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vision, primarily due to the severe underconstraint inherent in limited input imagery. Current state-of-the-art approaches
can be broadly categorized into two streams: One relies on complex external prior models, such as monocular depth estima-
tors or pretrained diffusion models, to compensate for the information deficit; the other, including methods such as few-
shot Gaussian splatting (FSGS) , operates within a more self-contained framework. However, a common limitation across
these methods is their frequently inadequate reconstruction of detailed regions characterized by high-frequency geometry
and thin structures, such as scene edges. Methods dependent on external priors can be misled by their generic nature,
while self-contained strategies often lack targeted mechanisms in their densification and regularization processes to model
these anisotropic areas effectively. To address these limitations, this study introduces a novel approach for sparse-view syn-
thesis based on 3D Gaussian splatting, which is driven by the concept of edge clusters. The core idea is an “inside-out”
optimization paradigm that deliberately avoids heavy external priors, instead seeking to mine and leverage structural infor-
mation directly from the internal distribution of the 3D Gaussians. The objective is to achieve high-quality novel view syn-
thesis with notably enhanced edge detail fidelity under challenging sparse-input conditions, exploring the potential of a
fully self-contained and efficient framework. Method The proposed framework is built upon the standard 3D Gaussian splat-
ting pipeline, integrating three key components tailored for sparse view optimization. First, the concept of clustering analy-
sis is introduced into the optimization process. Candidate points for potential edge regions are selected on the basis of their
average spatial position gradient norm. These points are subsequently partitioned into clusters using the K-means algo-
rithm. A multicriteria fusion algorithm is then proposed to identify “edge clusters” critical for representing scene structures
robustly. This algorithm evaluates four distinct criteria per cluster: cluster-center gradient, average gradient magnitude,
cluster spatial scale, and intercluster proximity. A voting mechanism is employed to finalize the edge cluster set, enhanc-
ing robustness against the failure of any single criterion. Second, a locally proximity-guided Gaussian unpooling strategy is
designed to address under-representation within the identified edge clusters. In contrast to global proximity guidance, this
strategy constructs a local proximity graph within each edge cluster. For Gaussians exhibiting insufficient local coverage,
new Gaussians are spawned along the connections to their K-nearest neighbors within the cluster, specifically at the mid-
points. This approach strategically reinforces the continuity and geometric integrity of edge contours. Third, a collabora-
tively supervised depth regularization mechanism is introduced to provide stronger geometric constraints, which is particu-
larly beneficial for newly added Gaussians in underconstrained edge regions. This mechanism involves synthesizing pseu-
doviews for data augmentation and imposing a hybrid depth loss. The hybrid loss combines an absolute depth loss, which
uses monocular depth estimates normalized via SfM point clouds to address scale ambiguity , and a relative depth loss based
on the Pearson correlation coefficient to preserve depth structure consistency. The depth loss weight follows an exponential
decay schedule. The overall loss function integrates standard photometric losses with the proposed absolute and relative
depth losses. Result Extensive experiments were conducted on the Mip-NeRF360, LLFF, Deep Blending,
Tanks&Temples, and DTU datasets under standardized sparse-view settings. The proposed method was quantitatively com-
pared with several state-of-the-art methods, including Mip-NeRF360, RegNeRF, SparseNeRF, vanilla 3DGS, and FSGS.
Results demonstrate favorable performance of our approach. On the Mip-NeRF360 dataset at 1/8 resolution, our method
achieved average PSNR, SSIM, and LPIPS values of 23. 82 dB, 0. 753, and 0. 201, respectively, showing improvements
over the FSGS baseline. On the LLFF dataset at 1/8 resolution, it achieved 20. 48 dB, 0. 662, and 0. 268, indicating con-
sistent gains. These trends were observed across most tested scenarios and at 1/4 resolution. Qualitatively, visual compari-
sons reveal that the proposed method successfully recovers fine edge details, such as bicycle spokes and plant stems, with
notable clarity and continuity, whereas baseline methods often exhibit blurriness or fragmentation in these areas. The ren-
dering speed remains high, exceeding 275 frames/s, confirming real-time capability. Ablation studies validate the comple-
mentary contributions of each proposed module, and further analysis confirms the robustness of the multicriteria clustering
to its key parameters. Conclusion This study presents a novel edge cluster-driven approach for 3D Gaussian splatting that
enhances sparse-view reconstruction quality through an internally structural-aware methodology. By leveraging clustering
analysis for targeted edge cluster identification and augmentation, coupled with a collaboratively supervised regularization
scheme, the method achieves measurable gains in quantitative metrics and improved visual fidelity for detail-rich regions.

