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Abstract

In recent years, neural implicit surfaces have demonstrated significant potential in 3D represen-
tations. Many previous works extend the training pipeline of Neural Radiance Field (NeRF) by
modeling a probability distribution to establish a connection with implicit surface using sam-
pledpoints along rays, thus enabling the good fitting of implicit surface. However, these works ei-
ther require excessively long training times or deal with a large number of sampled points under
specific acceleration structures. In this work, we propose a strategy that combines Occupancy Grid
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and a nonlinear function to guide the sampling process, allowing for the achievement of better
object surface reconstruction with fewer sampled points in a reasonable amount of time. Addi-
tionally, we introduce a progressive training approach to enhance the robustness of the model fit-
ting. Experiments results on real world and synthetic datasets demonstrate the effectiveness of
our method in object surface reconstruction tasks and outstanding performance in novel view
synthesis tasks.
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1. 5|

M Z AR UG o = e R v SR ) — N F B ST AR G IS B R A5 R B LA ST
RICHC TV =, FENZMABGFE MRS s, BE S, WERH SRS, 5E A
W, SREES—-RIPE. BARNREETK, 8 PH2ZRRENEW. Tk, BEENEE
$3%(NeuralRadiance Field, NeRF) [1]1— &R TAEMY &, 2 k@@ rmabeURm 5 mMaimits
HH P AE 256 2 5 o BB SR A P R B IR, R ARV e R R R AR R S T M A R AR T LA

NeuS [2]f it 2 3745 I B 3% (Signed Distance Fields) 5 #2245 51 37 (NeRF) FH A 5 s 5% &, SeBL T
AETAEGINEE LR Z MR ER, R TIELA volSDF [3], UniSurf [4]55. NeuS R HHE 5
PREFRET ARSI, #E B RFE RN . M T LD R, JefE el BT 5 RAE, HARYE T
S5 B FIME R 0 A R AT B B SRR AR 1T, BT NeuS {8 ] 1 8 J2 10 £ 2 BN HL(Multi-Layer Perception,
MLP), SRANSRAE AT 055 BE B A0 T RS RFEROR, BT DI AT IR 2 R A . Instant-NGP [S]FIFH T
b7 P& % (Occupancy Grid), B ERFANE TR MR, DL R RS RS S A YRR &
W, AEASLECEOD e T DAB  F X3, AR EEA SO TR RS . B4R, Instant-NGP KA
SHANBAR K 456 502 MLP 1875 AT RAFE s 00755 FE 5 A v SRR I HL 408 A% wT DA% B
SRS RN ARG ROETEA R0 b, B SR AR T RS NI SR, RN, SRR
oty & SBORARIE TR THF. Fo BIRm i, AT T — R IR A SRR RS . @i 4
B A XA L SR B G M PE A SR T o5 45 0 X AT RFE, R A —Fh 4 B Bk HokTa SRR TEA AL
DX 3B L R REA SR T, A7 A R R B N R
2. ExTHE
2.1, HERAFRME

K 2N T (Implicit Surface) & — ML 4t i) = 4E 7R 712 . BEA& B % % 21 1) K &, DeepSDF [6]. Occupancy
Network [7]55F1 #2825 Sk ik Ba AR T AR R H L, (A28 TR =4, @i A F oy
oW B 0 = YA bR B R AR g, AR SO TAE 32 E L2 GO NI E NI (S 2. DVR
[8]. IDR [9]4 FH 3k F- 2% 1fii )7 4 J7 7% (Surface-based Rendering Method), it ¥l EGA/E NEN, Tt
RN L 54N, 2B E4E 1 7(NeRF) S &, NeuS [2]. voISDF [3]% T.E, @il & 51
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% (SDF) 548 Je A 2 b R 28 2 5 oR Bl R AR P R B DG 2R, BRI FH 25 T TR e R 7 V230 AT T Rt
FKHEMG. AT B LA E, PET-NeuS [10]. HF-NeuS [11]45 TA/EFHZkIR T, 25 7)1
e Jo3 2 PO [ BT 38 I T N ZRA BT e i, — R0 BRI — 200 R IR a] . XTI ZRCR 5 RS, NeuS2 [12]
M Instant-NGP [5]H 153 7 Ja &k, 182G 2 0G4 mis®] NeuS 1, FIHEER —FritH et
B LTS NP, NGRS P . Voxurf [L31RIVIZRIRIRE SR, @S e 3k 1Mk ()
SHERIE, HIINT 2RI UMRHENGER T LA FIERIE o (HIX 8 TAE ) S 880 2 I6 T S HU I Bk
Bl 5540 5 /0 ZHUN 2 2 BAN IR & 1 AR, SASFEARSE TS BTG S 45 M AW E R AN O (1),
e A 2 I 4, HORR B TR MEAR T AR5 BE B A HTHFE o A SO I PR I R AE g 5 B
HARSEMMEC S, BERVNBAFEARRITH R IR, SO B EER T RIR 2%

