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KA T LR S S R B o B g R . X T
GG BT — e Y rT AL (ZBEE 45, 1999)
YL, HE T 5 LE Y (Neural
Rendering) %A, FIHE S XA 125K T AL
s its . g, DIREWNEIG, Wit
Bt 5 — A JE T A B AR ) 3 T G R A S

SRR, v SCRE P EAS R R RO R A
RS A B, RET L IR IR g

(1 = HERLE O, (HOHOE R RS I A 7= R
B PRI AR R . R TS AR L
AR R S S 57 = 4 b7 5 L HG A L ) S8R T
F0 B 2 5 AL 2 AR SRRl AR R SR T, A SR
=PRSS T S TR

2 ML (NeRF)

21 REAEMBEARNERE

WLH4E0k, R —4e -G T = 4E i &
BT I — B %% 7 (Frith il Zakhor, 2004;

(a) M R

(a) Point cloud model (b) Voxel model

R A 2006 Agarwal 02011, Raguram &
20115 B 4%, 2021), WM TRZEMTTE, B
. B3P E SFM (Structure From Motion)
(Z=f{~ 4 2016; ZhuZE, 2018; Schénberger Fl
Frahm, 2016; Ozyesil %, 2017). BIitEA 5 HA
F4 4 SLAM  (Simultaneous Localization and Mapping)
(Davison &, 2007; Engel &: 0 2014; Mur—Artal
4, 2015) 5B R 2% (Bundle Adjustment)
(Newcombe &, 2011) . W2 T7 Bk () FeA AR
HoE T R B A =R (&1 (a)
MR E1 (b)) WRERBEEL (o) RIRSHE
). R EHOTR ML, SRR
AN ESE, BAEURE R OR HAMLBOR DR, E
P2 2% H B A Bm W 2R 72 AR o o] 7 ) A £l )
THERBAE N E BIRRETER T, R B A =
i LA R T A R A AT, ELREZRAS 5 B U
IR — BN =TT ALROCR . BRI T 4
P15 52 0 = 4 =[] ] WAL R 38 1 3 — L WF Y
J710]

/’. ¢ Decision
“ - SDF>0
(D) SDF<6

3)

(d) Baapesy
(d) Implicit model

(c) PFg AT
(¢) Mesh model

(1) B2 3K SDF=0, 4M4K SDF>0, A& SDF<0; (2) A5 S HE RS9 —ZERI1 5 (3) M SDF=0R 2 T8 G i = £ f =057 14
(1) Implicit stereo surface SDF=0, outside SDF>0, inside SDF<0; (2) 2D cross—section of the signed distance field;
(3) Rendered 3D implicit stereo is recovered from SDF=0
El1 @R (Hoang 55 ,2019) 5 F ARl (Park 45, 2019) L3
Fig.1 Comparison of explicit models (Hoang et al., 2019) and implicit model (Park et al., 2019)

PR B B AR T AE F B R R AR IR — 4 (KR
el b, o A R R AT A A R TR A
PP ) A OB A s BT, R = 4S9 A
FIRRR (Shan%, 2013)., FIHAHLIE G T %
DL AT BB R BE 8 0 = (Szeliski F1 Shum, 1997;
WAL, 2021), BLR LR AE G Y5t
AERNAENREEE, HARAH SR AR
(Buehler 2%, 2001; Hedman %5, 2018) ¥ =4t
RIS RS R SS A L SeEE HARXT R 1R
R AR, BT R A Y, ST

KIG BCR 38 D5 A Bt EATI AR = 4k JL AT A5
R ER, HRNSSEERET K, F—HE,
W T 55— X B AR G AR R T AT = 4
MBI & T, R AR — 2
B, HARAS LI S OBCR AR T e HT
AR EE, N (Levoy fil Hanrahan, 1996;
Davis 55, 2012) ETHAEREMEIGR, HADLY
SRAEHE (Light Field Sample Interpolation ) AR BAL
T3 BRI pE ST AL I, (HZO7 B R AR
KIIEEAE 1t o WA W5 BE 0 F i R A 1) [R5
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BRI AT AT ST AR SR T AR UL ) R I B T 12
TR AL IS . — 2R BT A A iﬁ/}?ﬁ%
(Loper 1 Black, 2014; Li%, 2018; Chen %,
2019), HI BN B Jr ik S BUBT LI &, B
W2 T v T 2 RIS ] T R iy F 4
ML 5t 59— KET LK EKIE (Volumetric
Representation) AR BATE IR AL R,
M T 1B 5 1 2 R i R A% A (8 (Szeliski F1
Golland, 1998; Seitz #1 Dyer, 1999; Kutulakos #/1
Seitz, 2000) F| { Ji] K #L £ 45 4R Il 9k % B2 9 2%
(Choi %, 2019; Tucker Fl Snavely, 2020; Penner
Ml Zhang, 2017; Zhou%, 2018), LM KA K
T3 5 TS T U BOR B Y RCR

it 28 I ST AR 8 3K T v 3 3 i 448 00 2% LA B kR
oo Aot E B bR =ger g (B (D), #F
HEATYE G LS = e AR RIRHOR . KOl T 2
BRI R B R A I B, RS R RGNS T =4
X R R ES HEBOR . ph R IR R A
RKJEW WG B, T 2R H AR Gy =4 Ak
PR B A 4TS IR B R AL (Park 45, 2019; Curless
FllLevoy, 1996; ]iang%, 2020; TakikawaZs, 2021)
b 5 IR EE M 4% (Occupancy Networks) (Peng

R T Y
R EE R EIE
FaAWsEgER Ll
REHNANe YL -
Y B EFEENEY [

ERARAY S SN 5@
é*ﬁ%

n
~

2 2

ra)

