IS2-8

HlROERBERZRMGE Lo cGANIC K 2 EREE

° T I T I I I

o Takuya MIGISHIMA 7 Haruya KYUTOKU i Daisuke DEGUCHI 7
Yasutomo KAWANISHI { Ichiro IDE ¥ and Hiroshi MURASE 7

] migishimat@murase.is.i.nagoya-u.ac.jp
1
Condition conditional GAN
15.0%
ITS GAN
1 FUL®IC
(1]
3
ADAS: Advanced Driver- LiDAR
Assistance Systems ADAS
3
3 LiDAR
LiDAR

DIA2020 ENRIEHELEERFIAILT—2 & 3 v 7(2020. 3. 9-10 H#8)

- 338 —



Barnes [3] Zhou [4]
Semantic segmen-

tation

2011
80% 8]

conditional Generative Adversarial Network
cGAN

2 BEEAFR : cGAN IC& ZEIRERK
GAN

Discriminator 2

Generative Adversarial Network

Generator

Generator
Discriminator
Adversarial
loss
GAN
GAN
GAN cGAN
[6] ¢cGAN GAN
cGAN Condition
cGAN Adversarial loss L1
loss
[7]
T Yy z
Le = Elog(1 — D(x, G(x|2))
+AnE(|ly — G(z|2)]]1] (1)
Lp = E[log D(w]2,y)] (2)
cGAN
(1) (2)

cGAN

3 cGAN ZAHWFER#EE

GAN
GAN



Guided

Environmental

Mguid

loss

Generator (G)

loss
S

X

v

’@ﬂﬂ»dfw»ﬂ*ﬂ@ N

G (x|2)

Discriminator (D)

ﬂﬂﬂﬂm

-
d 2

1 RREGEERHEERS OBE.

(A)
Guided loss

(B) Envi-

ronmental loss
Generator Discriminator

Convolutional
3
Condition

Condition

2 1 (2

L1 loss
Condition
I Padding
] Convolution
Adversarial loss I Normdization
I Activation
e Guided loss Lgyia
e Environmental loss Lepy
Generator
Discriminator
Generator
A

LG’ = Laqv + Ap1Lp1 + )\guidLguid + AenvLenv
Lp: = Lagay

3)
(4)

3.1 Guided loss (Lguia)

340 —



M"@ﬂ@w&g»ﬂ*ﬂ@"—

IR~ v 7Ic A —

& s 8 Environmental
loss

2 Environmental loss DEH 5%,

n.sm ‘

(a) EHD A FHEK (b) Segmentation mask (c) EMERE~yY 7
3 EMBERE< Y 706l

Generator
Mguid
Mguia  Average Pooling Dropout Fully Generator
connected 3

Mguia(z|2) (5)

Leny = E [log(G(z|2)) © m] (6)
Had d
Lyuia = E [log(Mguia(z]2))] (5) @ Hadamar
4 FHMEER
3.2 Environmental loss (L.p,,)
1
EEA AR
Environmental loss 2 4.1 REEM
Environmental loss
Segmentation mask
Segmentation mask 523 656 553
2/3 1/3
Condition
3 Condition Environ-

Segmentation mask mental loss Guided loss

G(x|z) Zhou  [4]

m  Hadamard



=

W
T

=+

4 BFERICK HERNORTBEISEERMEERR.

- 342 —




xR 1 BUERICLDHEER/R.

F I
Condition Lenv  Lguia ou
% % % %
1 - - 69.2 67.1 68.1 51.7
2 - - 75.0 72.8 73.9 58.6
1 v - 74.1 71.3 72.7 57.0
2 v - 82.2 82.9 82.6 70.3
3 v - 86.1 82.7 84.4 73.0
4 v v 86.2 83.5 84.8 73.6
6
F ToU 4
4.2 ERBERBLUER
1 4
1
4 ToU 5 LIV
2
4 15.0% IoU
4
2 15.0%
2 4
4 JST JP-
2 MJMI17C6 17H00745
3 .
. SE R
Environmental loss
Environmental loss [1] 29
" https://www.itarda.or. jp/materials/
traffic/free/ July 2019 2019/1/12
[2] 113
Guided loss 3 » 54
4 IoU vol.2 pp.415-416 Mar. 1997
Condition

[3] D. Barnes, W. Maddern, and I. Posner, “Find

your own way: Weakly-supervised segmentation of

— 343 -



path proposals for urban autonomy,” Proc. 2018
IEEE Int. Conf. on Robotics and Automation,
pp-203-210, Oct. 2018.

[4] W. Zhou, S. Worrall, A. Zyner, and E. Nebot,
“Automated process for incorporating drivable
path into real-time semantic segmentation,” Proc.
2018 TEEE Int. Conf. on Robotics and Automa-
tion, pp.6039-6044, May 2018.

[5] I. J. Goodfellow, J. Pouget-Abadie, M. Mirza, B.
Xu, D. Warde-Farley, S. Ozair, and Y. Bengio,
“Generative adversarial nets,” Proc. 2014 TEEE
Int. Conf. on Neural Information Processing Sys-

tems, pp.2672-2680, Dec. 2014.

[6] M. Mirza and S. Osindero, “Conditional gen-
erative adversarial nets,” Computing Research

Repository, arXiv:1411.1784, 2014.

[7] P.Isola, J. Zhu, T. Zhou, and A. A. Efros, “Image-
to-image translation with conditional adversarial
networks,” Proc. 2018 IEEE Conf. on Computer
Vision and Pattern Recognition, pp.5967-5976,
July 2017.

”

vol.45 1no.380 June 2012

[9] R. Caruana, “Multitask learning,” Machine
Learning, vol.28, no.1, pp.41-75, Sep. 1997.

— 344 —



