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Abstract

Under the limitations of the implicit function expression ability of existing Neural Radiance Fields
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(NeRF), the Research on 3D reconstruction method based on deep optimization of NeRF spatial dis-
tortion is proposed to address the uncertainty of ray tracing termination depth and the inability of
depth mean square error to converge, resulting in spatial distortion of reconstruction results and
poor rendering effects at a distance. Firstly, use depth information to guide adaptive sampling meth-
ods: obtain object depth and parse edge information through image segmentation and Canny algo-
rithm, and optimize the number of sampling points and weight allocation accordingly; then, the Gauss-
ian Negative Logarithmic Likelihood (GNLL) term that combines the mean square error oflight color
and depth information is used as the loss function of the network to minimize prediction error; fi-
nally, a Gaussian smoothing periodic encoding method was proposed to reduce the interference of
noise on position information. The experimental results show that the depth information fused in
this paper is fully utilized in 3D reconstruction, ensuring rendering quality while reducing spatial
distortion to enhance spatial realism.
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ETHREFINER R @ EFE S s IR L RIE = 4E 5, R Al AR 1 1%L
PR LR Gy, HEEERN TR Sh], KM Z 18 H[6]. Charles 58 A[7]7E 2017 4
PR T E AR LA S SR A R % ——PointNet, F T3 5035 0], HEIFEH 0% EA
IR AR LG R, JIE TR 43 5 21 R ARRAE o ek ix — Wl Zhao %5 A [8]7E 2019 44 H1 PointwWeb,
T I [ SRR R AR R S B S A R s R IR 2 . AR ST, Dai S5 A[3[7E 2018 AR T
ScanComplete 77i%, HTHHT RN B EEAE . 127N & A 284 1) TSDF (BTG 755 25 25 o
40, FFiEEAEH 3D BRI LE DL —Fh I BRI SRS R T B g . SR, B TARRM o HR e iR, #ha
PRS2 3 T — e MIBRAI[9]. Tk, Coudron %8 A\[10]7E 2020 E&j4LIN%S, FEERH T 3T 2 M i
755 P B A E A RoR, R T BRI K AR IR . RS 7T, Fang 258 A[11]7F 2021 542 H T
SERIBRAN 720, A B = 4R B B A R A RO R AR S AR R S S, B
FEAR T PRSI M ST AR . SR, X e B xU7 VA B At 1) =B o R A TR, HLm RO . &
FAEHE , THHEIFE AR E K.
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Figure 1. Model framework and operating process description
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Figure 2. Connectivity definition diagram
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Figure 3. Image segmentation renderings
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Figure 4. Process description of automatic threshold Canny algorithm
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Figure 5. Edge detection renderings
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3) XFFHREANABAME, KD ErSE R sin Al cos AL EMIR, Al REMFHMER R, X
% R S i BE 0% [5) I A 37 S5 AR 4 Jo G5 A A i 0URI S0 T, T 35 88T NeRF X %7 S (i B
REJT. BRETEREL AT DUE RIS A

y(p):(sin(2°7zp)-g(p),cos(2°7rp)'g(p),m,sin(ZL’lﬂp)-g(p),cos(ZL’lﬂp)-g(p)) (16)
Hrb, 240 L fEdoE T s mgeiE . seigh, X0 AR RIS E L=10, X7 W EgwmiD
WHE L=4 . Kb a0 s RAE N NFHESR LS v 2 28 AT VN ZR AN TN, JFIE I SE8E B 7 HAE SEbR
S FH A R
4. KBRERH
4.1. VY IERR

FZ KR 7 NeRF A 5 STHRCR HT B AL PR AR v, ASSCiH 5 1K 45 R RGB 1% 1) PSNR. SSIM.
12 > T PG AR ALLRE (Learned Perceptual Image Patch Similarity, LPIPS) [26], FH & 518 Yl Ji 1) 5
o H, PSNREMCK, Fon @@ RGN EGABUE iR SSIM ERCR, Fon B A5 46 15
BARLEE R s LPIPS A MR/, 37 B i RGN 46 MG 1) (e 22 Sl DS, PG U0T BB«
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R % % (Root Mean Square Error, RMSE), F T & Bt A = eI R FE— 8Pk . RMSE /), £oR
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4.2. ScanNet BB &SRR
MR FE A, ASCER ScanNet HH1 4 NAE S8R AR I T 5L, 10 A 5@ SEI6 B0 R P
VENAR SRR A2 2G5 0, PEANEE W% 1.

