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Gender Classification using Gaze Distributions for Privacy-Protection of Training Samples

Michiko INOUE, Masashi NISHIYAMA and Yoshio IWAI

We propose a method for classifying gender using training samples after applying privacy-protection. Recently, training
samples containing individuals require to protect their privacy. Head regions of training sample are usually manipulated for

privacy-protection. However, the accuracy of gender classification is degraded when directly using the protected training

samples. Here, we aim to use the human visual capability that people can correctly recognize males and females though

the head regions are manipulated. We use gaze distributions of observers who view stimulus images for the preprocessing
of gender classifier. Experimental results show that our method improved the accuracy of gender classification after

manipulating the training samples by masking, pixelation and blur for privacy-protection.
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Fig.1 Examples of pedestrian images where head regions are completely

masked for privacy protection
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Fig.2 Examples of pedestrian images after applying privacy protection
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Fig.3 Examples of stimulus images for measuring gaze distributions
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Fig.4 Average images with and without masking head regions
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Fig.5 Experimental setting
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Fig.6 Examples of stimulus images on the display
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Fig.7 Gaze maps generated under the conditions Sy and S2

P o EEhEE 16484 L.

Py EBRHGHEE 1 HT VX LTRCH U

P SIRMLE S GHT 2O MEE ST £721E S; DY
HOMIZT VR LITHRE LT,

Py RS OB ERDOMR % B35 X AT 2 FETT
5 & D ITERIGIIFITHAL 7.

P Rkl E 2 BEERR L 72,

Ps : 7V ALMTERIN-REE G 2 FOERR L2,

Py o HtamGr 3 RRRR L, EBREIIEICOETHEER
DM ZRIZSE .

Py : FlE Ps » 5 Pr % FIFEE OB K L 7-.

Py 2 COEBBHEIKRTTE2ETTFE P, 5 Ps 2%
DiRU7z.

Wiz, g~y TOEBRFIEIZOVWTHRRS, ZZTlF, F
NI Ps TRHAE Nz ERRALE DD S, STk O L ABkDOFIET
B~y TEAER L2, GREHIRREMSE L Tn2 2 HHIL
- EBRG I E ORI BED A% . &t S, S BT, 5
EHEOHBMEBEOHEE N2 2 TOERBAEH, BLY, £T
OFIBKEARD SR D Tz, H~ v TOK = X ZHPKE R L [ L
ERBESIVY AL AL

3.3 EHAS MAIRARAIEB O DR

MmO~y TOEBKRER T IR, UFTRE
i€ {S1,S:} D~y T g, TRT. KHIZBEVWT, #
f~ oy TORGBHERIE, ERBIE» S OB, EE S Z
EERLTWVWD., WIZAOEBIIFMEIEE SRV %
RLTW5E. M7 @ ODHIEY Y 7 gs, 2 4 (a) DT
FOANYID VT Y hERS LEDES L, ERNDIHBEICE
BRIz O B I X SR ORISR IZE T 5 Z L3 0 h o
To. BHIBE SRR O NS E BT 5 L, WEROIKDA
BIDHRE PR LW AHB L T\, —F, 7 (b) DR~ v
7 gs, M5, WA R \NEA I BRI 1 SRR E SR O
RO FEFRE 2 EARICBIR T 2 2 2 D30 o7, TR
FHO LRBOMEAITH 572, S & S2 &b, WEK
DRI ERR 1 OBRDPEE S eh o 7.

Wiz, 8% ORIEE G T R~ Yy TEER L. 8
12, M3 DFNFNOREE G T 26y TeRT. i
ZAE, X3 OF ORI % B U 2RO 2L #E O



S1

Sz

Fig.8 Examples of the gaze maps of the stimulus images
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Fig.9 Gaze maps measured from males and females of participants or subjects
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Fig.10 Gaze maps measured from the subjects of each direction

Tablel Correlation coefficients of gaze maps measured from males and females

of participants or subjects.

Participants Subjects
S1 So S1 So
0.88 0.97 | 097 0.92
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Fig.11 Examples of training samples with and without masking head regions
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Fig.12 Accuracy of gender classification under masking head regions of the con-
dition T's,
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Fig.13 Accuracy of gender classification under nor masking head regions of the
condition T's,

43 WEEOBEIEEICES 1 7 PIEDOLEELEISE

IR E R P D EARD TS ANy — 2 RH#ET B,
WA N S B 0T 1% 5 U 72 B VE B O ¥
EWEELE. ZZTREFA 22 ELLEBEALEZ. MIAT
DIFFE G DB % B 14 (a) 12, EF A 27 % i U 7= JI5H 4 0
Bz (b) 12, 1F1 U EHEL 2B GOH % () \TRT. ik
CERD, EFAI2REFELP LRV OLOMIEREEED.
MFETIE, ARSI 4 DOMTRE k € {1,2,3,4} 2iEL
2. VA ZOMNMTREE LM Ty, 1E5LOMTREE %5404
Ty, THRT. TNZTNOFRETEIMIREREY 12T
{16 x 32,12 x 24,8 x 16,4 x 8} 7a v 7 & L7z, 1E» LD
Iﬁﬁuﬁwv7y75—%mw,%@a%{&znﬁat

7. WAIARIZIX42 HiTHRBKEEDFE > 72 CNN %\ 7.
ﬁﬁ7/7 134.1 fid G1 & G2 & G3 ZH\W\ =,

TSANY— R UTES A 7 2L =PRI ORE R %
B 15 (a) oY . & Ty, 225 T,y TIE, G2, G3, Gl DJEIZ
WENEG» 572, —F, & T,, TEGl, G3, G2 DIHIZH
EXE Pz, INODREREY, T IOMIFEENKE
Wil % W25 G, &R b R~ Y TERIHT 2Rk
PROBBEVPRIREZI VDo 7.

WIZ, T4 —F# 2 UTIEDN U ZEL - BRSO
REXIS b)) TRT. &M T 6 Ty, TBWT, G, G2
G3 DIEIZHEENED >z, ZThoDfER Ly, LT
BEI/NS WIIEEGZ WG ETE, Eikd v i~y 7

EHAT S CHRRBOBENSE25E01H 52 20y

o

sz

Fig.14 Examples of training samples after protecting privacy using pixelation

and blur while changing parameters
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Fig.15 Accuracy of gender classification using training samples of pixelation
and blur

Fig.16 Examples of training samples after applying body region segmentation
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