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Abstract Neural radiation field (NeRF) exhibits excellent performances in implicit 3D reconstruction compared with
traditional 3D reconstruction methods. However, the simple multilayer perceptron (MLP) model lacks local information in
the sampling process, resulting in a fuzzy 3D reconstruction scene. To solve this issue, a multifeature joint learning
(MFJL) method based on MLP is proposed in this study. First, an MFJL. module was constructed between the embedding
layer and the sampling layer of NeRF to effectively decode the multiview encoded input and supplement the missing local
information of MLP model. Then, a gated channel transformation MLP (GCT-MLP) module was built between the
sampling layer and the inference layer of NeRF to learn the interaction relations between higher-order features and control
the information flow fed back to the MLP layer for the selection of ambiguous features. The experimental results reveal
that the NeRF based on the improved MLP can avoid blurred views and aliasing in 3D reconstruction. The average peak
signal-to-noise ratio (PSNR), structural similarity (SSIM), and learned perceptual image patch similarity (LPIPS) values
on the Real Forward-Facing dataset are 28. 08 dB, 0. 887, and 0. 061; on the Realistic Synthetic 360" dataset are 32. 75 dB,
0.960, and 0.026; and on the DTU dataset are 25.96 dB, 0.807, and 0. 208, respectively. Overall, the proposed

method has a better view reconstruction performance and can obtain clearer images and detailed texture features in
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subjective visual effects compared with NeRF.
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Table 1 Ablation experiment of the new view reconstruction in Trex scene

Ablation experiment PSNR/dB SSIM LPIPS
A 26.90 (+0.37%) 0.881(+0.11%) 0. 057
B 28.23 (+5.33%) 0.925 (+5.11%) 0.051 (—10.53%)
C 28.56 (+6.56%) 0.930 (+5.68%) 0.046 (—19.30%)
D 28.74 (+7.24%) 0.934 (+6.13%) 0.042 (—26.31%)

2 AE Lego 35t 1B ML I ot () 1 /i 92 4

Table 2 Ablation experiment of the new view reconstruction in L.ego scene

Ablation experiment PSNR/dB SSIM LPIPS
A 32.62 (+0.24%) 0.961 0.024
B 33.94 (+4.33%) 0.968 (+0.73%) 0.017 (—29.17%)
C 34.37 (+5.62%) 0.971 (+1.04%) 0.016 (—33.33%)
D 34.77 (+6.85%) 0.974 (+1.35%) 0.015 (—37.50%)
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Fig. 5 Visualized new view reconstruction results under the modules in Trex and Lego scenes
# 3 AR A Realistic Synthetic 360° %5 4E F 1) 0% L
Table 3 Parameter comparison of different methods on Realistic Synthetic 360° dataset
NeRF NeRF-1D IP-NeRF

SMC ThSNR/AB SSIM LPIPS | PSNR/B  SSIM_ LPIPS  PSNR/AB SSIM_ LPIPS

Chair 33.00 0.967 0.019 34. 54 0.978 0.014 35.17 0.983 0.010

Drums 25.01 0.925 0.058 25.15 0.926 0.057 25.80 0.931 0. 051

Ficus 30.13 0.964 0.022 32.24 0.976 0.015 31. 86 0.973 0.016

Hotdog 36.18 0.974 0.016 37.26 0.981 0.013 38.48 0. 986 0.010

Lego 32.54 0.961 0.024 34.73 0.974 0.015 34.77 0.974 0.015

Materials 29.62 0.949 0.029 30. 37 0.956 0.024 31.90 0.977 0.011

Mic 32.91 0. 980 0.023 34.71 0.988 0. 009 34.21 0.982 0.018

Ship 28.65 0. 856 0.119 29.75 0.876 0. 081 29.79 0.876 0. 081

Mean 31.01 0.947 0.041 32.34 0.957 0.029 32.75 0. 960 0. 026

F 4 KRIF %A Real Forward-Facing 5086 4 [ 59 2 50 He
Table 4 Parameter comparison of different methods on Real Forward-Facing dataset
NeRF NeRF-1D IP-NeRF

