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calibration mechanism
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Abstract: This paper proposes a robust recognition method based on dual attention calibration to address the issues of
insufficient multi-dimensional dynamic collaboration and fine-grained suppression in the attention mechanism under
mask occlusion. The method dynamically calibrates the occlusion area in both channel and spatial dimensions. The
channel dimension is based on global statistics to suppress abnormal responses of polluted channels, while the spatial
dimension locates occluded areas and weakens their gradient propagation, achieving dynamic calibration from coarse-
grained screening to fine-grained enhancement. On this basis, the weighted cross entropy loss and triplet loss are used
to further guide the model to focus on the feature expression of locally unobstructed areas, thereby expanding the inter
class feature distance interval. The experimental results show that the dual attention calibration mechanism proposed in
this paper, through the synergistic effect of channel dimension feature screening and spatial dimension region
enhancement, has improved accuracy by 6% and 7. 2% respectively compared to the ArcFace algorithm in mask scenes
of LFW and AgeDB-30, and by 7. 3% on the real occlusion dataset MAFA dataset, verifying its recognition robustness
in complex occlusion scenes.

Keywords: mask covering facial recognition; attention mechanism; dual attention calibration; weighted cross entropy

loss;triplet loss
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Table 1 Design and results of ablation experiment
; HER R/ o
ik :
LFW LFW_Mask
Baseline 94. 1 81.6
94. 4 82.3
AR
AR (+0.3) (+0.7)
96. 8 87.2
+DACM
(+2.7) (+5.6)
95.2 85.1
+WCE
(+1.D (+3.5)
98.7 91.3
BELRS
A (+4.6) (+9.7)

M1 1AM ol 45 oK R AT e A B i, A7 LEW %
P b iR W e B R 94. 1%, LFW _ Mask Ul
81. 6% , 72 W76 B 1 2 J98 JE Kok 180 305 3 ) 4 B Bk Mk . ol
BE R 5 v 2 5, M8 T Baseline, 764 T RS 00T,
AR T 0. 3% AR 0. 7% , 3 B 1 B R 3 Y 5
A FTEk s 7Rk A DACM BRI, BEARI7E LFW Lk 3| T
96. 8% M IEIE 3% . UE B DACM 58 1 L 75 43 W A 38 +%4
X H R, M LEW_Mask FAETFIE 6%, 2600 7 i 8
TEE IEF 0 T 28 B0 (0 3 1 1k B 2 A WCE
Hemh AR B3R T 1 1% L& 3. 5% . BEEH 5] A AR 32
A R 5 A A S P A3 A B R 3l P A M B
AR KT RIS R ATIY R R AR SRR L B A A
HEME AR R RN T 4. 6% LA K 9. 7Y% BTk 0 L 5k 6 B 45 45 4
B T T ) B 2 A RURS B 00 % O Ak SR L T AR K 4R
THASE AL 767 AT MR S 4 R R IRIRS B .

6) B P 3 5 50k

I UE SR A LS P b 5 R S R M AR SUHE LSS
WREE S MAFA LTI, K2 BAR TAXEKS
Xof H T R R e 25 5

K2 HEXBEHFREREXL

Table 2 Performance comparison on real-world masked faces

Ti ik MAFA HE# R/ %
ArcFace 78.3
ResNet50 82.1

ResNet34+CBAM 83.5
A CE 85. 6

S0 8 L SR I AR SO Ik 7E SO Y B0 42 MATFA
EIRBIT 85. 6% BY R R, B FE T ResNet34 +CBAM

1 83. 5% 5 ResNet50 i 82. 1%, FH%: T HAh M Fh-& B
PR B0 R AT T R M, BB T B E0h OB A R
ZREVESI IR G NO5 A RSB R A B A 5 A R B
PR a2 R, RGN, A SRR KIE B2 BT ArcFace
1 78. 3 %6 LA B FH AL X LY s, SEUR IS IE T A8 SCARL AT LLGE
S Bl AS R AR IR L B A A R X, B B A R i 2 e
b R I ey g 1 N I O - = o P 7 3=
B Al 7 45 A 2 B B T S B Sk E AR R R A ERA T
SR E A .