2.2 IR H A RS 17

BT 0 28 5 5 3% (NeRF) I I 2R\ 75 B2 M SC 28D 3 FR b AT R, T RFE BB R T i — e RS 5
e RS 2R I AN HE R IR BE AN B o BT LA, 8RR AR SRS S AR B2 . NeRF [1]81 NeuS [2]5RH T MK
YR S5 RAE SRS, SeN ORI TSR, IR BB R, AN S TERS AT BOR FH 0 AR 4
KA 7% (Inverse Transform Sampling) Kb AT B ZMERAFE . (HIXFPRAESRIE 25 NMBZ EHITRFE, S
THEHIIR PR o Instant-NGP [5]5Z 3| T 2[RRI R A, i 51N S Jaiis kil o ¢ 1], PA—A> A A3
FARC A MR R SRR TIAAS, (ARG v, AT Ak — S ek X 3k, ks> 7%
FERTYR %% . NeuS2 [12]. Neuralangelo [141¥FH 7 iX 7k, 15 BARTRAEE A 2. (HiXE TAEE 5
A& T IRAE T VEARIR I SR, A FH I 5 BRI A 2 R BT, ARAR ST NAEH Z A S
FOHS RS . DoNeRF [15]58 )7L H 7 2 MERAESENE, W50k e ARZMERAE. NDC 78 AR A 55
AR, FEGIN T — P FE RS R0 W 28 Sk i 5 SRR AL B Ik, ATk ToRCRFE A T IR 2. 2
HA 7 2 RGBD K&, AN TARTEE RGB B . A MRE TAR[16] [17]E 1 5 H IR F Al v M 2% K45
FUORFE, (RIXBERIN TR S HR, OZ IR T IR AT B 2L 4 e . ASCTAR, @RI &
TS LA — P oy BOARBOR BORR 51 R FE, TERURM T EITRY T A3 B AR R SR R 3G i, ksl 5 7 7E
TR IR, X515 T A S X ICRFE S B IS YRR

3. Bk

AT T AR B AEF AR 537 (NeRF) [11F1 NeuS [2]2 F. %%, AFAL I NeRF A1 NeuS # 1.
TE. R0G, ATSNAEARTAER RN I, QIE LA SPRNLE . En AT ESE. Hik, X
TR FRERFE, AT T NeuS 1K14) Z RFERT G IR KA, JR8EH = BCRAERI 7. e, &
I BN G F2 89 E Ak I

3.1. &R

PHEAER ST 1) (NeRF) ¥ = 4 e 3R m N — P g sk B, R R AR E G4 ] DA AT A BT B TE % H 6 B
BLA I BUR L 26 58 NGRS [ BEFR I BUR | = {1, 0, 1 ) R BRI AN S H T = {7, 7, 1y |
MASFIRL A U TG 2 R Lk, SRIGTE LR T RFE . ST 58 | A RAE R % » NeRF i FH A4 i 2%
M AZ S AR o, FURFE it e, BIF:(x.d)—>(0y,c), XEKd NGy m, LA
WSEATHEAR., R, BidZrkTE J(Volume Rendering) [1]77 0618 4648 B At s At (0
IR B ENZ A B R ESit C . HEUEBS T A

