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Abstract

We propose a deep learning-based method that can estimate an appropriate lighting of both indoor and outdoor images. The
method consists of two networks: Crop-to-PanoLDR network and LDR-to-HDR network. The Crop-to-PanoLDR network pre-
dicts a low dynamic range (LDR) environment map from a single partially observed normal field of view image, and the LDR-to-
HDR network transforms the predicted LDR image into a high dynamic range (HDR) environment map which includes the high
intensity light information. The HDR environment map generated through this process is applied when rendering virtual objects
in the given image. The direction of the estimated light along with ambient light illuminating the virtual object is examined to
verify the effectiveness of the proposed method. For this, the results from our method are compared with those from the methods
that consider either indoor images or outdoor images only. In addition, the effect of the loss function, which plays the role of
classifying images into indoor or outdoor was tested and verified. Finally, a user test was conducted to compare the quality of the

environment map created in this study with those created by existing research.

AU F9 2, Peld, HDR 73 9, Av) 39, 4] 3

Keywords: lighting estimation, deep learning, HDR environment map, indoor lighting, outdoor lighting

1. A= A AR 74 AR|e] A AL go] FHs At o714 AT

AR A ARt e 4L A EF oho] TS At
2 7MAFE A (VR, virtual reality), Z7} @4 (AR, augmented re- 73 d-2 A-&517| & Sttt o] & 71551 8l F= Zlo] HERZ o]]
ality) 2 23194 (MR, mixed reality) A3/ 7]&2] W o=z 4 2] 7|9k 29 (IBL, image based lighting) 7] © =, A 4| €7 ]

*corresponding author: Junyong Noh/KAIST(junyongnoh@kaist.ac.kr)

Received : 2021.06.02./ Review completed : 1st 2021.06.18. / Accepted : 2021.06.25.
DOI : 10.15701/kcgs.2021.27.3.31
ISSN : 1975-7883(Print)/2383-529X(Online)

231 -



UL olu|A 2 EAT HDR §7 B2 o]§5te] 714 A4S
2951 s ol th [11. HDR 7 B 7}eete} of ol
=, A% 35 55 F0E AGeAL B 29T ole g
A2 Hol ol BT 02 HF A Bt

7bg AAE Z9s7] 9o R 55 S AHgstel HDR
87 W AASHE R HlagHelvle] Aol B A
$5he ESo] AlQtEn glek. Gl B Agohl B 7
dlo]ElE o] YIE Y 5452 53 o] ]2 25| HDR 37
W2 2T 4 ek Aol ek Teiste] 13744 Feld
Mol g BU FF ATE QurEl AuetE B AT
AoFe] el LDR o] ]| 23e] 7Hg AR 258 5 A 3
L HDR 87 9& 45402 YA aF2 s olgict

37 e AHgstel HDR 87 e Fohs %
AT WL HYL F2EF oln| 9] vl Al A
Aof afe} PR E|o] ThE Wi o2 AT ol gitt ol B
Aol wrah pRE A0, WA Ae)o] 7

o
R
v o
Lo
4 m,
0%

efoto] shsut EjoFe] 5L He FUS F
7). 8 A AR P9 R chegs

oFsters S 4ol utet of® S
7] ol (2], ATt o] okehell 2R 4]

shetael 722 mesforsts 497t A5

R

“ox
N
o
ol
<L
A
A
K
ot
o
rr

2
SL
4
M
r2
Rl
u
o
e

20,
o & of mlo 4o L lo to u

T}

0
rr

‘I_

2 &
N
N

-

M dr S n

kol g O

o

e O o TLom o grodo A e X3 mlo 1O e
|
_?L
offt
of
%
et
lo
>
>
N,
of
>

e o fob

= =2 "
st o, Weld M=ol sl ojul Alo] gk 2
HDR €7 19| uj2 3254 218 BEE gt Y
A2 Crop-to-PanoLDR Y| E |7 ¢} LDR-to-HDR Y E I F
A 2 LAk HA, Crop-to-PanoLDR Y| E ¢ F o A=
LDR o] ] 2| 25 €] Aujst A9} 72ek1, Fele] 9j7]9 22
o3 AHE g 4 WS F4%th b3 2 & LDR-to-HDR
HIEY A= dA FHH 273 WS o]-&sto] 7Hd AAE =
e 4 Qli= HDR o]u| 2] & AJ/dRtet. o]e} 22 M-S AA
2| EH o= A/ HDR 27 H& 7Pt oA 7Hd AAE
A F e off 2-8-x o] 7P A of) v 2] = P O] Wikt Y
= gelsHA

