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T EAZHAAEEEAET, DEAES LR WE LR EEE T B RIE AR T
B, R 4 2 Bk S I R B, S A R A TS, AR R O R KSR 2 3,
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ARSCAR R G BV R ) 5 SRR NI 3 1 B XAk AT 0 ) ) 1 SRR R A B TT R 1X— T R
HEFRFAE R A A B B B ANJEAS I (DFS — detection with feature fusion and segmentation supervi-
sion) A1 EAR BRI P RKBOARMEHAL B, BT S BLAE PR b el 2 AL NG XIS T RE, Ja A 5 A
I DX 3 Aty B IV B 0 S BE— 2D i AR, FI A2 5 i s 21 A SRR, ik
BORTTEZABIRI T 24 DR ZOCKE ZRAGES . NRESZ . AFEEEARREZ . 18K
TR L2 A S5 S 2 FH P B . N RS 1 B R AT 45 v, B i 2RIA B 99.50%, 7T s
S LA BER AL R B RN GO AT DR & AN R 5. Bl a AT IR EF G EE
RS54 S5 HA T B, AT HE— B B & P U AR R4 456t o B ARk B A I SE BRI
T4 B, 7T DS RO W AR, AT Bk i 22 A PR ik o KR ).

2 xR

PN A Am VAPl Pty SN 474 AT ISR DR DAY g el E 5 N L R s 5 NNl R EE e
NIV IR, 72 H AR O BEAE 1 1 — R ARSI 2. i 52 i s R ) vl d e H A
TP RBARRSLIL. PRI N R 38 1 S8R0 [ H A B AR AN 73 SR,

2.1  BERENFEAR

H AR 4 AR S Fi8 N — 37 5 rR 4R th B A IR 1) H A%, 1 e B AT B AL BRI, A HE T A
AR RE. VAR % I B UK R, HOArEE TR B 22 ST HR B H bR I 53253 e
25 M — R XU B B ARRT I, 5 Ah— S B B H PR A I 5092 L X B B A N v,
& Faster R-CNN I, R-FCN Bl fl FPN M 25, 1Z R GA7EHE T RRESR I 2t b, B it 45 43 3¢
AR ORI SE [X 3, R J 6o 3 i e X 3adE AT 0 SR AN R0 5, B H b IR 7 BAE RIS 1), %) 151
B B H AR S92, 8 WA YOLO V31! SSD (6] Al RetinaNet 1) 45, %2500 B 270 A= i fik ik [X 3,
(1 R EAT 2 AN RS, B IEOL T, B B H As kil G072k P8 5 vy, T BB B P L A 0 v ek
B

RS2 H ARSI B — FheRE . T B — e AN S, R — 8 B S BR B gk A7 48
FUM e R A SE AN, WRAAEN, WREFTE AR ESEE. B — R 2
AN, TN A2 2 e, A A A SRS, B AR A S — 4, DA T RR
PRYE, 76 HARRT IR R b, KRR T KEM AR EE. MTCNN B DL 3 AN G H R 4 SEIL PR
TN AN, FEH) A MG 4 - 3 SIS IR RO AN A Face R-CNN ) T Faster R-CNN 121 fEZ42
BEAT NEAS I, SSH 1O) $2 1 AN [RI VR B (1 46 A5 23 S R AT RS I DA S B 22 RUBE s FAN 1 i T 56
B P RIE R L] PyramidBox 021 I ARG B R S0E B3 sl ARSI, BRgs& Ak Sk
LER. RIREEFEM A FE T I A SER 0 NG 2 RS | B85 ] f (15, 14),

2.2 Bfr7AEFAR

HFR 7 REORIL IR HARIVERT . &S 3EAT 928, FE TR 2 R 0 R BOR G & T M 2 F 451 2k
BRENIR Y. BT M%AH AlexNet 91 112 B fE U2 LUK Dropout, Relu %; VGG-Net 16! fifi i1 5
DRI ZS LG, IR T IRE S YERERICR; GoogLeNet (171 7638 i 1o 28 18 5 R 5 & 1) [R1 i ik /> 228, 76
ZATS BRI AT SRR A, I 1 x 1 FIBPUREET THELE; ResNet 181 it 1 —FhER K
SR, iRk T AR 2% IR A IR AL IR L 45 5% R BUR AT sigmoid A2 BT softmax 451 5% PRAEE.
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Face Mask Wearing mask
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detection recognition or not?