C :Zn:Tiaici, T, :exp(nzl—akékj Q)

k=1
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XM, N BRUEN R, o =1-exp(—o0;8;) NI | BIAIEEANIE B E (Opacity), &, =t,,, —t, LR
FESRIMEIFE,  t W MABNLIR 5 o HHR R x, BIAHXTIREEAE . KT TR, Bk R SONTE S K
B 5% e MAEGRIEIERE, EN:

~ 2
£=Y|C()-c(x, @)

NeuS [2]i#id 2377 5 80237 (SDF) ERNE A E o RIBLR, 5] LLE T NeRF AR VE Gy 2 kAL
1k, SDF, M523 22 WA 44 25 gt e SRR T [4E %%« SDF N— i i A Ba 36 i, Hom i Tk F4E
KFERYEET S, Eﬂ5={xGR3|f(x):o}, X f(X) AT SEER R, MR RN,
Y5 SRR S X FIFF SRR (X)), HEAEWE a BALHIERRN:

- @s(f(xi))—ms(f(xﬂl)),oJ -
q)s ( f (Xi ))
XH @,y Sigmoid BR%L. HT NeRF H1 NeuS #BRH 1B 1) 2 JZ K AHL(MLP) XS 45— AR AF 5

BEATAG TR, FOPEEFEIRE K, YIS IERNZ . Instant-NGP 51 N T —Fi 5 45 4% (Occupancy Grid)sk it 2%
[AREAT X5y R AEABIDRS LR T2 B SRR AR RS, A AE A A IR 2 RX
SRAE, b TORFE FIRE, HSIN T 2R KIS A GG E SRR RS RAE R TSR FE O B
%o B4R, Instant-NGP 7L ML & BT 1 BT I RCR , (5 i T 5 B3 B % B2 3547 Marching Cube [18]
AR B =AM, ERKE N LR IR EZ MRS

Geometry Network F,

7 o0
258, g
| e o __"oooo__"ﬁ Marching
! ) o 000 cube
1 00 ,7 | enc
! ’
x=o0+td
1
I
! d 00
| O O O sigmoid
| d - - o OlOH0 0 — - - [
LA Harmonics 0000 color
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y S
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Figure 1. Diagram of the network architecture
1. MEIRE

3.2. ML

AP H — 454 NeuS [2]A1 Instant-NGP [5]HI 4 Fa x3R 1 8 3 5k, Bt 45 E — IR SRR A 5%
G AP N A 2%, T DA Rt o 8 Y e S = 4R R i . BRI 28 n & 1, @i s e
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1.0

0.8 -

0.6 1

0.4 1

0.2 1

0.0

ARG R IAT B, ARG DL HEAT KA. 55 NeRF [1]. NeuS A1 Instant-NGP A, FAil
I A5 A R (Occupancy Grid) Fl—F 73 Bofa B ek HORSE 5 KAE, BRI E RN 3.3, X F&—4
KA, RACHE 2 0 PR IGA IbD y XERFE S AT I, I AN R RS 4F IR HEAT 38 A 1
SRJE ELARIA B R MLP b AT 77 S Bn B T . X BLRR AR T 10 3Rs AT 5 L3 (SDF), RoRm 8-

for (X)=F, (V(X)) 4)

F, NIZECN 1B MLP. Bk 1 th AT S BB AN, bRt JLITRAE, X AL ence X TSR
PR, BARRRIT:
c=F,(x,n,enc,d) (5)

X FLA d A BR T U (Spherical Harmonics, SH)XH AL 5 1] 1) & d 4l s 4S4E, 5 Instant-NGP
ML S0 B BN T HUERAE s B e A A ORI, BIR—AN s, ZEAS[FIALAR J7 ) BB e E AN
nONRAE BE R, 5 NeuS [2]fi% & RAETE R R, NeuS b RAFE 55132 1 &2 14 SDF (1A i
J& (Analytic Gradient), A TAEMEFH —FEUE ik, NEEFAMRES ) SDF L BIBEE, 32 H et
— PP IR I A

iy ()= ) ) ©)