mr
1o of
|
1o

Debevec2 7 F3} 22 @ro]E T2 H(Light probe)?] =&

2 thersbl sho] ofe] AL sk Flo] 24 HDR 973

We BUSHT] AHEE 4 A8 BAIFAT (1, 8]. o] of

g510] 7M4 @ BAE B A7) Ao AHAAL 2 A Dohe o

AHESHATE B, T4 (Metallic) -2 EA4F (Diffuse) =43
} ojn] A g Abg)

f
il

ol
B oM oF ofl

L

e

ol

el

o

|

o

|

-

il

by

of

s

F-?L F-E
mO

[}

oo &

oy

s
)
=
rll
o,

I I
ftlo
Iz
i
=
rr
offl
ne
>
o2,
st
2 >
%9,
olN

o
o
My
o
Ajm
RS
o3l
)
i
>
oo
o
i
of
ol
rr

|

<

o X it
Ir oo

e > %

Q. hu

i
=
o 2
K
A
ret
o[N
ol
ral
>,

W Ho
do
re 2 o ;

52 o

&
> hu
o
K

R
rH

OO

I e
i

ML
o

ol o
I
ol, o
o X,
o =
oo do
9 I
£ p
o X
i
SLOE‘.,F
rt ok
o |

o U T

s
g
T
iy
~N

I'5]
=30

Aol el Fee kel 2yt P, g,
APE 2 o ATt Agol BhALE E T o
A&t oA A grot Zlsket A Q] FE2E &
T2 sfof gttt Gardnere} 710 ER 5L Y& uhicatatol A
A& FHY A o] x| st Kol ZhH2tE vl 2] oo
M 2-g mhieehut on] 2] & Y5k s abnt A 27 o= A4t
S EJ5klh ol & ol ARt AlokE 7Hx] A ofm| ]
digots 7ot JHE do] HFH o= &4 7|otol et F
Y& FAotet [2]. Song} 19| FRES FUS FEstLA
St AUl o|n] 2] 9] 3D 7|5t AR E FA517] 9lefl 1+ FHL
2 P e gAS E-gotal, PEER] of2 oAl o o
gt A R E o 53 5 HDR 2H 9 0 2 AAJsh=, Al &4
2 $3ote] s Aot S Attt [10]. ELH AW o]

N
-

o
o
u
N
oS 30

N
o do

it
ol
iu)
o o &

o
il

A9] 715ek2] Aot @A 3D FAL Tol HFHoZ FAL
FAohe @ WSk (31, o|9} W2, Garon3t 19]
2ES FAL FEY o|ulx 9] |skebael T2 PR E Fok
B4 o]m| A2 o] o] 32 2 L estel U =27} 2w Aol 2
© BALS FHFES &5t PHE At Skl

49 B 52 QT FHA GFS FHOZ G Shs
o E4S g B AASHS o 2 Aawolgith. Hold-

GeofforyQ} 119] S nE2 ALZZM A7 (Convolutional neu-
ral network, CNN) L% 9] JE QT & 0]&5}o] &< LDR o|H]
A 27 ¥ stz HES F/dshs o2 wtetnlEES S5l &
THOR TP AAE = %+ HDR €7 fio] e = ¥
ot & AlRFshoATh [S]. shAIRE A ] o) Wl e e e
A& 2o w2t 27 DetA] 7] wizoll Zhang¥} 710] FRE
chobgh wH 270] Agke BAL 22T 4 A= THE A
sttt [7]. o Yol7} Hold-Geoffory 9t 19] 252 UH 27
B} oh )} A1 7be] Wistel mHe AgE BAS 2k Ty

A GA ] HE A2 53T [6]. HA] HDR Sl ol efaf

-32-



Hlo]ElE o|-85te] ks RS otsohe LEQIFY (Autoen-
coder)9}, LDR t}i-zta} gjo] g2 o]-85te] 2 M| Y EL T 9
ZHA] #E] (Latent vector)S 255} ] 35t st Y EQ A, utx]
oz g oju A 25 H oA e HIEY A A HEHE

HDR 217 o2 ogers e sigehe v
E9a8 P4,

1 Q1o)X Gt e 7|29 Aot Aelg ekl
G e ALeT AT} e, shel gely PEe S A
et A elE Friotal 1o gh= F-S 5 4 3otk Gardner
S} SREL 2] shte] ATEst T e O 7H = ol£ol7 1
ET FZE Aot A Y-S FE5t= A7 st
o olst thaf B QoA st A9IE 2RoHE BE 4

