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3D Reconstruction of Neural Radiation Field Based on Variational Autoencoder

XU Zhen-Yu, KANG Rui, QIAN Wei, CAO Yi-Ming, ZHU Jing-Kai, PENG Sen, GUO Xiang
(Nanjing NARI Information & Communication Technology Co. Ltd., Nanjing 211106, China)

Abstract: Compared to traditional 3D reconstruction methods, neural radiance fields (NeRFs) can éffectively capture
implicit neural representations, enabling high-quality 3D reconstruction and novel view synthesis tasks. However, NeRFs
typically require a large amount of raw data for training. To this end, this study proposes a method by integrating
variational autoencoders (VAEs) with NeRF to improve 3D scene generation performance under limited training data.
Firstly, by constructing a VAE encoder, a certain proportion of raw fmages from the training data are selected to form a
vector set. Meanwhile, the encoder compresses this set to capture latent feature vectors, which are then employed to
supplement global scene information in the inplif layer. Secondly, an adaptive-enhanced sampling algorithm is developed
to dynamically adjust the distribution. density of sampling points, thereby improving NeRF’s ability to capture fine scene
details. Experiments conducted on three public datasets demonstrate the effectiveness of the proposed method.
Additionally, the proposed method achieves 3D reconstruction results comparable to baseline methods trained with full
datasets, even under the loss of original training data.

Key words: neural radiance field (NeRF); variational autoencoder (VAE); adaptive sampling algorithm
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ARSI I 3 AN A LA RRE AT X B, 2 A
Realistic Synthetic 360°%(#i%E . Real Forward Facing %I
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Je— N TUSE TR I 360° 4 FRACEAE, 15 8 1Mk
100 FKUNZALE . 100 FRISUERL EIRT 200 TR KA,
SHEER N 800800, A STk BN H A1) 6 NIt AT 5k
;. Real Forward Facing #4450 24 8 N E 25,
T FAT 20-62 K73 HEFR N 1008x756 HIRLIE], AL
HECH A 6 N ST I, DTU Sl P R 53
AT 5 BEAT B TV WL A% A 18 1) 3 A M i O 4R,
8 128 M Igse, ASCHENLIEIL 4 /N7 5t AT 905,
ANEIEC 49 T HER DY 512x640 LA

AR SIS AR A R 55 4% 13217, CPU K Intel(R)
Xeon(R) Silver 4214@2.20 GHz, GPU 4 NVIDIA

GeForce RTX 3090, #&F PyTorch ¥ & % S HEZL SE I |

SRR DR SRR 4 o 3 1L R L g 4 SR e = e, A5 A
WEE A5 LL (PSNR) S5 44 MR LM H8 2L (SSIM) Fl15= 2]
1 G AT LB (LPIPS) X 3 AP Rite 7 F D b4
WAL Pl T R FRIVE AR A 4, P PSNR T SSIM 4
EBk R LPIPS H{E B 7~ AL ] R R bk 4t
3.2 JHRLSEIE

R T ARSI M VA AE = e B B A AL
PE, {8 46 1) NeRF B8R 4353 R 48 2 E 9w
#50) NeRF #8 A, RARA KAL) NeRF #4¢ B,
W INAE 5y B Y b 45 I B B0 A R AL B 1) NeRF 45
B C AT X ELSEES, R 1 IR T 4 MREALTE Realistic
Synthetic 360° 845 45 FF Lego 35 I (I SLIG 45 5T HE,
F 2R T 4 MEAYTE Real Forward Facing Z(#54E

Trex 355 T AISRIR NS EE, e rpr fe 8 45 AR I 544
KR
1 AE Lego 33 HT ALK B AR X Rl B8

Y PSNR (dB) SSIM LPIPS
NeRF 32.54 0.961 0.024
A 34.29 0.968 0.017
B 33.13 0.963 0.022
C 34.81 0.975 0.013

R 2 AE Trex 5t T WAL H A AR SR

A PSNR (dB) SSIM LPIPS
NeRF 26.80 0'880" 0.057
A 2791 0.910 0.053
B \ 2689 0877 0.056
C L 2823 0.921 0.050

HIF 1A 2 MM LT BUR L, 554G NeRF
ERUAR L, A A 7RI IR 4 B g bd 48 Isa Xt 4 /3
A5 BRI Z G, £ Lego 5 AI{E Trex 5t N1
BAHEGFRER, B B fERACRIERIE G, Rk
g AL A — e AR T, U B AR 2R T B [X S AT
R — BB AR AE AR, 3 I B & NSRS R
e % S U b SC IO A 1T A 4, 7E Trex 358 SSIM
FRAIEAR T IR 45 NeRF 1] G2 K 93 th (1 R A Sy e
FEK IS5 4071 18 JFE AR LE P 22 XS AR R FE PRI T
Je 0 5 B 55 0 B I — Bk, AL C 7E [R] B AT P R
o JE IR B T I i BOR, Ul A SRR 7 VA R
5 NeRF BRI BEA7 SR T+ = Y o AR R
3.3 [RIAINGEIETE RIS L XL Scag

