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Abstract: To mitigate the loss of high-frequency surface texture information and the resulting reduction in
reconstruction accuracy in deep learning-based photometric stereo, a multi-layer multi-element feature
weight adaptive fusion 3D reconstruction network (MMF-Net) is proposed. The network architecture
builds on PS-FCN and incorporates a symmetric encoder-decoder to enhance feature learning, representa-
tion capacity, and multi-level feature integration. A novel multi-element convolution layer with indepen-

dent inter-layer adaptive weights is introduced; by incorporating additional trainable weights, both shape
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and texture cues are jointly leveraged to better capture fine surface texture variations, thereby improving
stability and accuracy in scenes containing dense high-frequency information. An auxiliary skip-connection
mechanism is also employed to propagate intermediate-layer features to later stages, preserving high-fre-
quency details while reinforcing low-frequency structure, and enabling effective fusion of multi-band (high-
and low-frequency) surface information. The method was evaluated on the DiLiGenT benchmark. MMF-
Net attains an average mean angular error (MAE) of 6.94°, representing a 6% improvement over PS-
FCN (Norm) at 7.39°. For objects exhibiting pronounced high-frequency surface detail, the average re-
construction error is 11.03°, a 12% improvement relative to FUPS-Net at 12.52°. The results demon-
strate that MMF-Net effectively captures both low- and high-frequency surface information in photometric
stereo, offering a viable approach for high-precision 3D reconstruction from surface normals.
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) 2.59 478 6.31 6.27 640 7.26 7.81 10.58 7.09 12.22 7.13
convolution
4 Elimination of the jump structure 2.43 4.19 6.05 7.56 6.58 7.21 7.81 10.90 6.43 12.41 7.16
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struction layer on model performance
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Tab.2 Comparison experiments of MAE of photometric stereo methods ()

Method Ball Cat Potl Bear Pot2 Buddha Goblet Reading Cow Hervest AVG
Baseline®(1992) 4.10 8.41 8.89 8.39 14.65 14.92 18.50 19.80 25.60 30.62 15.39
WG10M7(2010) 2.06 6.73 7.18 6.50 13.12 10.91 15.70 15.39 25.89 30.01 13.35
AZ08*1(2008) 2.71 6.53 7.23 5.96 11.03 12.54 13.93 14.17 21.48 30.50 12.61
1A14%(2014) 3.34 6.74 6.64 7.11 8.77 10.47 9.71 14.19 13.05 25.95 10.60
ST14%2013) 1.74 6.12 6.51 6.12 8.78 10.60 10.09 13.63 13.93 25.44 10.30
SPLINE-Net"*(2019) 4.51 6.49 8.29 5.28 10.89 10.36 9.62 15.50 7.44 17.93 9.63
EW20°(2020) 1.58 6.30 6.67 6.38 7.26 13.69 11.42 15.49 7.80 18.74 9.53
DPSN™®(2017) 2.02 6.54 7.05 6.31 7.86 12.68 11.28 15.51 8.01 16.86 9.41
CK18™1(2018) 1.50 5.74 6.24 4.97 8.64 8.86 10.00 11.44 11.33 21.90 9.06
IRPSH(2018) 1.47 5.44 6.09 5.79 7.76 10.36 11.47 11.03 6.32 22.99 8.83
LMPS*(2019) 2.40 6.11 6.54 5.23 7.48 9.89 8.61 13.68 7.98 16.18 8.41
PS-FCN(2018) 2.82 6.16 7.13 7.55 7.25 7.91 8.60 13.33 7.33 15.85 8.39
SDPS-Net*(2019) 2.77 8.06 8.14 6.89 7.50 8.97 11.91 14.90 8.48 17.43 9.51
Attention-PSN™(2020) 2.93 6.14 6.92 4.86 6.97 7.75 8.42 12.90 6.86 15.44 7.92
DR-PSNPY(2021) 2.27 5.42 7.08 5.46 7.21 7.84 8.49 12.74 7.01 15.40 7.90
GPS-Net™(2020) 2.92 5.42 6.04 5.07 7.01 7.77 9.00 13.58 6.14 15.14 7.81
CHR-PSN™(2022) 2.26 5.97 7.04 6.35 6.76 7.15 8.32 12.52 6.05 15.32 7.77
CNN-PS*(2018) 2.20 4.60 5.40 8.30 6.00 7.90 7.30 12.60 8.00 14.00 7.60
PS-FCN(Norm)™(2020) 2.67 476 617 772 7.5 753 7.8 1092 672 1239 7.39
MASR-PSNP(2023) 2.43 4.74 6.32 6.99 6.70 7.24 8.39 10.69 6.92 12.70 7.31
SDPS-MIX'*(2024) 3.40 9.60 9.10 4.50 7.20 9.50 9.90 18.60 6.70 19.70 9.80
Fs248%(2024) 2.32 6.87 7.44 5.23 7.18 8.24 9.77 15.04 7.26 15.65 8.50
MF-PSNP(2022) 2.07 5.00 7.20 5.83 6.81 6.88 7.46 12.2 5.90 13.38 7.27
FUPS-Net**(2025) 2.30 4.71 6.03 5.27 6.58 7.31 7.54 11.29 5.74 13.75 7.05
MMF-Net(Ours) 2.22 4.55 6.19 7.27 6.15 7.35 7.56 10.04 6.09 12.02 6.95