?déai%a¢ﬁ¢

é.&i "t _,;»n w’v«
(a) FIAEIZ

(a) Input images

& 2020; GenovaZ¥, 2020; MeschederZ®, 2019),
DS ER AP0 St ) 2Nl S ST | S
BT TLART 2544 fR7 B — 2 X6 52 P U B B RIOR:
{EX) T B SR v 2 2 1) = 4E X ROk Uk, HASCR
18 T L B TG AN G T 0 ks A R Y O A
Niemeyer% (2020) . SitzmannZE (2019). Lombardi
45 (2019) 38 1 A6 A i 22 B X ST PR Rk 1 T Bl
Yt (Differentiable Rendering) PR%(, B X FEHA
W AR HAR AT . BRI, X HOR A
A RN AU SRR RE Ty, ABALE T3 A/
FURL ) st el SE g s AR, X T 4 ) IS = 4R 3
5% 6 TG 1 U AR ) 8 R

2.2 NeRFHJIEH

NeRF | I B K FE (143538 RGB BG4 A g
58, a2 W 2% 15 AR 0L A i B 3k iR LA
A T DI ol S WA LN UES ) U P U
Xof B ST AR A, TR Y R o BESR T LAR F AE
B B A A% 2 LA R A BRI (1B 2)
NeRF DAL I8 B0 B A RO (T 200 25 1 Fn %

DRI RAS, B 2020 EEEER S DR Rl #5327 6 1
I A S B A 28 B X ST R ek AR AL IR B R
2021a)

2 MR (Shen s,

(b) flifk NeRF (c) TEGEH LA
(b) Optimize NeRF

(¢) Render new views

K2 MZAEGZE (Mildenhall 55,2020)
Fig. 2 Concept of NeRF (Mildenhall et al., 2020)

NeRF K % 25 19 = 4 by 5 3R y — 4~ 5D [ Bt
EPREC (B13), B AR 5D AR & H bras [a]
S B R = (v, ) BULEE B T 161
d=(0, ¢), KU F Lk I HAras 8] A0 5D A b
i A Z ZEHAPLMLP (Multilayer Perceptron) ¥
%, R MLP M4 Fo(x, d) — (¢, o)iLIFEIE
BEEH 5D Ypi, IR 0 LABCS ) H bras )
R WA B3 Ty ) K S T e = (1, g, D)
ISR oo BRBEEICE r (1) = 0 +1d, TN

e, mi S, MEEETE AR (Mildenhall
45 2020) WF:

(= el

NeRF 5 T~ 28 8t (1) 57 /4T QLS50 0 MLP 15
Hh B RN % BB B ER T, BR R Sr AARE
Je sRBUE R I0, FT DASEEL T B sl sl i = 2
ST SE AR . NeRF LA H b2 8] 507 8 A0
ZEOT AR R A, TS B AR s ) A 2 R A

(o+1td)-clo+tdd)d (1)
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P LRI =i Y5 . TEX 28G5t iy w o Bt
AR, 5 G0 = A AR Bl 3R 100 A% 25 1 HIOAE

g r» (xy z,0,4) >

(a) TLYEHA (BLE )7 1))

(a) Five—dimensional input (Position + Direction)

2.3 NeRF Ml aIHk %

ARG S T AR B B 4
BB, AR SR T I DR R . AN SCRE
SIS EYECRAE, DL E Y Xt 4 A —
EPlk

(1) JRBE R TS . NeRF BR i A B 570
BAMILSE, X BRE T HEMRE R, A2
H A XY R NeRF B4 iy A 28 B 3E 47 41 OC BF 5%
(F£1), Wang% (2022b) . Lin%F (2021). Yen—
Chen 5% (2021) . Meng 5% (2021) #& i 1 X% i
7 G A s kR BUHARNLS B ik, H3gin T
AN T A U . Deng % (2022) . Roessle %5
(2022) #2  AT LR AIG R AR 9 50 i o Jang A
Agapito (2021). GaoZF (2021). RematasZF (2021).
Li%E (2021a) FE2 {0 H ERep 5 (Li
&5 2021b; Tretschk %, 2021; Su¥, 2021; Xian
S, 2021) SCHLNeRF, [HWE i A M5 B 0,
S U5 R R AE 22 . Martin—Brualla 25 (2021) |
Boss 5% (2021a) . Pearl % (2022) . Mildenhall %5
(2022) 23R ff FHAS [ I DG AR RIG s A5E H R 45
(Ma %%, 2022). Dey%s (2022) KIREK S ¥
FURLES, Xu%s (2022a) H5 =4k 15 = el Wang
45 (2022¢) . LuoZE (2021) i FHARGRGEF 2R 55 3k
I B AE R NeRF OB TR, 33X S50 AR IBOHE B
XK, AHSCHE SR S I S BRI A R, (R
LB SCTE T XA () J5 o 9 U5 85080 i A 4 T
NeRF & HEVE4ETY .

(b) fa iy (Bl L+ %)
(b) Output (Color + Density)

K3 MR (Mildenhall 47, 2020)
Fig.3  Algorithm of NeRF (Mildenhall et al., 2020)
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(c) ATy (COREE SPNTSE
(¢) Volume rendering (d) Rendering loss

F1 FREBHFEMHIEEE
Table 1 Targeted algorithms for different types of data

R RFAE R S ARTPR B SRR R
W% T NeRF——(Wang % ,2022h)
FBAFRI NG BARF(Lin%%,2021)
(A S5 e INeRF (Yen—Chen 45 ,2021)

AN GNeRF(Meng 2 ,2021)

JUATRSN A A NeRF-VAE(Kosiorek 25,2021)
Bk DietNeRF(Jain %,2021)

Fiswi 1% .
DS-NeRF(Deng%5,2022)
ek (Roessle %5,2022)
CIUN ] =ty Point—-NeRF (Xu%§,2022a)
LI .
s WadE 2 CG-NeRF(Jo%,2023)
A CLIP-NeRF(Wang %, 2022a)
CodeNeRF (Jang Fll Agapito,2021)
Portrait—-NeRF (Gao ¥ ,2021)
HHEIR
ShaRF(Rematas %% ,2021)
MINE(Li%,2021a)
(Li%§,2021b)
. NR-NeRF(Tretschk %,2021)
B H A

A-NeRF(Su%#,2021)
(Xian%,2021)

AL RIS T B NeRF-W (Martin—Brualla %5 ,2021)

