SAT-Net: Self-Attention and Temporal Fusion for Facial Action Unit Detection
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» Intro to facial action units » Attention maps

Facial action units (FAUs) are facial muscle actions at certain facial
locations defined by Facial Action Coding System (FACS) ekman, r. (1997)

AU index Au Name
1 Inner Brow Raiser
2 Outer Brow Raiser
4 Brow Lowerer
6 Cheek Raiser
7 Lid Tightener
10 Upper Lip Raiser
12 Lip Corner Puller
14 Dimpler
15 Lip Corner Depressor
17 Chin Raiser
23 Lip Tightener
24 Lip Pressor
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AU | JPML | DRML | CNN-LSTM | EAC | JAA | LP | ARGomrsras | SRERL | ResNet | T-Net | SA-Net | SAT-Net
1 | 326 | 364 314 300 | 47.2 | 434 R0 169 | 508 | 450 | 520 | [54.1] .
2 | 256 | 418 311 35.2 | 440 | 380 43.2 453 | 454 | 439 | 451 | [49.5) > Conclusion
4 | 374 | 430 714 486 | 549 | 542 53.1 5.6 | 562 | 558 | [60.0] | 583
6 | 423 | 550 633 6.1 | 775 | 771 76.9 71 | 71 | 765 | [18.0] | 71T
7 | 505 | 67.0 771 729 | 746 | 767 8.4 (78.4] | 766 | 768 | 76.9 7 . .
10 | 722 | 66.3 45.0 81.9 | [84.0] | 83.8 82.8 83.5 823 | 826 | 838 83.6 . Our network utilized the least training
12 | 741 | 658 826 862 | 86.9 |87.2 87.9] 87.6 | 8.7 | 868 | 87.3 86.5 arameters but achieves the state-of-the-
14| 657 | 541 [72.9] | 588 | 619 | 63.3 67.7 60.6 | 57.2 | 595 | 610 63.2 parameters
15 | 381 36.7 33.2 37.5 | 436 | 453 45.6 52.2 49.3 | [53.0] | 495 49.1 art performance.
17 | 400 | 480 53.9 5.1 | 60.3 | 60.5 634 63.9] | 60.5 | 628 | 61.0 6138
23 | 304 | 317 38.6 35.9 | 427 | 481 479 471 | 481 |[50.0] | 475 8.7 . .
24 | 423 | 300 37.0 358 | 419 | 542 56.4] 533 | 500 | 485 | 476 9.3 . Different from handcraft attention
Avg | 459 | 483 53.2 559 | 60.0 | 61.0 62.6 629 | 6L7 | 618 | 625 | [63.3) mechanism, we developed an AU label
supervised self-learned attention module
Table 1: Performance on BP4D to enable the network to learn to pay more
_ attention to different facial areas for the
AU | LSVM | APL | DRML | EAC | JAA | ARconvrsTa | SRERL | ResNet | SA-Net | T-Net | SAT-Net - ndine AU
T [ 108 [ 114 ] 173 | 415 | 437 26.9 [45.7] | 208 | 323 [ 366 412 correspo g ALS
2 [ 100 | 120 | 17.7 | 264 | 462 24.4 [47.8] | 203 | 331 | 325 33.1
4 | 218 | 301 | 374 |[66.4] | 56.0 58.6 59.6 56.6 62.3 | 64.9 63.0 . We have also proposed to use Conv-LSTM
6 | 157 | 124 | 290 | 50.7 | 414 49.7 471 | [57.3] | 522 | 53.1 56.4 : -
9 | 115 | 101 | 107 | [80.5] | 44.7 34.2 [45.6] | 35.5 333 | 35.8 43.0 M to fus§ the temporal information
12 | 704 | 659 | 377 |[89.3] | 696 3 5 | 718 | T2 | T4 | 731 into AU detection problems and proved to
25 120 | 214 38.5 | [88.9] | 88.3 83.4 84.3 84.6 84.0 82.2 82.9 be feasible with temp()ral information as a
2 | 221 | 269 | 201 | 156 | 584 51.4 436 55.2 5.6 | 55.7 | [60.6] supplement in facial action unit detection
Avg | 218 | 238 | 267 | 485 | 56.0 50.0 559 | 525 | 535 | 543 | [56.7] PP

Table 2: Performance on DISFA