—— Baselinel¥(1992)
300 WG1007(2010)
—— AZ081(2008)
—— IA141(2014)

—— Attention-PSNI(2020)
—— DR-PSNE(2021)
—— GPS-Net!™/(2020)

~— CHR-PSNI¥(2022)

25| —— ST14191(2013) —— CNN-PS™(2018)

—— SPLINE-Net*(2019) PS-FCN(Norm)(2020)
—— EW201)(2020) —— MASR-PSN)(2023)
—— DPSN(2017) —— SDPS-MIX™/(2024)

20 CK181I(2018) —— FS2409(2024)

> —— IRPS#1(2018) —— ME-PSNI™(2022)

=0 —— LMPS®(2019) —— FUPS-Net(2025)

< s - PS-FCNE(2018) —e— MMF-Net(Ours)

> —— SDPS-Net!*}(2019)

Ball Cat
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Cow
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Reading
6 X b S g Foai vl A Ak

Fig. 6 Comparison of experimental data visualisation
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Reading 10.04 12.39 10.92 13.58 19.80
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L7 T A e AR R PR TR0 45 22 AT AL X L

Fig. 7 Visualisation of experimental error for comparison of two complex pictures
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Fig.8 Visualisation of residual picture comparison test errors
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Tab.3 Comparison experiments on DiLiGenT-MV dataset )
MAE
Methods - -
Bread Pot2 Buddha Reading Cow AVG
PS-FCN 6.80 7.60 9.51 12.56 7.53 8.80
MMF-Net(Ours) 6.74 6.85 9.16 10.08 6.21 7.81

4.982 6.210

El9  DILiGenT-MV HH 45 58434 A T 152 22 ] W4k

Fig.9 Visualisation of prediction errors for some objects in the DiLLiGenT-MV dataset
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Tab.4 Self-constructed dataset comparison experiment 1 (")
MAE
Methods
Bread Horse Dwarf Barrel Statue Shell
PS-FCN 5.72 3.61 6.62 7.21 4.83 8.61
MMF-Net(Ours) 3.91 1.86 6.22 6.74 4.53 7.37
x5 BEBFEEXLLEE?2
Tab.5 Self-constructed dataset comparison experiment 2 )
MAE
Methods -
Stonel Stone2 Stone3 Stone4d Elephant Duck AVG
PS-FCN 4.59 6.49 7.01 5.85 9.71 7.49 6.48

MMEF-Net(Ours) 4.27 5.46 6.81

5.58 8.67 5.39 5.57
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Fig. 10 Reconstruction of normal vectors of object surface
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Fig. 11 Comparison of prediction error visualisation of normal vectors on object surface
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