KHE =V, (X), e ARSI SIN n AT REE B E NS A —NMFAL, it
At —Fh JLART AT AR A0 AR [9] . 92F5 1, NeuS2 [12]#1 Neuralangelo [14]H 235 Lh i fiki%, FIH Instant-NGP
HHR) 22 53 G A b AN D 2501 MLP Xt SDF BEATAl U, BT I A g i & s BE B, I b MLP 2
(1 J2), XS NeuS 8 2 MLP fiH 534 #€, NeuS2 1 Neuralangelo ) SDF 5k T /LM &E S SR
i, NeuS2 A1 Neuralangelo FIREESE IS 5 Instant-NGP — £, #A— Bt S48 M 4% (Occupancy Grid) 5] 5 )

KAETTE, HAERA RIS T RIS SRFE, 2 SRS 2 HE AR BRI, SEPR EARARS TINIR
2 TR
NeuS
® coarse sample points
® fine sample points
............ > @ — - T - - — - — &
o -2.0 -1.8 -1.6 -1.4 -1.2 -1.0
(a)
surface
i -— - — — = C— o—0—0—
i -2.0 -1.8 -1.6 -1.4 -1.2 -1.0
T (b)
B e e
—4 2 0 2 4

Figure 2. Diagram of the hierarchical sampling strategy of NeuS

[ 2. NeuS 43 B R+ 5RHE &

DOI: 10.12677/csa.2024.143065 150 R HURLE 5 R


https://doi.org/10.12677/csa.2024.143065

T REUR, XMk

3.3. FMBREE

TEARQ)H, To; ATLAEVERA R A X AP T RSB ¢ FALE, HTHERE FEAKAE S
MDTERFESE, idw =T o ST —DAFHDMGE, SLhr b H ST YRR FRAE S Aok, B2k
PSSR R RN, AE w W ES R TSR, mEMERER, SEw FEN 0.

B 2 fros, ARBO — AN S4Bk (Unit Sphere) AT 62k, MRSy — e AW bRE, -1 F
EH 1 RBPAIERIREA T . LL NeuS FIERFESENS, Sext 2SR T SRR, it . 5, Xt
B ¥ 50 KA st w, Rl REUE w3 3 R T R I AR R AR, NeuS S & w
SIATHIBENLRARE, HARWIE 2(a). ATLAE R, NeuS TEASANRFEM BLIKIRAE S & BENLEGATE w WE(E BT 7E 1)
(X i) [-2.0,-1.0] , (HFHBEAE WP ARE I IR, RIUREE SBCE e T-1 WA E. JEH, B TRUREE
PUREPE, R UCMOY AR 3 R RE R AR A IR SR AR S i B AR L AL, wnl&] 2(b). T Instant-NGP
(R RAE NS, Had i o5 4 Mt i (Occupancy Grid) Y — A A6 B ZE 7% 1) HH W 26 X 45k 75 B2 ko, AT 985 NeuS
FBY B S RAE R SR B (B0 F— M IR IX IR, (KAR RIS RFEHNS, TILRIFT8 T RIS
R, Wk 3(b-2).

(b-1) NeuS
@ coarse sampling points

o fine stage sampling points

P 000-0—-0-86-0—0- P ! P
T 0

surface | (b-2) Occupancy Grid sampling

/N =
N \ Rmk s
(b-3) Our o :

(a) —cnq'ccz Lo -

]

(b)

Figure 3. Diagram of the hierarchical sampling strategy comparison

Bl 3. RAERBEXTLLE

AL AR —FR B B SRAE S, 1] 3(b-3) o A D IR A 1) M BA B A FH 1 4l A 1) 77 2K,
15 T DA 2 XIHEAT R, BE S RAERITORG 2)RE B B ] — A AR 26 1 bR B SR AR I SR, i
AL 48 DX 0 R s AT DUSE NSO AR T o X6 TR U B AR EetE R 8, 2 [19]ME K ST —Fh AR
HAERE W, AR

v“v(s):a(gj ()
G 1A b
[ w(t)dt =] W(s)ds= .nb_ﬁ]a o
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AR@)F, a=w(t) Ha>0, b=w(t,,) Hb<l. R w ALK BT A EIBE, 55 Neus
—E BIw(t) =T, a BT b SR RE I B