. ENELEUF S NeRD(Boss %5,2021a)
ﬁ;ﬁ; g 7 P P a2 NAN (Pearl 45 ,2022)
WP ABEIIER  RawNeRF(Mildenhall 45 ,2022)
TRCAE BT R4 Deblur-NeRF(Ma %,2022)
LR BRI SRS MirrorNeRF(Wang % ,2022¢)

W& EZNESERIEX ConvNeRF(Luo%¥,2021)
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FET LR 22 T B AE A2 AL (Generative
Network Model) (Goodfellow %%, 2020; Kingma #l
Welling, 2022; Radford %, 2021) AR %A &1k
A= HT IS, NeRF 5 42 il 9 25 19 45 5 43 25
— KW LY B AL S R (Jo 45, 2023)
i E E A (Kosiorek 5, 2021; Jain 5§, 2021)
LT H AR TR & sl 0] B 0 R AR G (Wang
S, 2022a) AFURECHEYTRE T M 55— 2R DK
NeRF I A e XA A 18 — 2 Jg g R A il
o (Niemeyer Fl Geiger, 2021; Chan 2021,
Schwarz 5§, 2021), J& T X%J NeRF [ i H 5% .
NeRF 5 4 X W 2 AU (1 25 B i — D e | T
NeRF YR REAL S A Bhfk, §7RE T HIW 5.

(2) WX GIRA . J5ihh NeRF U5 #H SN
7, AT NeRF JEAT 97 LIS HR h B X R

\

(£2), BhER A0 4EE g RmARE,
(PumarolaZg, 2021; Fangff, 2022; Xu#%, 2021;
Guo®, 2022a; Attal %, 2021) 34 hnista] /E A %
A S BRI 25 NeRF,  XF NeRF iR B 42 T
F1 S S TAE B EOR, 2 AT S L Bh 2 NeRF
) FEEHRREL . B T et El{E R LA, Lin%
(2022), Zhao% (2022)., Park %5 (2021) & TAEE
¥ (Deformation Field), Athar%¥ (2021). Kaniaf
(2022), Hong% (2022). Zhuang%§ (2022) #4577
2%, VLM Niemeyer Fll Geiger (2021) ., Wu 55
(2022b) 5 Hij 5t B S XL 'ﬁ*%j‘”“%"ﬁ%f—%ﬁ%
S T NeRF X SIS N AR S HF, (Hix L)y
TR AR 3E T3 e R, AR S T T A AE
RRA R

R2 BEWNEIFEE
Table 2 Dynamic object support algorithms

ERYIES HEHAR M ST TR B SRR 1R
LRSI IETTIN D-NeRF (Pumarola % ,2021)
48] £ v b B £ 28, TiNeuVox(Fang%,2022)
i} 25 NeRF PG R ) 1) — Sl & H-NeRF(Xu%,2021)
ISR 2805 S NDVG(Guo % ,2022a)
FI RIS AT AL S AR ToRF(Attal % ,2021)
4D RRALILY) DeVRF(Liu%,2022)
E3127i NI TE Y HumanNeRF (Zhao 5 ,2022)
SR IEY) HyperNeRF (Park %,2021)
i ESIE) FLAME-in-NeRF ( Athar%§,2021)
- A R A P A A CoNeRF(Kania %,2022)
eSS iel] HeadNeRF (Hong % ,2022)
e AT SIS E S MoFaNeRF (Zhuang %% ,2022)
P L= O3 GIRAFFE(Niemeyer il Geiger,2021)
BT
HEXNZGEHET T D*NeRF(Wu%,2022h)
2D EHG SR R G A% 15 B 3D %3 [] (Liu%,2021b)
RHE ] 5 7% 30 S W A ACR DIVeR(Wu%,2022a)
G5t RUHEAR RN , 550 55 0] G 0 i (Yang%,2021)
FXTFF NeRF, Xt AR AR 5 i 4 il Surface—Aligned NeRF (Xu %5,2022h)
RO VA RS TRT B4 4 X G IR SO A CodeNeRF (Jang Fl Agapito,2021)
3D A A FENeRF(Sun %:,2021)
A R A AR

ET CLIPELR R TP e )

CLIP-NeRF(Wang%¥,2022a)

A WEFEEE X B bR G0 g AR AR T R IR R .
IR TAEFEA B UM EMNEEmASE (L,
2021b; Wu %, 2022a; Yang 220215 Xu#:,
2022b) FI ¥ 7 1L % (Latent Codes) (Jang Fil

Agapito, 2021), FHEETA KA MBI (Sun 55,
2021; Wang%%, 2022a) PRI ARREL, Hi& 244
iR IE B LS EO B AL, Bk §il Ly,
5 RN S AE B A E R4, BT YR
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VAR R R I BT LA . BRI 2R AT RE X
BAL )X IR R AT SR AR A, R T S
X NeRF & 5¢ 1) H H 2 o

(3) JEYRHRAML. NeRF X T4k 2 WL BT R (1)
TE YL AR T AT MLP B K, 5 80 YeROR i .
Ve YL B R B HR T NeRF i £ A ke () [ BT, AR 4 SC
Bk M, HETERSCR IR T ik AR 32
(£3): 1) Fxrbasor kst i, DR E B
(Wu %, 2022a; Hedman %, 2021; Liu %,
2021a; YuZE, 2021; Guo%, 2022a). (5 E
(Lin%F, 2022), Pidin (Xuds, 2022a) %54
OB B 45 X B X ST AR R AT WA 3 A BRI
B S A A B AR AR T e R . Iy

2 UL SRR Sy e 0, B4 T B SO AR
HX T 535 (Unbounded Scene) (U 3.377)
THFRCR 22 2) AU H AR G2 3 1 v] 0L A 20
Ak %kt (Piala #1 Clark, 2021; Neff 45, 2021;
Kondo %%, 2021), W/ TCRCRAETT . Tk
X YE YRt G2 () JUART A B2 LR B vey , N3 T S
Yise; 3) RPIHATIHHARE, BEASBiagas
it 2 T T35 (Rebain %, 2021; Reiser 4,
2021), FABANTH e/ NI, Mm%
() £ 4 i E A 3 0D B SRR IR AT AR,
AR GHCRH B TE . 2 R TS T
Ry Tyl sy, RO S AT
B, M HARRE AR R — R