B 1 (MEREE) ARMEDOSERAEEEE

Figure 1 (Color online) Block diagram of face mask recognition

E 2 (MEMFE) DFS ARG E AR ARIGE

Figure 2 (Color online) Architecture of DFS face detection algorithm

3 ETHREFIMARMEDERZ

ASCHEH T —FhEET CNN NG (58 R AR, A4 N AR I AN i 8 1 SR 00 s .
K1 B, ARSI AR R 1 S A P LA GREAT NG i 58 11 b3 A Rt A 00 281 10y N J X e
M Ly e, JF R8T AR IX T R, SRR 2RI 07 %, A N X7 R AT — 2
ENNITEGE PR TR ARE=Ya) AV EE

3.1 AR

NEARTBEEAE ] T DFS 09 523k, 25005 A B 28 I 2% h BRFAE R & D9 i, R R AE R &
G W R [RI L2 R FE TE T 3 1% 5T (attention) F5 UG @02 RHE, LAR 1k & R4 K
E g UE B AR R AE B _ BRI AE (5 D XA SO A AN, R AN R (5 2 B R e
B SUE BAEN B TR SCR R T RN S SR ZRAAE. AN, Do A il 1o 2% DL —Fo 55 i B 1) 07 S SE I =
J1%5 S VMR S 2] B 28 RFAE, 2500 B I 1 — M A B I RS e Boder T 2% 018 Lo &9 32, AR
Mo, DFS SRR S 5170 STRENS 73 /2 t0R FH B 5 ) SCo3 B BH5 B B IR 2%, (45
TIN5 PR AR B T8 H & EAS N B AN R RS, sl 2 B, SN R 2%
J‘@E—'Tﬁ‘pﬁ&%ﬁ)ﬁ, B2 AT, AR R (B8 R AL S S TR IR 5 5, FEAMIR— R AR EAT

&, WILRHE. A5 A 2RI Detection AEHR T30 L RUBE MG ARSI, FLA5125 bR A 732K
IEIEI*D PE] 3 AT R
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(1) FHAERLE. M 2 ] DUE BIRE A b (RRAAE 6 - IS 4548, DS BAN _B 3 R HRRAE Rl A
F, FRER & 5k IRoR N

¢i = F(pit1, s 0), (1)
I iR s, BRI seEl AT

¢i = ¢i - Y(Pit1;0) + bi, (2)

o, oy B ¢y SYFORIRERAE R IR 2 IRFE, ¢, /8 BTG KRR, o Fmgh i w2 HE
IS ERRAE, 0 Lo SAERBRIENSEL

KA AR 0077 2K, AT AT 2s & e = R SO SRV R A5 I, AT SR AR 2R Frg s ) g
73, MIREERAE W2y T s A AR 40755 8, X Ee4 55 5 A B TAG I — LexfE ke, DFS SERH
AR TR B R AR AT et AR R _EREEIN 1 x 1 BARE T X, AW TT I e —&
R LSRR R 5 BB RRRAE S BRI, TS m e B, — I URI BOMAT 1 x 1 BRU
B i J2 AR L P IR T A 2 AN W] G (8 2 i e 2= O SR R, IR AR R A I RCR.

(2) X H]. DFS SFE AR KN BEHEAE 9 ARG AG I o e ME (¥ 59 B A5 8, BARBIRE— 2 52
PRVEMELEAR LR T L RS2 B, XA A NI A A AN 7> R B — R R A MR RE. 2H2H
CHE Wy X 2% BRE 2 > B NG IX SR R R AL A S, RTINS Lk 23 AN Bl A B 7 Sy e 8. AE BRI A%, 0 %170 3¢
DWERR, REASEIME S HMTHE. BRI 0 EE S, BRIz
I, BRNEAREES 2 E&H —ERHERER, AN TR S SRR X I, HE2m AT L2 A
T AR T HAR VAR 43 T A 3 9 2 B X RHIEAS S AT 51, 9B T ARG AN Z RN
SHABH.

