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Introduction Methodology

e Human face encodes a wealth of information, providing e Face Detection & Alignment Using 5 facial landmarks to align the face to extract facial features.
critical cues related to identity, emotion, and cognitive e 3D-Spatio-Temporal Network: To help analyse video sequences.
states. — ConAdv-ELCA A dual-path attention mechanism to disentangle emantically relevant

e Both local and global spatio temporal facial patterns are facial features from early feature maps.
shared across a wide spectrum of affective and cognitive . — EGCA Enabling efficient modeling of inter channel context to enhance global feature
states. : representation in facial video analysis

e Developing a unified facial representation model that can _
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generalize across diverse facial analysis tasks remains an
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e First study to develop a single facial feature analysis 2 5 8% o S
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framework that generalizes across multiple tasks. : | ?;Q w . 2
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e A novel ConAdv-ELCA module designed to capture ; Severe- S Dense Layer
: Intoxication N
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crucial local features, enhance feature disentanglement,

and improve generalizability. Also a unique way to align

features.
_ _ _ : Ex erime ntal Re SuUu |ts Table 2. Performance Comparison on Drowsiness
e Extends non-local networks with dynamic channel wise : P Methods Accuracy (%)
int £ bli ficient deli £int h | . Table 1. Comparison with Previous Work on BAC Estimation CNN + ConvCGRNN [53] 84.81
Interactions, enabling emicient modeling ot Inter channe Ref. | Data Class type | AUROC | Accuracy | F1 Hierarchical Temporal DBN-HMM [60)] 84.82
[23] IR Videos/Eye tracking system Binary 0.05 (.88 0.76 0.75 CNN + TSC-LSTM-Refinement [ 15] R4 .85
context. S A 7B
inary 0. - . - ResNeXt3D-101 + LSTM [67] 88.60
T g‘,“""c:)“;; ' ' ' 25-STGCN [1] 92.70
28 ideos/Eye tracking system mnary 0. - . . . g C
Binary 0,08 0.80 0.2 [soSSL-MoCo [40] ()3.71
.............................................................................. Multi-class VBFLFLA [63] )3.10
D at a s et s : [21] RGB Videos/Conventional camera | Binary 0.05 Ours 95.04
: Smary (.08 i : Table 3. Performance Comparison on Emotion Recognition
i Multi-class - 0.75 0.75 = : :
i i : e — - - i DFEW FERVIOK AFEW
o Used the MiX Telematics dataset, NTHU_DDD, ) Ours | RGB Videos/Conventional camera | Binary 0.05 0.91 0.87 0.88 0g) UAR (%) | WAR (%) | UAR (%) | WAR (%) | UAR (%) | WAR (%)
. Binary 0.08 0.93 0.90 0.89 Uni-modal
) i-clas [3D-RGB [4] - - - - 41.86 45.41
DFEW,AFEW and FERvV39K. : Multi-class |  0.90 0.87 | 0.86 S 2k _ _ e sl
. Binary 0.05: Sober [BAC < 0.05] or Drunk [BAC = 0.05] g/dL EmotiW-2019 Baseline [9] 9 3 . . y 3881
Binary 0.08: Sober [BAC < 0.08] or Drunk [BAC > 0.08] g/dL Resnetl8+LSTM [14,17] [ 51.32 63.85 - - 43.96 48.82
Multi-class: Sober [BAC = 0.00], Moderate [0.05 < BAC < 0.07], or Severe [BAC > 0.08] g/dL i bl ; ; : ' i il
i i S R s e = Toor ¥t AEN [27] 56.66 69.37 38.18 47.88 50.88 54.60
NR-DFERNet [29] 55.77 68.01 33.99 45.97 4837 53.54
GCA+IAL [30] 55.71 69.24 i ; . -
IAL [30] - : 35.82 48.54 : :
. t-SNE STT [36] 54.58 66.65 37.76 48.11 49.11 5423
T C3D [51] : : ; : 43.75 46.72
s R(2+1)D [52) : , : . 42.89 46.19
e $ i M3DFEL [55] : : 35.94 47.67 : ;
it & DPCNet [59] 55.13 66.32 : - 47.86 51.67
2 o g‘_gfo e i Freq-HD [59)] . : 33.07 45.26 . :
- o inger Former-DFER [68] 53.69 65.70 37.20 46.85 4742 50.92
i Ours 60.89 7198 | 4408 378 | 5402 5677
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: o o v i Conclusion
. Non Drowsy .
N Drowsy e Proposed study establishes
— _2 . . .
7 state-of-the-art BAC estimation using
facial video and differentiate between
_4 — E
X related cognitive states..
_ 0 % .. o Proves potential for non-invasive
Non-Intoxicated . =6 |
. : : ey : . : hysiological state monitorin
Figure 1. : Sample images showing spatial indicators of intoxication: : phy 9 9
(Top) Drooped eyelids and flushed cheeks/chin in intoxicated state; : . . : . . systems.
(Bottom) No such signs in sober state. . tSNE_L Future: Deploy on edge devices,
. Figure 3. Visual analysis of data points indicates that drowsiness and blood enhance robustness in the wild

. alcohol concentration (BAC) classes are distinctly separated
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