & 1] & B 15 & % (normal regression
network) &% 3 #4324 B, W] 8 B o Hovp S E AR
REAE 32 a8 T 32 UM A6 B ST AR S R AE 5 AR 1E
REEEE T AhA S BRI ; 125 ) & [0 05 ) 2% 1
THERAFRMPE MG, HE T DPSN, % W& 28404 &
WE ML E S, il T I A R S RS R A 2
1 5 K3tk # 1E (max-pooling) i % 1, PS-FCN ¢ il

Boex3x3
Convl Conv2 X

64x3x3 1Bx3x3

L J

Conve

Conv7
mBx3x3 1B<3Ix3

G ik A A 3 R P B S MO TS R S O R T
T, Y1 2 B B A0 i B J (5 P 054 516 B8 57 i) (2 m] RAAS
[a] 5 P, A s T L A B 0 ) D' B S TR R
TR B9 4R B, I AR T OB AR Y RS
i R AR A SR 1 7 3T LM BT AT A v B A
& AR B, 07 22 W 5 2K B0 (non-activated ) (9 FFAE , 1
1% 07 AR AR Lambert R, U R B H IR G R T
HATAR 5 1 & e

[ conv+LReLU

[ peconv

w100

ConvE Convd  ConviD Convll 12.morm
1B« 33 1Bx<3Ix3 e3Ix3 I3

[ conv (strde-2) + LReLU
lg Lighting direction

1
Shared-weight Feature Extractor

I ]
¥

Normal Regression Network

1
Fusion Layer

8 PS-FCNZfy™
Fig.8 The architecture of PS-FCN"

K 9/R T PS-FCN H il 5 J& R AF B B T 404k 3%
S ONE AT LA Y ELAT AR AL 1) R 0 R [ X 3R
TE AN [F) 38 38 45 BTG o A 8 AR AT DL R Sy )
B T HASREE T 1) A AR (Bl T DR R )
1) B B AR SR AN RR R IR I R IE ) . e, AT A
IS HEE 23 43 A HHORS B R A U S 4 4 R T 1) 9 1) A

F 38T PS-FCN & A DILiGenT i 4
SEH IR 22, 5 DPSN #EAT T 4 . R4 DPSN

(@)
9

Fig. 9 Visualization of the feature map after fusion”™. (a)-(f) 6 of 128 channels of the fused feature map

S PS-FCN H 75 ZAE I Zhad 72 v 2= B 6 BR 5 1)
B R] FH T i o R bR D6 BE 57 A ) 8 (B Uncalibrated
PS-FCN i A , UPS-FCN"*) , {H 7£ 52 bR 75 ) 35 75 rp

=
() (© (@) (® ®

Tl J5 AT P T AL ™ () ~ (1) 128 4~ RllA Ja A P 38 18 Hh A 3 6 43 3

i F /9 Dropout £ A B 28 [ I Hbu fig g 7 4% 51 B3 52 A9 1)
8, AH PS-FCN T {8 FH A9 S5 K 3t Ak 458 4 X 9 5% ) f8E i
Ak B SR RN S5, X S R B A Lambert 918 #
AT 9% ) Y B AR T 4. A, PS-FCN A F Il 2k
() %503 4 2 B Blobby JE £ £ 45 481" | Sculpture JE $1 54
P 41 MERL BRDF $¥8 £ 4 JF 81 & i 5 19 %7
Bom 4 (ARG o] 2 0% 1), X i £ PS-FCN JF
AR I = | 2 R D SNUE /RN

L AiliH

-
72]

e R BIF A2 R 5 o 2019 4F , Chen %7/ 1E PS-
FCN iy 2 & b Lhdn &, #2117 — > 44 0 self-
calibrating deep photometric stereo networks (SDPS-
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Net) i 1 B Be #5280 | 8 7 F ff Yo K bk 2 19 JE Lambert
6 BE ST AR A B, SDPS-Net fff FH P B B I B 2% > 42
¥, A %R b 4 W B (intermediate supervision ) 42 4
e T LA n) R, HL AR A R AN 3R .
SDPS-Net Hi Jt i 5 & M 45 (LCNet) 1 {2 [n] 4 1
9 2 (NENet) # 5% , @ /5] 10 i 7R o LCNet 7] LU AT
BB OB ST AR BB AE M A R — R R 53 5
iy N — A L S 9 R A R S AT AR R R I, B IR
FH R Y Jay B4 A (local feature) . P J5 , 38 i3 &% Kt £k
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PR R B2 OB Y B A7 R B AR AR 5 Ol 42 R RRAE (global
feature) , 4= Ry R AR A 3 W0 R 04 T8 AR DA B B 3 R vk S 45
B, AT LS B i ool BRI SCHE B, 205 L SRR % I
J SRR AE R 4 SRy R A T Hh R R ) Y BR O ) R
NENet f#fi il LCNet #1456 B8 5 [m] A1 5 X 4 A R
AT R T . sk, AT EE A, NENet 5
PS-FCNAR ML, X 57 T, PS-FCN ££ B 1% B8 J7 [#)
75 50 F 47T U1 2 , NENet U F LCNet #i il ()5 i85
T, 7F AL B R A i OIG BE S7 A TR B E R RS T A