(3) EE 1% 2], DFS SAAGIN THER %3], Wi SeBUR R EAFAE (S B A OE. Wk (2) Fior,
BRI RAE W] B ME2 2 MANEE % S AR A &, DBl 2R A5 2 kA, A
111 51 SRR AEIRARYI SR b 2 2] BB B 25 IR AR A5 B

(4) R PREL AL EEARAT R PR B 3 B0 A AR, RIS R BRI [l 45 % o K50 0 403 2K bR
H, R PR

L=Y g & Lur) + 0 S g 3 H00L ) 40 Y L), @

k icay Kk k icA

Forb, & NFHERN S ST IZEHR, A FORRHER p, B8RS, S8 SO ER, pr 8 1, BN 0, p,
AR R EE R, ¢ N TNAL AR 4 ANSSHO I &, ¢ IR SBT3 S A, 42
PR Lo(ps, pi) NEFXE NGRS 5L 502K focal loss BREL, Ni ANZ 550 BRSS9
AR Ly (t;,tF) A smooth Ly 5145, I(py) FbrEeRE, T BR$145 K s B TR 8 s i) [0, 3 2
N =Y ea Lpp)- SPEAR Lo(mi,my) NERBH sigmoid S XE, my, HyRE—HFHILJZ I 53 EI T
Bl my NE—FRHEESS 5 FIE ST EL A A A REUREREBCE, Hh A B 1, o NS AT
S e U 453 2 A 43 R K

(5) WIDER FACE 1#ill. 2019 4 4 H DFS AKAa il 52:4E WIDER FACE ‘B J7 % ik S il i 52
AT T PRIY. WIDER FACE 2 H Rl S 2 7 B E AU 5 K o Rl e 5 e v PR N A 0 5 i 2
Z—, BEFESCRET 2016 SEE ST, LA 32203 Tk EMGAT 393703 AN AMARIE. Hidr, 40% HI%E

1) http://mmlab.ie.cuhk.edu.hk/projects/ WIDERFace/WiderFace_Results.html.
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#* 1 DFS 5H#¥ %% WIDER FACE WiE& EAIXTEE
Table 1 Comparison of DFS and other algorithms on WIDER FACE validation set

Algorithms Easy Medium Hard
MTCNN 84.8 82.5 59.8
Face R-CNN 93.7 92.1 83.1
SSH 93.1 92.1 84.5
FAN 95.3 94.2 88.8
PyramidBox 96.1 95.0 88.9
DFS 96.9 95.9 91.2

RNNZAE (training), 10% BFIEHRNEAESE (validation), 50% HIEHE AL (testing). BANMESHT
KO AR NG AG WU () 3 55 FEE 43N easy, medium, hard, W1 WIDER FACE? fiizn, HFILET ABR
SERANEG R A SR NIRRT AN FIFEEE PR . RAER . LRSS = R, DL
M5 22 Fhsg i R 22, 2000 SR AE A BRI Rsr U Sl B Pkl v, TR 51 T 2 K E N AMRHR B Sk K B
FTE IR A B S BTSRRI IGAE. I3 1 Fios 19, 7E easy, medium 1 hard 3 NI&AE F4EH,
DFS LM e /0 A #) 96.9%AP (AP: average precision), 95.9%AP Fl 91.2%AP. 7E easy, medium A1
hard 3 MINR A, PERE D HIEF] 96.3%AP, 95.4%AP 1 90.7%AP. DFS 557E 6 TEAL 45 5 i He
55 T —F 1 T RS, R AT DR I Hufd vk SE PR IR N G A7 AE & Fh i 252840 ) 4
MR Kk s A0Sk, BAS NGBS FNAS SE 425 R B AT A 25U A [R) 6 FR A PR s2 e, st . 5506
SEE, T3 AR AN [ ROEE NG BRAS A — 5 BB i k.

3.2 fAEHOERA

(1) A, T8I N R ISR 75 G R 0 N X3, 75 R0 22 A A X 32 75 0 8 1 52 fim
S 1 B AR S AT DA SR R IR R S AR v BRI T e K X A i 1 R R HEATHERRVE, ARE
TAEREAR, HINGRREFE = A K (IR HE, 75 B0 Ik S R AE 43 B3R 472 2K A0 m ), (R e 3 A1 5
FAHERE R EON R 2%, TR K, RS, KM HbRa2E05E, B N 01750 28, AR briESR
i, ARTE AR RN, S AN E BR o AN I SRR I AR B N, R, T O B AR
K, FENE 5 HGOR, BRIMR FH H AR 23 28 75 1T DABAS AR 0 AR . 27675 R SEBR ol 25 77 SR 1 5 2tk
PAK S AR T E B AR, SRS T H bR 20 515, IXREAE PRUEARS FE I R, 4 SR B0 g, T
REf% NG H 2T 05 i EAS IS SR, 2T IR AURA, FAESCBUEAE . R, A 177 N A