It provides a self-contained and efficient pathway for high-quality, real-time synthesis from sparse inputs.
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Fig. 1 The overall framework of the proposed edge cluster-driven 3D Gaussian splatting method
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5)DTU B o Ay e B2 20 W 181 7 14 o ik
e PR E A HER KU KSR AL SR B =

FATAY , SRR T LA LB R H X LE L T I A
Wi BB P A T LA 2544 Y e T -

JIT A B 4R 4] 43 5 Ak B A FSGS(Zhu
&, 2024) bR ME LR o XF T Mip-NeRF360 ., Deep
Blending il Tanks&Temples , %5 & 8 M 15 356 B 1 &
PR IAAE , I TR A% B 2 20 SR 24 B A S
G o X T LLFF, K4 30 20 07 XA, Il kg
[A] 5 23 IR AL . X T DTU 24 46 , 6 RegN-
eRF (Niemeyer 25 ,2022) () S2 56 15 B
2. 2 iFfhiEtR

A SR AR B LU A 3> 42 2 25 5]
8 51 5 PEAL 46 B U8 {15 MR LU (peak signal-to-noise
ratio, PSNR) | 45 #4 #H L 4 4 £X (structural similarity
index, SSIM ) 127 2] JE KN EZ B A LU (learned per-
ceptual image patch similarity , LPIPS) , M\AZ 2 K5 &
SEF AL RIS BT e 3 124 2 VPl T A RICR

PSNR {B 8 i (U AR R G RS 2 sy . SSIM
5 155 T W PR AE 5 B ORF L BE NS 48 AR BLPE |, B
G EIN [0, 1] (E BT 1 IR G5 1 — BohE s
LPIPS 3 28 7031 25 T B ol 28 099 248 41 JBURR IE I35
N2 S, SN T NSRS W, (BB N 7 B o
AT, AR, A SC LA % (frames per second , FPS) A
BNV T G B, A i R R R B A S
TEGERE ), FPS (A e A AR T e R
2.3 LT

JIt A 5238 B 7E NVIDIA A6000 GPU |- 58 AL , 4
T PyTorch HEZRSZ B, fii H Adam 1k %S . =4 it
o146 AL B A PL 2 2S5 B i 20 i COLMAP
(Schonberger 1 Frahm, 2016) M AR T 5345 21
KSRGS

DA . BGHREBCE LR 100 Wk AET—
U INZRTT R 2 000 Yk AR 45 1k, SBITE K = 3,48
S RSB L = 10,

D)l BEIRARUEHN 10 000, 500 YEALE T

A TUA T AT B A

3)IREWE . K H Depth Anything V2(Yang %,
2024b) BRI AEIREESE Y, 2 000 YR AR J5 TR
P, 51 A 8 BOE I8 AR A5 AL W= 0. 1, 329
Z¥k=0.000 1.