[ B comminety [ conv fstrde-2) + Lhety [ Fully-connected -] Decony [ 12-orm (C) Coneat. (N) Normalize |

Blilu

Input 1 J

Global Feature *

Input n

g
iy - imd

T
Lighting Calibration Network

i
Normal Estimation Network

F410 SDPS-Net4ifg""
Fig. 10 The architecture of SDPS-Net"™”

4.2.3 CNN-PS

T DPSN 75 2 s Y B0 40 09500 45 4 1) 1 1
J7 1) A ] DRI 32 07 i AN 6 T A R 0 O B ST AR
B AT OL . BF XX — 7] &, 2018 4F |, Tkehata ™ 42
o5 — Fh B F CNN 19 4 5 CNN-based photometric
stereo (CNN-PS) 9 7 ¥ , JF & & 51 A W % K
(observation map) (1 A& , & J2 78 O B8 7 10 & R0 1Y 1%
B0, UL I (B #E AT 1R R 2 BK T Y (pixelwise
hemi-spherical projection) BIf A= 5% (9", I T 72 JIR [ 22
e VR NSRS TN TE - WL LN I 55 1Y (i
] AT A2 A B 2 Bk 1) &, RGOy ) Ly (=
L2,om)5a-yBIsRGLH T x-y ¥ ETH#

A
L
i

. V=(0,0,1)T

P11 WS RT A S A A AR R 42

Fig. 11 The coordinate system for observation map

AL 5 1) 16 4 VL, V=(0,0, 1)"] 2 8] 77 #& e 5 %
Ul Ar DL A B0 E (UL B R BT S 0
K125 28)) , AR TR #8202 WSCHR79 ] .

RO N T (AR ) B — AR A Bl
O BRI AR 5 2SI 3 T 9 1 A, R 2 TR T 1 /N
HB AW NRE . BAh, W8 & Ja 3 70 BBy 4 P i
IR v oo R, 28 WO e T L A7 A R B T R S IX K
FLad o, 25 2 2 BEOMURE A ™ T (4l m ) b 5 — Y
WAL, S50 R S AE A B 25 WA K A
Je T 1 L PN v M B v i BE AL, T LA T 9% 2 1 1T
JEMURE B, A7 e BT BA 2 AV B R B S . PRt 3 e X
Fib o 3, WLEE IR AT LA B b 2 A ¢ i B O 05 B LA
AR B 5N R

CNN-PS DLW % KA Ay i AR A i A ) 265 1 47 2
2] R I AT 42 2 Al 5 A8 Ak A 6 B ST AR G B A RIS A
PG 11 5 G 359 ) 2le 4% ), 938 F F JE Lambert J2
05 4 R 6 B ON (B 5 B2 LR ) S A A fE—il
B SEPRFAHE 5 o

B2, — B Ol R A5 2 Y 005 1K) R B B Y .
LA Ao R, 25 26 0 B0 0 w0 R & CNIN i ALY
o) B0, I 28 WA AE A B R, Tkehata % 3P
T A P AL 2 RGP B DR R LR TR R AN S
IFHZE B EEZE (W) . ik, CNN-PS fii
FH 4 1) [6] PF 29 R B % £ AS 22 PE (rotation pseudo-
invariance ) A &b B 5 2 o Tz 8 . 45 0E 6 ST AR
FIGFN G HE A oW 22 1 3 2k B S8 48 A% AL 0%y 1w ) i
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Input images 2D Observation maps

Surface normal prediction via CNN
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CNN 1K 2 45 1 1 28 5 9F A5 J2 CNN-PS i 2 56 5 2 Y
] 55, Tkehata fdf FH &9 % 4% 45 #4 52 DenseNet' " ¥ 4%
B — B AR AR CE AR 25 4 R v 2 0L ] 13 % 19 normal
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P D) £ AT DL 2% TH v 1) R 2E AT ORS B RO, A 12
Jii s o

