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CopepxaHue

© 3apaua cermenTauum
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3apava cermeHTaunum

3ajada cermeHTaumnm

Classification

Classification Localization

Object Detection ~ Segmentation

o CermeHTaums — 3agava pasbuenuns
n3obpaxkeHus Ha obnacru,
COOTBETCTBYIOLME PA3JINYHBIM
obbekTam.

o CemaHTu4eckas cerMeHTaLus:
pasnanyaem 06'beKTb| no X TMnam.

o CemaHTnueckas cermeHTaums =
knaccudunkaums Kaxaoro nukcens.

window

unlak

N306parkenus: Fei-Fei Li & Andrej Karpathy & Justin Johnson CS231N, Lecture 13, 2015-16;

http://www.inf-cv.uni- jena.de/semantic_segmentation
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http://www.inf-cv.uni-jena.de/semantic_segmentation

3apava cermeHTaunum

3ajada cermeHTaumnm

o BaxHa B meguuumHcKinx
n300paxxeHnsix

N3o6paxenne: [2]
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3apava cermeHTaunum

3ajada cermeHTaumnm

o BaxHa B meguuumHcKinx
n300paxxeHnsix

N3o6paxenne: [2]

o Heobxoguma gns nonHoro
MOHMMAaHUSA N306paXkeHns
(nanpumep, B
poboToTEXHMKE)
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HelipoHHble ceTn gns cermeHTaunmn

CopepxaHue

© Heiiponnbie ceT ans cermenTaumy
@ Patch-based nogxop
@ Fully Convolutional Networks (FCN)
e Pacwwmpenus FCN
@ U-Net
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[ EVTENTISORS PIETERIVIVYE EVI  Patch-based noaxoa,

TunnyHas apxnTekTypa CBEPTOYHON HEpOHHON ceTn

C3:1. maps 16@10x10
INPUT g.égf;a&m maps S4: 1. maps 16@5x5

|
| FulcmAecﬁon | Gaussian connections

Convolutions Full connection

N306parkenmne: Y. LeCun et al. "Gradient-Based Learning Applied to Document Recognition", Intelligent

Signal Processing, 306-351, IEEE Press, 2001
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[ EVTENTISORS PIETERIVIVYE EVI  Patch-based noaxoa,

Patch-based nogxon

Extract Run through Classify
patch a CNN center pixel

— COW

N306pa>kenus: Fei-Fei Li & Andrej Karpathy & Justin Johnson CS231N, Lecture 13, 2015-16
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Fully Convolutional Networks (FCN)
Fully Convolutional Networks (FCN)

e FCN [1] noanocTbto
COCTOSIT N3 CBEPTOYHbIX
CNoEB

forward finference

backward /learning

o [llonyyatot cermeHTauumto
TOrO e pa3peLleHusi, 4YTo
N ncxogHoe n3obpaxkeHune

o licnonbzytot naeto transfer
learning (agantupytot
VGG, GoogleNet un gp.)
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Fully Convolutional Networks (FCN)
Fully Convolutional Networks (FCN)

o [lpepobyyeHHyto cetb gns
Knaccmpukaumm MOXKHO
apanTupoBaTh AJis
cermMeHTauum

“tabby cat”
E‘,ﬁ PP e
o
\

convolutionalization

o [Mocne BcTpanBaHusi CNoés
MOXKHO MPON3BECTM
fine-tuning
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Fully Convolutional Networks (FCN)
Fully Convolutional Networks (FCN)

o [lpepobyyeHHyto cetb gns
knaccudukaumum MoXKHO
ajanTupoBaTh Ans
cermeHTaumu

o [Mocne BcTpanBaHusi CNoés

MOXHO NPOM3BECTH
fine-tuning

@ OcHoBHas npobnema:
HN3KOE pa3peLlLeHmne Ha
BbIXO4E

Cesacrononsckuii Aprem (MMM BMK MTVY)

“tabby cat”
E‘,ﬁ PP e
o
\

convolutionalization

HeiipoHHbie ceTu ans cermeHTauun
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Upsampling

Typical 3 x 3 convolution, stride 2 pad 1

R
@ [nsa noeblweHns
Dot product

paspetuennst (upsampling) betueen fiter
MO>XXHO MNCNOJIb30BATb KakK
npocTble, Tak n oby4vaemble
METOAbI

@ Deconvolution layer
(= fractionally strided
convolution)

Input: 4 x 4 Output: 2x 2

Sum where

3 x 3 “deconvolution”, stride 2 pad 1
output overlaps

(= back\./vards strided A
convolution) Input gives
weight for
filter
Input: 2 x 2 Output: 4 x 4

N306pakenus: Fei-Fei Li & Andrej Karpathy & Justin Johnson CS231N, Lecture 13, 2015-16

Cesacrononsckuii Aprem (MMM BMK MTY) HeiipoHHbie ceTu ans cermeHTauun
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Fully Convolutional Networks (FCN)
Fully Convolutional Networks (FCN)

o ObyueHne Ha KapTuHKax 6osiee apPeKTNBHO, YeM HA OTAENIbHbIX NaTyax.
Mpn aTom naTyeid MOXKHO NOAY4YNTL HAMHOro DosbLue.

o [lna umutaumm oby4veHns no naTy4am MOXKHO CHMTATb (PYHKLMIO NOTEPb
TOJILKO MO C/IyHaiHOMY Habopy BbIXOAHBIX MUKCENEN.

