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Face mask recognition algorithm based on
multi-feature fusion attention
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[ Abstract] At present, many people are still required to wear masks when entering and leaving public places. Detecting whether a
mask is worn has become particularly important, and deep learning algorithms can greatly improve the detection speed. Based on the
ANN attention mechanism and feature network improvement, this paper obtains the Path Strength Integration ANN (PSA) multi-
scale feature fusion attention module, and then forms the final PSA—-Retina mask recognition network. In the design, the backbone
network is based on ResNet—50 fusion spatial pyramid pooling; the optimized GFocal Loss function is used, GELUs activation
function is fused to redo the predictor, and a comparative experiment is conducted on the mask face recognition data set RMFD. The
simulation shows that the average accuracy mAP of the network added to the PSA module is 5.24% higher than the original network,
and the number of frames per second FPS is 3.1 £/s higher, mAP is 3.06% higher and FPS is 0.6 f/s higher than the results of
YOLOV3 network. The experimental data demonstrates that the multi—feature fusion attention PSA —Retina face mask recognition
network has more accurate positioning and higher accuracy, and has the detection ability in the case of occlusion or non-standard
wearing, etc., therefore improves the efficiency of mask recognition.
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Fig. 1 RetinaNet network structure diagram
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Fig. 2 The overall structure of the PSA —Retina mask detection

network

2.1 PSA 1R

PSA Z RUEERHIERLA B 250y 2 A1
e S AR AU R Al A

B Bl PR B S B 4 2 RRIE I R
P, EHEAEN My, Bl 2 5 FOREEAES P, A,
Wt %R 3 ERUSE M, M, [REE M, Fl P, 1T
HARE) M, Wh P, 4 A5 5] 256 38 1 1 RHIE
Kl R RZ RS B ds i, B LA T 401 R
TERY 2 TRZRAE S BRI, B B Tl SRy
TEfEE 2] o R TP R, IR R AR ARGHE — 25 Rl
G R AR BE R, U2 ek 4 EHREh
M, AT R RAE My Mg 64T FoRFE, RS a2
WM, FEE B R AE— 2, PR ab ATl & b B, 25 1
i e AT .

{ o
M= > M, (1)

1= lin

Hrb, L FRoRFHEZ )25

TR IO i — 20 Ab BREE A 5 I REAE L, £l
FRFFOES G HE0 /1, 51 A Asymmetric Non—local ¥
B AL AT
com SIOLME0L) (@)

Heb, N, MFHERIRSE—3 0 ki AR
WA TCR YT AR B j 8B T 7 AL f5 B
Kl g WG BB HREG BB 1 f kot
B AR BRI R A O A AF B TR EC

N, =

SRR VCHC R, FHVCHC 8 Rl & 5 B4R & T
o N, B R B RRIE B SRR
BN, BbA TS R B A R AR R
Ny FI Ny, FEHIH 4 JZH0E N, N, Ny Ny &5 M
JEHEAE EDR IR, il 3 s, AR B 22 R
FERIEAR B2 e B PR B UG AT 1A A0 3G 5 il

AN
H o

El3 PSA ZREFSEMAESNER

Fig. 3 PSA multi—scale feature fusion attention module
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Fig. 4 Backbone network structure diagram
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Fig. 5 Spatial pyramid pooling network structure diagram
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Fig. 6 Structure of the improved predictor
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Tab. 1 Server configuration and environment

% il 55 L
CPU Intel Xeon E5-2620 v4
GPU GTX 1080 Ti x 4
BIERGE CentOS Linux release 7.61810( Core)

REAL{ FHESE Pytorch 1.7, python 3.7,Conda 10.1
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Tab. 2 Experimental results of different network

AP/ % FPS/

o5k mAP/ % 1
mask unmask (f-s7)

SSD 85.30 73.02 79.16 33.3

RetinaNet 80.52 79.26 79.89 30.6

YOLOv3 87.54 76.60 82.07 33.1

PSA-Retina 87.21 83.05 85.13 33.7
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Fig. 7 Detection Recall-Precision plot
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Fig. 8 Comparison chart of different network detection effects
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