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Abstract: Objective Inverse rendering aims to recover the underlying three-dimensional geometry, surface material prop-

erties, and illumination parameters of a scene from a collection of two-dimensional images. This capability can be applied

in a wide range of tasks from accurate scene reconstruction in autonomous driving and robotic navigation, to photoreal-
istic asset creation for virtual reality and game engines, and even post-production workflows in film and visual effects. Tra-
ditional inverse rendering methods, including multiview stereo, depth-based reconstruction, and neural radiance field
(NeRF) approaches, typically face a trade-off between reconstruction accuracy, material fidelity, and computational cost.
3D Gaussian splatting (3DGS) has emerged as a highly efficient and flexible rendering approach, representing scenes as
collections of anisotropic Gaussian primitives rather than dense volumetric grids or explicit meshes. However, when
applied directly to inverse rendering, 3DGS-based techniques can suffer from misaligned normal directions on recon-
structed surfaces and spurious artifacts in recovered material maps, limiting their practical utility. Method In this work,
we propose a novel optimization framework that integrates multiview geometric consistency constraints with a weighted pool
sampling strategy to address these limitations. Our approach comprises two complementary modules: a geometry enhance-
ment pipeline that redefines surface normals through compressed Gaussian primitive analysis and enforces consistency
across multiple camera views, and a material-lighting decomposition pipeline that accelerates direct illumination computa-
tion via a dynamic weighted sampling pool while employing multiple importance sampling for indirect lighting. By itera-
tively coupling these two modules, we achieve state-of-the-art performance in geometric accuracy and photorealistic mate-
rial recovery, all without sacrificing the rendering efficiency of 3DGS representation. The first step in creating the geometry
enhancement module is to observe that raw 3DGS reconstructions define normal vectors solely on the basis of the local
Gaussian covariance axes, which can diverge from true surface orientations when primitives exhibit near-spherical shapes
or when sampling is sparse. To remedy this issue, we propose a shape-driven normal redefinition strategy; we compress
each Gaussian primitive along its shortest axis and define the normal direction as pointing along that shortest axis toward the
camera view direction. This shape-driven normal initialization is then refined by incorporating a multiview reprojection con-
sistency term, in which we measure the discrepancy between its projections under all available camera poses and enforce
alignment through a robust optimization objective for each 3D point on the reconstructed surface. This constraint not only
corrects directional drift in the normals but also suppresses outlier primitives that would otherwise introduce noise or spuri-
ous geometry. For material and lighting recovery, direct illumination estimation remains a bottleneck in inverse rendering,

especially for large-scale or complex outdoor scenes with high-resolution textures. We therefore design a weighted pool sam-

pling strategy that maintains a small, adaptive set of representative light rays each weighted by its contribution to the

final pixel intensity and updates this pool dynamically during optimization. By reusing and re-weighting these samples

across iterations, our method rapidly approximates the direct lighting integral with minimal memory overhead. To capture

indirect illumination including soft shadows, inter-reflection, and global light transport we incorporate a multiple
importance sampling framework that blends light-source sampling, cosine-weighted hemisphere sampling for diffuse compo-
nents, and GGX microfacet sampling for specular highlights. The combined strategy yields accurate shading and material
estimates while maintaining a throughput that is competitive with forward-only 3DGS rendering. Result We validate our
approach on three widely adopted public benchmarks: the TensoIR dataset, the DTU multiview stereo collection, and the
TNT scene suite. On TensolR, our geometry module reduces the average angular error of surface normals by 19. 6% com-

pared with the next best 3DGS-based inverse rendering method, according to standard evaluation protocols. On DTU and

TNT, we achieve mesh reconstruction quality measured by Chamfer distance and F1 score that matches or exceeds
the top-performing baselines while boosting overall scene processing speed by approximately 50%. For material recovery
and novel view synthesis on TensolR, material PSNR increased by 2. 8% and synthesis PSNR increased by 0. 08 dB over
the second-best approach. Compared with NeRF methods, our full pipeline delivers an end-to-end speedup of roughly
60%, demonstrating that high-fidelity inverse rendering can be both accurate and efficient. To isolate the contributions of
each design choice, we conduct an extensive ablation study. Conclusion Despite these advances, certain limitations
remain. Our current implementation assumes static scenes and fixed lighting during capture, excluding dynamic object