7% 5250 PR VMRS 5 B M L T, % V AE-
NeRF 5 A5 1[5 2 %1 1) NeRF. NeRF-ID?'Fil IP-
NeRFEHE AT 4 L 528, LUER FT R 7 3:7E 3 A A TP
PR T HA T 121G R &k, o b g5 SR in sk 3
x5 Fs, Hd s g R Uk s, g5 R UL &
43R B 2 JEoR Lego s T E i n] Ak 45 2R

MR 3-3F 5 LR ULEH, 7 Realistic Syn-
thetic 360°%(#i4E I, VAE-NeRF #1#; NeRF fl NeRF-
ID 75K 2 HUIH L EA AT ()R IER, 7E Ficus Al Lego
345 N VAB-NeRF A3 T 5 U IR, VAE-NeRF
£ Drums 1 Materials 3% 5t Pl 238 Rk T NeRF-ID
A1 IP-NeRF, K Jyix /M7 5 J LT S5 A AH T i 52, VAE 1
FRAE 22 LA A BR$ETH 0/, VAE-NeRF 5 IP-NeRF
HIvERE TR bR E H A7 50 R RIS B L34 7 Real For-
ward Facing 24 #EH, IP-NeRF 7E3 4k F B A Rk
I, VAE-NeRF 7£ T &5t T 1 REFa PR # LT NeRF 1
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NeRF-ID, iA XK. 7£ DTU i 4 KXt b 5258
LZER R DL Y, 7E Scan55 5 N VAE-NeRF B A #i;
R, H A = BEKT IP-NeRF, % T NeRF
NeRF-1D BARFRE T ORI 3. DL b segh g IR B, R
VAE-NeRF & AR 3 37 5 ok () = 4R 8 8 5 1%,

{EL7E 58 BB 25 1 N KSR LT NeRF 5 NeRF-ID, Jf
EHE o 5 T 8O IP-NeRF. ST &, 5 IP-
NeRF HIZ i+ F BR: PSNR A1 SSIM 1K 4 1%—
2%. LPIPS [f14ix} 22 Z 507 0.004 7247, Ut B Frde 7 ik
B 5007l Ho 2 AR ) = e

% 3 Realistic Synthetic 360°%Hf F 5L 46 % LE

B NeRF NeRF-ID IP-NeRF VAE-NeRF
PSNR (dB) SSIM  LPIPS PSNR (dB) SSIM  LPIPS PSNR (dB) SSIM  LPIPS PSNR (dB) SSIM  LPIPS
Chair 33.00 0.967 0.019 34.54 0.978 0.014 35.17 0.983 0.010 34.89 0.981 0.012
Drums 25.01 0.925 0.058 25.15 0926  0.057 25.80 0.931 0.051 2510 "", 0.925 0.058
Ficus 30.13 0.964 0.022 32.24 0.976  0.015 31.86 0.973 0.016 32.80 © 0979 0.013
Hotdog 36.18 0.974 0.016 37.26 0.981 0.013 38.48 0.986 = 0.010 #38.12 0984 0.011
Lego 32.54 0.961 0.024 34.73 0.974  0.015 34.77 \ 0?974 _0.015 34.81 0.975 0.013
Materials 29.62 0.949 0.029 30.37 0.956  0.024 ) 31.90 " 0.977 .0.011 30.12 0.951 0.027

“‘a
3 4 Real Forward Facing (5 55236 % Lk

B NeRF NeRF-ID IP-NeRF VAE-NeRF
PSNR (dB) SSIM  LPIPS PSNR (dB) SSIM  LPIPS PSNR (dB) SSIM  LPIPS PSNR (dB) SSIM  LPIPS
Fortress 31.16 0.881 0.030 T 3151 0.888 0.028 32.94 0.933 0.024 32.10 0.895 0.025
Horns 27.45 9.828 70.068 27.88 0. 843 0.065 29.30 0.911 0.057 28.40 0.856 0.061
Leaves 20.92 & 0.690 0.111 21.09 0.708 0.108 22.53 0.825 0.100 21.50 0.720 0.105
Orchids 20.36 0.641 0.121 20.38 0.643 0.120 21.44 0.764 0.100 20.80 0.650 0.118
Room 32.70 0.948 0.041 32.93 0.954 0.039 33.86 0.961 0.035 33.60 0.960  0.035
Trex 26.80 0.880 0.057 27.45 0.897 0.051 28.74 0.934 0.042 28.23 0.921 0.050