7) FRAE E A AR5 BT

S VEA AR SO R R AE T AR 00 A BHE , A WE SRR M
BE TN AY 28 800 e 5 (gradient-weighted class activation
mapping, Grad-CAM), %} ResNet50, ResNet34 + CBAM
RASCE B WG — 2485 BUZ FRAEE 1T 43T, 28 BURRAE
MO R ANE 14 s, B 14 JBR T A M4
B S R R B A R ) ZEM R, B 14(b) L (o F (D
55— 3K 4> ) 52 B T 78 ResNet50, ResNet34 +CBAM Fil
AR 3 FORRIEIE T L fi A R & D0 il 8 ) 465 i
H 2SI DR AR B, P AT R OR DT R R R B
B0 B ) R R TR R BB W R AR . A 14 (b AT L
FHH L FE ResNet50 F ik p, DB XM HIEHR KL E,
K 14, RS ALE ResNet34+CBAM & F AR E L X
TR A O 2 L (R T X A A R ) A AT R T AR S
L (B 14O RSB, #E— 25X L 14(b) (o) L (D Y

(a) BEH 5 &K (AR (b) ResNet50%F Eh R &
(a) Data augmentation and (b) ResNet50 comparison
binary masking diagram

(c) ResNet34+CBAMXT IR E  (d) ACHEIEN IR E

(c) Comparison of ResNet34
and CBAM

B 14 BT AR

Fig. 14 Data visualization diagram

(d) Comparison of algor
it-hms in this article
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5 R AR AR AT DL e B AR SO (B 14 (D)) X AR
JAl 0 X B A o OB O AR P, AH BT ResNet50 Fi
ResNet34+CBAM P Fh 53k AR SOk A GBS AIE £ U
[0 ST e R N 1K O e 5 i

T BAEA SOy B AR B Ay 43 2K 5 T MR RE L 7E LEW
Bl 4 PR ICT 10 AR Y B 280 A K G
JC R B B8 R AR, X 3k e TR HE AT AR AIE R IR
TERS B 512 HEFE1F , 7748 Fl - SNE (t-distributed stochastic
neighbor embedding) J7 205 Hi b 2= — 2 R A I K5 R AiF 2F
AT AAL B 85 R ANl 15 iR . 83 DACM A 8 4b 31
Joi TR 2R A SR A B R L LR N R R S T [
I S S RE A T 1L B e 03 B B 1) 43 8 32 () 20 g o iR
G 3R IR B AG A0 IR I P X TUAR AR B, BT SR BURRT
AR S0 %088 01 A W) B 6y 7 AE 18 & 2 25 () v
BB E TSV 43 Bk 1A 305 B TR £ T R AT )
S 5 T YA RO .

201 -~ ® Class 0
) Class 1
~ 10T 4 Class 2
g @ Class 3
Z oban ¥ Class 4
8 g & . < (Class 5
A - Class 6

o L
-10 ® Class 7
Class 8
201 ) ¥ ) ) Class 9

-20 0 20
Dimension 1
(a) HHEALT (TEDACM)
(a) Benchmark model (without DACM)

40 F
@ Class 0
Class 1
o 20 b 4 Class 2
g # Class 3
@ o & v Class 4
& «Class 5
a Class 6
201 » Class 7
Class 8
-40 + ) . . ) Class 9

-40 -20 0 20 40
Dimension 1
(b) AL BEAFFEDACM)

(b) Algorithm in this article (with DACM present)

& 15 i A - SNE #F17R:AF 5345 59 7l 4k
Fig. 15 Visualization of feature distribution using t-SNE
3 % it

AR SCHRE M OOUHR T R R S a2 2 B IR S A
o B2 0 Al L 3 T SRR A A U
i o T R AU TS gl R )R T A s
111 2 6 3 A8 e S A7 JRy 0 JE 4 DX T 1 58 R B A% L A
S PR R0 2 I () A o BIL ) AE HE B LEW K8 4R S0
91. 3% AU B HE 51 %, 8 ArcFace F1 ResNet50 & 71 43 i)
$ETF 6. 000 3. 804 . Tl 52 4 K WY A2 R XU T T ) 4
ks 8 LFW_Mask W8 % F K 5. 6%, [0 B, AL 52

+ 184 -

SRR R 5 = o AR BB O AR SR DTk 3. 5 00 ik
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