interactions or time-varying illumination. Highly reflective or translucent materials can still challenge the weighted pool

sampler’ s coverage, resulting in subtle bias in specular lobes. Furthermore, while our method scales well to moderately
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complex scenes, extremely large-scale outdoor environments may require hierarchical partitioning or out-of-core streaming

for real-time performance. We thus envision future extensions that incorporate temporal coherence constraints for video-

based inverse rendering, adaptive sampling strategies for specialized material classes (e. g. , subsurface scattering) , and

integration with custom GPU kernels to push toward interactive rates. In summary, we present a comprehensive inverse ren-

dering pipeline built on the 3DGS foundation, enriched by multiview geometric consistency and a novel weighted sampling

approach for lighting decomposition. Our method bridges the gap between accuracy and efficiency, delivering superior

geometry, material, and illumination recovery on benchmark datasets while maintaining high rendering throughput. This

work paves the way for practical, scalable inverse rendering solutions in applications ranging from autonomous perception

to immersive content creation.

Key words: inverse rendering; 3D Gaussian splatting(3DGS) ; 3D reconstruction; re-projection error; weighted reservoir

sampling(WRS)

0 35l

T

Wi e o 22 0 A TR R K B  5 LA b BRI
R AL JiEAK L VR/AR (virtual reality/augmented
reality ) Fll F 225 3 b BAT iz I B HAZ OBk
BCTE T < A BRI AT X6F 13 22 b — g B, AN ] JLART
DG HEFIAA 5 AT BE ™ A A ) 28 23, folf ) 0 s B2 AN
15 558 75 1 MR 58 S 50 L % fige N e, B T
T, L T Im AR

VLA, = 4 & 0 ik I (3D Gaussian splatting,
3DGS) (Kerbl 4, 2023 ) SEAF 15 AT U A3 ft et R ]
BILHE, KIS T =4 Ron 5 AR L R I
fE s Qe b I 1 o 5 2R 4T Y (neural
radiance fields, NeRF ) (Mildenhall 5 ,2022) [l {4 i 4
ANTA] L 3DGS K s e oT, e 1 BT ROT
B o SR, FHEBRETTm M T g 5 A AR AR SC AL, kLA
eV G i S BOE IR SA B A M B . AT AR
(Liang 55,2024 ; Gao %5 ,2025) EAR T 1A% (HAE
JUAHE BE Ol BEAEUASE5 4F o fgpA he i D7 T 7 PR
—J7 1, R 3DGS B ERATLATR EEA 2, HE LI
Py BRTE G ) 0] SEBLIIE , DTS2 00 A B A 319 77 A £
3 00— 7, 10 TE G [ b5 2RO BEORD A A
Jit AR GE S RIS B THAEAT BRRAE R WA O, i
PRI 451 2 LS A, ke 2] 48 ) 28 AR Y
S 2R bE BN 3R 7 ik B M B R KR R G 2 R IRk
ML (multilayer perceptron, MLP) 4% 4 £ £ )1l £k 2%
18 A AR

G, AR SO H I B PR Ay B T G AE A
55 1 B BN 2240 P PR vy B LA RS, A
it V- e ST e A Bk E L TS A 2K E

TR, B ERTIUTR S — 8. 2B
FE G UAAT IS AT 44 53 506 R A < SR B i AR
TR SR BE RO BB AL 5 22, JF A 2 0 PR s A
VA A% o 55 RRE AT o TR o B O ) A ek 2 e
il I1B% Y O 5 A R DR B L NE 7B NERS K ¢ 8

AR SCHTR BT < 1) 42— Pl i 5 o BT
R A T YL SR TXAE SR o S A 3DGS Ak T4
U v B 1) 3 1T A, PR DO A L 1A T v s A B
LAY 0T 5 SRR 5 2) 1% 3DGS U A 11, 4
R — i ) s S 3 T AR A TR s L O
AL B AR5 1R 22 AT 2 AR LA — BROE 230, 52
BT S R - 5 3) 76 6 R S5 4 K 2 o B
B HOEE A b R FERL I 5 | B B A T A
LT SHARRAE R ()7 22 ) L, [R]IH285 5 200 HE R
e o IO A A R A B o 2 R AR AR | S B X g A 4 YT
(AR 20 A M i 8