K3 ERMERAHE

Table 3 Rendering efficiency improvement algorithms

Fkark HEHAR N R FRTRR B SCRRR R
FET R WL DIVeR(Wu%§,2022a)
T A 2 58 3 0 4% sNeRG(Hedman %5,2021)
ik p o o
MR R S NSVF(Liu%,2021a)
A AR b P2 )\ S 254 PlenOctrees(Yu%§,2021)

IR AL R P ] 22 T AR 5

NDVG(Guo%§,2022a)

s

Tr
NI

WS B

MZH =

ENeRF(Lin%,2022)
Point-NeRF (Xu % ,2022a)

AABILG L it FT RS M AL ) 07 E e SR A

TermiNeRF ( Piala £l Clark ,2021)

Al Rt TR E TR 5 AL 19X 46 ToU 0 A0 R 2R AR AR A 1 DONeRF(Neff%,2021)
SIS A O R R P 5 3 4 R A VaxNeRF(Kondo %5:,2021)
23 0] o e DeRF (Rebain %,2021)
Yy 5oy i

Yy 4y 0 3D PUA , 348 MLP Il Zh— A 04K

KiloNeRF(Reiser%,2021)

(4) JE Y X LRI —, NeRF X80 /N7 5t
YR, M RN A, Rk EHd
X G 1) 1 LR e 7 SR ) AL B (R 4) . —LEpt
FETAEHE NeRF 5 Z BTS2 AR (Wei 45, 20215
Chen %, 2021; Rosu fll Behnke, 2022) . JL{d] 4
ik (Geometry Reasoner) (JohariZF, 2022) Z£3%
ARITEMS G, AT Y TUAT S 50 45 5ROk 52 m e
SOLARG R, B I b 28 00 25 I — 25 JR1 45 B 4
IRE =45 B (Trevithick A Yang, 2021; Xie 5%,
2021), DA bk 2677 3 S0k B9 i A e i g 5
YRR %, Huang % (2022b) . Nguyen—Phuoc 4§
(2022) JT X7 54 WA I8 RO TE GemE 5T, 3
58 1 NeRF XJ AN RIS BUXS R TE Yy 3 HE, (HHIE L
RIS DAY ) L

et = 4 i R BORE X &S . U SR

RIXF G2, DA KT AR X G S5 R ik 1 S 0 52 1Y) o K
HAEH 22, NeRF X T BRI X S (10 3B ACR
A AR G = R AT L. Verbin 5%
(2022) A FH IE WAk 7 1) 62 Ty ik 52 B 3 B A S S
BOR, ARG Z. GuodF (2022b) ¥l
oS 5 O B A i, BRI Y RK
B, ARAGE FH T 0 7 TR S . Wang 45
(2022d) FEET M EAT S, R Py BT ) ) 2
TR AR F AR, (H R 5 R AR 3% 1T i 5
AL BRSNS DL . Luo%E (2021) FHA B
B A ik SE X A i B s kL B L W
26 A 0 30 8 ISR B 6 e s, (R R K
N B P AE BRSO i ) R, MELRL Y R 3]
Y AP RE B
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R4 FHRMFRERBAAUBRUEELEE

Table 4 Rendering algorithms for improving visualization of special object types

GRPRES FEFAR N L ARTPR B STk R
SFM T #EFIHEF25% 2] 1 e i e Ak e a4 AR NerfingMVS(Wei %5 ,2021)
RALREE VT RO RS T LA IR 3 S e 2 MVSNeRF(Chen %,2021)
3D 5 LA 5 5 43 B PR B B S bR B NeuraMVS(Rosu fil Behnke, 2022)
REESIE JUATHHE B 1 Ay ST 1) e e R R AR At , Y7 e 2T BT IR 5 0 08 GeoNeRF (Johari 45 ,2022)
M2 2D B A 3D UM S SR AR Ay 2 M 2%, 2 2] 2D 5 MG TG R RHIE B 3 3D s GRF (Trevithick Fl Yang,2021)
HAZ¥2 3D R A P 8 T2 51 5 B 3D 0 4 2 B 8 FIG-NeRF(Xie % ,2021)
T Z5AR 1 NeRF , 16 B €0, 500 AR Heedgi Ay XU [ 445 StylizedNeRF (Huang %5 ,2022h)
RUE TR
S8 NeRF 5 XU AL O A AL 3R SNeRF(Nguyen—Phuoc % ,2022)
] E W RS Ref-NeRF(Verbin 45, 2022)
) YR Joids S5 5 SR o3 s, 43 ol e NeRFReN(Guo % ,2022h)
SIS e

PR ELAT R % G AR TR 40 )
8 AN 5 W 2 A 5 s UL

NeReF(Wang %5 ,2022d)

25465 NeRF ConvNeRF(Luo%%,2021)

S5 L. EUHT NeRF HIGHTSE 25 T BIAE 0 500
SIRBEI AT A B BB, B A 2 B
P A BT AL RIS AR R, L
SR AT I 5 22 R o

3 B B S B RS 51 5 — 4 ]
it

3.1 X#HHEiFH= NeRF

T NeRF AYSEIUEHE . Tk MERE . ML, LA
LB Bt EHLREAEPERERI |20, H RIRRE NeRF 17

FHTF R 5 = 4 nT AR S AR 3 (3R S5).