SN LSNR/dB SSIM_ LPIPS  PSNR/AB  SSIM_ LPIPS  PSNR/dB  SSIM_ LPIPS

Fern 25.20 0.792 0.092 25.01 0. 800 0.089 27.08 0. 868 0.079

Flower 27.40 0.827 0.061 27.85 0.842 0.058 28. 82 0.901 0. 053

Fortress 31.16 0.881 0.030 31.51 0. 888 0.028 32.94 0.933 0. 024

Horns 27.45 0.828 0.068 27.88 0.843 0.065 29.30 0.911 0. 057

Leaves 20.92 0.690 0.111 21.09 0.708 0.108 22.53 0. 825 0.100

Orchids 20. 36 0.641 0.121 20. 38 0. 643 0.120 21. 44 0.764 0.100

Room 32.70 0.948 0.041 32.93 0.954 0.039 33. 86 0. 961 0. 035

Trex 26. 80 0. 880 0.057 27.45 0. 897 0.051 28.74 0.934 0. 042

Mean 26.50 0.811 0.073 26.76 0. 822 0.070 28. 08 0. 887 0. 061
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Table 5 Parameter comparison of different methods on DTU dataset

NeRF NeRF-ID IP-NeRF
Scene  LoNR /AR 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
Scan22 21.55 0.708 0.238 21.98 0.715 0.226 22.68 0.758 0. 196
Scan55 26. 54 0.794 0.229 26.76 0.800 0.219 27.23 0. 812 0. 206
Scan109 28.33 0. 860 0. 236 28.63 0.870 0.226 29. 46 0. 881 0. 185
Mean 24.98 0.779 0. 246 25.29 0.787 0. 234 25. 96 0. 807 0. 208

(4.9%).0.065(7.9%) . —0.009(12. 9% ) By & T+ , 4
# NeRF A 1.58 dB(5.9%) .0.076(9.3%) . —0.012
(16.4% ) W4T+, 76 Br A3 S 50 F 1 P Re 48 An ¥ 00 T 3L
il X L SE 3 2 7 DTU i 4 I, B £ ) 28 o g R 4]
i) PSNR. SSIM. LPIPS *F # i # 3 NeRF-ID £
0.67 dB(2.6%).0.020(2.5%).—0.026(11.1% ) Ky
LT}, A% NeRF A 0.98 dB(3.9%) .0.028(3.6%) .
—0.038(15. 4%) W47+, 76 fir A B WL 5% T MR 45
B 37000 F L Ath X Bb S5 21 3 9 B iy i ) 6% A G Al X
F I 4% BE AT 08 TH BT 0 R A R RE . [, ML 3

By el e B el c—

Room
scene

Room
detail

Materials
scene

Materials
detail

Scanl09
scene

Scanl109
detail

ground-truth NeRF

Al LA B BT 2 45 7 Ficus 3 5% il Mic 3 5 T 19 1%
AEFE PR AL T NeRF-ID, {H 5 T NeRF ; WEHE ol LU
JIT 2 ) 28 6 5 17 5 0 B PR RE A AR T B L R B
B, X S PR Ry Jmy 38 AR AIE 4 S SRR AR TG A 2 ) Y o AR
Hh, TR 52 X ) A S T R AT ) 26 R R A
AN FE R, 3 2 DXCSRRAE i A9 (8 23 A0 BT, 38 BURFAE
fil - 5 RRAIE U7 8 ok R AR R UG SRR X ] B AR 2
P14 S A5 T K

5] 6 it 78 T Real Forward-Facing £ #% £ #) Room
5% | Realistic Synthetic 360° % 4 % # Materials 37 5%

NeRF-ID

P06 AT Js ik e 31 Biodin 4 7 43 7 5 ) 37 400 P e ot T R A 25

Fig. 6 Visualized new view reconstruction results of different methods in the selected scenes of the three datasets
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A DTU X045 % 19 Scanl09 3 5 F A [6) J7 ¥ 1 385 #1L 1 22 680 T 2% Bk U S ] A TE G m) E) ) oF YA
FEHEEELS R F6E 15 kS 54 L ER, FEIF . H 72 6 AT 40, IP-NeRF 19 312 %6 0 45 5, 3X 2
%5 2~4 %) 43 5 3 NeRF \NeRF-ID Fll IP-NeRF fy & &t i T NeRF 9 40 Ik U8 1k I 45 1) SR A i Bt Sk HOR R
PLIE . MRS 1 50 [ Rl s i 1) R LS, AT LA O 4 5 FAE W45 14 3 A%, 1] 468 30 3 A e MILP 5 B 3 17 4% 1F
ASTR] 7 35 10 3 0 R T A 24 SR 1 R R AR AR A O .l I 16 4 T B8 d R B, R i T SRR e (L AE AR
PEZE LTI LUE Y, Br 8 7 5 7 kT L B0 R & 19 1% NeRF, LA /Zb it () B[] 48 f 46 BB & i) oG B 42 7, X
B HA RS R E e, maAA T N, B LIEZE . s/it it Fom M, s R T YL
W LIRS BRUR A U SRS - ) 80 . BF 0], s /it 38 7 B 5K 0 3 A0 11 BT 5% 1 T L B[], 6

