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An Implementation of CNN-based
Real-Time Face Mask Detector using Jetson Nano

*
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Division of System Semiconductor Engineering, Sangmyung University

2 o FEupEtolg| A9 Antg uty] 3t 7P FAH ek wiA A Z-goluf npA T Z-E ORI} AP E 1ol
T upAT 2Rgo] AAAA = A97E Uk 3] W thsol &AHY B vhAT w2REAE Aol dYo] gelst
AL E7Ms0 7M. B =RollAe A9 SHAE SEsta, ZEYHto|H A9 AutE WrA|staAt g 7|9 AA|

E %7191 Single Shot Multibox Detector(SSD)E ufA
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Abstract The most realistic measure to prevent the spread of the coronavirus is to wear a mask, but
there are cases where wearing a mask is not strictly followed even though it is mandatory. Furthermore,
it is almost impossible for people to check if everyone is wearing a mask in multipurpose facilities or
gatherings. Hence, this paper proposes a real-time mask detector based on deep learning to overcome
human limitations and prevent coronavirus spread. The proposed method uses the Single Shot Multibox
Detector (SSD) to modify the number and ratio of bounding boxes to facilitate the mask detection and
optimize the number of feature maps. As a result, the proposed network accurately and quickly detects
masks in real-time on Jetson Nano. It was confirmed that the proposed mask detection method reduces
the execution time by about three times with the Jetson Nano compared to the VGG-16 based SSD mask
detection method. In addition, the proposed mask detection method showed a mask detection accuracy
that improved by about 7.05% in mAP performance compared to the MobileNetV1-based SSD mask

detection method.
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| 2O HA(SARS-CoV2) AFEIZ A AA 7}
e elof] WA it FRUHlo|H A= @A) TRt WF
o= W3lelal glon, S SAIFOE o2 Hioly
2= dEl Holuto]HA(lineage B.1.617.2)°]th. dE}
Holulo|# A= dup WHoldlo|gAKTh Hujgo] oF
1.644] =11, ZAA 49 913o] 1.858) =& Zo=
L FCHL]. Z2HERolg A HEE S Autsl= A
o7 dHA Stk vE FARE BA|5] YofiA= kA
3 2go] dZolt). mAd g2 FZ2Hlo|HA

AE 90% o WARITH2). WAl HES e=met A

= E3 ASE FESHA] PoW AAEA =9 A4
o] dold = it AA| 20214 7€ = WjASA =S
oA it PAF o] F FHHE 469 F WA HEZ &
23t ARE 34678(74%)%1 BA7F CDC(Centers of
Disease Control and Prevention)ofl £&15}H, CDC
ES WA JE A=A g vpAT 28-S EAsk
AH3]. 1 AR ARES vtAIE 2RO
3, AE &Y 5 thF ol 8AIEES HESt] WY 432
= FJEtstar Sitk. ok o] &A1Y miAa ZHE-S E9l
st7] 9o e g 2 AF Qlgo] BYEI it o]
23t Qlgo] BYEHE, BE Y9 ntAa g3
gRlst= AL E7Fsol 7HAth oA & =2olAes
el A & miag 2R FRlS 91 geid 7R A
AlZF kA AE71E AjbetaAd g

E =504 Ajet mtAT HEY] B2 o33 &
o} AA, 7]Ee] 7" kAT 2HE o} HEV|HT
mAP ¥ F3AIZo] FF4E Mask-SSDE AlQtor3iTt.
X, dF9 EA4S EAsto], A BvrA9] AeE 2
v £of, A4 HE YEIE AFSetet v
2 AIAS kA3 AE7] Mask-SSDE YH|T = tiufo]

o

291 A Hieof] 74
AFAt.

2 =29 e vt
= fl8 A "Ed 7
Ea) ¥ A7 4 Il o
FAs MsA Agdd vaa
Mask-SSD9| 29} Aot ¥Hie 2
A|rE Mask-SSD9] A% 374 € A%
I AR oo g 55of A ARl Hisf 7]

