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(RDID-GAN: Reconstructing a De-identified Image Dataset
to Generate Effective Learning Data)
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Abstract Recently, CCTVs have been installed to prevent or handle various social problems, and
there are many efforts to develop visual surveillance systems based on deep neural networks.
However, the datasets collected from CCTVs are inappropriate to train models due to privacy issues.
Therefore, in this paper, we proposed RDID-GAN, an effective dataset de-identification method that
can remove privacy issues and negative effects raised by modifying the dataset using a de-identifi—
cation procedure. RDID-GAN focuses on a de-identified region to produce competitive results by
we compared RDID-GAN and the
conventional image-to-image translation models qualitatively and quantitatively.

Keywords: GAN, de-identified dataset, person detector, visual surveillance, image-to-image

adopting the attention module. Through the experiments,
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1. Introduction

# 2 Deep Neural Network(DNN)Z o] &3l Tl]"’h'&
CCTV #HAdA HAsteE #AIE f4dstaa sk
Yol glo] Yt} =S, HFHE oo wHo= DNN4
AZol F7kstat olE dgalr]l f8) o] vlolHE
Za= s7] AF sHARL CCTVERE 5% b
olEl= /MRl AR AN &7t AGstA EAET. o
24 CCTV ZI8ke] dlolHAlAE IS BEE BS
3t7] <flal "PEL-J dz FEE Zxol3, & vaEsst
Atghel o= T—Er% RAo| k=
5 Bosy] A% A ol Rt
DNNE &8 79 AA dolejety] =HQl o] uj
steto] WA 4 th wepA d=E ol
HI2PEsE F4E dold d=2 FTstd e AR
A 2AF AAsL YEYAL] AE H5S Fo
1A ST
CCTVE &83te Al=d dlo] 51")\]9— bounding box
E 01%511 dFolut AAe] 54 FES Extola A
3= WalS 53 H]@‘H—éfﬁ}% Pger. 53] A=A
A XﬂJ‘O]'— ol Ale] AS 5 A4 TS A% H
te golgAlo] H]%‘QX]”J E2E zE Y A dFo]
nlasiE o] gtk ATk 7€ DNN9 49 COCO
[1], ImageNet[2], CelebA[3]19} Zo] 71 AR H3j9
871 gle dlolEAlS ol&dl dG3l] wiiel A
o d=Fo] 7HHZ H2Esl FdollA] AR AXE &
AE3A Faks Aol Aok 53] HAEs) F=o] Al
717v A3 75 AEEC] S WolAlE Aol dth

cI SAESE COTV #4 AUl 95 R e

7k olZle] YEL L] Q1A sl vXe ¥FE F
Atk 1Ea wAEsE HolE Al A RAola €
B FFste] BEFste WEANIE AQbsth B4
3} dlelelAle] A 71&9 COCOll] dlolElAs &g
3t AZsEATh dlelEAlel A AlFE Al annotation
g olgste HIAESLE PP o Keypoint
RCNN[4]& ©] &3] A AE %< SAsdoh 19
I AZE oA v EsE BdE & dE BT
HEHNZE g5 v= 39tk 5+ HEHI=
attention modules ©]&3ty Xato]l=7} WG FHE
of FFste] niAdslE RES 5AdT F IUEF T
st AR dHolEAleA B HEL A B

Eu =3 4/\47@ Aoz 7|Ee tE duySET 1)
waRth AFH H7lZE Keypoint RCNN[4]S o] &
 AHg AE H5S APE ZSAH3E= WS Fa B3
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2. Related Works

GAN[G]AE adversarial lossE A¢kste] 79
YEYZZ MR AASH st S5& = 1 2
# A3 vEHIE HolEAe EXE Shgete Sy
golEe} fARE A9E =&Y S5 Foh oy
gk o2 GANI[5] 7§t 2Ee ojmz] A L W
HokollA] &8=a gtk 53] SRGAN[6]# 22 super
resolution WIEHIE &<53l= 34 oly DeepFill[ 713}
22 image inpainting WEH A S<5ol] Ho| &5
9™ image-to-image translationg 3+ WEL =
ol F&E 1 ok

