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Deep Learning-based Approach for Visitor Detection and
Path Tracking to Enhance Safety in Indoor Cultural
Facilities

"Wonseop Shin, ?*Seungmin Rho
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Abstract

In the post-COVID era, the importance of quarantine measures is greatly emphasized, and
accordingly, research related to the detection of mask wearing conditions and prevention of other
infectious diseases using deep learning is being conducted. However, research on the detection and
tracking of visitors to cultural facilities to prevent the spread of diseases is equally important, so research
on this should be conducted. In this paper, a convolutional neural network-based object detection model
is trained through transfer learning using a pre-collected dataset. The weights of the trained detection
model are then applied to a multi-object tracking model to monitor visitors. The visitor detection model
demonstrates results with a precision of 96.3%, recall of 85.2%, and an F1-score of 90.4%. Quantitative
results of the tracking model include a MOTA (Multiple Object Tracking Accuracy) of 65.6%, IDF1 (ID
F1 Score) of 68.3%, and HOTA (Higher Order Tracking Accuracy) of 57.2%. Furthermore, a qualitative
comparison with other multi-object tracking models showcased superior results for the model proposed
in this paper. The research of this paper can be applied to the hygiene systems within cultural facilities
in the post-COVID era.
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2.1 Convolution Neural Network (CNN)

A AT A G2 1 2 o] dlolH =2 S H o] Ql7] wjZoll ofn|A] Ho]ElE 1 2k
FEl= Fust A7 = A olA e AR EA o] Qlar g g2 7he A oF |ES A AL /7]
o] RS Shg 9 FE W&ol Eu witol] o3k A A3t7] $138k4] Convolution
Neural Network(CNN) 7| #| ¢+ =] 31t}

CNN 2 AT 7x5 7 o I+ As
layer) 0. o] Fo1A vt A AT 2 ATS ol &ste] Y HolHERE 54
(Feature Map)& el iv] aakel dlojgf o] d45 adz AT 4 Utk BHE sk
718 21787 71 # vl sk o] A2 stekn| 8 S 7HA L gL7] Shegol] a3k H)g-o] A A St
ole] gk 545 7HA AL = CNN & o] -&3ho] o|u#] A e]et HFH Bl okl M odow
285
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Convolution layer)?} #% 7% (Pooling

~

22 A HA AT

R-CNN[5]> CNN & 213 ©%](Object Detection) #=°Fol] 22 283+ &1z F o]t} Region-
based Convolutional Neural Networks 2] °Fx}= A7} 1S A T &
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dgste] $H Aol 5 WS FE8h FE3 54 WS Soft Vector Machine[6]S ©]-8-3l
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7te] 2ol & 853k A st 4= 9l T}, 314 Uk Region Proposals 2 o A] &5+ $ 1. o & Swjr}

rlﬁr il



5 JOURNAL OF PLATFORM TECHNOLOGY VOL. 11, NO. 4, AUGUST 2023

A& sfioF st7] wjZel k5 Hl-&o] Bo] Evk= WAlo] lof ol & | Ast7] 9I8f Fast R-
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’ A Multi-Object
Tracking Model
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Figure 3. Visitor Detection Model Process
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Figure 4. Detection model inference results
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Precision(P) = % 3)
TP
Recall(R) = —— (€))
F1-Score = 2 * P xR 5)
P +R
P+ 2HO| True ¢bal 78 A3 5 AA| True Q! ¥l &S on| gt RS A dEolghal &4
A True Foll A Bdlo] Q3sAl o 53 18-S 2 v 3to) Fl-Score = P9} R 2] 3} o o]t}
E()S HEA gx 2dS PGriak Folth AL 963%, WIS 852%, Fl-Score 90.4% =
3 7ksaieh.
Table 1. Evaluation Results of Visitor Detection Model
¥ 1. 32 9 vl gt Az
Class Precision (P) Recall (R) F1-Score
Person 96.3% 85.2% 90.4%

=
PR FAL B =R o]4d RS A5g APHor Prleddn, e F4
e} g A 0w v wekglth E ) i) P 31 2l g 9/he A o) o) Mulki-

