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Personal identification by deep learning for entrance and exit management
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Fig.1 Skeleton information from OpenPose(s)
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Fig.4 Generating unknown class data
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Fig.5 Constitution of second learned network
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Fig.7 Targets of identification

ZIT, x,y FAMRESRTOREE, u,v FEMBROEETH 5.
72, RIFAREGOMDYERE, o fdTnZ0GAMA LA
ERYT. m FEBROMEEERL, RATRT.

k

m= cos 8 (14)

WZ&D, BLIZE S AMD SR ETNSLSRZ50%
FHET 2 LS ICHEBGEPIERI NS, DL EDE % 1T 5 72 [Hi4
(Fig. 6(b)) ZBEHHEED AT L LTz,

312 ERT—%

AREFRTIE, Fig. TITRTAANENRIHENET 72, SA
SERTROBHETH b, WA AE TRV, F8ELZIL—
b ERREED T AESNTWIHEZRE L, TS DEHEH
SERIEREHEL, T—X2HBLE. FT—&0D 8 #Hx%H
H, BROD2EZFMAOT —K L Uiz, £72, AADONEHE
D> b—%EMWHE L LTH, EEHEIZIZZOENEDT —
REZEIHHL AW L& L.

3.2 ZERER

DIz, F—FPEE T L BENEBIFERZ2ESTIITR
L7726 D% Fig. 8 IZRd. BATHITIE, NAKSPRKEWE
THDHIZEWIEELEH N & 2KT. Fig. 8 Tk, HMAKS
HENEKREL, BWEK, HHEK, FHA i%ﬂ%ﬁ’wi 94.5%,
93.9%, 94.0%TH>d. ZDZ 375“9 F—EETIVIZEST
BRER» SEAZFHNTETNE D X?bvbiﬂ

iz, BEEEETIC J:éﬁl)w’éﬁﬁ”%%%(ﬁﬁ?ﬂfi@b
726 D% Fig. 9129, Fig. 91Z2WT, 00254 FTDOINR
IVDEHID 7 T A, 5 DT RIVDBRMD 7 T AWE Y YT 5N
TWa. 2KTOMEHE, BEE, FMHERIZTNZNIE 87.8%,



confusion matrix

0.00 0.02 0.03

0.8

0.6

True label
N
L

0.4

Fo0.2

Vv
Predicted label

Fig.8 Confusion matrix of identification result by first
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Fig.9 Confusion matrix of identification result by sec-
ond learned model
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