Image-to-image translation W EYIAZE thEF o
2 Pix2Pix[8]¢} CycleGAN[9]e] Ut} WA Pix2Pix

1= 948 zol il label y7} B2 EAsE= ol
E1ﬁ°] EAT o o5 FEsH] AT WES Aot o]
W] generator’} A3t AFHe} yE vlwsk= Ll loss
o]9dl adversarial lossE& F7I12 83ty F2 A%
< ATk AT vlolEAle] Bo g EAs ok slr]
o dolEE 73T o B2 =& /= 3t

CycleGAN[9]& cycle—consistency lossE 83}
ol Ale] Bo g EASHA] gotx 5ol JMEItES

Sk WPHS wWASIT. 5 JHe] generatorE FA o

St AFHor Azrl 4Y5 WAL H=E 9
#33 4Y oAl FuE FAHES 7] Sl

identity loss& F7IetAth Atkrt HolelAle A
o Fo g EASHA] Fotx FH7] W] Bag o]
HAAWE Ysh= FEo attentionS Fo] oA S YA
BIEE fFEshe o oEee] Utk

Attention WO EE TIEAOE channel attention
3} spatial attention®] %tk Channel attention[10]%F
olger|HTt F JIAE BT F&se EESQ BAM
[11]7F CBAM[12]°] © £& &84& HAFT Qith
BAMI[11] channel attention®} spatial attention< Th&
brancholl A Uro] A4k F featureol attentionS 5+
= W2als &83th CBAM[12] 22
attention module¥} spatial attention moduleg 2ZE=Z
A3 attention FEE Atk 1 A3 BAM[11]XE

=2 attention %S Hlth

73¢-9ll= channel

3. RDID-GAN
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EQl) =3 viadste FEd HF3te] dlo]E
L F AEE attention module®] Z-&H RDID-
GANZS Aekslt}, RDID-GAN< attention module2

Z RES BYsly HEFHoR A U AH5S =Y
T Aok
3.1 Dataset
nj2gstE Alghel dEs Rt AR JIXES
Eole o] FHolmR 7|E] AE 14 HolEA&
&85t AEA dolEAE AZstanh AS 3k
FAHOoR COCOHCIE A Aol QIAH ANES
Robal 7]ES] HolHAS RFEo] FUTth 7]E9] Ho]
EA o " 7|8 d= AE ¢a8)F<l Dual Shot
Face Detector(DSFD)[13]& & &3l 4= XA
T d= Y99S downsampling3dte] B2 E3IHE Ho]E
A& AAsHAT
2 =FodA AHgEE v2Esl= DSFDI13]E 3
AL bounding box Gl th3ll linear interpolation®
o3 dF FHe] Ale]RE Fo|al, nearest-neighbor
interpolation &3] ThA] Alo]=zE 7]2-ol ulg} pixelated
H2 ks 38 4 AT
3.2 Training RDID-GAN
n2 sty AlgS Bslr] Yal F 7He] generator
G F9} T discriminator Dy D, S 8390 F
N2 generator G F= 247t vlAEstHE AlEe] =S
B 75 98 F4s oA vAEEstE 7l
< 7RI Ao AR we] Y5s st aga
Dy Dy 2+ 4" oluA7} st dolEAl X, Yol
z3d 5L d3de 7Ise /KL Aok Dy DyE
M2 593 vEYI F2E 23 Y3 GFE A=
A3 MEL A 725 7 o] &Y At A=
d&lty. F M9 generator®t discriminator’t A=
AjA o2 Stk olHd S Wil o3 A&
£ adversarial loss= th&-3 2t}
Lugy = B, _ x[log(Dy(@)) [+ E, _ y[log(1 = Dy(F(y)))]
+ B, yllog(Dy(wl+E, _ llog(1— D, (G(2)))] (1)
83 generator®] A4 232} ground truthe} A
A4 A% vnEs sl L1 lossE® &3ttt wA
generator®] A A} ground truthe}e] HlwE ¢
g L, loss& &3 2tk
Liw=E, _, lly— G@)ll+le—Fyl] ()
Generator= A2 RI9] 7]5< 3}7] ol cycle-
consistency loss[7]E 283t gFol 8319t o
24 cycle-consistency loss[7] L& T3 &°] F
ojzlt}.