ﬂgz .
Averaging
normals
Ny, K
= T
n= —,EZ Ry, ng,
=1
ﬂg‘; "
n
n=—
|7l

Reconstructed surface normal map

Bl 12 CNN-PS U e R
Fig.12 The framework of the prediction module of CNN-PS"™
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[F) A BE T A T 25 R T 357, A5 3] a5 ¢ 1 1 ) 45 2R
SO gk B CNN-PS i 3¢ 1 v 7] 5 19 5 2 R Rk

Lighting Interpolation Network

Residual Block| Up

la

WO AR @25 R0 2 0L 4 3) RS TR
4k Lambert £ 1 . It 4h, Tkehata i& B 8 T — 4 N
CyclesPS (94 B BE 37 A4 GRS 42 (LIRS 0 v =
U2 1), 2 5 5 b 1 3D B AR AL LA 254 2 2% L 1
O TR B M E R ST N B & R A e e Ol e gk
AHSCHFTE S At T R 4 iy Y R4 o

Reconstruction Loss

and
Asymmetric Loss

£
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&
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Reconstruction Loss |

13 SPLINE-NetZ2fg""
Fig. 13 The architecture of SPLINE-Net"™”

4.2.4 SPLINE-Net# LMPS

8 i XF CNN-PS 8858 al 1, — el o~ 75 21 19
WL Pl 2 A 14, 4 o A 1) UL 5 PR il A R 4% o
x5 BORIA 1) TR R 8 R R R R
SR MU — 52 B GG 0T 94 WL ] R AT b B T CNIN-

PS i FH 45 10) [7] ¥ 29 3T 19 5 B £ AS 728 4 X6 )11 25 4
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JHAR (L 00 03 70 32 4 3 1)y 0K SO0 28 [T 1 3 g T 381 7
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W&y ) B R B A8 2 1) J7 268 28 113 ) £ 0F 47 B0
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Fig. 14

4.2.5 DR-PSN
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DR-PSN Hy & [ & 8] 5 ¥ 2% (normal regression
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J, X5 PS-FCONARAA L . fiy T 45k 28 & 350 0 (ol H 1Y

The architecture of LMPS"™
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XS5l B, 0 A B A AR o U [ 0 I 4 R — A
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P& 5 0 23T 41 I ) A 3% T B Bt (BRDF ) 1% B8 Uy 1]
PRI, A 0L EE ] U] D) 2 SRR AIE 2 B w0 3k 1) [mT I
W 2% 1) 3R SRR AE PF B2 3 R h 5 22 0% B ST AR R
HEAR AL T R E p M AR R S IO ST
A A AT LAl 38 A B 285 T i A 28 (closed -loop ) , i 36
T 2% [0 2 (14) 950 9000 4 A6 400 A 1) W B, ik — 25 i v R T vk
I £ 1) F0I0ORS B o
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[Elconvalutional layer , Stride =1 [_]L2 normalization
I:lCormiutional layer, Stride =2 |:|Decunvolutianal layer

‘ Normal regression task |

| Al
I ' i
i |
] 1 n : 1
I| Dual regression task || Regressor ;E

Closed-loop

K15 DR-PSN# "
Fig.15 The architecture of DR-PSN"
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Table 3  Comparison of reconstruction results for different methods on the DiLiGenT benchmark dataset™™ "

Method ball bear buddha cat cow goblet  harvest potl pot2 reading average
BASELINE! 4.10  8.39 14.92 8.41 25.60  18.50 30. 62 8.89 14.65 19. 80 15.39
DPSN!™! 2.02 6.31 12.68 6.54 8.01 11. 28 16. 86 7.05 7.86 15.51 9.41
PS-FCN'™ 2.82 7.55 7.91 6.16 7.33 8.60 15.85 7.13 7.25 13.33 8.39
UPS-FCN'™ 6.62 11.23 15.87 14.68 11.91  20.72 27.79 13.98  14.19 23.26 16.02
SDPS-Net™ 2.77 6.89 8.97 8.06 8.48 11.91 17.43 8. 14 7.50 14.90 9.51
CNN-PS™™ 2.2 4.1 7.9 4.6 8.0 7.3 14.0 5.4 6.0 12.6 7.2
SPLINE-Net“"* 4,96 5.99 10. 07 7.52 8. 80 10. 43 19.05 8.77 11.79 16.13 10. 35
LMPS! 3.97 8.73 11. 36 6.69 10.19  10.46 17.33 7.30 9.74 14.37 10. 02
DR-PSN'™ 2.27  5.46 7.84 5.42 7.01 8.49 15.40 7.08  7.21 12.74 7.90
IRPSH 1.47 5.79 10. 36 5.44 6.32 11.47 22.59 6.09 7.76 11.03 8.83

Note: *there are 10 light directions for SPLINE-Net™’and LMPS"" methods and 96 light directions for other methods.
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