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ABSTRACT

While IoT (Internet of Things) industry has been spreading, it becomes very important for object to recognize user’s information by itself
without any control. Above all, gender (male, female) is dominant factor to analyze user’s information on account of social and biological
difference between male and female. However since each gender consists of diverse face feature, face-based gender classification research is
still in challengeable research field. Also to apply gender classification system to IoT, size of device should be reduced and device should be
operated with low power. Consequently, To port the function that can classify gender in real-world, this paper contributes two things. The
first one is new gender classification algorithm based on deep learning and the second one is to implement real-time gender classification
system in embedded board operated by low power. In our experiment, we measured frame per second for gender classification processing and
power consumption in PC circumstance and mobile GPU circumstance. Therefore we verified that gender classification system based on deep

learning works well with low power in mobile GPU circumstance comparing to in PC circumstance.

Keywords : Gender Classification, Deep Learning, Embedded Board, Low Power

AR Yelvle B fFdAe | 7y s
A =l

2 of

A Q) 900] SV A A0S SAT B ol B} a2 QHE Qo] A Fadi. 25
(3, D& HESAS Fot Goh Aol thea AHAORE Ashe Wk B dEl W Fae Akt AU AF olnlAE 7
Doz B AN AN BEA AL 5P UGUE O AAE AT 9o olsl Eae ololt), Telm AR A 4Y
& AR QEYEl 8] AL tutelx 2718 238k AAS ] AANOR TEo| bssler Ik mekAl B =RAE AR
2 A AR ES A¥F £ gt 15S B A8 8 ey nel W A8 BuelEe At oF mutd GPU Yuirs
ueol Tesld HFAeE AN AUAY Axwe TR AL 2 23 A A5 Zeld) £8 PRI e
GPU 9¥ItI= 874014 Z4stel Ade 4% 48 4ol 58S Fustath

JI9S: M 91 B Bd, YHs 2=, HEY

.M 8 255 gk AREQIEYE AdE @A Abzol IH
J HEAR AZso] Al &7 FdE= MuaE <
H AEAEY(I0T) 7|20 AAANA AL o7z Aol sedez Aed & e 7es B 2
Mulag Algetr] feir = AFEAtel tid Abd RS A

% o E%% 20155 At‘(u]a]/d—x ep)el Aoz g5 2Hlo] TFAoR AR F glojof gt
o UL TN T e PSR A A RN 49, 99, 9, 48R0
%17_8_011*194 q% M(ueep Leaming) 71% A2 98 949 A% 2 AA 5 odE aavt vk a2 FAME, AEE |, of 27
B L A of el Atal oz s Gate] vEulll, 4Esy
- ;ﬁgﬂl jﬁg W} ;} ;’j{ijj H{j{i{jﬁ SAE g27] el ARgAte] JRE vepsh=dH gl
Y $203)90 KAIST 217] 3 dA-883} gag TR AFgs h sANE e Aol Abgvith ¢
Manuscnpt Received : July 7, 2016 =z *371:]}\]1"]' U1E] iE]‘%_] ] E]—_E_ ] “Hv‘z‘oﬂ *jtg?_é]-,o:

First Revision : August 30, 2016

Accepted : August 30, 2016 =’ O wx]Ao —
Corresponding Author : Yong Man Ro(ymro@Kkaist.ac.kr) AT A v =Sl szﬂi A AR H1-2].

*



38 FEMEIS=2A/AZER0 & HI0IH S Hed M1=(2017. 1)
Cl SI C!

mE m»m»»

Input Image Preprocessing

6@3232 6@1l6x16 12@12x12  12@6x6 12002x2

male
N, <
: (] female
Multiplier o ’ ’ Multipier 0
ot . . M A
256 . . 20

[}
H o
N, !

Fig. 1. Deep Learning Network for Gender Classification
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