(2) RERIGEHRY. (AR 2R R 2 LT ResNet50 BCBER, HIN T IEE 12 I, 3 — 084k
FUER Xk, FRER X2k R AT TS, B 3 BT N i O SR A s B g n i I, BB &0
NEREIE TG, KIREIIHEAIR Blockl, Block2, Block3, J-#1 attention J= AN B AHIE 5 & it
Block4 #1 Blockb $&HURHIE it 0 K45 3. RN 2 BIEE UG EE ) 32 17 NG X8 1) 7514,
RISt NG AS I 30 43 () 30 A HEA T — 5 LB B9 . X R IR S B A JAS I h T 32 B 2 iR 24 5%
PRSI, K MAE D> BB LN A7 — E R AU AR IR 2. B AR R AS(E AT DAYH R A 5 22,
W REE AL 8 2 B N 1 8 DX, s &, AP i B 1) 4 28 Re 7). sSEIRHoR T B A b

2) http://shuoyang1213.me/WIDERFACE/index.html.
3) https://www.sohu.com/a/310461017_100092059.
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B 3 (MEMFE) ET Resnet50 W& O ERFIEREMRER

Figure 3 (Color online) Structure diagram of mask recognition model based on Resnet50

*2 ZBBERERBESH

Table 2 Experimental data sources and quantity distributions

Data source Mask NoMask Total (thousand)
Collected online 5 30 35
In-car 40 65 105
Phone 40 10 50
Recorded 2 3 5
Total 87 108 195

Iy Je, § BT ELGZ 20%. T35k, #1551 B A A IR S8AL L [ i BRI, AR ARl NTE R 75 2
HU, AT st TR ERE A R RE T, BnEl 3 B, £ ResNet50 W25 Block3 J2 G IIA T
attention W28 R, 5| AR HE R 5GP R DX, MDA S m 0 2 DX AT A, 954k
AR R XA R R KA, $2 v BRI ORFAE ) S 25 1. AR SCHY attention 28K T BRI, RIE
5 Block3 JZRAIE EAIXS R, A A RO SRR K 7 RO R AL B AT AL, {4 Block3 JRAFAEBE RTE
FERERUBE T AR 1 B X0k, AT SEBRTE  02 2.

4 I

4.1 SCIHIE

HH T LI PAEE A A A AR, N i 58 1 S5 R05) Th i AR 22 1), B 5 F NS, B AR
U, SRR, 20 0SSR Bt BRI B, ARSI A R S0 Sl R 5 L 19 i A B 45
SKHIGEAR R ZHEAL. SR EHE A 4 oRIE: W BRI ATTEAE (collected online). 4N ZE 8k
#HWE (in-car) AT B HFHLEMEEEE (phone), LRI A I (recorded), HH /5 3
NANFA B, BARRSER AR AT AR 2 fos. s B 2 AR, B 7RI R 80 114
R AT BE 2 HOFREUA [F) 28 L A a4, SEAERR B Rt AR vh Zh A b AT 1 B g o, BLAEENES | P8
TR HBTSE, TS R XA R A L GL B L RBE L BRI T AR AN 73 2K g

4.2 BHIRE

BRI 255 T NVIDIA Tesla P40 [ AGPU, IZiid a7 BENLES B R 1 77, H mo-
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* 3 ETHREFINEGRIARME D ZIRAEE

Table 3 Face mask recognition results on mobile phone image

Test set Target Hesult

NoMask Mask

Precision (%) 100.00 98.99

Designated drive (100 Mask + 105 NoMask) Recall (%) 99.06 100.00
Accuracy (%) 99.51

Precision (%) 93.33 98.63

Designated drive (3247 Mask + 1111 NoMask) Recall (%) 96.03 97.66
Accuracy (%) 97.24

Precision (%) 96.15 100.00

Car hailing driver (1455 Mask + 25 NoMask) Recall (%) 100.00 99.73
Accuracy (%) 99.73

mentum 4 0.9, weight_decay & 0.0005, base_lr N 0.001, >KH multistep HJ%%>] 58, gamma A 0.1,
batch_size N 64, max_iter N 10 J3IX.
4.3 TENIERR

VE AR PERE, 3 BTSSR BB PR SRS H A Precision (F5H%) . Recall (H 1) 34T 1

VRO, IR Accuracy (HERAZR) XN H SR A VEREREAT 1 PFOT, Bgkdn T (0]
TP

Presion = ™ 7P 100%, (4)
TP
Recall = m X 100%, (5)
TP + TN
Accuracy = i x 100%, (6)