L=E e FG@+E, - GEI @
metA HFHORE loss function I, < e 2
o] Fojxith

mel = )\lLadv +>\2Ld7',st + )\3Lrycle (4)

olmf A A NE A lossEol td 7HEA grelth A
PelMe MM A4 1, 10, 1022 A48T
w2t HF HF e HH9 discriminator?} generator
Ql DyDyGUF'E FE Ao ol te o] 7
+ Aok

DyDy G F = argming gmaxy, p Lo ®)

3.3 Network Architectures

B =FoMe 18 1(a)9 9] generator G, FE Ab
239t generator G, F + down sampling layer$}
up sampling layer Aleloll 9709] residual block[14].2-
2 o]2ox gtk Z residual block[14]& 18 1(c)9t
o] FASATE 183 layerolE channel ¥ spatial
attentiong B3 EZAola | R HAFTE F I=EF
CBAM[12]2.2 ©]Fo}Zl attention modules F7}5}e
A% F4E F=3H9k Discriminators 18 1(h)$}
Zo]l fARIEAE  olE  CycleGAN[9]ol A A&-3H
discriminator$} 523+ T2 local-level?] FES &
3 A olmAe] FA T ES Frh

Q19 oluA|E generatorel ¥ oW 370¢] down sam-
pling layerg F3¥3A @t} 7} layer= convolutional
layer, instance normalization layer, attention module,
ReLU9 ¢A42 &1 Itk Down sampling layer
£ A featureE-> 9709 residual blocks A|UAl H
t}. Residual block®lA& attention modules F3l Y
A olmx|e] #FA S FX3lal skip connection<
F71ele k& =3t Th Residual blockEg &3
3t feature= up sampling layers E33HA o}
Upsampling layer= 2709] transposed convolutional
blocke E35HA] =1L vlx|2ke & convolutional Layer<}
tanh®] 2443 F+E THS AMEL reconstructed
output imageE AT AAFE olvA & discrimi-
nator® E33sHA F&H 5709 convolutional block<
FstA "ok O™ 1(b)dlA B 4 JAK°] attention

moduled F715l U EY A &84S F=3FATH
4. Experiments

4.1 Implementation Details

71E9] AR Q14 dHlolEIM e E COCO[1]9] AEA
< ARESIATE A o] ARIE e AMEEY 42
BApol APl BAolAE ARIF HA ke AR
pairg THEO] &gl ARSI ol= CycleGAN
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9 Residual block = =
o — —— —— N. o~ «
& = = & o b
V=) = =t - 0 o e
&l = g 5 e % S 2 o &
X S o Nid = 2 8 ) o5 s x
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SHM S > = > ElmgE = > [ = > e
ol [ 4 & S S 3 : g 5 &
= |2 = =t 5 3 i o o > g
g 5 z 2 ~ ~ ~ 3 3 ) =
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= — g g 3
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(a) Generator
on
x ~ = = ~ o
b = o o — . £ E] £
N o - - - — =} S S
x < = X = <) = 2] =] =2 2l Z || 2
N3 o o 2 N - —» o 8 =l 7} —» o R d >
] 3 Q & I . oll gl gl & ol 2| £ A
QPO || —P = —» —» —» S| 2 8
o o < g2 N = Z] 2 2]
=) ~ O (o} v 3 E R~ .5
5] = ~ = & = <
g g = > > 2
sl | © 3 5 g 3
2 o &) ) SN | N | N | | N | B
=
L \\_ U LUy LIl e L | Skip connection

(b) Discriminator

19 1 RDID-GAN®Q| Generator®} Discriminator®] TZ%.

