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Abstract: The 3D reconstruction technology based on 3D Gaussian splatting (3D GS), launched at the end of 2023, has
outstanding advantages in both the quality of new view synthesis and the speed of scene rendering compared to mainstream
traditional algorithms in the field. This paper analyzes the essence of the 3D GS technology and its huge potential for
application, comprehensively sorting out the application of 3D GS-based 3D reconstruction technology in the field of visual
SLAM (simultaneous localization and mapping), dynamic scene reconstruction, generative Al (artificial intelligence), and
autonomous driving. Finally, the potential and technological iteration trend of 3D GS technology are discussed from the
perspectives of scientific research output and practical implementation.
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Fig.1 Overall architecture of 3D Gaussian splatting technology
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Tab.2 Accuracy of view synthesis of visual SLAM algorithms based on NeRF and 3D GS on the Replica dataset
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4D GS HiANIEM A, E¥% 3D GS HATEN 7 ik
YRR, Sy 3D A O N TE Mg FAR
TR Bl 8 P

4D GS. 3L [51-52] HIR5IN 4D GS &, &
HPEEG TN ZLRR kR, HEES
fR R i) A BTNl ST [51] N T FESEM Bl =
SR e ) [ R RR I SR R R S A RO, A
4D i dk oAl 4D MR BERE RS 5,
SR J N 5 5 2% MILP SR 0B B 108K R 11 w8 A8
o 3521 N T RIS S P s A R 4
JRAE T BUK PR R, R e oy — A0k, JF
P @A — 4 4D S TR ) & ST
B2 25 4D 4, X8 4D i T LA BRI
RN WA e 7, (B 1A 22 e % Jd o 5 1 v
TRFEAEAT AR BT 75 16 18] & BOBT R . e 5 v 0 A
T 200 3D GS Wz a) Jg@ bk, K e @ 1 51 N F 3D
GS Zeky, 1958 3D s o A fb g

TRIF K5 J7ik% BT ol 3D m e
(178 T o PR & R A 3 s AR Ak, AR T35 5]
AT 3DGS, i1 7 HATEH 3D GS 530, f{H &Sk
PLAR & A AF. S [53-54] 42 A8 AT 2 500
MLP K%:>] 3D s & e, DUEN &+
A ITLR B . L [55] BIN T @i s
e, PEHT R  URAR A AR SR T  h  A
A E WS B AT, WITUSRIE 77 2 AN 77 TH 2
13D m i e sh & B . S [56] 3R T —Fm]
TN 3D mr Ao, %7k 3D mii ik L E
=875 =T O (o= SV 77 0P B el ] L R N (P
H AR H A ST @, Xy R I T
T 3D O AR I B R N B A S (1 AR AL

TENER. —#0 TAETE TR sh
(13E sh AR 157601, 3 [58] $ L 1 hA 3D it oo
MES, Fovrm it ohl i (A A sh A%, R o
TR A FANEE., AFEHEMAAD, FERH
JR 8 W FEE 240 SRS v i 35 G 1R 38 3l A e % 33 AT 1E U
o SC[59] $EH T A& s s o Ik, 430
Y rp & SN2 3 o i — /N IR 1R s 2 2T 1)
B, M SEE P, AR, Xk E
PR B 5 rp ) R T 2 T I8 B AR AR AT AR A A
o

S E M. D T R AR T 3D R
TCIEAT BN 25 3 5 AR 1) N A7 Y8 FE i 1 161621, =
[61] $2HH T — M & A3 5 & & 2§l 1 &2 3D
TR TC R R, B AL B AR i SO INE] Y B
K, [ GRFFERZS 3D Wt o i At B AR,

AR RO T E R T E NN AT
[,

WA —/NEB 4 TAR S B35t h i
JCESER T 3D GS (1R i 63641,

% 3 JE/~ T 3T NeRF 1 3D GS HIsh7& 5
i BEAE D-NeRF 4 42 ¥ F (1) 1L ¥ & Bl Joit 22 5%
tb. #F ' D-NeRF ™, HexPlane ), K-Planes ],
TiNeuVox-B [, 3D-GS P! Dl 2 4D-GS B! B %
TR 4138 B S [51] W bR s36 b, 4D_GS B2 A
GauFRe P31 [1)58 R84 3ok B T A8 SO SC 8.