TP + FP + FN + TN
Horp, 380 BFEAS R 20 25K FRSRG, 10IX—IAEAN TP; ANE SIS 1R 7 B3 1 B,
LR —RAI08 FP; 8 1B FEA AR 1R 70 BRI B, 10X —FEAON FN; AS8 O SRR A 1 70
FUANTR I SR, 10X —FEADY TN AR 3 R ARSI 21 1) T AR Tz S I A AR 1 o L
H [B] R RS I (0 BT A FEAR 2SR IR AR A SR 5 R & TP IT IZ SRR SR M LU B HER R ROR
AN ) AT 2000 P 25 B IR REA B AT 5 S S P A AR A KR R L) RE R AT (0] 26 S L ) 2
BB — SRR A RO PR RE R AR, 1T VA 20 S e B R AR of BT A 288 ) ) R A A RE R A

4.4 SEIGSTAR

(1) BAESEE. Oy 7 B ARG i 8 1 SR ) AR, AR5 T U LR 42 30 2% R I AN A
Hde EREAT 7O PR R R DO, TR IR — X A, B s 5 v s SETR T, 2
Jrs FAHLE G A — R mIHUR Sk 25, HAE KRB 2 e Engt, Jegkis, MAZEFRBEFHEG AR
AR B3, BOA IRBER A T4 8% RAE 4 N R LB B, RIS AT 07, FAE NSS4
BOK, FAMIEE 2%, B, R R A B R, SIS RN 3 A 4 .

M 3 A1 4 AT UG Y, BRSO AN OL . ORI TR] . BB 18] L H AT
A GRS SEREBIEZ MG O, L RA TR E. S8t T R B BB TR I G A 5
R, HVEERE Y GBS, DI O SR 5 3, 5 PO S Br i DU AT.
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Table 4 Face mask recognition results based on vehicle monitoring image

Test set Target Hesult

NoMask Mask

Precision (%) 99.10 100.00

Test 2k (1k Mask + 1k NoMask) Recall (%) 100.00 99.11
Accuracy (%) 99.55

Precision (%) 99.71 89.83

Test 1.5k (little Mask) Recall (%) 98.86 97.25
Accuracy (%) 98.71

Precision (%) NAN 100.00

Night bad case (263 Mask) Recall (%) NAN 98.46
Accuracy (%) 98.46

Precision (%) 96.72 70.34

Day 1.1k (117 Mask + 1037 NoMask) Recall (%) 96.62 70.94
Accuracy (%) 94.02

Precision (%) 96.27 76.15

Night 3.6k (419 Mask + 3246 NoMask) Recall (%) 97.13 70.88
Accuracy (%) 94.13

* 5 ETHREFIEGRHIEESIER

Table 5 Comparative experiment results on mobile phone image

Data collected online In-car data  Attention mechanism

Test set Target
NoMask Mask NoMask Mask NoMask Mask

Precision (%) 91.70 100.00 100.00 98.99 100.00 98.99
Designated drive (100 Mask + 105 NoMask)  Recall (%)  73.30 65.00 99.06 100.00 99.06 100.00

Accuracy (%) 96.60 99.51 99.51

Precision (%) 77.49 99.46 91.26 99.02 93.33 98.63
Designated drive (3247 Mask + 1111 NoMask) Recall (%)  98.56 90.21 97.20 96.83 96.03 97.66

Accuracy (%) 92.34 96.92 97.24

(2) RFEESEYG. Ak A 88 01 SR ) SR A i N = A ) B, i A STLAR S
ROR, BEAT 7RSSR, HorhaR 5 45 TR SR FALEE SR LR EESRIRSE R, 3R 6 i VAR
Pase RS USRI ZE R, 3R 7 g ) TR BB R L se g, AR 5 A 6 HRTLUE B, I ZE R
KGR AE 5, A2 IR EHEmh R 2 B A FIRERE 3R T, el 2 2 8l 4R B 5T HBOR. I
B IO G, B T 514 B O Ak B AR ORI AR S, FAd I A b A A R AR
T+ UG ISR A & 2 0L, S0 1R A B AR RE .