Table 1. Experimental results of ScanNet data set
%% 1. ScanNet #IEESLIRLER

WEdn's PSNR SSIM LPIPS RMSE
Scene708 25.95 0.789 0.302 0.585
Scene738 19.67 0.706 0.248 0.149
Scene758 20.87 0.789 0.259 0.147
Scene781 20.81 0.708 0.298 0.416

MR LA, AN 5 SRS A 22 7, BT Scene708 37 5t SUELAR T 7 B, L e 75 4%
iX, HIERCRFFUAG S RESE LF th P2 T B AR VE QL it , H PSNR. SSIM EARX &Ry o ART B T3 5ot 2 i
I, Syt AR 22 7 X 0 B AT P ARG, Je iR SR ARG v R P A 2 e BB AL I 25, FLIR BEAE RMSE i 0.585.
A SCAE 2 AN e AT 1 S8, S seae gt R B A A, &5 DO P I EE A SR AL 2%
SRR AR, TS S Bl S AU HE S .

4.3. jHRASELS
N T IRUEA SCITVEA U, B0 =AU S B R SE s, JRD RS A R AE 2.

Table 2. Results of ablation experiments
2. HEMLIEER

it PSNR SSIM LPIPS RMSE

A - HIE R 19.13 0.699 0.386 0.420
AL - R R 21.04 0.739 0.325 0.461
AL - S Hm i 21.98 0.746 0.301 0.362
AR - SRR 21.83 0.748 0.277 0.324

R EAE 515, A SCHRE A0 7 V2 E T8 G o R0 25 R) OR 3 7 T A 3R . o, FIRIR
FEAR B SEIURAE I FOE AR, REXT Y 5% (130 S 40 5 RR FE 3 AT EAT 0 AT, SRHUCE 28 JUCRFAE, AT R
BA B £ ()3 540 R SR 25 (8] B SR, 2L PSNR. SSIM 23 BIAEXTE T T 14.1%. 7.0%, LPIPS. i%% RMSE
AR T 49 0.11, 0.10. @GRS BH R RECH B RR ML T A/ ML R AR S, RS S
H A fERf s ) 5, DA ELER I O BRI R G, PR R =4 5 R s R 2 %, BAE
PRAEVE G 5T 1) [R1F, 3 LPIPS FIURE RMSE 43 B4 12 0.05 A1 0.14 . &y -1 1 il Bt 77 RAE—
SEFRE LR T HE e S, D BE BN . SIS AR, MR TOUE A A D,
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T B S R BE 6 S 25 SR TS RAE S e A it LR RE,  BIE 1 AR T IR A S R B R S MR 2 TR
(ISP RE ). EARTETE ZLm M) PSNR L7 A48 T WSR2k, {H2 LPIPS MR RMSE 4570 7 A 1
£70.02 A110.04. _E IRl 30 2000 78 20 U W) 1 AR ST Y 1R D5 VA AR T S = 4 4 AR P RE R I 7 2k
AE, LR GERFE Jem o AR Al E L BORFRAR R B 22 7 A =R IR 22 0, T8 3 T FIUACR .

4.4, FFEEsEIG
B SRR A SIS HRAE, AN VR T OUE AT S ot SR R R SIS AR, SEI6 45 R Lk I
% 3,

Table 3. Experimental results comparing different models

3. TRIERX SN ER

it PSNR SSIM LPIPS RMSE
NERF [5] 19.03 0.670 0.398 1.163
NerfingMV'S [17] 16.29 0.626 0.502 0.482
DS-NeRF [16] 20.85 0.713 0.344 0.447
A 21.83 0.748 0.277 0.324

HE D15, A OTERI B E SR . T ScanNet St HE AT =4E B i, JFUA NeRF 7£
K& PSNR 1 SSIM J7 A BN E AR 45 R, (H2 WERSE RMSE {875 1.163 7] DU H H 51 H ok I =4
PR 5 I 7 s R FE 22 S ER NerfingMVS IIIARCRFEFE FRR(R T RMSE, 28 7 IR R A, (H2TE
PR T2 HIE YL i . DS-NeRF MIFESJ5 IS5 R L BRI PR R, & A M BRI AR A . AR S
e T Rtk AE T B AR, AN T DS-NeRF, A 3 7772 PSNR . SSIM 73 Bl &1 1 4.7%H14.9%,
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