D ARAE o R R P AR A, =
0.8,1,=0.2,1,=0.05,A,=0.05.
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2.4 ZIGERSMH
2.4.1 RFHseE

AR 375 1 7E Mip-NeRF360 ., LLFF . Deep Blend-
ing . Tanks&Temples Il DTU 445 4 | 5 & Fh g ity )7
BT AL, 4045 Mip-NeRF360 (Barron %5 ,2022) |
3DGS(Kerbl %5,2023) .RegNeRF (Niemeyer % ,2022)
Fl SparseNeRF (Wang %% ,2023) , 7 53T 3DGS 1 Hi
B A B A R B FSGS (Zhu 55, 2024) & SparseGS
(Xiong % ,2025) T 5 %t o T XF L 7 v 76 A [R] i
B AL HAHLSE K SIM wT R ik s = Tl k5
M, SRR 1—EK 3R,

SRR, AR SO AR T A BRI HER T
#£ PSNR . SSIM A1 LPIPS 34~ #%.00 6 b b ¥ HUAS — 5L
H BT, B0, 7 Mip-NeRF360 %45 45 (1/8
Iy HER) b, 5 FSGS M, PSNR M 23. 70 dB 271 &

23.82 dB, SSIM M 0. 745 # F+ & 0. 753, LPIPS M\
0.220 iK% 0. 201, X RULEMFMAGE T, A
SCHRE 300 2% 7 BIK 20 S m e T A RIOR A BR A 4
FrEE R RCR T, A SO AR FPS A EE FSGS
W& K, {HAE 1/8 43 B Mip-NeRF360 X4 45 L 4T3
TR A0 TR T Y B (= 275 /s ) , 32 1 T S s ¥t Y 3
FHPRE , PR 90 i A o a5 T e Ak 30 ) 1) R T4

FEPEZE FANE 3 PR, #E— P ENIE T 58 5t 43 Ar
5. nUER R, 3DGS TEMG i LI T i AR 22,
A KA RN E A 52 5 FSGS BB EE 5L AR I 5 25
¥ ABAE 321 2% X 30 ATS 47 7F WY S SR | T SRl 25 2
SparseGS B 457 5 B 1L , (H X 31 2 DX Il ATh ik = A %50
HETE . MZ T, Ay R TR 5 X
LT YN 25N G 2R O TG MR Y S L 4 B
HEFRE

% 1 Mip-NeRF360 #1E & FMFNAE K EEL R3TLE

Table 1 Quantitative comparison of novel view synthesis on the Mip-NeRF360 dataset

) 1/8 ¥R 1453915
i FPS/(Ivi/s) 1 PSNR/ABT  SSIM?T  LPIPS| FPS/(i/s) T PSNR/ABT  SSIMT  LPIPS )
Mip-NeRF360 0.12 21.23 0.613 0.351 0.07 19.78 0.530 0.431
3DGS 223 20.89 0.633 0.317 145 19.93 0.588 0.401
RegNeRF 0.07 22.19 0.643 0.335 0.04 20.55 0.546 0.398
SparseNeRF 0.07 22.85 0.693 0.315 0.04 21.13 0.600 0.389
FSGS 290 23.70 0.745 0.220 203 22.82 0.693 0.293
SparseGS - 23.80 0.759 0.216 - 23.02 0.713 0.290
A 275 23.82 0.753 0.201 193 22.95 0.701 0.275
TE A TR R IR B N R S5 R =7 RN AR R AR A TR T 7 SRR E B R AT, | 7 E /N
F2 LLFFHEEBENFRAEHEELE R
Table 2 Quantitative comparison of novel view synthesis on the LLFF dataset
. 1/8 43 B 1/4 53 B
i FPS/(i/s) 1 PSNR/ABT  SSIMT  LPIPS/ FPS/(i/s) T PSNR/ABT  SSIMT  LPIPS )

Mip-NeRF360 0.21 16.11 0.401 0.460 0.14 15.22 0.351 0.540
3DGS 385 17.43 0.522 0.321 312 16.94 0.488 0.402
RegNeRF 0.21 19.08 0.587 0.336 0.14 18.06 0.535 0.411
SparseNeRF 0.21 19.86 0.624 0.328 0.14 19.07 0.564 0.401
FSGS 458 20.31 0.652 0.288 351 19.88 0.612 0.340
SparseGS - 20.39 0.706 0.271 - 19.86 0.668 0.322
A3 435 20.48 0.662 0.268 333 20.05 0.623 0.320