(c) Residual Block
Conv block®] Z3& 9te] sak= ¢=AUE input

channel <7, output channel <, kernel size, stride, padding= 2]w]gtc}.
Fig. 1 Network architecture of RDID-GAN generator and discriminator. The numbers inside the parenthesis in the

Conv block denote input channel number, output channel number, kernel size, stride, and padding respectively.

The width and height of the kernel size are identical

H| 23l Pix2Pixe} 22 e models AMHSE
IE5 W] %ol

Input image?] UL 256 x 256 x 3.2 eS| &
F optimizerZ Adam< AME3Y, learning ratew =
Zlel 0.0022 M5ttt g5 FHeH|E|Z batch size
322 100 epoch7HA 8hgslqith wiA|wto 2 A
4 Ao gE APE AMSSIY S

4.2 Qualitative Results

APARE A HHA FFHA P A E
ikt AAEAR ol Tdd WHES B3t
reconstructed® images2] qualitative resultsE< ¥l
wahe Zolth 18 29] ARKIES] FelA AFHE 2
A& Mosaic, CycleGAN[9], Pix2Pix[8],
RDID-GAN(Ours)$} ground truth(GT)E wWlw sttt
CycleGAN[9]9] 4% 85T ] GT #olES AMES
A 7] W&ol Bl B FES wdkshet ofEe
S w9yt WA Pix2Pix[8]9] ¢ w2

HAsa AR =9 AFAER

I olzl¥°] AUtk RDID-GANS]

[e)
AR

A

=22
]

o o
o o

in)

FE2e U4t 429 ARAHQ] BES Edst A
4 AL e 3ugE div FoRle AL I
T AUtk B3], d=9 ARAHQ AEEo] Edo] H
ARE 71E GTS= zol7h o] 7ARR )] ¢
HE £Y9 F AUtk A =3 AHsh

4.2 Quantitative Results

Al WHoZE= kAl A3 Keypoint RCNN

S ol &3 A HE AHS5E APE A3 RH3lth o=
Abo] druhyg AESHAEA A A At E 5 9
o} E 19 bbox detection APE &<l R¥ RDID-
GAN®] bbox detection AP+ 53.384=% T2 dugE
o HlsA =A Yo e EAT 4 St} Keypoint
detection AP X3+ RDID-GAN<Q| e 60.6072 th&
duElEed v =4 U RS F3AT = Uk
°]& B3l RDID-GANS AM&sH =W 7|E] HHE
of v} o FI3tA Edse AL AT & Ut

5. Conclusion

RDID-GANS ARgsHAl HW 7122 WHEd Hu
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HAe W £ A% HAFTE AL ASH B A4
CycleGAN [7] Pix2Pix [6]

13 2 RDID-GAN¥ o2 WHE 71| Qualitative Results Hlal
Fig. 2 Comparison of the qualitative results between RDID-GAN and other methods. Displayed from left to
right: mosaic (Bicubic), Pix2Pix [8], CycleGAN [9], RDID-GAN(Ours), and ground truth (GT)
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Table 1 Comparison of bbox and keypoints detection AP

Methods Bbox keypoints
GT 55.441 65.496
Ours 53.384 60.607
Pix2Pix [8] 53.303 59.838
CycleGAN [9] 52.956 56.227
Mosiac 52.168 53.377

31 ° 2 FRIsHh o]+ RDID-GANS] ofe]t]ofQl face

attention¥} loss& F7Fg Zo] u7t JAATh

1S @)=t RDID-GANS &4 AAIe] CCTV

TG dolEl7l SAHE A& 5 Y= ANA A

9 , AAAA A T

FoHlolEAS
7]t &t
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