{H55 NeuS RN, JERFFIA W, AT LU SRR AT AL, TR A B A Bl 2
A RBE IR [t8,0] + Neus 72 PO £ BB I 2 (A, T3RAT151 0 W 7T Bl S L 7E 1D 1 4
o XFEEORR MRS, b MR . [, 2 3X(7) AT LG (R a b (LA
SE R X P IR, 24 a (OGN T b8, W B RREVRIE s UK, MEPRR ok 3 2 R
HRZY, BRI b AR GO AR, IR, 2 a (AT b AT, W R R & b
WA AT RO, T KR R SRR 2, SO A B, RGBS . T 7 7
A B RRE L R, T DR AR £ AT

3.4. IENL
i 1, AT AR B AP BORFE SRS MOt 2 EdEATREE . RS RAE s A 219 2% v 700
HFF 5 B B 37 (SDF)ARAE i, I8 Bk AR B /IMbE . S IR B3 L 10T
L= ‘Ccolor + ﬂ'l‘ceik + l2£mask (9)
BKHL £, I U412 (Rendering Loss), JyRRe sl deiitn C () 5 R0 C(x) 1 L2 2%, IF
XL 1 AR AR RN L2 SRR AT SR A 2]
L = XJE(x)-C (), (10)
L, 9 Eikonal TEWLIR, I Ty (X) BOWRALTT & 74 S 355 (SDR)MIPER[2]. Vi, (X) A SDF
HIBRIE, MR A ()T RIRAT, AR A Sl K.
Loy = Z("stdf (X)"_l)z 11)

BRULZ Ak, BATEMEN T NeuS [2]4R HERIHERE 125k (Mask Loss), & SONEE SR IGER KR s B AN
R A Bt (1 HE AR A% 1) B 28 R (Binary Cross-Entropy, BCE), 14 31(12).

[’mask = BCE(Mk’ék) (12)
6k = ZTk,iak,i (13)
i-1

AR M, N 0 B LG, O AL P AUEA, k R k MRZE, | R | DRBEA.
B, BURBRE A (RIS A, 1 4, (S5 P IS BEE N 0.1,

4, SCIG
4.1. NG E

411 BiE&E

N T VS ASCITEI A R, BATRA T IR A F SRR 85, 70 A & o SR A0 SO S 4A
Btk XTAddEsg, JAVEH NeRF [L]520t 1 &l se, HA® 6 MARNME, S kR
B A FIRLA B RN RS FARPLZH, BB 309 800 x 800. Xf TR SEHii4E, FATLEH T
DTU #fifE. DTU L 156 Mst, SISt A AR RGB & XN 4 /A HE 5 (Object
Mask) FIAHHLZEL, Wz 7 MASE IS, AN 30 A 25 R i A o
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4.1.2. EERE

ASCTAESERE T =AU 34T X b, 43728 NeuS. Neus-acc fil Neus-facto. Neus-acc F2%2 7 K
PRI o5 4 Mt % (Occupancy Grid) 75 171 8 @145 51 S REEFHIVERA . BP NeuS 5 Instant-NGP (1454 . Hsk
5 NeuS2 [12]284, {3 2 r HE 3 A5 A Al 1 )2 MLP KAl T SDF. 7ESGZRDHERT, 238 45 dha%
(1) B A KN T AR ZE X I AT Bk R, AT K B3> TR RCR AR H . AME NeuS2 I RK 2 1
BRI 2 GPU LA TT RIS, B8 EAE UBCRE T B b . Neus-facto [20]f#] / Mip-NeRF360 [21]3%
i 1 Proposal Network k5 =] RAf50 A0, H A2 — s i R B

4.1.3 SEITS

AL 22 93 PRS2 B i WE R — k4 16 4, M 2° 31 2°, AN A F5 e K /N B N
2. JUEES K MLP E80h 1 )2, B 2 (Hidden Layer) K/NK 64. AMILEEZ I 4 MLP 23508 2 |2,
Fatr JZR/NA 640 FRATVE FH — PR A AL 7 2R AT UIZR, 1T 5000 VB & AR 110 2 2] 5%
W ZJERAREEERN T R AR AdamW, 3T L[4 (Geometry Network) F, (5% 315K
0.001, AWK (Appearance Network) F, ff)%%>] 304 0.001, betas Z#(Jy 0.9 f10.99. LT HIf GPU
N ELFK V100 32G.