T L PSRRI R R E5 R =" BN AR AR BEA T I

T UFOREMUCEE | FOREB N
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Table 3 Quantitative comparison of novel view synthesis on Deep Blending, Tanks&Temples and DTU datasets

= Deep Blending %4l 5 Tanks&Temples % i 4 DTU %4l 5

ik PSNR/ABT SSIMT LPIPS| PSNR/ABT SSIMT LPIPS| PSNR/ABT SSIMT  LPIPS|
Mip-NeRF360 20.13 0.655 0.521 17.07 0.562 0.425 16.71 0.757 0.239
3DGS 19.71 0.672 0.485 16.53 0.586 0.391 14.18 0.628 0.301
RegNeRF 21.08 0.688 0.505 17.87 0.593 0.416 18.89 0.745 0.190
SparseNeRF 21.70 0.733 0.481 18.55 0.640 0.385 19.55 0.769 0.201
FSGS 22.81 0.796 0.375 19.60 0.703 0.280 18.36 0.707 0.232
SparseGS 22.90 0.809 0.371 19.75 0.720 0.272 18.89 0.834 0.178
A 22.98 0.802 0.362 20.03 0.712 0.261 18.81 0.751 0.198

T I P AR R A IR AR SR 17 RN EBOGBAE | "R (EB NG .

2.4.2 THRLSEE

AR S S TH S 00 2R G VA 45 A OB B T Rk
N 4 5K 475 , 75 Mip-NeRF360 54 (1/8 43 9t
) 1, LLFSGSAE M B HEREAY (S50 A)  RIR B AAR
SRR T 34T

B 5] A JR AR T 51 5 Y v T (525 B)
J5 , PSNR #2 JI & 23.75 dB, SSIM #% F} & 0. 748,
LPIPS F% 22 0. 215, L5E 11 2% X 3% 1 38 fin , {HL [
JUART 28 TROAS J2 1717 B A R 0 M 7 5

B S| A B R] W TR R IE AR (S5 C) e
PSNR #£ 7} % 23. 72 dB, SSIM #£ 7+ & 0. 746, LPIPS [%
£0.218, 0L A S5 b T I MR (H 3 2 2
T AT R, E LA 3 B0 AR

MBI TAER (525 D), Br A o =4
bR ¥ 35 Fe A - PSNR 42 7 & 23. 82 dB, SSIM #£ F+ &
0.753,LPIPS [ % 0. 201, 5% I [A] B S B = & 1)
L5 AT T BT R ) JL AT 2549 A RO R T R —
B B FE o 12 2 56 ] 56 UE AR B [B] T B B A - A
Hh S W 170 DT 41 3G 5R  IE DAL SR W PR R LT 5 B, —
U A T A
2.4.3  ZUENIRLE W5 BT

AT S5k 22 9 D) Rl 5 SR IR X T B — DU 4
. NIEMW RS LSS, R R BRI
FEUEIUIXF B+ 5 e Jmy 3728 A 8 s JRE i U] (o 5 A v
Tofs J3E 5 V- 240 0 R W (L ) AR sz IR 255 (1] 235 449 114) 245 [ o D)
(L E AL SERIT ) . S5 A N3R5 R .

SIATTRT RN AT AT B —ME DU B 5 ) A B e R P e
PETF,{EL D D) il R s S B A A MR R IR RH Z2 ME D]

Tl 75 B T A M TR B 0 R 45 ) R G R — o T R
B
2.4.4  MRImPLFA 22T ECR BT

R B T 1 A I 2 a0 ) A7 A 0 25 5
M A RS2 LRE ), AR B FE Deep
Blending ${ 4 5 Hh 6 HOUE £ 25 £k i 20 1 37 91
P AR AL B0 K 5 R 22 5 B 3 A
B EILPRIRME R, X A SO 5 3DGS.
FSGS 1A BUSCR

SEYGEE RN 5 BTN o W AR 25 S BN R
A AR TR SRS B, R an £k
B o ARAE I SR DR T, AR SO 1% T e 2
Jie L H T S L 1 JUAR] 4 S 5 D A B T Y, T
B ot B 7 M Y O N B A