S—NeRF (Derksen #l Izzo, 2021) #EyEFIHE
T Z2 B o B DR AR AT I 2R, K
LB e (R R, 55T B R b i A S A T
=4I ARAL T, SCEEIG R, (BRI 1L
PR DL RO o B A BT B A RN . Sat-
NeRF (Mari %5, 2022) Jf&—FfudE T 20 a2 40
B TSR NeRF AR (KT, LL2F ) S s i
JUART AN AN W A 3, AT DL AL BE B 5% M B 7S R 5
(Transient Objects ), HA= B (1) 2 10 A5 Y 7E Jmy 3 A
BRI AT i — Ak

RS KIIEHE NeRF &%

Table 5 NeREF for large—scale scenes algorithms

Bl RN SRR S SCTRoR s
DR PR L2 s B 2GR, SE T IR e T = 4 RAN 1T SNeRF (Derksen £l Izz0,2021)
- BIATEI AT R AR e TR HTHLELR S NeRF 55 45 Sat-NeRF(Mart % ,2022)
P— FENEREMGI 53 R ] FEA TR TA Mega—NeRF (Turki %5 ,2022)
= Wt AR 4l 24 BungeeNeRF (Xiangli 45 2022)
EZINIE S5
= A e AAn 1 iy X Re(:ursive—NeRF(Yang/iﬁ,2023)

SRS EotHE A BEERE R R
ap FIH NeRF 37353 JLATYI ZRATHL L 25 0] 2 2
w=—net 1 e P 25 I 5 25 P >0 R RS AT

URF (Rematas %5 ,2022)
LENS(Moreau %,2021)
READ(Li%:,2022)

Mega—NeRF (Turki 5%, 2022) B0k
ST UL, AR R R o S mT DUOEAT N 2R Y
TR, X RIS IR TN RS I T R AR I
PR E e (ORI R B B 4 £
ZKAGE ., H ¥k S SE AT 22 B . BungeeNeRF

(Xiangli 55, 2022) ¥ NeRF Y375 s — 4115 2
WY B ZHE R (K4), AR ER
MR AT B RN DR, TS A8 v bl 25 0 s Y
FEES AL, EYOAFGET R R, LT i
22 10D (Level Of Detail) (Kada %, 2015, 2016;
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Ohori%%, 2015; SheZ#, 2022) AR, Recursive—
NeRF (Yang %, 2023) LIZ)Z2WR R 500E Y ih)
B, BRI Sl ghm SUE A, AR
ERRMA MK LA S . PR X R LA
KIRAGE L 55 S 1y FH v e K ) BELA:

URF (Rematas %, 2022) T4
S PRI = 2 2 B R A7 7 1L BT 1 6 SR A i 1)
MRS (B5), A2 EARRE, & HY 5
HAA PR, LENS (Moreau 4, 2021) A=A 1E
8578 =a b5 WU CTE <3 £ 5% 1V VIR A W L ) el )
ol B ) BRI SR A LA AR R, DAAE il
R A T o Bl . READ (Li %%, 2022)
A B 25 A 2 P R AT, A R 2 g

(b) sl

(a) FA
(a) Input

(b) Novel views

Yysw, @] LIX S gt AT PR g, (0 Ay
AR EOREG, A —E R

(Xiangli 4§ ,2022)
Fig.4 BungeeNeRF data acquisition and different levels of
rendering effects (Xiangli et al., 2022)

(c) =4z

(¢) Three—dimensional reconstruction

K5 FET 25 RS E 2 LR B = 4E 5 # (Rematas 5, 2022)

Fig. 5 View synthesis and 3D reconstruction based on panoramas and point clouds (Rematas et al., 2022)

3.2 Block-NeRF

20224F2 A AR e R AR A 53AL . Waymo
5 Google 2 FZ BN B (Tancik 55, 2022) £hX)
KA 5 K A T T #2848 53 3 109 A8 1R 5 vk
Block—NeRF, 1 R 37 5 e 5 i 1 A 0] 43 1
LB /N1 J5 38 T 37 5 Block—-NeRF, iX 26 Block—
NeRF 1] LAl sy H AT Il 2, 7 LU0 A0 7 =Xk
THE, M sESEY: . Block—NeRF 7 L) i3
I3 5 S T RS R g sk e (E6) .
XG5 RN 32 S SO R, A2 IR 3 S i
THEmEHINGEAN =

Block—NeRF i 5E 8 AR 45 3 50 o K1) L E4%
A IR AL 3R

(1) 5:0%] . Block-NeRF A48 T Wi ff iz 5
S EVE, Ry E Dk LA & L B R )
FEXOR B, AR X 5 DL IE O N4, R
B 1 0 S B Block—NeRF (9 EL.L (8 6), #H

AT A~ B 1 22 [] T8 A BE 1Y 75% Sy 2 AR 1R ST
Block-NeRF HUE il , 7T LLARUEAR 4B WA B H 22 [7]
KT 50% 137 5 SR, B HE N A Pl Sr
W2k Block—NeRF 37 5t HeA: Sy W4~ i 11 3755 14
i P, AR 4S5 Block-NeRF f 41 W 2 B 5 42
Vo YR, EES ST Block—NeRF BT 35 B
Bl 2 A2 0 AT A8 Y, AT AR B R il b R ECHE (A
OpenStreetMap (Haklay 1 Weber, 2008) ) #47H
horEl. B MorEDE (7)) LR
Fir, KT R ERLL B EEEE D OL
FASR G St Z AN T 50% (19 8 & B2 A 74351
(2) FHRALEL . PRI = Hh SR IR KR %
WFIE] . R, FASEA R Z o, HOBIRBORA
— %, Block—-NeRF # 1§ NeRF-W (Martin—Brualla
&, 2021) MRS MR A (Appearance
Embeddings) a4, F21F Block—NeRF i By )t i 45
SRR S5, BROX AR AR, 7RI
SRBE AN R S5 Z [ HEAT R AR (K = 1Y
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g (K8 (a), (b)), HREHK (K8 (c))),
A S B TE G I R A [R] 6 IR SR A L R RS AR H
H il

El6 ST Block-NeRF A& [H G IR Hr 52 Btk IX 5 57
ZHE Y5 (Tancik % ,2022)
Fig.6  Construction of real three-dimensional scene of the
Alamo Square neighborhood in San Francisco based on
Block—-NeRF (Tancik et al., 2022)

[] rromeesom

[] iz

Block-NeRFJ7 /5.
Block-NeRFilll 53242

K7 BAsLES 500 # (Tancik 4, 2022)
Fig.7 Targel view and scene segmentation(Tancik et al.,

2022)

e
(a) BR (b) BIK (c) B
(a) Sunny (b) Cloudy (¢) Night

B8 AN i 7 SR B[R] ()6 IR AR
(Tancik %,2022)
Fig.8 Appearance codes control the scene to represent

different lighting (Tancik et al., 2022)