Sk 32 A7 B[R] 2 SR VA PR R Y B AR AR BAE A E .
#6  AFEITEIFEA X

Table 6 Calculation cost comparison of different methods

NeRF NeRF-ID IP-NeRF
Dataset PSNR /dB Train- Render- PSNR /dB Train- Render- PSNR /dB Train- Render-
time /h  time /(s/it) time /h  time /(s/it) time /h time/(s/it)
Realistic Synthetic 360° 31.01 18.4 21.18 32.34 14.9 17.10 32.75 19.5 22.24
Real Forward-Facing 26.50 16.5 20.10 26.76 13.3 16. 17 28. 08 17.5 21.20
DTU 24.98 19.4 36. 60 25.29 15.6 30. 48 25.96 20.5 38.63

T 3z S 15 4 6O A IR0 4% 14 1) 4 T 78 4 MILP A NeRF-1D 7& A [F] B [6] &2 2% B (917 00 T PE a8 4 . &
e, 153 IP-NeRF 19 faj £k M 4% , Ho 4 2 50i% B A28 % X 40 I A I 4% 3 53 R i el B, AT DL SR — 2844k
XFP ol Ay 2 ok “SIP-NeRF” ., £ 74 T HY TE i, G0 ' £ B A2 1k TR M | A R A v IO B
NeRF-ID 3H8&AC M () %} b, 7 LA Y SIP-NeRF #H k. Fik.
£T RALF L4 AR

Table 7 Calculation cost comparison of simplified network

NeRF-ID SIP-NeRF
Dataset o Render-time / o Render-time /
PSNR /dB Train-time /h . PSNR /dB Train-time /h )
(s/it) (s/it)
Real Forward-Facing 26.76 13.3 16. 17 27.68 13.3 16. 10
DTU 25.29 15.6 30. 48 25. 64 15.6 30.39

P 8HIH T AR 7 5 19 PSNR FI 250 8], — & B ) A, NSV i 5 i AR 2% /\ SO &5 48 52 80 1 % 5
PR LT DIR B ISR AR 456 £ 6~8%K HME R P Y HNE TR R BTy
P AT L, T O vE SE LT BR NeX T Ah fi 4 1 3 4 i ORI e o P O P A E AN L | (= < i §
B0 NeX T 1 T8 & 19 I 5 B At BRI 1 A 5 (1 17 P A2 50 sk, o DLOf ol & & i 5T &
FH  TR] B 34 2 BT £ 7 vk T B e Y O . MV R AV
#£8 RIS YRS BT

Table 8 Comprehensive performance analysis of different methods

Dataset Parameter NeRF' NSVF! GRF"" NeuSample'™"! NeXT™  IP-NeRF
o ) ) PSNR /dB 31.01 31.75 32.06 31.15 34. 40 32.75
Realistic Synthetic 360 o
Train-time/h 18. 4 1.5 23.0 14.0 52.7 19.5
) PSNR /dB 26.50 / 26.64 26.83 / 28. 08
Real Forward-Facing o
Train-time /h 16.5 / 20.6 12.5 / 17.5

54 A JERURAE)Z Z 8 B IH — 6 MLP S 254 Fl DCT I
- e AT B A St 5% 245 A7 4 R AR A R Jmy 30 e E B B, 25
ROl ERIBAMRE R AR Y = EE LSEE ) (SImAM)ME T MEJL B, S¢S REAE R

A FEAE , B NeRF [ 45 R AERE 3 55 i R A, 42 00 —Fh & o b, il id 7E NeRF R A2 R e B2 2 i) #5717

T MLP (Y Z AR IEER S 22 > J7 ik o BT TP-NeRF M 4238 3 48 e ML P, i 1 = A AR A, 22 A 1 4 79 4R AT

S5 A0 T HE IS Y 32 T O SR AR S5 A L 3 ik 7E NeRF ik A 0 SCIE X 290 €6 0 2% B2 4 B S o o s L 7 34N
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