FEE RN 6 FTn  TEM AL A 22 5540 T,
A J715 19 PSNR 5 SSIM #5 b5 34 F B, LPIPS {H _E Tt
KU, A SCO7 78 3 W48 b5 L AL T FSGS 5
3DGS, & B AR R X MR AL A AR AL B, AT e O B
e SRR I 5 5 ) — B
2.4.5 FEERRA X R

SR 96 IE AR SC T A A X 4 i 0 5 40 Y )
R, 2 75 PR U X S S A v o e T, AR S G ok
G [ F R NTE AR B SRS E NS Es &7 il (0E 75 4
HATX LA o e PR L An &l 6 BT .

FESF- 1 X3, AR S5 5 FSGS T Je g A3t 1
FEAR 5, A PR ok S B  Em 2A HL 5 7E
DXk, AR S0 ik 5 B WA L Sk 1) B0 R A i
FSGSAETERTM 5 LI 24 . izt Eb B, Dy ik i it
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drjohnson room(LLFF) fortress fern stump room counter bicycle

train

(a) E5L 5 (b) 3DGS (c) FSGS (d) SparseGS (e) X
K3 AR EAER LA T BOETHL A A AL E R L
Fig. 3 Visual comparison of novel view synthesis under sparse views by different methods

((a) ground truth; (b) 3DGS; (¢) FSGS;(d) SparseGS; (e) ours)

PR TR Y IR 19 70 2% X TN TR AR bR 25 S BN R AR SO A

ERHTANER TR o ARSCIREGE /- F i X TG B R R, 58 204 T 5 3 LA A
SR B AR B, H 5T FSGS 5 AR U R AE PSNR . X 1Y P W X 08 E AR R, LR R R e B X
SSIM 5 LPIPS #5845 B g4 xf 2216 . R 78k W Bk,



3407
Dbk, BRER, &
E31E/F9H /2026 F9 A DB FRIR BN S B % T A AL B B R T 58

4 Mip-NeRF360 £#5 & _E Xt & %O R B9 7 Bl 236
Table 4 Ablation study on the core modules on the Mip-NeRF360 dataset

Mip-NeRF360 £#54E (1/8 43385 )

SEH F9E
FPS/(i/s) PSNR/dB SSIM LPIPS
A FSGS 290 23.70 0.745 0.220
B w/ T 280 23.75 0.748 0.215
C w/ R TE T 285 23.72 0.746 0.218
D AR 275 23.82 0.753 0.201

T I PR A I IR A5 . w/ XA SR X

kitchen

(a) FSGS (b) w/ EiyfiEh (c) W/ TREEIEN] (d) AL

K4 IH RSB as 45 R
Fig. 4 Visual comparison of ablation studies ((a) FSGS; (b) w/ Gaussian unpooling; (¢) w/ depth regularization; (d) ours)

%5 Mip-NeRF360 #1545 _Ext &4 N Fh & SR AYH R SRI8
Table 5 Ablation study on multi-criteria fusion strategies on the Mip-NeRF360 dataset

ik FPS/(1i/s) PSNR/dB SSIM LPIPS
FSGS 290 23.70 0.745 0.220
ASCAE J3E M 0] 285 23.80 0.750 0.210
A5 ) Y 0] 288 23.75 0.748 0.215
V70 D) 275 23.82 0.753 0.201

T L P SRR 5 8 B A2 2R

playroom

(a) HEH 5 _, (b) 3DGS (¢) FSGS () A3
S il 2 N REL A A BT L

Fig. 5 Visual comparison of novel view synthesis under extreme viewpoint differences ((a) ground truth; (b) 3DGS; (¢) FSGS; (d) ours)

