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ABSTRACT Facial nerve paralysis (FNP), commonly known as Bell’s palsy or facial paralysis, significantly affects patients’ daily
lives and mental well-being. Timely identification and diagnosis are crucial for early treatment and rehabilitation. With the rapid
advancement of deep learning and computer vision technologies, automatic recognition of facial paralysis has become feasible, offering a
more accurate and objective diagnostic approach. Current research primarily focuses on broad facial changes and often neglects finer
facial details, which leads to insufficient analysis of how different areas affect recognition results. This study proposes an innovative
method that combines the vision transformer (ViT) model with an action unit (AU) facial region detection network to automatically
recognize and analyze facial paralysis. Initially, the ViT model utilizes its self-attention mechanism to accurately determine the presence
of facial paralysis. Subsequently, we analyzed the AU data to assess the activity of facial muscles, allowing for a deeper evaluation of the

affected areas. The self-attention mechanism in the transformer architecture captures the global contextual information required to
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recognize facial paralysis. To accurately determine the specific affected regions, we use the pixel2style2pixel (pSp) encoder and the
StyleGAN2 generator to encode and decode images and extract feature maps that represent facial characteristics. These maps are then
processed through a pyramid convolutional neural network interpreter to generate heatmaps. By optimizing the mean squared error
between the predicted and actual heatmaps, we can effectively identify the affected paralysis areas. Our proposed method integrates ViT
with facial AUs, designing a ViT-based facial paralysis recognition network that enhances the extraction of local area features through its
self-attention mechanism, thereby enabling precise recognition of facial paralysis. Additionally, by incorporating facial AU data, we
conducted detailed regional analyses for patients identified with facial paralysis. Experimental results demonstrate the efficacy of our
approach, achieving a recognition accuracy of 99.4% for facial paralysis and 81.36% for detecting affected regions on the YouTube
Facial Palsy (YFP) and extended Cohn Kanade (CK+) datasets. These results not only highlight the effectiveness of our automatic
recognition method compared to the latest techniques but also validate its potential for clinical applications. Furthermore, to facilitate the
observation of affected regions, we developed a visualization method that intuitively displays the impacted areas, thereby aiding patients
and healthcare professionals in understanding the condition and enhancing communication regarding treatment and rehabilitation
strategies. In conclusion, the proposed method illustrates the power of combining advanced deep learning techniques with a detailed
analysis of facial AUs to improve the automatic recognition of facial paralysis. By addressing previous research limitations, the proposed
method provides a more nuanced understanding of how specific facial areas are affected, leading to improved diagnosis, treatment, and

patient care. This innovative approach not only enhances the accuracy of facial paralysis detection but also contributes to facial medical

imaging.

KEY WORDS Transformer; action units; multi-resolution feature maps; generator; heatmap regression
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Fig.4 Facial paralysis area recognition incorporating AU prior knowledge
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Table 1 Comparison of facial paralysis recognition accuracy on the
YFP and CK+ datasets with existing methods

Method Accuracy/%
LSTM!™ 79.29
SENet"*” 86.98
DHN! 91.2
PHCNN!M 87.91
PHCNN-LSTM™! 94.81
FNPA-RCELM-CCNN/* 85.5
improved SSDP! 87.9
MobileNetV2P! 98.93
FKA+GAN! 98.2
autoFPR®! 97.3
VGG16+Softmax® 87.64
ViTAU 99.4
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Table2 Accuracy of AU detection in facial regions %
Method AU2 AU4 AU6 AU9 AU12 AU25 AU26 Average
DRML 4722 38.12 65.50 84.55 88.50 51.38 37.63 58.99
JAA-Net™ 60.7 67.1 41.1 45.1 73.5 90.9 67.4 63.69
AU R-CNN! 25.90 59.80 55.30 39.80 67.70 77.40 52.60 54.07
ME-GraphAU**! 67.54 66.84 95.84 59.13 82.93 54.61 61.04 69.70
AUNCE 65.83 65.54 29.08 83.08 98.34 67.07 77.45 69.48
ViTAU 76.08 75.33 76.18 86.51 98.27 78.72 78.47 81.36
85 SRR PEBE L 3% B )3 TR SR A R B o 42
e SR T2 A 55 S 0 . 3 T
5170 fR9 53 BT, BEAE Ay BRE S Ll A 5% 41 A3k T o 35 67 1) o
5 65 S B S W N1 el ) | R A A £ 3= I R ]
i S UL IAY B B R T AT R AT B T AR
50 SRR

@V ,éé\ § @9 \Seéo .&Yg
RSO ST
Ao %(o
Model
B 6 THHBX I AU KRG R

Fig.6 Accuracy of facial action unit detection
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Fig.7 Visualization of facial paralysis areas
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Table 3 Ablation experiments on different loss functions %
Loss AU2 AU4 AU6 AU9 AU12 AU25 AU26 Accuracy
Cross-entropy loss 71.63 72.65 57.80 65.31 86.31 76.53 46.28 68.07
KL divergence loss 66.46 66.45 71.25 82.09 99.35 68.50 79.39 76.21
Binary cross-entropy with logits loss 36.87 61.75 61.31 67.96 97.50 69.33 60.75 65.07
MSE loss 76.08 75.33 76.18 86.51 98.27 78.72 78.47 81.36
2 £ X #
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Fig.8 Impact of different loss functions on the accuracy of judgment

results
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Table 4 Impact of features extracted from different models and stages

on the results

Stage Accuracy/%
Early 80.41
Middle 79.59
Late 79.59
ViTAU 81.36
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