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Abstract: To address the significant performance decline of current mainstream facial recognition technologies in unconstrained scenarios ,
we propose an Enhanced FROM for Occluded Face Recognition Network (EFROM). First, to better utilize feature information at different
scales, we introduce Squeeze—and—Excitation (SE) attention following the backbone network (LResnet50E_IR) to assign different weights to
different channel feature maps. We then construct a feature pyramid and propose a Multi—scale Feature Pyramid Fusion (MFPF) module to
fuse multi-scale feature maps, enhancing the model’s ability to handle occlusions of varying scales and shapes. Next, we generate feature
masks based on whether the face is occluded, using these masks to suppress the damaged features in the facial representation, while leverag-
ing the remaining facial features for recognition. Finally, to ensure the correctness of the feature masks, we improve the occlusion loss function
to supervise the generation of the feature masks. Theoretical analyses and experimental results demonstrate that EFROM achieves an accuracy
of 99.44% on the LFW dataset, and compared to the occluded face recognition algorithm (FROM) on the LFW occlusion dataset, it shows an
accuracy improvement of 2.8%, along with a 23.43% increase in the true acceptance rate at a 1 in 10 000 tolerance level. EFROM effectively
maintains accuracy in 1:1 face verification while increasing the distance between different identities, providing better robustness in uncon-
strained conditions.
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Fig. 1 Image preprocessing result
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Table 2 Ablation experiment settings
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Table 3 Results of ablation experiment on occlusion datasets
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Table 4 Accuracy comparison of different methods on the LFW data-
set
R4 LFWHIRE E AR AR ERELER
VRIS Accuracy/% YNZREE R /MM
SphereFace 99.42 0.49
CosFace 99.73 5.0
ArcFace 99.53 0.49
MobileFacenet 99.35 0.49
PDSN 99.20 3.80
FROM 99.38 0.49
MSML 99.40 0.49
FFR_net 99.43 0.98
AdaFace 99.82 5.10
GhostFaceNets 99.87 5.10
Ours 99.44 0.43
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Fig. 18 Comparison of experimental results of different algorithms
on the LFW_Occ dataset
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Table 5 Results of structured pruning experiment
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Table 6 Quantified experimental results
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ks MOUARY  HEBIRFH]/  LFW_Occ AR et/
MB ms ACC/%
FP32(J5 k) 181 61.5 94.23 68.73
INT8 Z & 1k 45 24.1 92.37 65.02
QAT LA 47 25.1 93.91 67.29
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40 3.87 28.45 37.5 93.88 67.35 Table 7 Experimental results of knowledge distillation
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Table 8 Recommended model compression schemes
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