# 3 JLT NeRF M 3D GS 15) &1 5t #H # 5J:4E D-NeRF
Htls 5 B AL & T R B
Tab.3 Comparison of view synthesis of dynamic scene
reconstruction based on NeRF and 3D GS on D-NeRF dataset

WARiA JM PSNRT SSIM{ LPIPS|
D-NeRF 411 NeRF 3050  0.95 0.07
HexPlane ! NeRF  31.04 0.97 0.04
K-Planes ) NeRF  31.61 0.97 0.06

TiNeuVox-B™!  NeRF  32.67  0.97 0.04
3D-GS P! 3DGS  23.19 093 0.08
4D-GS 151 4DGS  34.05 0.98 0.02

4D_GS b2 4DGS  34.09 0.98 0.02
GauFRe ¥ 4DGS  34.80 0.98 0.02

D-NeRF #4555 H T30 &3 5 @ 7L oF
i, J&—> 360° W& A R R I B H ALIUE 4 45
PRAR R A IS [R] 3B S A Bf B AL, 28 2 BE L
AR Si4h, BERAE R AN s A S sh A I
Hm N 50~200 1N,

W L g2 H HT2E T NeRF 7 4 AL A
G R RN, HEmEs 2 kT 4D GS
() 77 2 AR B A o & e ). AT BAE R T 4D
GS [117/772:4E PSNR f845 IR TR K.

4 ET 3D GS HEMI Al (Generative AT
based on 3D GS)

AIGC (N TR RAERMNE) FRRRAMH AN TH
RERAKREZNGENE, B K. BE. 6L
BIREZ ML A, HE KRB R K RE, AIGC £
Hlas NN H H 28 iz, Blanibseplas AA2
RS RTHLERN B T LA NERE R
S HoA ELECEN TR 2 SCAR B 3D 3 s i AR R
B, PR — N5, AR DR iR A4
S [P 3D AR,

MR SCARF] 3D AR AR R LA K 2 R T
B RRAE ) T AN T SO A ) T3, (H AR IX
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BT Rl AR E RO RS IR ALk s )
K] R, T HI A R RGN 2, AR A
720 3D GS HARMEAE B AFRBERT T W5t ] g
B, RIS ORERE T SERHE GRS, PRtk, 2T 3D
GS HISCAZ] 3D BRI A s H B2 I, st
A BORR 3 55 v i AN TR RS T

mEER. WEMHAEE I THIAET 3D
GS 13 5 A 0080, 3 [66-70] 72& X £% 4t i) SDS
(score distillation sampling) 7774 FIekcdt. #lan,
[66] $&H T — P Bl H) SCAR 3D 35 A T2,
Bt 454 3D GS FARM B B AL sk ms, A R
FSCEL ARG R 4015 AR LT TR AR 3D B AL, 8] 2
J&7R T GSGEN HLH7 st A R (B s I H
GSGEN ) JF30), 3L [69] T i T ARA i, 2
T —FRHT U S5 R B SDS Sk, mLUAERE A 4
R0 JUART T AR AFE S A0 5 02 & 3D A A%

<c, - P 73
» 1 e

Fig.2 Scene generation performance of GSGEN (%]

S 71-77] R B AL st B, ST [71]
HIREH TR 3D GS HiR45 A 3D ¥ B AL A
2D JHURE R RS, {8 3D I BB A 3 5 1A
PR AL (S B, 2D ¥ HUR AL IR AL E A LA
TEARFASE M, PR SEILSCA R 3D BRI A Bl S
[78-80] /& X} 4D ¥y AR AR % fll, ST [78] #&
XS Rk, FIHES 3D @it o AR 3
fER 4D Rox, $eH T — PO B )7 2ok TE #8 5
3D m i I A, bR T B BBOCHLE LA A B
(1) B ERE ROT R A R A 2 4D 741, LA
Az R A 8] 7 51 (1) 3 55

R, W E T T AU EET 3D GS
()37 5t 2w 48 81870, S [81-82] #BHRHY T w3 TT 4
HEAELE, (HJEME SO BT AE, SC[81] it 3D
WL T A SRR A AE Al Hh g 48 3D 5. B R
53CARYEA XS N H Rol (region of interest), Ff¥
H5 3D miiEEooxtst. d#k— 1, R A& Rol
P bl G O R 5L [82] 3@ I R T SCER R VA SR 3
SER SR (RS B AN T, B H T 4 2 s s
5, ST EmiR o BN RS R, K3

R T INEAEA R 5t Nl SRR AT 5
FiRIE QR (B &L GaussianEditor B2 Ji7
e X [83-87] M EE T3 5 i TH Loy %, filtn, ¢
[83] #&H T —Fh¥raif) 3D 22 B #1773k, ¥ 2D
Oy EFERRTY 5 3D GS TogkRl A, Ko B a AR
A2 R 22 R E 2D 43 I 45 B R RN B 3Dy
FETCRURFIE . XL TR R T s AR N
KR, 1549 4R 5 15— B B .