stoq,

=
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e

A7

3 718 AA A& 71HE 2A F 7R e E
T 4= Aot AAY YA E Z= FFA(Regression)
g7 AHE £+ (Classifcation)sh= ZHgolct £19]
st ol Aok AL 194 7t 44 HE
Ao, 284 7Ht AA AE7|= SAHeR
F Y Aste] AAE AEST 194 715 AA|
HE719 t#AQl o2+ SSD(Single Shot Multibox
Detector)[4]2} YOLO(You Only Look Once)5]7F 9L
ouw, 2gA 75t AA FE7Y dEHR] dE=
Faster R-CNNI6]Z Mask-RCNN[71°] Sit}. 1544 7]
gt A A&7|= dutd o= 254 7[Rt AE7|ET &
Tt HiERRE, g Wrial dEA QIThal
I5olME SSDI4l= ohFet 2719 £7 H(feature
map)& F&sto 27171 T E o7 AAE FAlol F<l
g o= Qle o] Ut} SSDE VGG-16[9] 71&
EQd(base network) = W2 Y EI(backbone
network)®@ ARSI VGG-16 WESI= HHO 2
717} 308 149 AEFA ASS 139 Bty &
A dEd A 3H Bkt YEYT A5t 7
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Fig. 1. VGG-16 based SSD architecture.
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EAIA =2 HL=E G-It VGG-162 7=
YEIZ ARESE SSDO] 2= Fig. 13 &t} SSD=
% 6719 B4 WS 25310, oy 7HA] 2719 B W
o s Z7] o& 7li9] AA ¥ (bounding box)E
Boll HET AA9 /A 9 FgS &ttt 24 £4
o] gt fAG 471 E= 6719 94 Hl(aspect ratio)
2 A ¥tart =] lew F 8732702 "
ot ol EHE 77t &2 AAU Z717F & AAE
BAll HEE 4 QU

Fig. 19] wixg} @A Q=
suppression)= 12| 712 £4
2 A BA F 7MY =2 JSE VA Sl A o
A5 AdEgith woF AA drao] gt 4Tt
IoU(intersection over union) YZZt B} oA F
Ao, oE A WUAET vuste] 7MY =2 A
£ 71 Qe A GAE Z WA)oloh wHEH 17
= 590 HEH 7P fARRE A BEA shURES Hoj
A "
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Fig. 2. Inference time analysis of VGG-16 based SSD

Fig. 2= VGG-16Z 7|& HEYAZ ARE3E SSDE
FAete 229 YEYA ¥ 9 A7k 245 2
£ HoErh 747 At 9 AEekt A8 A7hE &5
3t A3} Fig. 29 2ol 7]1& WEYFRI VGG-16&
Pot= AL HIFO] Wi F AS AT 4 U=,
Al QAT OF 94.89%F AFAtTE. whEbA, AAZE
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MobileNetV1< Depthwise Seperable A&F4S]
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FoHE 5ol Hubd HHfo]AoA agHow BRS¢
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T4 Depthwise ZEFA A4} Pointwise 7
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MobileNetV2+= MobilnetV1°] Bottleneck Residual
blocke] =¥ YEYFo|t}l Fig. 32 Bottleneck
Residual blockS WERHATE. Depthwise Seperable
AEFA AME 9 AEZo|E(stride)Ftol Wt 4
olelE &9 tlolE¢} Hole B4 2 SltH1ll &
St Fig. 39 2Ast FLRE RelU67F ARSH I
ReLUGE 7|E ReLU $pollA] A3Hde 602 Fol of
HEo] 007 Z} Q= 34 EX(sparse feature)e=
&3l =5 © w=A sk 4= 12l COCO HlolE
A13]2.2 F#E MobileNetV1o] 7|& HEIZ A}
&4 SSD2t VGG-16°] 712 Y EYAZ AMSE SSD2
435S vt Ay 45AEQ mAP(mean average

precision)#to]l °F 1.8% 3seatitH10].
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Fig. 3. Bottleneck residual block
(a) stride=1, (b) stride=2

MobileNetV2e] 7[& YE/I= AME SSD=
SSD-lite7} AQt=iet. SSD-lite & o HHIY ¢
Hio| Ao XASIE| A At HIEfT0lH, 7]& YEL
35 2 BE HAEFH A4S Depthwise Seperable
AEFA A4 g wAste] nefu]eo] 27]1& <oF 7H)
Z9It}. COCO Hlojgixloz EHH MobileNetV27}h
712 YEYIZ AR8H SSDF VGG-16°] 712 YIEY
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Fig. 4. Proposed Mask-SSD architecture
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Table 1. Modified MobileNetV2 process