TEAN WL ZE I J7 i, Block-NeRF §" J& T mip-
NeRF (Barron %, 2021) RYMIRL, A4~ R0
MLP () —JZ /2% . 7 f, T I 25 805 8« B3 o,
Bt —MRRAE I R, I RS WA A d L BROEE
A (Exposure Level) Fl1AMNI ik AMBCL A, X LA
FHK A S H R A BN ST 2% b, R
R RGBEIA(E (K19). X T pishds
X4, Block-NeRF fifi F i X 43 # #% 5 Panoptic—
deeplab (Cheng %, 2020) AERUH WAL SN 405
R, TEVIZRIT Be 200 52 R J, DASE BBl 28 %0 4

AR IEE i o
H—|_, 0 ;:_’Mﬁ
&%j\%: £ |—>rGB A
HERN = > SRR B G
(a) TN (b) AJ UL T

(a) Color prediction (b) Visibility prediction

19 BETI KT WAL T (Tancik 47 ,2022)
Fig.9  Color prediction and visibility prediction
(Tancik et al., 2022)

(3) FYskHE S5 IF: Block-NeRF ¥/ T
— DI MOV T 1] d A i A AT L)
2t (K9), fiRFENZARES A, PR E
X TR 3 ] X B AT M o 3 R T B A
HWTF

Ti=exp(—z A,-O',-),Ai=ti—t51 (2)

WA LSS AL &, A FR 2 TRl Y AR
SR EX R RS TR 1, KRN
PRBETZ IS T s T A% 05 2R —A S &R 45
PSP LIRS, WIS T, 0—1, K%
SRR AT UL . Block—NeRF it 45 1 ¥ A5 19 7T L 1
TR, T NeRV (SrinivasanZE, 2021) BEHX)
Al WA B AL B T . A I 24 F 1 5 Block-
NeRF I, AJ UL AN AT LA o W 28 137 Sl
B4, M HAE AT LU T % PIA> Block-NeRF 22
() EAT AP WL DT A B . Y RE B 07 B R AR
i, TRV LR B AR S S8R, Dhge
—HBItGERNEE . CRELRENE, K85
S [E] P A O
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3.3 4FiRin)EAbIE

Block—NeRF Xf NeRF Jif FH K MLAR 9 5t = 4
Yy SR — SERR IR ) 45 1 T R T R, XA
)l FE AR A5 RO L ObE—2
P (Photometric Consistency) . BEAIEFY (Transient
Occluders) . M B (Relighting) , LA f ] UL
Y55 o

(1) Tih b NeRF++, Tl 475
FRLE AR 360° WLEE A JC PR 25 W] 37 5 . FEIX s
PR S B G AR, R A o3 h T Ak
BOgdm s/, SEE MSCRE2E . NeRF++ (Zhang
A, 2020) S — PR R SO0 4R
PP A LI BB A A BV o TR IR — i S 1
XM (Shape Radiance Ambiguity) & NeRF++H1 Y
— A EEMEE: IRTEBCA WA E R R A
THOLT T — AL GRS 0L 1 AR 5C A4 48 ok
WA EF RSP (10 (a))o 4 NeRF B H]

(a) JEAR—HR GBSO

(a) Shape-radiance ambiguity

(b) Parameterization of unbounded

scenes

F360° Toil F g S, A SRANOGT Jag S I S A
Wil (10 (b) ZIHE), Xh4)mass, sk
R B (10 (b) BEHE). NeRF++¥37
s (A3 53 AR A MR R (18110 (e)),
PRI A 5 AT SR A, ARG AR A B R
XFZLIAMAER Sy, MRS AR TR 28, KT
H5ERSE, HtEER, A MR As R,
fHJE, NeRF++ Il 55 22K & 1Y I 8] 5 4 £ TF
B, HXIREE A S EOR W m, BN A PLER E
RZEH T REF BB ISR . Turki 55 (2022)
FIA—FE A JLT SRR, 76 NeRF++AE4ili |
X SR — 2 O s T A o, AT
o) BB NeRF, AT 4 g Vi e ok i LA R PR L
Khademi 1 Ventura (2021) ZE£F NeRF++, fii F
JEAMEE S BOR i B [ B L 25 A I 2RI 15, LA
15 9% 360° Jo il AL 5 1B LI o I 2k B v G i [a]
K5 NAFIT S R IX SRR i ) L

B={(x,y,2) VX2 =1}

.
2%

P

(c) BLIERN AN R S AL
(¢) Different parameterizations for

inside and outside the unit sphere

K10 JEAR—Hm S S TE 53 5 2B A B A 3R A AN R S804k (Zhang 45, 2020)
Fig.10 Shape-radiance ambiguity, parameterization of unbounded scenes and different parameterizations for inside and outside the

unit sphere (Zhang et al., 2020)

(2) %a5 %R 5 Mip-NeRF., NeRF %t T 2 5t
ARG AT R, YRGB ARR, 257
A ORI BCHE G OR B SR A D7 1 T DA PR axX A ()
A, RS RMRIE N5 AR . Mip-NeRF  (Barron
4, 2021) ZITEALEIE 2% B Mipmapping J7 7%
- U R B ORI LRI g iR KD N
el Bt 2] T WA B B, NeRF Y& H AHMLIR
S Pl A B MR FR A BRI S Lot R x 2R AT R
e (E1 (a)), EHME 4G (PE) SREULSHY
FEAE y (x) o Mip-NeRF DL B #E % Sk 74 10 %5 5 &
(E 11 (b)), SN ESES (IPE) X ix L[5
HEACK R AT RRIE AL, R 22 00 = W ek B0E i

B, JEERAR A B g iR Ely (o) ],
Mip—NeRF i# 2o {5 44 2 85 14 [B 4 &5 17 R AR5
(FE 11 (¢)), WEHRE T NeRF /R 40715 1 fE
Mip-NeRF 55t H fift tk 1T NeRF H A0 85 14 %R 7] AL
{BHAERCR LA EA PE— 24 S i 2 ] o

