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Abstract: Aiming at the shortcomings of facial reconstruction algorithms in terms of detail
reconstruction capability, accuracy, and the impact of occlusions, a three-dimensional facial
reconstruction algorithm was proposed, incorporating improved multi-level feature loss and global

attention. Facial landmarks and facial mask priors were added at the input layer to guide the model to
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focus on the important facial regions. The global relation-aware pyramid attention module was designed

to enhance the model's attention to important features and effectively integrate feature information from

different levels. The face mask consistency loss and structural consistency loss were introduced, and the

multi-level feature losses were designed to optimize model training, improve robustness to occlusions,

make the input image and the reconstructed result approach each other in terms of structure, and enrich

the feature representation of the model. Experimental results demonstrate that the reconstructed facial

model exhibites more detailed features, significantly enhances facial detail reconstruction under

occlusions, and greatly improves the reconstruction accuracy and robustness of existing methods.
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Fig.1 Global relation-aware pyramid attention module
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Fig.7 Comparison of reconstruction performance of different
algorithms under occlusion
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Fig.8 Reconstruction results of the same identity under
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Tab.1 Metrical reconstruction error of different

methods on NoW benchmark mm

ik lERE VR ¢ SEHE FrifE2E
3DMM-CNN™(Tran %, 2017) 391 4.84 4.02
SynergyNet'/(Wu %, 2021) 2.28 2.86 2.39
Dib 4°(2021) 1.59 2.12 1.93
3DDFA-V2""(Guo %, 2020) 1.53 2.06 1.95
RingNet”*(Sanyal 2, 2019) 1.50 1.98 1.77
FOCUS™(Li %, 2022) 141 1.85 170
DECA""(Feng “, 2021) 1.35 1.80 1.64
Wood %7(2022) 1.36 1.73 1.47
A 1.24 1.59 139

MEFHRZ K 9 FE 10 W] LIAE H, AT H
L, ASCERG I T RRAECR, BA &K
IR 2 . P EIRZE bR E IR E , Xk T
A SCRI 78 035 08T BRI 2 AR IE)JZ R, AR
HRART ML Grad 2, TR A [H] 1 48
fER R LT A R2E 2T, JFRERS 7E T 2 A



TR, &5 IR SR YRR 5% M2 Jm T T 0 ) = e K s A ik 97

R2 NoW BEETARAENEEERE

Tab.2 Non-metrical reconstruction error of
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Tab.3 Ablation experiment results mm

SE4: PIM GEPAM  LOSS "M%t CPIME bRdE
a — — — 1.28 1.64 1.25
b — \ — 1.18 1.46 1.25
¢ V — — 1.25 1.60 1.40
d — — J 1.16 1.46 1.24
e V \ — 1.17 1.45 1.24
f — \ 1.15 1.42 1.20
g — N \ 1.14 1.44 1.23
h V \ J 1.12 1.39 1.18

different methods on NoW benchmark mm
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3DMM-CNN"!(Tran %%, 2017) 1.84 233 2.05
PRNet™ (Feng £, 2018) 1.50 1.98 1.88
3DDFA-V2!""(Guo %, 2020) 123 1.57 139
RingNet”*(Sanyal %,2019) 121 1.53 131
Deep3D”(Deng %, 2019) 123 1.54 1.29
SynergyNet! (Wu %, 2021) 1.27 1.59 131
Dib %*(2021) 1.26 1.57 131
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Fig.9 Metrical cumulative error chart
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Fig.10 Non-metrical cumulative error chart
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