1 #HxIE

1.1 ETHEESGHSFELAR

M ER S (NeRF) 146 1 LUK , PR e 4 BE BT 4L
FAE M )52 G o AT AR Y e A A 30 T
SRR RIR LG 0 Ty e O AR A B 3 (R 35
Z5 2025) . NeRV (Srinivasan %% ,2021) £F & 1 I8 0
A T4 NeRD (Boss 45, 2021) 45 & 2 11 52 5
155750 52 0 ) B — BOME f# A 5 NeRFactor (Zhang 45
2021b) i 1o ¥ 267 T 2 R 0 3 B T S R T A
PhySG (Zhang 55, 2021a) 5| A 3K 1 =5 B 7R #5806
R, FROR A2 2% 1) [m) P Al i R A L 2000 R 37 ) o1 R
P . AT I TensolR (Jin 55, 2023 ) 3 5K i 43
iR RIT A BOCLGA RS A RBERT T B HROR.



$31% /5% 34] /2026 £ 3 A

X, HERE, YEFEE, ZFEiF, BB
A = B TR IR LT IE3R 5 S 20 R 4R D B IR I Y BB B AR 5

Nvdiffrec (Munkberg 45 , 2022) K H: 4 J Nvdif-
frecme (Hasselgren %5 , 2022 ) ¥4 ## T 1] f3f 43 17 YL HE
28, AT DN P8 B A A Al i1 BRDF (bidirec-
tional reflectance distribution function) #4 5t 5 ¥ 35% :
. B R DMTet(Shen %5 ,2021) £ 0 o i 1%
6 308 2o AR e O RESR A L S 5 B
PSR SRR B OLLIB IR, T 455 W M AL , 3
BT R 5 DA AR e M . X T AR Sy i v e it
T SERE R i B 3 7 58 BAERCR S AR B
FeThas ], ASCHE IR bk — P B o 56 IR
IS
1.2 ETF3IDGSHFEBLHR

VT3], 3DGS B Wk Ry 305 7 G IF 5 B T A
OB TEME 55,2025) o H 0 LA A 5 e 00T
B i YRR AL TR Al RE (B AR 3DGS R
AR RH G 8 Bl 2 X bR BT 5 O B e R A
GS-IR (Liang %5 , 2024) fll Relightable 3D (Gao % ,
2025) % 56K J LT 5 BRDF S5046 5 % & i3 oc, of
M AT WA A B 15, (EO RS 1 0 5 Pl ik
2B R T LT S BOREE . Sh BRTHLA E
i, 2DGS(2D Gaussian splatting) (Huang 55 , 2024 ) 5|
AR 2 — 30 % , PGSR (planar-based Gaussian
splatting reconstruction ) (Chen %% , 2025a ) i 13 5] A H.
MED L IE AL 2 A U] — St 290, L '
FMERIAY, DL TT U] — Bt F i R i . A
K FHAF RS T AT A A R s A R H R
e HE 0 N fE ST R 3DGS I R TG . AR SOOI
SRS TAERS & AH R T AR A HOAR Al i
TEAG AL P X A o = 2 1 $0r Bk T it i R 45 2 0
BIREERmIPOS LY AN TR o ek (BN VS S E=ES G e
AR TR, Ay S 40 B e AR v o i L AR kA

FEOG IR T3 1T, 3DGS 11 [H] H22 5% HE b #E 7
ABR, FL 07 10 R LU 22 5T M LS 1 Bh 2
JGH. GI-GS(Chen 45, 2025¢ )3 it 4R % (4 55 e 12
BEELE G, B UGS TR EOCIE B BXEEA
5, GlossyGS (Lai 45, 2025 ) A F i 3% 1 JLAA] Se 56 5
LT B G M b T IEE S, v B T B X Y
IR .