Input Operator t n s C
2 Conv2d
300 x 3 3x3 - 1 2 32
150° x 32| bottleneck 1 1 1 16
150° x 16 bottleneck 6 2 2 24
75% x 24 bottleneck 6 3 2 32
38% x 32 bottleneck 6 4 2 64
19° x 64 bottleneck 6 3 1 96
19 x 96 bottleneck 6 1 2 160
10° x 160 | bottleneck 6 1 1 320
10 x 320 Conv2d - 1 1 672
1x1
2 AvgPool
14" x 672 %2 - 1 1 672
2 Conv2d
13° x 672 1x1 - 1 1 1024
Last output 197 x 1024

ot o] e, oln &3 E4 W2 Table 1
9] sHA g9l Yo' Fojk= *‘—5773 WE ojugitt
F&%H E4 W2 Fig. 39 Convolution block¥ &2
AihS AA R AR S F5f SSDE] A% g
gotA] gt ﬁriE]J 37174 191 AEFA A4t
< B9l de] A9 SRS £tk B He
Zlo] A ThEo] Ads| 'r‘:}

Fig. 5= Mask-SSD9] 7|2 Y EQIZ ALLH ¥y
= MobileNetV29] 25 Hoj3il It} Fig. 59
Residual Blocks Fig. 33 SYst Fxo|ct
MobﬂeNetVZQ} 24 ER71= s, B &

dlo]oje} Fig. 39] convolution blocks ARES}o]
Fig. 49] Conv7# &2 #x2 TEU.
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Fig. 5. Network Structure of Modified MobileNetV2

Table 2. The number of prior box by feature maps
with aspect ratio

Scale of The number
Feature A Aspect .
Feature map bounding N of bounding
map form ratio
box box
Convd 3 | 3838 0.1 L+l o ess
extra
11, 1:2,
Conv7 19,19 0.2 211 + 1,444
extra
1:1, 1:2,
Conv8_2 10,10 0.375 2:1 + 400
extra
1:1, 1:2,
Conv9_2 5,5 0.55 2:1 + 100
extra
11, 1:2,
Conv10_2 3,3 0.725 211 + 36
extra
TOTAL - - - 4,868
Table 2= Z47F 229 7+ 4 99| 77], o|9]A]

H] A BkA0] vlg, F4 6], F
<%0 gtk 7]& SSD ofu] ARt
A EAE 2 Sl AE AT 4 qinh mRAA b
2k 9 mATE ZRESE ALY 7:’:‘7" & S 0= 517

of, A9 d= Hl&9 7|Eo] ¢ F8sith 4=
SEHE 1:1.16801H, thE-E-o] 04%_ 2:302 FA4H
A]—71—cé__§ E o]— P O]q_‘ﬂ_ o}]q—[]_ll 7—‘1‘1,]—7(‘]& /\]-%
9 A& Hl&Z 1228 9A 719 ol=gt 7S B9
g HlE O]ﬂ% 5% AASt}. Table 200 714€
Aspect ratio9] extra Bl &2 54 §9] g HAz} 77]

7} ohE 111 3719) BA) Has ojujgin,

A B9 %71 7]
bl 77 4,86874)

Eoﬂ.

m&"

ol AollAte & ==l AlFE Mask-SSD] 4
52 IRlshaAt AT AY & 3 AYEIE AA|
3] At} HEQAS] ARl A2 Fig. 69 &
. &3 dlolEet 4 EolHE o] E¥ista Y

HiolEE S8 deAEae Attt ofF ARt
S2to] 7R A Ikt AltE Mask-SSD A4 4
2 71HE AA @38 A ol oj4ste] 27 Ak

@—»O —»E—» .
—/

SSD
Input Preprocessing Batch Train Model
Data Save
L 2

Test f'.- A{& —} O —’ MS:SDk
v _

Predict with Mask
saved model detection

Input Preprocessing

Fig. 6. Overall processing for Mask-SSD
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R At Aol /15UA Felsh] 99
% 7b) $4% skt AL GPU glol CPURH