FAVRHA 7 — Mk X207 10, AR EEAY AT DUAE 2 2] B S SE SR R, Sl M 7 (7= A
A E AN E RS, X B E N 1000, FEEAR 1000 R, 2 HERIET RISy 2R TR, K
TERT R SR G AT RRAE, A5 BEAR IR 2% 21 9 IH BN A DL AL, AT B 407 B tH J LAPT3%1

4.2. SRRREER

AR T BAE S S (DTU) R R S5 (NeRF - Synthetic) b frok: 36 2 [f 58 2 (14 5 B RUB AR & 1K
(5 o ) S BV b v DA 2] £ 2 B5 (Chamfer Distance, CD) A1 { 15 14 b (Peak Singal-to-Noise Ratio,
PSNR). CD F T VMY K JLATfi &, PSNR A TP EE A 20 & i EBHG i & . CD ik, =
E I JUATBR LT - PSNR B &1, & BRI A1 ot bk i o 5 2 50 AE —28[2], M2 ki1 i 1¥) SDF < f# H Marching
Cube $VL[19]7F 1024 x 1024 x 1024 73 #F N HEHUH = f MR EAT CD PP

4.2.1. AEIRE

P DTU #dE%E, BIMEE S (CD)IE EiTfhians 1, FRATEI 7 DTU BdR&Ed i 14 Mg suitis
CD MPFHY, i 2 i A 7 (Neus-acc, Neus-facto, Our)i& Rk # A 20,000 Y&, TTLLAE M, AT TEEE KR
ik EAS TR ISR . INE 4 FTRUE H, AR JURT4EY B A I ROR, X145
gt Tk A IR0 95 B B PR A SRS o

Table 1. Chamfer Distance experiment results of DTU dataset
5= 1. DTU #4258 8 55 (Chamfer Distance, CD)SE1& 45 5

Id 24 37 40 55 63 65 69 83 97 105 106 110 114 118

Neus-acc 1.71 155 135 059 163 086 175 094 169 073 066 227 058 214
Neus-facto 1.19 101 097 056 135 104 111 102 153 086 095 19 083 0.70
Our 108 075 110 038 111 089 063 126 130 072 053 145 039 044

XA & s (Novel View Synthesis)fF55, M7 2 1T LUE i, FATHI T EE NeuS. volSDF . Neus-acc
B RZEWRT, HAERI 5 Neus-facto (45 54T, il i 45 A T RIZbrid. S rskid,

DOI: 10.12677/csa.2024.143065 153 PR 55


https://doi.org/10.12677/csa.2024.143065

R, XK

AT TT XS T TURT 4075 B TR & AR — e R 3R e

GT image Our (Mesh) Neus-acc Neus-facto Our

Figure 4. Diagram of the mesh quality comparison on DTU datasets
[E 4. DTU BB&E /LRI R EXTEL E

Table 2. PSNR experiment results of DTU dataset
% 2. DTU BB SIS B SMRLL (PSNR)SEIR L5 R

Id 24 37 40 55 63 65 69
Neus [2] 28.20 23.64 26.43 25.59 30.61 32.83 29.24
voISDF [3] 26.28 25.61 26.55 26.76 3157 31.50 29.38
Neus-acc 27.12 24.08 27.56 27.37 30.86 30.74 29.12
Neus-facto 29.97 27.54 29.93 32.27 31.27 29.81 30.51
Our 31.95 26.95 30.78 31.17 35.56 32.79 29.40
422 AHBRE

X T BE 52 (NeRF Synthetic), FoATERL T 6 AN 5 db47 L] @ AUHL A & AT 55 1o 2 0F A
ME 5 FTELE H, i sEAR RS 30,000 Yk, FATHI 5755 Neus-facto #7124 Proposal Network >
FERITIEARLE, TR A2 2R I = A RS I 2 B AR & R &, FRATTIR 77 iR R B R AT Neus-facto. 3§
EARIREL, Neus-facto FIERATTHI 575 BEAE P AMT 45 LA BT, (BASZIS 5 BN T 50E R AE S 1045 2L
PE, BATIESE T HEHITE 30,000 SRR, NZREKARTE 2 /BTN .

