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Soft threshold denoising and video data fusion-relevant
low-quality 3D face recognition
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Abstract: Objective 3D sensors-portable are developed and focused on user-friendly 3D facial data. Its low-quality 3D
face recognition is concerned about more in the context of pattern recognition in recent years. Low quality 3D face recogni-
tion is challenged of the problem of low quality and high noise. To suppress high noise in low-quality 3D face data and alle-
viate the difficulty of extracting effective features in terms of limited single-depth data, we develop a novel low-quality 3D

face recognition method on the basis of soft threshold denoising and video data fusion. Method First, a trainable soft thresh-
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old denoising module is developed to denoise the features in the process of feature extraction. To denoise the features in the
process of network feature extraction, deep learning method is melted into the soft threshold denoising module designed
using the neural network model beyond threshold-manual method. Then, to make the features extracted more distinctive, a
joint gradient loss function is fed into softmax and Arcface (additive angular margin loss for deep face recognition) to extract
more effective features. Finally, to make use of multiple frames of low-quality video data, a recurrent unit-gated video data
fusion module is proposed to improve the quality of face-related data, which can optimize the mutual-benefited information
between video frame data. Result To verify the effectiveness, comparative analysis is carried out in respect of two popular
low-quality 3D face datasets, called the Lock3DFace (low-cost kinect 3D faces) and the Extended-Multi-Dim dataset. To
be clarified, the experiments are followed by the prior training and testing protocol. Specifically, each of three protocols
mentioned below are in comparison with the method of second-highest performance. For the Lock3DFace closed-set proto-
col, the average recognition rate is increased by 3. 13%; For the Lock3DFace open-set protocol, the average recognition
rate is optimized by 0. 28%; For the Extended-Multi-Dim open-set protocol, the average recognition rate is improved by
1. 03%. Furthermore, the ablation study demonstrates that the effectiveness and the feasibility of soft threshold denoising
and video data fusion as well. Conclusion A trainable soft threshold denoising module is developed to denoise the low-
quality 3D faces. The joint gradient loss function can be used to extract more distinctive features in relevant to softmax and
Arcface. Furthermore, a video-based data fusion module is used to fuse information-added between video frames and the
accuracy of low-quality 3D face recognition can be improved further. This low-quality 3D face recognition method can alle-
viate the degree of noise and integrate more effective information in terms of multiple frames of video data, which is poten-
tial to optimize low-quality 3D face recognition.

Key words: 3D face recognition; low-quality 3D face; soft threshold denoising; joint gradient loss function; video data
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Fig. 1 Low-quality and high-quality 3D face data comparison

diagram ((a) high-quality 3D faces; (b) low-quality 3D faces)
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Fig. 2 Diagram of soft threshold denoising and video data fusion-relevant low-quality 3D face recognition
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Fig.5 Feature visualization begore and after the soft threshold denoising module
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Table 2 Rank-1 recognition rate of different loss functions
1%

PRRE s om RO EBE ME P

softmax - — 76.65 34.86 32.84 23.52 4592
Arcface 32 0.1 84.75 38.15 39.74 28.11 51.90
Arcface 32 0.3 87.86 42.43 43.39 30.62 55.34
Arcface 32 0.5 90.66 4592 4497 28.70 57.20
Arcface 32 0.7 80.86 38.45 3491 18.05 47.78

AW 32 0.1 84.98 40.74 41.03 30.33 53.33
BOAHERE 32 0.3 88.64 44.42 44.47 30.77 56.40
BEAWERZe 32 0.5 91.05 4572 4586 29.44 57.63
BeGsigde 32 0.7 91.60 48.00 46.25 26.48 57.98
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Fig. 6 Comparison of different loss functions
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Table 3 Rank-1 recognition rate of different fusion models
/%

il S R xR By Mmoo Ry

Vote 92.67 46.51 4743  29.73  58.80
MaxPool 92.83 47.11 4723 30.62 59.10
HiE GRU 92.60 46.22 46.73 30.62  58.67
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4812 3995 5943
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Table 4 Comparison results of superposition of modules on Lock3DFace close-set protocol

1%

ik FH g LA i 1) -3
i 76.65 34.86 32.84 23.52 45.92
BRI LA 81.01 33.86 37.08 26.18 48.61
TR A + BB AR 4R 92.23 45.92 47.34 30.77 58.98
TRFE J M + BEA WA + GRU Btk 93.06 46.31 48.12 39.95 59.43
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(residual network ) (He 5% ,2016) | Inception-V2 (loffe
F1 Szegedy, 2015) . MobilNet-V2 (Sandler 55 , 2018) |
Led3D (lightweight and efficient deep approach for 3D
faces) (Mu 55,2019) SAD (ZEM) F1 4%, 2021) NAN
(neural aggregation network ) ( Yang 55, 2017) Fll MAA
(meta attention-based aggregation) (Liu 5§ ,2019) J7 %
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Table S Comparison results of different algorithms on
Lock3DFace close-set protocol

1%

kR R %E ME T

VGGI16 79.63 3695 2170 12.84  42.80
ResNet34 62.83 2032 2256 20.70  32.23
Inception-V2  80.48  32.17  33.23 12.54 4477
MobilNet-V2 8538  32.77 2830 10.60  44.92
Led3D 86.94  48.01 37.67 26.12  54.28
SAD 87.02 6547 4517 2352  54.83
NAN 9299  45.02 4564 2929  57.99
MAA 9299 4631 4812 3195 59.40
REC 7412 18.63 2857  13.17  34.53
AL 93.06 4631 4812 3995 59.43
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Table 6 Comparison results of different algorithms on
Lock3DFace open-set protocol

1%

Tk B RN B #BE mME 7P

NAN 98.05 96.73 60.20 60.67 6250 75.46
MAA 99.02 98.46 7494 69.78 7227 82.88

AL 99.02 98.65 75.68 69.54 73.05 83.16
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Table 7 Comparison results of different algorithms on

Extended-Multi-Dim open-set protocol

1%
Tk A% RN BE1 #E2 P
ResNet34 92.68 8724 5599 4154 7531

Inception-V2 ~ 86.73  79.47  52.56 3736  69.67

MobilNet-V2 ~ 90.10  85.67 5539  38.87 73.33

BDB 9420 9070  60.80 4230  80.00
Led3D 9620 94.80 6790 4720 81.80
NAN 97.85  98.01 9650  84.02  95.39
MAA 98.99 98.16 9825 87.93  96.83
AR 9951 98.75 98.83 90.80 97.86
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