L 1 BT 3DGS e Qe TEAE JLAT O AN
WA 7 T AN Wl g, €SP e A 5 B Iy
fiffe, A AR A (0 | AR B S R AR T T
52 2RO B SR B ) A e DR L U e B

T IR
2 F i

2.1 AERR

WL 7 AR SCHRE H — o 98 9 B2 0 4 3 s
D5 ik A 1B B, BT = 4w 0k IR (3DGS) B A1)
BY ARG TR B B AR 2 — B AR
5 200 U] IE Ak, DA P e L] 4540 1 45 1
PE B S BRI = A RS 5 565 2 B B, A=A A& 1R
Sk FEAth SR JE T B D 2 38 B AE SR i v ey
B, X i b (BRDF 250) 5 42 J8) 6 B R B b A
PAMIF Sk, 8T A 3DGS Gk = L2
W, LR FH T 0 T e i e LA IR B RS S 2 A
— B, AR SO B I AN S LA LA TE Ak
T, A WS a8 B B R A AL A RS B T A
BT R IR T 3DGS TE LIRS 1 1 KRR
BR . AFXHESE E G A TP e 5 5 3 Sm A5 )
R, AR SCaHE— A5 4 3 T AR b R B LA RE A
TTAEmE , ASE HORAE T i s ik Oy 1), B RRAAR Ty
22 R TR ROCR , e A B R AL L R B A G
2.2 JLfFfEit

R fift D I8 3DGS 2 I T HE HCAY LA {5 B
(R4 7RG BE L LA J2 ) B Y e 75 SR A 4k
% AP BER T — B Uk B A A T ko
2.2.1 BT E iR & Al

TG, A IR R 3DGS HE 0T R H: 4% f) S v i
-5 ) ) 1 )T DR 503 TSR R 2 T A B A AR e
FA T B, AR SCHTNT — i 3 T - 30T 3600 1 7R 4R
it k. 2DGS ik i FHRITETT A F7E A [F £
JE LIS, HARFETC IR 202 R — V-1, ke 13X — (7]
L, U T e (R 25 35 3DGS A r e TH. gR M, 42D
BT RN I TR R e BRI T LI A

R AR SCEIAT —F i W 3 T Y R 46 D
Y5 PGSR 8 22K P 1 2t 8k 2DGS R4l 2D =
BT AR SO 20 AR IR AR B 45 3DGS (3T,
M 2 78 P Ak 3l 25 M 5 9 (veshape) o AR SC5 %
NeuSG (Chen %5, 2025b) 1 PGSR (Chen %%, 2025a) 14
S K e TR T 2 e i T R4 IR SCR )
YN OB IR L P eyl LI 1 PURTA EoAck |1]a
40 L AP PR o SRR R A T LA S-S Bl o

899



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 3,Mar. 2026

LG LTI

IV RAEAR T BB

Vel
o -

—— IEIESRE - Rk
HYLEIG

s g
H
1
i
i
4—‘—»
g

— SREFHRFE RN
l ’ i B
: i
,_);‘ 3 — {jg
JEHRARILERE (B R A
AR

BT ARSCHR M i a0t i e HE SR A A 14

Fig. 1 Overview of the proposed inverse rendering framework
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Fig. 4 Rendering quality comparison with importance sampling

under low sample counts

BARD R E e Al — A5 L, e
(9 ABE S 5355 BRER g1, (o, ), TR 4R XA 43 A 1) 2 M
A S ={w, w0, 0, 0, KRG RHENFER o, 5B
— AR, B

_ pdir(wj)
'Bj_ qdir(wj) (15
I MIRRCE Rk B RAEFEAR S S, I
TR BRI RIB A

1 & ;) 1 & palo;
DI FG i on KU
TETHRIE, I A 22— ORAF P A A YA R
Jea HEF iR e — A~ /N it (veservoir) , H i
ARG P RO, BEE BT REAS TR, 3820 LAAL
HOMEAR BT T AR . XIS B SRAE T IR
R B EE L EEORAE B R R AR S HAY
FOHROCIRATHE , 18 i 4 P 7 R A AR A R A,
HH EE T L2 07 VL 1Y I 0k 22 T i MR A el T
FCE A A THE A 5200, ZERRAR 7 22 0 [ I 42 1=

Ldir (x’ wa ) =~

RRECE.
2.3.3 ST ZEEEMRFEMREOCIRITEA
] HOE Ok A T HAb R w0 S 6. A S it
22 RS 3 B AR 3 B R AR AL X S [] 1 IR S I A ik
G CTE 7S W Y i3 a S
L) = [ LG o)) (200,00 (@] i) do]

(17)
XS TRE, B—IREER L, (x, 0,) 23
RABIT D HBEPWL(%, 0)). B L HE R
HEMTEITRZ WA R, 2 FECR#E . Hl
TN A7 RS R BRI, A SRR 3 ki, 5k
— /N TR AR R] 3 R i 2l SRR IS R
TR EX 18 TR R R A S
fii T Ry ik i 2 R B SRR T R AT A
B BAh