N T ARSI R 75 IR A RCR, X R AN b A MEREI R AT T ik — B AT S,
HA AHEREB B AN A FE B L MRS A BE K MRS A BER L BRS80S L 74ROt . RO ER IR |
(3 ARG S D WRIBBERG 2 D EEAE. Ik 7 R, AR, NN TIER IS IV, P e
REIHIL 2 DA RRGRTE, SR 177 A AR _E A R

1117



ABE L AR%E R T S DB REAR

* 6 ETEHEGHXLSLIWER

Table 6 Comparative experiment results on vehicle monitoring image

Data collected online

In-car data

Attention mechanism

Test set Target

NoMask Mask NoMask  Mask  NoMask Mask

Precision (%) 98.31 100.00 99.10 100.00 99.10 100.00

Test 2k (1k Mask + 1k NoMask) Recall (%) 100.00 98.31 100.00 99.11 100.00 99.11
Accuracy (%) 99.15 99.55 99.55

Precision (%) 99.14 84.03 99.62 88.98 99.71 89.83

Test 1.5k (little Mask) Recall (%) 98.20 91.74 98.77 96.33 98.86 97.25
Accuracy (%) 97.59 98.54 98.71

Precision (%)  NAN 100.00 NAN 10000 NAN 100.00

Night bad case (263 Mask) Recall (%) NAN 61.24 NAN 98.06 NAN 98.46
Accuracy (%) 61.24 98.06 98.46

x 7 ETHEHERGIRIXEESINGR

Table 7 Comparative experiment results on difficult vehicle monitoring samples

In-car data Attention mechanism

Test set Target

NoMask Mask NoMask Mask

Precision (%) 96.76 62.69 96.72 70.34

Day 1.1k (117 Mask + 1037 NoMask) Recall (%) 95.18 71.79 96.62 70.94
Accuracy (%) 92.18 94.02

Precision (%) 96.63 63.93 96.27 76.15

Night 3.6k (419 Mask + 3246 NoMask) Recall (%) 94.58 74.46 97.13 70.88
Accuracy (%) 92.28 94.13

ZR EPTIR, AR SCHR I A N R O BRI B i, AEAN ISR AT T RAIE, BT
HERS A B PTG AT M RSB R K.

5 HiBEERE

AR SCHRE H NI 1 BRI A1) 4 AR 5 582 S A 0 FH R A g e 2 7 A i v 1 5 ) X — H A,
BEx PR AR | B REAY L B | DI SRR FE AR G, B A AS AT ARG B IR BB AR & A
FERURR A FH 453 K R B R SRS RN B 3 i 2 7 vk, I TR AR I — B SR A MR T 5. 2020 4E 1 H KL,
T IX — R B T 2280 R REH 2R R LA S B BB &P, BETEH BRI AT R T I — 4
AR BB HTF & L ZE RN 5 IR 1 5 DL RS 5, DAk — 0 B AL A A B3, #
4 713 H, BeeE ke £ OB s 2 E 351 M. B 2020 4 2 A 19 Hig, X2 M SRR 1
ART7 R AR A 2T BEFITFEY | A N R 5 ] POl (B SE R R IR R, Be & & Fh L ik
B KB R ALV NI RSl | A PR 8 B 3 T (4 42 4 AR PR AR DR E , T R T A SR IR 1 B
LI A FAGE SERF AT U 5 3K . XA T AR B AR B I A S P A v, PREE N IBE A HE A0 A= iy 22
A —SEH, SERZNRIL T R E R RS 2x, HEBNA B R R i B KA fE.

4) http://github.com/didi/maskdetection.
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JEEAROR, ATERE BT e BEEOR IR I, /5 ZRR SR BN T 5, 2 3h 2 4 5 2 B S i i

A, L SR A I3 AR 7 9% 3 M A PR A TR ) 0 AL, 8 AT b AL N 5% B 8 75 R 1 T, 2
AR S SR BT TAR BB (R B (R AR5, I 22T S BOR R T A T PR S oA
FE AR FORI SN A P 7 T AR B A4 R A e, SE AR Ak 277 ) 7 77 T T R e 47 8 32 J T B¢
BE.
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Mask-wearing recognition in the wild
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Abstract For public health and safety, wearing of masks is one of the most significant means to prevent in-
fections. Additionally, masks protect employees of heavy industry from certain diseases during manufacture. To
meet the demand of automatic mask-wearing recognition in scenes of life, we propose a recognition algorithm
based on face detection and face attribute recognition. The face detection model not only adopted a fused feature
pyramid and a spatial and channel attention mechanism but also a segmentation branch for weak supervision
learning. Then for the detected face, we used classification for fast recognition. Moreover, we employed nearly
200000 images, attention mechanisms, data augmentation, and other techniques to enhance the robustness. Be-
sides, this technology has been widely used in Didi Chuxing’s inspection systems and achieves 99.50% accuracy.
Importantly, both the service and key algorithms have been opened to the public to maximize their social and

application value.

Keywords mask-wearing recognition, face detection, face attribute recognition, feature pyramid, attention
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