TE360° Toill A5 b, it IXEUEE 115 2
it K Tgeiniies X ey, S8z, £ R1E
PRI A s S = A B K s R 22 5% . (Barron %,
2022) F& Tl A4 I Ak R i o I8 i A 35 o
SRR )R, (H 2 U — S g N, HAb B
)it
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(a) NeRF X fi R AE
(a) NeRF samples points

(3) SR —3 Pk KBS Y 5 NeRF-W, #1
S S R B R 2 A5 R R A, (B R
AA]HESE 4 — . NeRF-W (Martin—Brualla %,
2021) fif e ARG # 1b i G v b B T AR S R Bl

() T [0 26 [&] e e AN ] SRR
(a) Rendering variable illumination based on internet

photo collection

E )] o

(b) Mip-NeRF i[5 #ff ek AR A
(b) Mip—NeRF sampling conical frustum

(c) REEXT L

(¢) Sampling comparison

BIT1 NeRFXHORAEE Mip-NeRF XT [PHEA (AR AE L) ECRAERS L (Barron 25, 2021)
Fig. 11 NeRF samples points, Mip—NeRF sampling conical frustum and sampling comparison (Barron et al., 2021)

WS PY S, [#112 (a) RN [A)— 254 ik
PG —ErE b B, K12 (b) 2B S Bt
B, IR WS R R IATHE AL P

(b) B XF R 4k B

(b) Handling transient object occlusion

F12 e T2 7 R TE QA R IR B AR | RS X G4 40 B (Martin-Brualla 55, 2021)
Fig.12 Rendering variable illumination based on internet photo collection and handling transient object occlusion
(Martin—-Brualla et al., 2021)

NeRF-W LAk A R SR WLHR A, il 3 o7
> REAS PG 4 ) L B2 0 3 7 of fifp R (K 1R 2
] B 6 BE R BT ARk, 2 2] B AV AE 25 Rl 44t T
Xof i TR gAML ] (B 12 (a)) o R it
FFEIER (ESHEMN) FEGRMEITTR (B
M) MG (K13), MaEssEiis . Wer
] AR A FNBES R A, NeRF-W 7 £E i Z5 A
RS 5,15 %% B DL AN e PR F0LA , DAA i
KR LER . NeRF-W 1] DL E S5 44 £k &1 45 T e
i EL S5, (6T v R A A A DX
AHPLAL A TE B B R IR, 25 52 ) die 28 1) e e
ROR

% T NeRF-W LLSb, A7 #F5¢ 3k T HDR #
LDRE% (Huang%¥, 2022a) . #H4HE5Y (Neural
Transient Fields) (Shen 2§, 2021b) . T £4 4t

(Anti—occlusion Module) (Chen%s, 2022), LIKE
WEREAPL (Hwang 55, 2023) MK, SOl
SHBESY TR, XEEITVEZ X E 1
M5k, BABRERJRRME.

(4) HEIREY K n] WM 5 NeRV, i ARY &
BRI ARG — I, LR G o s T X 1 55
HATE IR, PG — AR B b ag IR RCR .
NeRV (Srinivasan %5, 2021) #4358 nR N—A 1%
SLARFRRREL, M AR D BALE, TR
HIXAMLE AR . RIMEL . MES%
AL E BT AR T ) 5 — S R A SR A
DL RATART J5 1) b @ S0 ER IR BE B AT L, g X sk
AT LA AT 3 5 o BRI DA B s ) A7 T DL e )
Wro TR0 M = 4efr & I, AT 200 % b P Al
MLP HRH IV SR 260k 25 5 T 1) 85 BE AR ] WP, H
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ity L 7] B b A 90 T DL ) 4 Al B XA AR T 1] b
AE ULJE AL & L TR REAT PLAl (11 14) . NeRV
A2 ) BRBUEAR AL G T Qe Bk T ROT 8, 7EAE
HEHS RSO MR ERISCR RN F, =
Xt T A ORI B BR S T 2 — 2P BT

(@
AP

¥
AR5 T

o 3t

8 ke,
— B

(® 'S
BESHBAN ——————————> MLP | —>| RGB

et

—

o
B
N
K13 NeRF-W K142 (Martin—Brualla 55, 2021)
Fig. 13 NeRF-W model architecture
(Martin—Brualla et al., 2021)

3

O (nl)

R R 0 5 )

/()(m-d:)

(a) Naive (b) NeRV

14 Naive 5 NeRV 31—k S o i) B BRI S 2 04
2 %% (Srinivasan 5 ,2021)
Fig. 14 Naive and NeRV directly and one=bounce indirect

O (rde)

illumination ray computational complexity

(Srinivasan et al., 2021)

FANGFOLESE I N R AR %, B RIS
PN G U G — () BT B, BRIk
(Boss 5%, 2021a, 2021b; Zhang%¥, 2021; Rudnev
S, 2022) —fR¥y R A YRR AL . O
Zne UL R L S5 3 L ) B AT 43 A R £ BRDF
(Bidirectional Reflectance Distrbution Function) 4§
S8, TEFT RIS T S Em IR Tt
MESCRBU R OB . JUfT . M. 808,

B rias) B2, XRTTRIE E X LA E
K BORE R, HLACRERAULTRT S B IRASCR

4 B4

NeRF J& T4 28 fa X 7 AR 23k 0y QA7 nl
e, 38R A RS A B SRR . BTN
NeRF (4 Fdy A I8 I INER A U5 . B A X 5 3
Yy | BRI L B0 NeRF % A [R]85 %6 42 B e
YR, B A BRI T T E R T
OB E AR . HRDE NeRF R TR MR S 5 =
Y 37 55 ] AL I T R B 58 T AE AR X B /b, {HIX
S R AE A AR AR R S T R AR Y S =
] AR, RS T v O Egg ] a0 L 3E
PERA FEfE R, AR S T IR . 51 8RR
MIVER o TR 240 5 0 R 2 5t — 4 mT 4l
Ak T T 1 28 N BB W R AR 7 R X R S BR N
B, XS AR BT OT R W SR AR 2R T B AN
SEWFSE R A . 5 TR H T S B ST R
BEXT SR = 4 TR, ARSI G DL
71 -