1 <& L (2, 00) f (2,07, 0, m) (o] - n)
L) Sl
(18)
Kk RRB R ke 1, 2, 3, ZHEEBEMER
FERY A pi () BIRG D595 -5 Nvdiffrecme AR, J5
S (IR
A, A IR 3 A 3 A o DGR B R A
A prg (@), 18 SIS AR 5L RAE T pgee (@), VLS5
18] S5 B B SRAE TG p s (0,0 SRIF 3 FHRAE
OISR MRS 08 2 L B R
Balance Heuristic £, HA&N

w @) = i)
znkpk (w)
k
i€ {light, diffuse, Specular} (19)

B3P REED A p(w,)o FTHHPIE
A () BF AE AR 18 S 5 5 T B S PR G ] 3 R REAE
T A A M L 55 A T 0L, R BOr 2K, ik
HE BRI R S IR 3R Ak
RAERCR R E .
2.3.4 HREE

G2 (16) N (18) 5 43 A5 3] 45 51
Ly (2, 0,) 1L, (2, 0,), A (12) 0T DR H i
L TE Y B 1, (o), 3K S22 AN 30T Y O v o ) %
FEAZ O . 78R S RE ot FR HeR AR A T LT 28k
FRFS 5o MBS B IRk, RS B o A IR

903



904

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 3,Mar. 2026

R BB 4RI, o i T LA T 2K (b
JRIGU R e BRI O AR AR K

BN G U . ARSO7 L AN PG
A% R, AN EREA AL RS RO AR B TR
BRI FS oo 5 EELAIR, TR R Z ARG
SRy ARSI 1 LAY AR R, BAA

Sl | X, FORTU SRR | (0 + Av)~( + Av,)
FORGIVAEIR T i 5E AR 5 2 1] 9 -
07 o VR R R A S AT TS IR T 2 A A T
W AR B Ao, IR L AR T AR
{30 FEAS TS AL, 38 5 4y 5 TU A5 ) 5
ARIZEH . 538h, 9 T 7 I GRES L DA 35190

*(20)

2

6 B o I REAR G54, JF i A th BN 5 BRI L) 22
T ARSCRTUS N 1 L2451k . B
Lo = z" Av, ||2 (21)

RIS R IR B8 1, Sl B4 T 1 A2 T
JRAE /N KT B ADE BRER 43, A SR 45 2% pRETCRN
F2k Nvdiffreeme #H[A] . B

L= |)1(| S k(x,) = k(x, + )|, ke kypa (22)
xeX

Ly =|Y(e,+¢)= V(1) (23)
A | X Rl bt s A AR e
BEMLAW AL 0] 5, 3K (22) 02 &, A1 o AP35 1E 014k
fro Y(x)=(x, +x, +x,)/3RF—R M T EIZH
£ e, e, 53 ) 375 18 S S A T SCS I 1 V () =
max(x,, x,, x,) 7 HSV (hue, saturation, value) Bi 4,
i g
A, AR SO T 3T 3 G A T G A
It Hoa A A m sh 2838 Bl Ry R Rt H b R 4L
WA I R B A LR B i . AR SE AT
BT E G ) TAE AR SO U =5 [ 2K L.,
ik LTGRO Y EUGR B AR R Y 22 55 BN
S E VA R S 4 X B e IS 1 sSRGB AR
fy PR (Gamma M1Zk) AT (PR IR, B
T(x)=I(log(x + 1)) (24)
Kb log(x + 1) EZH] T H4i HDR (high dynamic
range compression ) {H. , DLk G Al i {E 520 . sRGB
e BRE T () B TR 2 M 2060 1 2 4 Ry SR 1 )

(RG2S ], 7 QIR =2 5 101602l v 5
LU, RAER
Ly = | T(x) = T(y) |, (25)

AP, o T Y FR AR R E Ly 2 H R KR B 15
ES(E08
A AR AR R R4 R B
L=A_..L + Ay Lo + ApLy + Ay

smooth *~smooth

L.. +L.

gt F Linage

(26)
Kb, S BN I U 5 Nvdiffreeme A8 [A] , 4351
M oy = 0. 025,40 = 0.25,4, = 0. 1,A,,, = 0. 15,