T (Classification head)S &7}t th& 2S5 4= Q=
HEYT +x2 AAto 2K 2524 02 Crop-to-Pano U EH

_ EOH /\11419]. A]Q% q__l_'_o}_oq j_oﬂ 01—111-0 J,]_oJ %
4 9w stk

FAohi o) 2

fr

m-%

22 HDR A4S N 994

2JHh2 © 2 §H|E LDR o1 2|2 32H|E HDRZ ¥ 36} Hf
% o] = o} I (Inverse tone mapping)©]2tal $tct. HDR o] 1] %]

DR o[u] 2] 2 Fo|= = |7 (Tone mapping) *JH-& Wit =
3 0}% HH o=, o] F 9o E4 o Be GBS0l AR ET
[11, 12, 13, 14, 15, 16]. o] 42 A}-@5}0] M3k HDR o]u]
o] 1. A gE| B Pt Lael o] utet 27 ek
i} uhebd Ao 2

e o £ o o] obd Bl

(¢}
i mi

¢

[

o]-8-gh, LDR o]u|z]o]|4] HDR o]n|z]= 2] g ¥H-& Y EL
2} ohroh 2 St 77t Bas) 1 B st
Lee®} 119 5252 9 E ujy EAE 2517 Y5 AA

Z o] A7 (generative adversarial network, GAN) 7|4F9] o
g YEZ F2E ARFeIH [17]. o] 217 AA4H A
o X137 (conditional generative adversarial network, cGAN)=
Argsto] 4% o =& £25 7|¥FC 2 HDR o|u|x] & A
Ashe 2120 Zell 9 9122 ALF L. ol9} 4517 Ning}
29 ER 5 ola A4 o) A7ehE AHgshe o £ o)
HIEQ A A7 M= Ql=t] o] =] Atet Lﬂ E 9] 3 U-Net
7|81 HDR o] n] 2] A4 7] (Generator) 2} ZHehst AE24 Al A7
714t T 7] (Discriminator) 2 LA T ZH = Td'f?_ ]
2 o]gato] 4ottt sl U o E njme <
2] 2

_i
¢

L

o b
S

:qg
U=
o

L

2wl
BN

el
A F5r ABR2A AATS sholA] 2 —‘%LDR 19]
HDR o]m| ] 7to] B4 A = Q18] ot5o] = A7}
2AYSHA Het. mHEhA Kinoshita®l Z1.9] 525+ HDR o]u]x
£ Aot gERt oy} LDRY} HDR o]m| ] 7ho] vl
AE 2L & e &4 5 ASskn [18]. ’Edof Liuet
79l FREL 5H WY Fa, a4g oY 2 s 74
=] 34| 2] HDR-to-LDR ©]u]z] &4 mjo] X z}olS meEl=sh
Zel e

H 24 @AE HLo = sh5sto] LDR ofu|x] g4 mpo]x

[*]

rlr

A

g S A ATH 9] T Zhanga} 0] FRES
LDR 360 3fcfrfel 4 419) 23] HORE 3351
¥ P2 A5tgct20]. o] A4 HDR hs
9291 7bg A melo] £9L BlFo] F
2 A ol E S AHgatel YEIES
£ oy upt o] £ iy uhye

NI TS i

F

ML 19 ox o of L (o
1 o
r

&g it e

Hl
H1 g o,

glol 21 AAYE A W)
45 3l LDR o]l {44 HDR
ujA 2 QA TS AAskt (10 & A7 ol
HDR 74 P2 374 3014 7V 208 2361 91
HDR 317 & 445kt 43kt ol S F) AI2He LDR-
to-HDR Y957} LDR o]u]x|2} HDR o]u]7] 7-] u] 4 3
A2 sh&sste] A4 HDR 3173 1.2 744 2712 e efshed
Qo 2L H]5 A Selstct

A1 L0

Wi flo I fu Sk
T
fu)
[
Q
®
W
E
5 o
fu
FUII‘I
[
)
&l
%
E
k&)
I
JQ
N

ol

3. AlQtst= 4

= }15—‘:'1:"1] A Al¢tst= Y| E €] 2= Crop-to-PanoLDR ¥} LDR-to-
HDR & F A2 A H ) WA, Crop-to-PanoLDR Y E Q|3
Fg5lo] Tl LDR ofn| 2R E Aujs} dejs 7Ha)1,
Q1] 979} &3 FU JEES T LDR £ H¥e A4
t}. t}2 0 2 LDR-to-HDR Y E TS 3-85}0] ohA] A H
LDR 3t7 WS 7} A2 2335 4= 9J= de]9l HDR §-7

o2 2% e Hek £ delAE 21 ESTS) TE

Argotal kol A Hlol B At =4 Fhaeof] toff A4 °JE’r-

-

3.1 Crop-to-PanoLDR Y E{]3
311 YEY3 1z

Crop-to-PanoLDR H|E9J5.9] %= AUje} HolE F5}o
Sholis 7129 B 23 A7e MEDL 73 (2190 2