by b, BAA NeuS 78 Ll AT 55 R T — @ M8CR, R tUAf A 1 OB WA & BT 55 IV RE
W% 3, NeuS 7EA B4 NeRF Synthetic b, Bt A& BT 55 HIUEAE S 1 L (PSNR) B 24K T~ NeRF.
B2, BAT T BEAAE LR = A2 T —2 i3, R ERALA & BUT 25 A IR I I 2R,
FERA DG serh, BATR 5L T NeRF.
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GT image Neus-facto Our Neus-facto (Mesh) Our (Mesh)

ST R

IS

Figure 5. Diagram of the mesh quality comparison on NeRF Synthetic dataset
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Table 3. PSNR experiment results of NeRF Synthetic dataset
% 3. NeRF Synthetic ##ESRIE{EEMEEL (PSNR)SLIELER

Lego Chair Ficus Mic Ship Material
NeRF 32.54 33.0 30.15 3291 28.34 29.62
NeuS 29.85 27.95 25.79 29.89 25.46 29.36
Neus-facto 27.56 30.54 25.88 21.67 21.82 -
Our 33.44 34.34 32.92 33.85 29.86 28.78

Table 4. PSNR experiment sampling strategy ablation results of DTU dataset
= 4. DTU BURERAE R HRL LI A0S B 1SMREL (PSNR)SEIEEE R

Id 55 63 65 69 83 97 105 106 110 114 118
Model 2567 3394 3145 2740 2829 2470 2946 2619 2730 2884 30.73
+PT 26.14 3475 3171 2730 3066 2519 3036 2938 2751 2934 3146

+PTS 31.88 3594 3272 2917 3181 2677 3230 3225 2883 3193  33.59

4.2.3. jHRLSELE

N SRR PP FRAT 735, 3% B 0 T B B R S R T 3 QN SR AT T RSBt . AU
S0 53 6T PR AR AR HOHAT S50, 43 0 128 AN SRAF sR 1024 AR R

BExf DTU RSk i 10 Mast, & 4 NG 128 /N RAF s T X Ui PSNR 45 8. A7)
0 2 13 Il 2R (Progressive Training, PT) A2 H (1R A SRS AR 1 Model. Model [FRAFE SIS A 2L T
% (Occupancy Grid) (FKAE . R HKI(+PT)FR RN Model 7N T #iit il Z5. (+PTS)# R Model ¥
3k YNSRI H SRR e, BASCIR 1) 7 . R AN I iR I 2Rk ARk $ )y 30,000 IR, i1
SR TR RS, LR N, URFOCLRAER A%y 128 i, Bt pilge s e & AT 1)
P BORFE SIS AT A A AR S A 3 103 T, I 7 aTRLE S, *FF 128 YCRFE, 45 &t
GRABATI KA KIS (Model + PTS)X TSCERGAYT . ol St 4584k 526 54 33U

Wil 6 fan, X REZOGLRIET 1024 UCREE, 3 H P B BOREE SRS AR 12 A (w our sampling), 1R
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Figure 6. Diagram of the 1024 sampledpoints strategy ablation comparison
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Figure 7. Diagram of the 128 sampledpoints ablation comparison
[E 7. 128 SRX#f SiERE LI X EL

grty BiR, BATEL R CRAER SRR W], REE AT B KRR, BATTI B BORAE 3
W AT DR G AR SR, 72 LT B A LA & AT 55 LB AR 3R T A0 e 2 AT B2 4L
ENRFE, FATHISEMEA 5 20 SR % 1 51 RAFE, 7 LT i AR 55 LA STt
5.

i

ARRTAE, BATGIN T — R PIBT BUERFE SN, IF4 G #mdt N Zrm )y, ST A A
ThE SR AR, RN RN & BAE S I e, BATMTTRY R T NeuS 73 J=RAF
AT o MR (R RAE SRS, S8 I 51N — P ARk B B 51 R, A SR o S MV A2 ST P A R T
(KIRLE, AN BE SE 4 R 2 B IR 0 Ao TR0 & Boiel /b 178 2 F IXIBCRFE IR 9%, AE S R 10
WS 48 51 7 RAE, R — R KL A RAE 7 30 BTk SRR I 20T AR B R AR I SR T AN it 2 i
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