EAsk= PC 4o, EAlE AMit= tuto]AQl A
& Uk HE 3ot} PCY #9 CPUE IntellR19]
i7-8565U% AR&319]al, RAMS DDR4 16GBolH &
IAAAE= Windows10 64bitofA] AL ZY35Ict.
A Ui HE0] CPUE 64H]E ARM ZE2A|A A570]
ARSEIY, RAMS LPDDR4 4GBolW 2HAA=
Ubuntu 18.045 AMgF S04 AES Zgstgit.
AL Y HE9] 7P & EA2 128-core NVDIA
Maxwell™ GPU7} &Ai=]oigict. Aok Mask-SSD
A AZ 71HY 1L BT Pytorch ZHYYIE A
83191, Pytorch 1.9.0 H&-& AREsIct. F4AE
=2 95t HEL2 OpenCV-python 4.5.3 HAS ALR3

kAT HES AR HlelEAll15]2 & 7,959709) bt
&3 2g 9l vpag wj2kgAte] ojuj x|z} Aof Qi H
OlEME Stz Belstel Yo o] ‘317%‘% =y
Hf20] 37t A5E 5709 ofn]A] Hlojels &7 5
ot HlolHE Y= 4] 6,115719] =¥ dHlolE Al
1,839719] A% dlo[EAlo® Wit thefgt HlolH
< HEHA A A0 A 271E WA olet
SAOl A4 A& HEAZY A2 271 A8 dlol
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HuloldE AIEE A8

F7](batch size)= 8= dHsto] THZ Pttt

4.2 MsSX|HE

BeARE AMGH  FUZ(precision)®  AEE
(recal)¥ mAP 3t A4 8l TP(true positive),
FP(false positive), FN(false negative) A|¥E AR5}
Fct. TP FgeiA g wdst A& oulska, FP
€9 A& AEoE st A oudith. FNS 3
= ERC B 4, & gA6H] 13 AL 9w

AT AHEE arel fJdge A2 47
Eq. (D7 Eq. Q)2 #8T 5 Ak U=t fdee
Eq. 3)3 Zro] xshg oz Yehfo] & Yehf
= H5AH#2 Fl Scorez HHT 4 ot E3H A%
AEZA U} QEE 119 FAS dx HeaE W
SHA = gI9] Yolg AXlsl= AP(average
preciosn)7t 3itt. ojwf SHA & APS] HehS FHSHA|

-

= kel
= o

=
[

oo e

A
L.
T

~

7
[
=

Qtﬂ /\(B]%X]Eoll HIAP'S- :I]_ﬁ‘_;]"_ _/[\_ 9;111]'
sion = — 1P __ o
precision = —5 s
TP
recall = TP TV @
f1 score = 2 * precision ™ recall &

precision+recall
Where, TP denotes true positive, FP denotes false
positive, FN denotes false negative. F1 Score is
the mean between rate of change that express

the accuracy

4.3 HgEy

Table 32 4719] 7]& YES=] gt ssDe] A}
2 4= C(Class), TP, FP, FN, PR(precision, gY
%), RE(recall, A@8), F1 scoreolt). Se2E E5F
oA, M wkad 2§ (Masked)oll tigt A AT o]
= upA 1282 UnMasked)o] thgt A9 2}

_ﬂ, 20a=
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age

ojct. 1,839719] Ad dlolEAlE o]-&sto]
IoU(Intersection over Union) #°] YA &l 0.45
Hoh 3 39, 53 FA FoF A F4R1 058 ¢
= A%, A4 200719 g A&t dHoE 14

slo] W7k Astoct.

Table 3. Comparison of performance between
different models

Model C| T™ |FP| FN | PR |RE | FI
M| 974 | 48| 68 |0.95|0.93]0.094

VGG-16  SSD
U | 1594 | 75 | 304 |0.96|0.84|0.90
MobileNetvi | M | 818 |53 | 224 |0.94|0.79|0.86
SSD U | 825 |50 | 1073 | 0.94 | 0.43 | 0.60
MobileNetv2 | M | 823 | 47| 219 |0.95|0.79|0.86
SSD-lite U | 793 |42 | 1105 | 0.95|0.42 | 0.58
Mask-SSD M | 911 |49 | 131 |0.95]087 091
(This work) | U | 1342 | 91 | 556 |0.94 |0.710.81