&5 DTU HdRsEsEimn Ll

i NeRF NeRF-ID IP-NeRF VAE-NeRF
N PSNR (dB) SSIM  LPIPS PSNR (dB) SSIM  LPIPS PSNR (dB) SSIM  LPIPS PSNR (dB) SSIM  LPIPS
Scanl 23.49 0.754 0.282 23.80 0.765 0.266 24.47 0.778 0.248 A@_O \‘_‘ 0.775  0.250
Scan22 21.55 0.708 0.238 21.98 0.715 0.226 22.68 0.758 0.196 2250 = 0.725 0.212
Scan55 26.54 0.794 0.229 26.76 0.800 0.219 27.23 0.812 = 0.206 «27.30 0.810  0.205

Scan109 28.33 0.860  0.236 28.63 0.870  0.226 29.46 \ 0.&81 0.185 29.10 0.880  0.210

-

Qround“truth NeRF

NeRF-ID

IP-NeRF

VAE-NeRF

K2 FeERUIZREE Lego 35 (RUH L I HE A T4 AL 45 2R

3.4 RIBVIZGEIEERE THIXTEE KL

A AE NeRF. NeRF-ID #l IP-NeRF E 5 578 %
YIREHE, T VAE-NeRF {8 F 3F 52 8 I 25 £ 10t 47 %
EE, %k VAE-NeRF 7£ 6k 2 3040 (1 15 100 S AR 7T A1
B3 A F A SRR B e B 1 = 4R B R AUR, Horh
VAE-NeRF 1§ FH 58 8 I 2R 505 1) 80% LU E AT S,
LA EE RN 6-3K% 8 fw, Hrh i 45 R LI RR,
ARG R DL T RIZR R R,

206 # AR H % Software TechniquesAlgorithm

MF 63 8 HISLIG 45 BT LIE H, 7F Realistic Syn-
thetic 360°% 4% £ 5256, IP-NeRF ® ik K I A i, R4&
VAE-NeRF I ZR50 45 3D 20%, {HEAARRIAN & T
NeRF 76 72 B 2R 504l NI E & 45 R, 1£ Drums
Materials 1X J5h 1 13 5t @A 45 R AHXS NeRF A
FT R F%, 7F Lego 3 5t is BRI F P, 7€ Real Forward
Facing 48 £E (15f EE S5 v, IP-NeRF 4k R I i
i, VAE-NeRF TEFT A 3% 5 IR ILE NeRF-ID JE#H £
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i H AR SN A

i, 7€ Orchids 5% F SEHLIRAL 45 R, BAR R I AL T
NeRF. 7£ DTU % #4525 1, VAE-NeRF 7E Scan55
A1 Scan109 375 T ki NeRF-1D, B kR 1#R
I, 7£ Scanl FI Scan22 5t  VAE-NeRF B&idh T2 A
5E B I 25 500 1) NeRF-1D ik 2 ) 5 8 3R, IP-NeRF
TEFTE Wyt R IR TSI 45 IR BH, AR SCHR 1Y) VAE-
NeRF S ARTEUIZRA B xt Lt 3 Fhorv2:8 b 20% f%k

i, (A7E 3 AN b 5 BRI/ LT NeRF,
JF5 NeRF-ID fr#Fm E L. JLHZTE Real Forward
Facing fil DTU #{# 4 _F, VAE-NeRF 5 NeRF-ID [
PULT 8, FHZEIEL N 1%, Mo 2 e s
AR, [RINF, VAE-NeRF 7248k g Mg Fth 5 A%
SERYI B4 (1) TP-NeRF M Z A K, #E— B0 0F 73
TERAR RGO IR AR R B E 4 1 5 &t

