2019 EAlst=L 3| =23 263 1= (2019, 5)

U-Net %2 0|83k o|n| x| A2 Hex} HT

A5, ol mE"
2] B Bojslw AFe g

"kis7279@naver.com, ~hlee@chonbuk.ac.kr, ° Al # 2}

Pedestrian Segmentation Using U-Net

Seung Taek Kim®, Hyo Jong Lee"
"Division of Computer Science and Engineering, Chonbuk National University
Chonbuk National University

ok
=1

Q
a1

AT A B g4 W Aol BF A g FoF o] B AFEo| A
ANE o] WG F Lol Wwol AWEn At ela RS AFAAL Aol da 4

A Eag AEan GAeA A f5F 52 9N E Bushs BAGAE FA Baws dase
dol B&AY F v HA s B% Q43 e Popl AEINAE BE Guel ol W
2 U-NET 729 Held e Aga) 47 shan Q3 4n £48 %

o

o
= %
47 @ WHE AR B g fd 2017 COCO dolE A1) A A ae)
o

=4
& e 9;13134 PoFuten 2607 FIOTEIASE ol §3tel A W HamdRon JEe] Wi
3}

1. M2 FCN(Fully Convolutional Networks)[7]& $l¢] A&
3 =3 W gEolAy go Rold oM Aol oS 98 CNNo| sfekel A 2to]H

FHAlo] wolde] uwal ol st s]&e] s]ure] A F@elM A e Fd AAHT7. 22y FCN2
o

ol Feitt S8 naAx A% 2% 13 2ol FRA AW 5L opy]an, A e
ulk

2o 2

= =l H

= ReFd AE AEBAS CCTV, AW A 44, AA Fxok dA A Fe EA4E HEds A5 Atk
gEolA = mo Holo|A] A ¥ Qom I LS o= ol d 22 T Ao AAN mdAE &
Awrh ey 7]E9 Bazt QA4S od ke o 3}8t7] 938le] CRF(Conditional Random Field)E ©]& 3t
TEe B e AA wAZ AZs=d ax 1 YuHI, A7E AFHATHS, 9, 10, 11, 12]. CRFE ©] &3t #
2,3l AA %2 AEF e AAe §¥5 Adsis B 6 HA el5& M 5 QAR CRFE FCNe| 23
Aol ol T&H A4 glot Be mol=2E TFdm & ol8dhE A2 7ol nE FCNel &ljt o5 A atel
AAY Wz Wad AW AL ofy|d 4 9t} A eEdrh aejmE CRFE ol&3td 353 + ¢l
olgd AAwzel ®AE HARY] et Hzele = WE 2 AR A5l FONelA wdstd s
CNN(Convolutional Neural Networks)E& o] &3 A ot WoANE Btk T3 CRFE A94Q ARTS o
oo] M B APt A= I Y4, 5, 6] st AAE Zdetmz Abghe] teEeh 2 = ARl

e BeAs FEhy] o T8, 9, 10, 11, 121
2= o7 FCNo| oplshe= wAE sfdstr] 913to]

FCL(Fully Connected Layer)¢] $l= U-Net[13] #+%&
o] &3t S Ackstt) Aty WHE omx2HE 1
A& FZ3Fo] FCN-CRFoA] 24 &}

T RaAAe 5AS FE57] 9ste] 2017 COCO

tlol Bl A[14]9] Abgh ZhelaLE] o] A5 o]w A 700075 3t

< (Training) ¥ 7% (Validation)oll A&tk £33 =

o] A5E& HI2ES7] 93le] Penn-Fudan ©lo]EIA[15]
a9 1. FCN9| B3zt A% 43 o o]l g3lt)

_519_



20194 FEAletaErl3| =FF 263 M1= (2019, 5)

2. Mot drl 3. 23
2.1, 28 = <3 1> Penn-Fudan H°JE|Al H~E A3}
Method IoU
CRF 68.35
CHOPPs 71.33
MMBMI (case4) 76.92
MMBM?2 77.30
MMBM1 (case4) + GraphCut 7797
MMBM2 (case4) + GraphCut 79.42
Proposed Method 80.91
£9] <E 1> Penn-Fudan Hlo]E{Ale] 7]|Ee] UHE
I Aty W] uid HAE Aoty HE AXLZE
IoU(Intersection over Union)E& Al&3tem X =Fd
A Aetd HWHe 8091% IoUE AAY. ol FHAle o

T A3l 'MMBM2 + GraphCut'[18]¢} w]usle] ofF
+1.49% IoU9] &g AyE HJozA B =FdA A

bel o] Aol RYPAE A FEdA £ AF
ol Slo] Fejmg dits RoES ST

U-Net +x&
A 9le] Bz 2L g Add B FERE
a9 2.9 2ok B mde s)Z9 U-Netdt 2o thea
S 9% FEY JAUEY FEoE FAHEJLH A
2 v Mo AEFA Holoox EAWS A ¥
T} 2 mele 256x956x3 7] Al ouAE §1Y