Object Tracking Accuracy(MOTA)[16], IDF1[17], High Order Tracking Accuracy(HOTA)[18]%
o §-3ko] B 5t3lth. MOTA = 2] 54 9] 43442 54 3H=6] 1§35 = A\ Lol v]. IDF1 &
A A H A S SAHF}] Yok ] E ot} HOTA = A A F4 9o A S SHs= A H=,
A9 AR, 271, % 5 AT HAAA AR F4 458 ARk e 24 Rae
MOTA = 65.6%, IDF1 & 68.3%, HOTA = 57.2% % xg 2kz) o 2 Wrbskd T

Table 2. Evaluation Results of Visitor Tracking Model
R i e et R

Class MOTA IDF1 HOTA

Person 65.6% 68.3% 57.2%

a9 6> A Ul A I TGS ol &ate] V&Y FAREN B =i Ko
F4 5& v ad Aoty 19 6(a)i= SORT RS o] §-38ko] 48 Afolt), #L 2 <)
&<k Occlusion | A TH7F hA] EA =S v A28 ID 2 v = S FAE = Ak 19
6(b), DeepSORT = &2 Z g & Occlusion F %= A& A ID S FA 38R A1 71 Z ¢
&< Occlusion 5 °] gL ID 7F vh7] = A& S = St 11 6(c)= & =22 4 22
A2, DeepSORT | 4] ID 7} vh¢l Z 2| 3} v s B kS wf 2 =32 o] =23} Person

o

|
7H ] ID 7} vFA A &= A S 82l s 4= 91 At} SORT 9F DeepSORT E. 2ol A = F4 1 A & o]
54 2y &< Occlusion =W ID 7} v AT, 2 =Fo Ao F24 rdle nlug +
E 91 v} Occlusion © 7213} o}
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(a) SORT Model Results (b} DeepSORT Model Results () Our Results

Figure 6. Results of Audience Tracking Model (a) SORT model Results, (b) DeepSORT model Results, (c) Our
Results.

I3 6. W2 2 29 A3} (a) SORT model Results, (b) DeepSORT model Results, (c) Our Results

SEARE, = oj A o] w el
UrEME} I 7(a)E WE2
SdFE AT 1Y 7(b)= ID o] H
I Ak 9 o7 A FBFE QT

olg| gt FA|E s Ast7] el AA 3 A W 2 dlolE & dlo]E Aol F715le] §hA
nds 6**/\174 Hot gy €21 2 7SR E F4 Bl AEA 7 A, F7HAQ 4
o] el I g3t

= Failure case 7} £A)gtt}. 19 7 2 &%) 2 1D st A9 Al# =
2 2 oAt 4 o] &= 3\ 2 HA 53 o]of 9 ID &
AE Atglolt) gxd WE o] g u= 23 o=

(a) Failure Case Of Detection (b) Failure Case Of Re-ID

Figure 7. Failure Case of Detection & Re-ID (a) Failure Case of Detection, (b) Failure Case of Re-ID
a9 7. €2 2 ID &4 A3 A4 (a) Failure Case of Detection, (b) Failure Case of Re-ID

V.2E

B =Ro s EANS F43517] 95)e], HA CNN 7|4} Detection S Sh<5 A A AbghS
gx]stm g §A RS o] &ato] 45 gk MoT B dllof] A -&3to] WS 5233t
Crowd Human Hl°J¥] & 01%8}04 Occlusion 3]0l Wolx] o= Ao FE71A
2141 3}+= CNN 7] %} Human Detection =22 3H<5 A F T} V\’\] 71 295 Realtime ] 2 §+3F
Human Tracking 5.2 ]| 4 -§-3}o] 7 0] %] %e A A -7 o] BLFo] 7 A Qo] = W7 o] A
'5:]}\1-0 1240]_04 ZPQO]_O:]];]_ E. =5 Oﬂ/\ﬂﬁﬂ EC}%ZH %]—X] E\’:i_,l% lﬁ% XéQ—J_Q,]- é}}}'_%
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HojFglom, 7|&E] 34 Rl v} A el A
A A B A] o) A Lslo] EshA A U WA

AR, = R H T Al ekA 483 21 o] 18] Occlusion § THA] =418t 31& ] s &
e D 7F Wk = A ZE A Sk Sl Al S sl v etk F w s
ol 71 A83t7] A, dA A A ZAE sldsty] f F7F Aok 93y
FA4 Sol 49 9 F4 & Gray Scale AN s FH e A72 Wy
Aotk = WEAs FAT F T =l Mapplng sto] FA " WA TAS
FASAL A e AT E AT ot FU AT ES S8 Bk A e BEA S 45kl
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