% A4S sk VESZL) 722 U1 St Figure
101]/\1 9]-?}@ 4 9)\5\0] Crop-to-PanoLDR Y| EQ 3= o= 2k
= skt Qs 5 Ao oz, 1e T
=5 ]‘:E ?*45101 AUtk ol Y on|AE AU =& A
Q&2 Fiste] U293 sk A T 49 dlolE 9l ©d LDR
oju]z]of| A 74 5FaL 2} 5= LDR 2H $ar}k Bl up A= 5 729
A A dstEd FFE 771 A% HAlol o

g ol |2 R H A= Ay stAd, ARt Aops 7hA
< LDR o]u| A& F 7 9] AEZ A Fo]o] (Convolutional layer)
2} oAl 7 o] ZaF E-E (Residual block) [21]2.2 FAE Q17 H
of 8o & oj7}A Hrt. ©]F Fully-connected 2f|o]o]E -5

25 =9 = Ao ganz 22 AgE. W, 25 o

T 71 9] Fully-connected 2|02 LA E o] JH o0 S0l

-33-



Input LDR Image

)

i

96 filters, 4x4 (5=2)
128 filters, 3x3 (s=1)
192 filters, 3x3 (s=2)
256 filters, 3x3 (s=2)
256 filters, 3x3 (s=2)

64 filters, 9x91(8

(| Convolutional Layer
- Residual Block

. Fully Connected Layer

' Upsampling Layer

........................ a Or

Classified
Class

“Indoor

“Outdoor”

Light Mask

1 filters, 5x5'(s=1)

128 filters, 3x3 (s=1)
96 filters, 3x3 (s=1)
64 filters, 3x3 (s=1)
32 filters, 3x3 (s=1)

256 filters, 3x3 (s=1)

3 filters, 5x5/(s=1)

192 filters, 3x3 (s=1)
128 filters, 3x3 (s=1)
64 filters, 3x3 (s=1)
32 filters, 3x3 (s=1)
24 filters, 3x3 (s=1)

Figure 1: Crop-to-PanoLLDR network architecture. The notation on each layer means the number of filters, the size of those filters, and
the stride. The number on fully connected layers means the size of the layer.
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Figure 3: Dataset for training the Crop-to-PanoLDR network. The
top row shows indoor image and the bottom row shows an outdoor
image. Each column shows a cropped LDR image (left), the ground
truth LDR environment map (middle), and the ground truth ligth
mask (right).
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' Upsampling Layer

Figure 4: LDR-to-HDR network architecture. The notation on each layer means the number of filters, the size of those filters, and the

stride.
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Figure 6: Results from training the Crop-to-PanoLDR network with different dataset compositions. Top 2 rows show indoor image
and bottom 2 rows show outdoor image. From the left, each column shows the input images, the ground truth light mask (top) and the
ground truth LDR environment map (bottom), an estimated light mask and LDR environment map by the trained network with only
indoor dataset, an estimated light mask and LDR environment map by the trained network with only outdoor dataset, an estimated light
mask and LDR environment map by the trained network with both indoor and outdoor dataset, respectively.
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Figure 7: Results from training the Crop-to-PanoLDR network
with and without a classification task. The top row shows an in-
door image and the bottom row shows an outdoor image. From the
left, each column shows the input images, the ground truth light
mask (top) and the ground truth LDR environment map (bottom),
an estimated light mask (top) and the LDR environment map pro-
duced by the trained network with a classification task (bottom),
an estimated light mask (top) and the LDR environment map pro-
duced by the trained network without a classification task (bottom),
respectively.

Figure 8: Indoor illumination comparison results. From the top,
each row shows an input image, an HDR environment map esti-
mated by our method and a rendered virtual object, an HDR envi-
ronment map estimated by Gardner et al. [2] and a rendered virtual
object, respectively.
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Figure 9: Outdoor illumination comparison results. From the top,
each row shows an input image, an HDR environment map esti-
mated by our method and a rendered virtual object, an HDR envi-
ronment map estimated by Hold-Geoffroy et al. [5] and a rendered
virtual object, respectively.
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