% 6 Realistic Synthetic 360° %/ H S50 %6} Eb

- NeRF NeRF-ID IP-NeRF  VAE-NeRF
® " PSNR(dB) SSIM LPIPS PSNR(dB) SSIM LPIPS PSNR(dB) SSIM LPIPS _ PSNR(dB) SSIM LPIPS
Chair 33.00 0.967 0.019 34.54 0.978 0.014 35.17 0.983 0.010 +33.70 0.972 0.016
Drums 25.01 0.925 0.058 25.15 0.926 0.057 25.80 ' 0.931 0.051 24.81 0.920 0.060
Ficus 30.13 0.964 0.022 32.24 0.976 0.015 31.86%  0.973 0.016 30.82 0.970 0.018
Hotdog 36.18 0.974 0.016 37.26 0.981 0.013 1 38.48 0.986 0.010 36.25 0.978 0.014
Lego 32.54 0961  0.024 34.73 0.974  0.015 34.77 0.974  0.015 33.57 0.968  0.019
Materials 29.62 0.949 0.029 30.37 0.956 0.024 31.90 0.977 0.011 29.13 0.948 0.027
., ' %7 Real Forward Facing ¥(§li4E

5 NeRF g " NeRF-ID IP-NeRF VAE-NeRF
PSNR (dB) SSIM  LPIPS PSNR (dB) SSIM  LPIPS PSNR (dB) SSIM  LPIPS PSNR (dB) SSIM  LPIPS
Fortress 31.16 0.881 0.030 31.51 0.888 0.028 32.94 0.933 0.024 31.40 0.885 0.028
Horns 27.45 0.828 0.068 27.88 0.843 0.065 29.30 0.911 0.057 27.70 0.838 0.064
Leaves 20.92 0.690 0.111 21.09 0.708 0.108 22.53 0.825 0.100 21.00 0.700 0.109
Orchids 20.36 0.641 0.121 20.38 0.643 0.120 21.44 0.764 0.100 20.50 0.645 0.119
Room 32.70 0.948 0.041 32.93 0.954 0.039 33.86 0.961 0.035 32.80 0.951 0.039
Trex 26.80 0.880 0.057 27.45 0.897 0.051 28.74 0.934 0.042 27.30 0.890 0.053

#* 8 DTU FEESLIRxT

] NeRF NeRF-ID IP-NeRF % \/AE—NeRF
N PSNR (dB) SSIM  LPIPS PSNR (dB) SSIM  LPIPS PSNR (dB) SSIM  LPIPS PSNR (dB) SSIM  LPIPS
Scanl 23.49 0.754 0.282 23.80 0.765 0.266 24.47 0'n778 0.248 w2371 0.760 0.272
Scan22 21.55 0.708 0.238 21.98 0.715 0.226 22.68 \ 0.758 -0.196 21.77 0.712 0.229
Scan55 26.54 0794 0229 26.76 0.800 0219 2723 0812 0206 26.90 0798 0216
Scan109 28.33 0.860  0.236 28.63 0.870  0.226 129.46 0.881  0.185 28.70 0.865 0223

W 330 3.4 THISLIRLE AT LAG t, VAE-NeRF 4 4510

LR 0 VI 5 00 ke ST B L, (17
I ZREHE e B B L T, e o 2 o & AR R AR e
1 NeRF. NeRF-ID %2 it J5 vk, JF16 1Ak b 5 i
() IP-NeRF R FF i B 82301, 7840 S0 iiE 7 B 7 vk e =
Y E RSP IA ST ). AR R, 4l
ZRBUR B2 20% B, VAE-NeRF () H 2 45 R {UK IH
B &40 T NeRF, 3 H. 5 NeRF-ID JLF##°F, 55 IP-NeRF
10 22 BE A AT PR 32 B, B 7 50 S o 8 11 B 5 S
Wsc, VAE-NeRF A8 G % id i B 22 8 ok A Bk
FSE R BRI, L BRI St 5z LRg
1. BRI 5 B — B3, T LUk — B IE B A
SCOTVE I

AR SRR ZREE BR 2R () 17 150X b 20 i S I 1 Y
AT AL, 45678 A DA P2 — A 3 T85> B 4
Tl 245 1R PR 20 5 5 37 = 4E B @ 7% VAE-NeRF. 5| AT
TE 7% [F] 25 2] 3 S5 WO R 2 2854, g A8 43 | 4 i 28 5 )l
SRR AT T TEAS R R, DU RAR 7840 2255 5 3%
IZRE X 42 J5 3 505 B IR E. [FIRT &4 I PR,
PETL X 4IT X R HE 68 0. B, @I AR 3 AN ATFEL
AT VAE-NeRF BT S50 I 25 5 IR, S8 45
K W], VAE-NeRF £ B A7 5 B SR B0Hfs (1 1% 50 F Re g
IX B T () = 4 E AR AR, (5] E U SRR R R 1S
BT RS Ik B AU b 4% B AT 5e BN 500 13
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