“Turn him into an old lad
g =

Turn the bear into a grizzly bear”

3 GaussianEditor 2! 375 4 5 3 R
Fig.3 Scene editing performance of GaussianEditor (%!

5 ET3DGS WWBEENIELY (Autonomous
driving based on 3D GS)

H2h 5 RN B, R R
i, ARIEIAN TR, MR EREA
e A e TN o) N S P KRR O el & ) AL ]
U Dy Re 2 — 2 PR AR RS 0 A B (R PR, B S
HEF 2 5 (AT S AEEwR, X
XPT MBS R mH L2 e R0 E
B

NeRF 7 AR B AR A DASEILIE 3L )AL & BOfT 3D
HENR, HINGMEREERE, 53058
W sErT AR, Rk, 3D GS BiR K H B AT DL
PSEIE G ) B, Ha2 T Ash A sdkE &
A%, BB RS K, 0f HE AT S B AR A PR,
(NG = - i 0 B e B | S Y SR 5 O
3D GS HEAT [ )25 337 S5 i) g At (88011,

RS TTESE—. 3 [88] I N T HIEL I =
RN, BT IE R R N — HE &1 Y
A 3D WS HM A S, SNSRI
B RHE T6 AT SR B ) 2 AT A,
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XA BRI 1 25 B BT R AL PR R R A5
LUL BB EL ST s AMmEAsR
ST 2> B S AR ST [89] AT X AFERL I
IR 5, I ERS 3D Mo B4
R NESE ST ER. R, FHREGaER
W ERAC B 2 AR sh YA, B B R AR
SEANHEY S A7 BANERS K R, LI T3
SYENERESERNE .

SHE MM, 3L [90] Boit T — Al KA
WO TEIE — ML= TR J7i%, ] LiDAR %d 4=
FAAE 3D mi s My 2 )\ XRRFIE SR 5 3D ey i 5
JeHJEYE, RS R 3D AR MBI 5 B, 3
(911 $2 T — R & MR & @ AL ik, ek T
X SIM mIIAE AL BRI, AR QT S, B4k,
B G TR T 0 5 1) G i R D e E Bk e AL
RIEARTT 58, T SEBAR AL TR I A B s

6 FRELEi#EHE (Future trends)

6.1 ZRMATH 3D GS MR

AT 3D GS 7E VI 25 A 7 2 & 0 = 13 V)6
3D BB ERAEE, WA IXEE RS HBIZRE (A
KRR ZE () 1) . AE AR SEBRF H, AL A
SZIRIISAFRAR T W, JEiEN 3D GS #R A4t Z K
Y655 3D mizm. PRk, WFFUIX PP A 2 IR 2 R
MBI T 1 3D GS B S b B,
6.2 MNHELEKEZMHEFTH 3D GS iz

3D GS KH LTI 3D mit o w5,
Fe B RAE, ELAR NeRF {4 FH 9 5 4 28 I 2%,
SHEWRIFAARZSHIUR, N FEHA T
S HEWm R, Kk, 7N EKR&M i
A v T 2 T R R AE R G TR 5, TR CRAIE R P 11 )
B 5 s M2 IA 3 R AR R — AN AT .
6.3 3D GS BN NEIES

3D GS Wn] gwfi 4 N AT ) s g de it 1 ]
Ao REEHLIR IR g X0, LBl T 3 — 5
PR AR ALEE A 3 S AT G B 75 210, 18 Uy
ERALAS N B A ) — I E B A, B HR
N BRI s T X3k, IR A KR 3 — 4
FAARSE. Rk, EHE S FIERNERE R, fl
4 3D GS, T LUHLEE A EiE S B g AR 4R it
Bi71.
6.4 3D GS F#HHEIELEE

MUBES AT 55 2 L8 AL Hh ) — R Bl AT
%, Ta EEAEYRBUE FE oA W A SRR 3 e A5
Bo B, oy o 585 5 R aE, AT

AERG (XA 2 HURCE U 52 221K — 34, 1f 3D GS
FE Al FL A A R AN B 7 Z A PR T, IR B
ARGRAE N RE YT, 8 3D TR T AL
., AT DAPRSHEA R i 37 53T B ETE Gt

7 %512 (Conclusion)

3D GS HARMHEL, i | NeRF HALEF L
Bl BURT 3D 3 5 T R = 48489, 3D GS HAR A
i F 0 U S 37 1R ) R AE UL R o B IEAT B R 80k
Mk, AT DATEAS B ARG 25 A o B A RT3 R SE I3 = 1)
SEIVE Y. B4R, 3D GS BAR A IR 18] HEH 4,
3D m R R & T A S e . SR,
3D GS FAA B TERR A 52 BR AN N A7V FE 5 THE A 5
Sk, I HM4ETET 3D GS N T, — BB B R
BXKTERNE, —Hory BERE, HEst
bR Vg e — BB R, IRAEIEIR KBkAR, 5%
B SRE L E AT — D k. FA, HLEAS AW
PIMEILRIE AL A NSRS T ), B TR HLA
N EEARFITIN ATy, NI B A 5 NP, 31X
X HL2S N 3 5 SR R 37 s S AL (1) A PR R SEZ B ik 22 5K
Lo, 11 3D GS FE A e 1Ok FE AT S, [
I, 3D GS HARENZ NG AN EILRE S TH B AH K
PP Sy WA SRR, A LU
FHATE— P Bt 3D GS $iR, N 3D GS 7EALEE A
AT N FH AT BB AL 35 B
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