22. Hlo/g A &&

ste W A=s 815 2017 COCO HelEAel g Fhel :/_%_J 3. Aot WH o] Penn-Fudan ©lo]EJAlel] th &
va_E]g] o]U];(] 7000;5)]_% /\}%3]_93\‘:}. 53_5‘} f_ﬂ"é] %%9] v‘i‘ c’ﬂé 7557’]' (a)?:}e—:} O] U] Xl, (b)Ground*Truth, (C)Oﬂ
2o 99 muel 9oz naz ouAE g4 vz AT
HolEas o] n] X g FolEth vz Alo]l & _

atc 1Z2e)= oz, == .LL—, ﬁu# = am 5 = uu pagE ez Basds A8 Hold 4+ 9
s of &Ez % AZon B
;“f O o %.H}qu] - BETNVCISEE . 329 390 (i 99 delE, (bE Ground-Truth o]

s =43 skt ke 93 5 -

A P e e o (F QddelEe g o= Aselth 17 1. FCN

GTX 1080ti g7t = 2/0E o]&3sted dAl g5 Hol
I o] B M9 Al EAS & Fopla i v

Bl Al i3k &S 150 WHE(150 epoch)dt itk

R & HE= gl Lr= DX T ﬂf?/} 710 ugﬁoﬂ}\.] %uxqo] u_\%oﬂ q.]%} T 53S z
w3 E{sgx}_ _‘f‘_tﬂ—oﬂ ];’Hﬁ]. A]=0o Eﬂ/\ETS‘]—7] '?’]—6‘]'0:] (=S U U T oY T L = n= =

N . o e et e dee FAY 5 Ark
Penn-Fudan X3} dlo]E A& o] &3t Penn-Fudan
dolHAlS 170749 Bz ojmA-ntra A& e 4 A=

th[15] A5 HuE ¢t 71£<9 ®WHe FCN, CRF,
CHOPPs[17], MMBMI1[18] 2 MMBM2[18]3} H] 35} o N
™ 7]Ee] W HlE B Ao A Aotksk WlHol £

-0 (e} = =]
Aess HAdS J589



=2x ®26A ®135 (2019, 5)

S FEe Bodgs & Ftolulx] EskAuk At

S T3l 2Ys 7] Rl ds FAE A I
—% golad = dd. APAEE o]&3le] 7|E FHal9
91 'MMBM2 + GraphCut'[18]9} Bl 3}e] <F +1.49%
Jel A e 2 skeld 4= 9t}

F4 Aol AdsA RaxE

T’li__
Aol g Bael @ olFold 5 AU
&

sl A7 & Jdon, = uE A FF(Semantic
Segmentation)©] o} 2|9 gk QlxEls R
(Instance Segmentation) W] e n@eE 2ok 9
thoolget AFELS AW Q1 F& Al gl Q1A

G <17el 40 8 Aelehn WL,

[1] Dollar, Piotr, et al. "Pedestrian detection: An
evaluation of the state of the art.” IEEE transactions on
pattern analysis and machine intelligence 34.4 (2012):
743-761.

[2] Dollar, Piotr, et al. "Pedestrian detection: A
benchmark.” (2009): 304-311.

[3] Dollar, Piotr, et al. "Pedestrian detection: An
evaluation of the state of the art.” IEEE transactions on
pattern analysis and machine intelligence 34.4 (2012):
743-761.

[4] A. Krizhevsky, I. Sutskever, and G. E. Hinton.
Imagenet classification with deep convolutional
neural networks. In NIPS, pages 1097-1105, 2012.
[5] K. Simonyan and A. Zisserman. Very deep
convolutional networks for large—scale image
recognition. arXiv preprint arXiv:1409.1556, 2014.
[6] C. Szegedy, W. Liu, Y. Jia, P. Sermanet, S.
Reed, D. Anguelov, D. Erhan, V. Vanhoucke, and
A. Rabinovich. Going deeper with convolutions.
arXiv preprint:1409.4842, 2014.

[71 J. Long, E. Shelhamer, and T. Darrell. Fully
convolutional networks for semantic segmentation.
2015.

[8] S. Zheng, S. Jayasumana, B. Romera-Paredes,
V. Vineet, Z. Su, D. Du, C. Huang, and P. Torr.
Conditional random fields as recurrent neural
networks. In CVPR, 2015.

9] A. G. Schwing and R. Urtasun. Fully
connected deep

structured networks. arXiv

preprint:1503.02351, 2015.
[10] G. Lin, C. Shen, I. Reid, and A. van den
Hengel. Deeply learning the messages in message
passing inference. In NIPS, 2015.

[11] S. Ross, D. Munoz, M. Hebert, and J. A.
Bagnell. Learning message-passing inference
machines for structured prediction. In CVPR,
pages 2737-2744, 2011.

[12] G. Lin, C. Shen, I. Reid, et al. Efficient
piecewise training of deep structured models for
semantic segmentation. arXiv preprint :1504.01013,
2015.

[13] Ronneberger, Olaf,

Thomas Brox. "U-net: Convolutional networks for

Philipp Fischer, and

biomedical image segmentation.” International
Conference on Medical image computing and
computer—assisted intervention. Springer, Cham,
2015.

[14] Lin,

Common objects in context.” European conference

Tsung-Yi, et al. "Microsoft coco:
on computer vision. Springer, Cham, 2014.

[15] Object Detection Combining Recognition and
Segmentation. Liming Wang, Jianbo Shi, Gang
Song, I-fan Shen. To Appear in ACCV 2007.

[16] He, Kaiming, et al. "Delving deep into
rectifiers: Surpassing human-level performance on
imagenet classification.” Proceedings of the IEEE
international conference on computer vision. 2015.
[17] Y. Li, D. Tarlow, and R. Zemel. Exploring
compositional high order pattern potentials for
structured output learning. In CVPR, pages 49-56,
2013.

[18] J. Yang, S. Safar, and M.-H. Yang.
Max-margin boltzmann machines for object
segmentation. In CVPR, pages 320-327, 2014.

-521 -