Table 30f|4] &= H}e} Zo] F1 Scorex= MobileNetV1
3} MobileNetV29] 47} 4ol % A& 1T &
Ut 53] wpAT wjzRgApo] gt AEEo] dEH o
2o AL BRI 4= k. ol= HEElA W A
kA B8-S ouight. Mask-SSD2} MobileNetV1
9] F1 Score® H|WHES w, ufAa 2R8Ak9] Fl
Scoret 9F 0.05 ¥11, FkAT H]ZREAS] 49 0.21 °]
A =2 A8 Q1% &= Qltt. E3F MobileNetV22] F1
Scores H|W5I9ES o, ufA" ZR8A9] Fl score=
oF 0.05 &1, ukAT m2REAke] 49- 9F 0.23 B2 A
< % 4 Stk

Table 5= 1,839719] A doJElAl 7|9t = mAP
#I FPS %9l 45 vlastgrt. o7]dA= 9
FA H4or A "4l 058 9= 494 0.01&
Y& 492 vpto], 200719 vhed stAE 7o nE
Hohd = Qs 34 S WA FPS g2 &
A AAGE PC 3733 A& e JH|Y & HHfo] A 31
ofl A 5k 30709 ZH AL ALgt F 200=H Aof o
g S S groltk. Y dlolE 9] 7] 7tEA|
2 2% 300019 FHlEks HD 3HQ1 720pE 1145t
of g HlolEE Wotth Ad ¥ FAE FE&31] H9
olm|x19] 7] 24L& OpenCV9| L& F A
g Aol HHE o]835t H7FHOl cv2.INTER_AREA
WS ARESRYT

=

1
-
g
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Table 4. Comparison of performance between VGG-
based SSD, MobileNetV1-based SSD,
MobileNetV2-based SSD-lite and our
proposed method.

Model mAP PC Jetson Nano
(%) (FPS) (EPS)
VGG-16
D 89.4 1.96 2.25
MobileNetV1
SSD 78.15 8.62 9.51
MobileNetV2
SSD-lite 79.04 8.51 11.15
Mask-SSD
(This work) 85.2 8.18 6.92

A|QFeE Mask-SSD 712l mAP 2 VGG-16 7|4t
SSD Rt} oF 4.2% HojA|L} FPS= PC S04 oF
4.2v] AF5SA I AL e HE A= oF 314 A
ST}, MobiltnetV1l< 71& YEYIZ 5438 SSD thH]
mAP g2 ARt 7|Ho] 7.1% =1, MobﬂeNetVZ
SSD-lite HHHI3H 6.16% E2 A< & $ Utk

carhartt

b
Fig. 7. Output images while real time detection. (a)
Real time detection result (b) Picutred while
real time detect on Jetson Nano

AL Ui Beof QMg Mask-SSDE 483 23t
L Fig. 73 2ot AAHoR npAgE Z851A] gl
Yol AT viAIE ZEoka YAekE Al

(HE s dEshe 2e g9

shelgt 2 9t

5. 2

rhu

2 =72 AR &5t geld 7)nk vpaa

AE71%1 Mask-SSDE AQtstdet. AHE Mask-SSD
£ 7|& SSD tiy] &5k £ WY & A7 A5t
I A vrx9] Jf4 TS Hitol 717k 4,86871E 7t
121 AAE AEcke 5L 7t MobileNetV1
SSD2} MobileNetV2 SSD-litetH] mAP gto]l &2 A
< FRISHAT, VGG-16 7] HEYA 7|9t SSD tiH]
oF 4Hl9] FPS 5 2 sttt

FE Aol CCTVEF 22 AT it A
ol A AQFeE AT HE7|7L AAIZEO R F&o] 7HsT}
T2 dyy 918EL 7Kk A|AEH A1E RS

olFdolc}. Aot miAT A& 7IL WAL Z|eHd AL
o} o] EEA b7t o] &t F3A oA viAaE
AgotA AET 5 U Ez, F7F ATEA AXTES
2 3ESIE gr)d stEE 7| A viAT 2HE ofE
£ AESIo], vpaa 28R F9f '50] Thettes
Sk WRkE Aret oot
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