R B S IR AR UK LE BRI

sht

3 X% Iy

3.1 HiEE

AR SC 32 3 Y 39 i e R AR oK U T IR
#E TensolR (tensorial inverse rendering) fil DTU (Tech-
nical University of Denmark ) . TensolR & i A2
F Blender 5 4% , i 4 2 28 105 0 57 (R i L #4
oy AER ISR AL . AHPLIZ E 5 NeRFactor #H[H],
Bl 73 B E A 100 D YN ZRALIE 200 I HL Al
10 G IE LIl o X TR, TensolR 541 4 42
T LG A | B BRI BT 1L A ARG R
QLRI . DTU Bdladie it th FH FoR KA (DTU)
RATH = B 2 e AR, LT EL
PE A = e AR ZEIR RS s R
2 LA S RSB R ARBL S, DL K37 R R i
S YE R SRS A, BT E R T A R
DTU %4 4 1 i Z2 M (RS BRI B, SCRRTEAN )
JEIRZRAT T AT, JE S & B IE S 24 7 5 T 1Y
EERE
3.2 JLiaf&it & R3T

R S UEAS SCILAr & 7 P B8, 7€ TensolR £ 5 £
5 3R TR AT XS LS, A4 TR
5 55 % 1) Nvdiffrecme [z & T 3DGS 1 396 i e 7 12
GS-IRFIR3DG. % THET 3DCS By TARTCIEL A
JSC AR, S0 AR T A T AR A ik £ 1R o
HEATPPAR , PEAG 48 A5 R ik 262 1 12 25 (mean angu-
lar error, MAE) .

FE AR AR 1R AR SO MAE #6851 3R
WA, %220 3. 98, WL T HAlI7 v e T



$31% /5% 34] /2026 £ 3 A

X, HERE, YEFEE, ZFEiF, BB
A U HTR LSR5 B 80 R A8 B0 HRIE 38 S AR 22

SCHE i T = A LAl T S 2 B 2R
Rsa i T 5 AR 3DGS JUn 7E B 2o BE AR E 1 Y
BB . BSROR T & TR M g R,
Nvdiffrecme J7 1 i) 55 OR300 FLRE | GS-IR J5 ik
M R3DG J7 i W1 2k 52 3K AR T Nvdiffreeme J7
o BRI X T Fifr J vk A7 A6 - T BE R I 114 ) AL 431
e o G BT R IR L B B A
AYL) RGBS RBGAFAE—E 25 . ATk

Nvdiffrecme

x1 FETHARENEERILR

Table 1 Quantitative comparison of MAE of normals

ik HELMAE |
Nvdiffrecme 5.05
R3DG 4.97
GS-IR 4.95
A 3.98

TE I PR a4t

K5 TensolR il T kL K s vk LA

Fig. 5 Qualitative comparison of normal on TensorIR dataset
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Table 2 Quantitative comparison of chamfer distance on DTU dataset
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A3 033 060 030 0.29 0.74 0.63 0.54 0.99 0.74 0.52 047 0.65 034 035 041 0.53 0.5
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Fig. 6  Qualitative comparison of different methods on

selected DTU scenes
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Table 3 Quantitative comparison of albedo, novel view synthesis, and training time
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Fig. 7 Qualitative comparison on the TensolR dataset
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Table 4 Ablation study on re-projection error constraint

and weighted reservoir sampling
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SPP) X {5 G o ft F I ZR R A 52 0, AS SCHEAS [7) 114
SPP ik B I U7X HU S, 8 BEAS R NSRS PR,

RS BNMERERBHYERHEBMAR
Table S Ablation study on the number of samples per pixel

LA A
ViR
PSNR T/dB SSIM T  LPIPS |
TSR ZE AR 34.10 0.968 0.046
PINAS it R A 31.67 0.963 0.050
AL 35.36 0.973 0.038

‘ B K -
ik PSNR 1 SSIM T LPIpS | [l/min
/dB

Nvdiffrecme (SPP = 128)  34.41  0.967  0.059 240
A3 (SPP = 4) 3427 0964  0.048 63
3L (SPP = 8) 34.85 0969  0.043 65
A3 (SPP = 32) 35.19 0971  0.040 77
AR (SPP = 64) 3536 0.973  0.038 92
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Fig. 8 Qualitative comparison with varying numbers of samples per pixel
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