(1) ZWEEAERE . A5 5 =gk —
DAAT BR 2 BB A Sy Bl VR R AT — R e, fudE
AR TS . S AERO R E O E
AR . = B 45 . N R 2R ARVECE IO RS AN ]
AR 22 AR TR NeRF 539 SR AU M
WA NG B 4 RGB B4, FIHIEZ LMY
BnG B 21T NeRF LI & B A AE CIF 8 3R B, A
= B, WORSAE AL | R Z AR S5 B A
FIAATATE—E B T4 &5 NeRF 1315 20R ol 48
TR AN

PRtz A, S A&, FHis . e
Wigss . LS R DL R LB X A 4Tk, i AR AE AR
PR T T MR S B, o 2 R A Al
A HT NeRF FFJ@ 52 5t = 4 gt i je — MEASE— 2
R 1) o

(2) MARORMA . A5 KB 5 =4k
LR AR RO F, T U R A
MIRRE, FERINIESS . RO, M. TR SRR
RENRE, SR REs RSy, FERE
AT AR o i T B R i 1 1 e R
XoF 3K R R X6 G ) T e R 4 T A T S R
W B AR AR P 0 i R AR ) T e AR AR I T A
W2 S5 = e g S AR A SR T R
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R A0 55 L% E A 114 B B8 e N ()
YRR B AT, R AL G Ve Y O S S — 4k
it 3k G 9% R 3R A0 2 EAL PR X Bl AN A
BRI, AN [RIRS 40 9 53 5% 7 A Jo Biof <5 ik A7 7E Bk
A, M NeRF & F R ALE S n e gy, —
Wit Y G (NG AR 55 91 Bl P N 25 A T R IO S 2
LS EERG 40 5 JC 9 A B R ] AR, K
FRE R S R N A T, KRR AL
DA

(3) BEIABTIRA . i b B IEH T 5
s AR, OB AR L AR T I — 2 T
5%, R BRI BE LA R S Bl b s R
e T 5 R N R 1] B v 5 e o 45~ Gt 5775 = (=
ISP G g NN A REN RN R
0 75 B X} S b B A () A7 ) R o B AR 1Y
R AT EE o =N 5 1 R A=W i B (E DG i 778 =<
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ST YR Yl 2 4% Bl R F 3t B ER B 1 37 5 b i
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J&, (AFESCHIE YA H PR ARG, A 2
N, SERE G AR i NeRF B2 AIFFE 7 1)

(4) Azshipsmd, =4l — H 2k
o3t B PR BE AU AIF 5T ) E BN, et
ZIERI A 2 LIE A S b s N TR 32, 77
TERCRAR LA S ) 8L, 4> H sh ik iy = 2 A 4
A2 A B S AMER . NeRF LIph 22 e &Rk
07 RPEAT = e e B Y, THRAE B
SRR, S ERZ R E AR, A5
1B 5 AR U S E T NeRF (94 H sh R A =
Ae o SlE P BORARSS &, FTRDVSEIHIE & X B
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g BCFEAR AR, DA O T S LA 40 R
BE =Yk s A Ry A ER 0 R e 1) 45 N 3 S
HA RN XL,
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Abstract: Geographical real-scene 3D scenes are an important national digital infrastructure, which extends geographic information from

2D to 3D. Real-scene 3D data are stored and expressed in the form of an explicit 3D model, which has the problems of large amount of data

and rough visualization effect. Neural Radiance Field (NeRF), realizing differentiable rendering based on neural implicit volume
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representation, is an innovative approach of high-quality view synthesis. First proposed by Mildenhall et al. (2020), NeRF has become one
of the hottest research direction in the field of computer vision due to its realistic view synthesis effect. A large amount of literature about
NeRF have been published since NeRF was proposed, and the application of NeRF in large-scale real-scene 3D visualization has begun to
attract the attention of some published papers.

View synthesis, which uses sparse 2D images to generate realistic new views at any viewpoint in 3D space without the reconstruction
of 3D models, is a novel way to realize the representation of 3D scenes. The development of view synthesis technology has gone through
several stages: image mosaicking, 3D model reprojection, view interpolation, and volume representing technology. NeRF, as an innovative
approach of view synthesis, samples 5D coordinates (location and viewing direction) along camera rays, feeds those locations into a
multilayer perceptron network to produce color and volume density, and uses volume rendering techniques to composite these values into a
new image. NeRF not only produces remarkably higher-quality rendering than prior volumetric approaches but also requires just a fraction
of the storage cost of other sampled volumetric representations. However, it faces problems such as requirements for high quality of source
data, failure to support dynamic objects, low efficiency in processing, and single type of render target. Moreover, NeRF-related research are
mostly conducted based on laboratory environment or standardized data at present. Due to these drawbacks, many obstacles need to be
overcome before applying NeRF to large-scale real-scene 3D visualization.

This paper reviews the workaround of unbounded scene, aliasing, luminosity consistency, scene relighting, and visibility field in the
Block-NeRF algorithm, a variant of NeRF that can represent large-scale environments (Tancik et al. 2022). The Block-NeRF algorithm splits
the environment into a set of Block-NeRFs that can be independently trained in parallel and composited during inference, and it selects
relevant Block-NeRFs for rendering, which are then composited smoothly when traversing the scene. To aid with this compositing, Block-
NeRF optimizes the appearance codes to match lighting conditions. It trains individual Block-NeRFs using techniques such as appearance
embeddings, learned pose refinement, exposure input, transient objects, and visibility prediction.

Nowadays, the studies of applying NeRF to large-scale real-scene 3D visualization are being conducted extensively, which has attracted
much attention and plays a pioneering, leading role in further research. The results of these studies achieve the most basic 3D visualization
large-scale real-scene effect, but they are limited by some conditions and their universality needs to be strongly improved. Because NeRF is
still far from practical applications in producing large-scale real-scene 3D visualization, any slight progressive exploration is likely to
become a continuous research hotspot. This paper identifies the challenges of NeRF research, including multisource data fusion, visual effect
optimization, and virtual environment perception, which need more research.

Key words: remote sensing, neural radiance field, view synthesis, implicit volume representing, computer vision, virtual geographic
environment
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