#6 WMinfETHERERMIE 2.4.6 BEUURIEIMT S
Table 6 Quantitative comparison under extreme ZIK jCj:T{%Tj—: ol ?Z"{fﬁ | %IJ *ﬁ ﬁ%fb’: % %;@ 7;5( k. ﬁ
viewpoint differences SR, RS B 6, T BB B0 6, WA B AR5
ik PSNRAB S WS g g, S TOGHEB L. S RS R
3DGS 19.29 0656 0485 SRV E £ FRYE L 75 Mip-NeRF360 5 LLFF $ic3fa 4
FSGS 2230 0.789 0.373 T SRR BT . SERTE 1/8 1 PR R
A 22.59 0.796 0.363 P A8 B vk MR TE FIRSHCE BRI SE

T I PR F R 4 B R 2 iC 5% PSNR . SSIM 1 LPIPS 85751k .
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(b) AL
6 1 DI 2 G DX e o i ) AR o S8R X L
Fig. 6  Visual comparison of rendering quality in smooth versus

edge regions ((a) FSGS;(b) ours)

(a) FSGS

SHRUUBNE S i &1 7 FE 8 7R, 4351 Jie
AN T AN BAE AR B 5 SE RS R, A X I I 3
WS AR IRE 3 AL 48 B (4 0 B2 it 2o mT LU 3]
BT A A4 A 5 BEDCTR] A sl i, 3 3048 3 24 £
FRFAR, AR BRI ZUR 7 s VR REBE RS , W1 PR W H 0%

x1 TFRRBEEREESSW
Table 7 Analysis of reconstruction quality difference in

smooth regions

BimE APSNR/dB ASSIM ALPIPS
Mip-NeRF360 0.03 0.006 0.003
LLFF 0.02 0.003 0.001

TE : MBI RN A SO 55 FSGS R RARFRIILE X 2.

X SEE AU

R VA R R S ID R T A SR
U FRL PN B R AY e KPERE DR . &5 L R, 7E Mip-
NeRF360 ¥4l 5 &, ir 5 2 55| A2 1) PSNR % 3 &
1L 0. 03 dB, SSIM Il oK Hi ik 0. 003, LPIPS i 8 A
ML 0. 002; 7E LLFF 20408 4 b, U 2l [ [l 4 47
TEMARIKT o AN s 3R 0], S vk Re e 7t
FLPG AR ARMELR BT, M EAEXT A S50 1 BEAR I
TR T AR A S S

BT LR RESHEBESP HE T &R
UM 25 4 S 5000 U e R RE IS A BB, 3R 9
Fiim A SEAE R I RN E

(—e— PSNR —=-SSIM —+ LPIPS |
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Fig. 7 Sensitivity curves for key parameters in edge cluster identification on the Mip-NeRF360 dataset
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Fig. 8 Sensitivity curves for key parameters in edge cluster identification on the LLFF dataset
®8 XBSHKISIEMERELER
Table 8 Performance variation ranges induced by key parameter fluctuations
] ‘ Mip-NeRF360 ¥4 4 LLFF %3 4
28 I
APSNR/dB ASSIM ALPIPS APSNR/dB ASSIM ALPIPS
Rk 10.11.12.13 .14 0.02 0.002  0.002 0.02 0.002  0.002
WGk, 1.2.3.4 0.03 0.002  0.002 0.03 0.001  0.002
T 2 B 1 0, 0.000 10,0.000 15.0.000 20.,0.000 25.0.000 30 0.02 0.003  0.002 0.02 0.003  0.003
PR RIS, 0.005.0.010.0.015.,0.020.,0.025 0.02  0.002 0.001 0.02  0.001 0.001
ST L B 6 1.2.3.4.5 0.02  0.002 0.002 0.02  0.001 0.002

proximity

TE : AMEERIR X NAE PR TR 1% S 0 A ) B A S e/ ML 22

x99 BEKIRAKXBESHSAE
Table 9 Optimal values of key parameters for edge cluster 3 4+ 'I»/E\.

identification =
ZH Refif A X R F = 45 S WA 1%
¢ " I ST 0 5k A2 0 A0, 2 14— i e R 5
i ’ SHRHREIOT . OTER IR 2N
" n 0 5 5E 4 4, 60 = 4 5074 48250204 o 1 0
. . {35 L, 03 ph PR ™ 0 e L S5 0 4 41 3
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