1.2 T T T
= full images
1.0 == 50% sampling
— 25% sampling
w 0.8
£
0.6
Al -
0.4k
500 1000 1500 10000 20000 30000
iteration number relative time (num. images processed)
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[ ETTEUTISEWS Y LRI PHTT  Fully Convolutional Networks (FCN)

Fully Convolutional Networks (FCN)

@ PesynbraThl Ha

COPEBHOBaHMN NO
cermentauun PASCAL VOC

2011 [5]. CpaBHenue
6a30BbIX Mogeneli.

Cesacrononsckuii Aprem (MMM BMK MTVY)

FCN- FCN- FCN-
AlexNet VGG16  GoogLeNet*
mean IU 39.8 56.0 425
forward time 50 ms 210 ms 59 ms
conv. layers 8 16 22
parameters 5TM 134M 6M
if size 355 404 907
max stride 32 32 32

HeiipoHHbie ceTu ans cermeHTauun
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[ ETTEUTISEWS Y LRI PHTT  Fully Convolutional Networks (FCN)

Skip connections

Ground truth

FCN-8s

FCN-16s

FCN-32s

o lpes skip connections:
aHcambnupyroTcs
NPeACKa3aHms Nno pasHbIM
pa3peLueHnsiv

led 16x 2x ups
prediction (FCN-16s)  prodiction pnedlr_'uon (FOX-s¢)

poald * !
4

32x ups: 2x
prediction (FCN-325)  prediction

image
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[ ETTEUTISEWS Y LRI PHTT  Fully Convolutional Networks (FCN)

Skip connections

pixel mean mean fw.
acc. acc. JU u
o Cpa BHEHMNE pPa3JINYHbIX FCN-32s-fixed | 83.0 597 454 720
aHcambnen. FCN-32s | 89.1 733 594 Bl4
FCN-16s | 90.0 757 624 B83.0
FCN-8s | 903 759 62.7 832
325 ups 2 led  16x 2z ups 8x
prediction (FCN-325)  prediction  prediction (FCN-16s)  prediction  prediction (FCN-8s)
image pooll pool2 poald poold poold l\ poald " e, poald *T _—
//,‘ prediction ?‘— prediction 4—
=" /
e > 4

Cesacrononsckuii Aprem (MMM BMK MTVY)

HeiipoHHbie ceTu ans cermeHTauun
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[ ETTEUTISEWS Y LRI PHTT  Fully Convolutional Networks (FCN)

Fully Convolutional Networks (FCN)

mean [U mean [U inference
VOC2011 test VOC2012 test time
o CpagHeHue ¢ gpyrumu RCNN[17] 7.0 . N
SDS [16] 52.6 51.6 ~50s
FCN-8&s 62.7 62.2 ~ 175 ms

MeTOAaMMN.

16x

2x ups Ex
prediction  prediction (FON-8s)

. led
prediction (FCN-16s)

poold
ction

predi

pocld
predicti

ion

\ =
T
A

pool2

32x ups: 2x
prediction (FCN-32s)  prediction
o ) - "
Iy \ _-
N
1
/

HeiipoHHbie ceTu ans cermeHTauun

Cesacrononsckuii Aprem (MMM BMK MTY)
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Pacwupenusi FCN

FCN-8s Deeplab

e CRF-RNN [3]
o Deeplab [4]

Cesacrononsckuii Aprem (MMM BMK MTVY) HeiipoHHbie ceTu ans cermeHTauun

CRF-RNN

Ground Truth

18



HelipoHHble ceTn ans cermeHTaunm U-Net

3aja4a cermeHTauny gas bUoMegnLMHCKNX SaHHbIX

@ MHorune bromeanumHckne n3obparkeHns bonee NpocTbl, YeM BU3yasibHble
CUEHBI

o OpaHa 13 OCHOBHbIX NpObJAEM B MEAVLMHCKOA CErMeHTaunmn — Masblii 00bEM
AaHHbIX (BEeCATKN-COTHU CHUMKOB)

Grand Challenges in Biomedical Image Analysis

= sl < Ve T ,,’,L 7|

All Challenges
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Digital
Challenge

Assessment Positron Emission Tomography

https://grand-challenge.org/all_challenges/
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HelipoHHble ceTn ans cermeHTaunm U-Net

U-Net

@ U-Net [2] — BapmaHT
NOJIHOCBEPTOYHONA
HEelipOHHOW ceTn ans
Masbix OOBEMOB JaHHbIX

o CyuiectBeHHO ncnonb3yer
naeto skip connections

Cesacrononsckuii Aprem (MMM BMK MTVY)

128 64 64 2

in‘1nang: > NN output
tile .| segmentation
2| & map

HeiipoHHbie ceTu ans cermeHTauun

01

2842

=» conv 3x3, ReLU
copy and crop
§ max pool 2x2
4 up-conv 2x2
= conv 1x1
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U-Net
ApxuntekTtypa U-Net

64 64
128 64 64 2
input
imapg > > | || OUPU
: segmentation
tile NEERE
2 3 & & map
NEE 1| I I Y
S B EERE
x| Xl %
S| ol g
B 5|8
'128128
256 128
| >
S|l ol Y
B E Sl EE
N E A t

=» conv 3x3, RelLU
copy and crop
§ max pool 2x2
4 up-conv 2x2
= conv 1x1
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Oby4yenne U-Net

@ Mini-batch SGD with momentum:

1 ) .

il OF (0
v yv+aVy - ’E:l L(f(x\";0),y\")
0—60—v

o Astopbl [2] npeanodnTatoT obyHaTs
Ha Bonblumx N300paxeHusix, a He C
6onbwinm batch size.

@ batch size = 1 (online learning),
momentum = 0.99.

e Data augmentation: elastic
transforms

Cesacrononsckuii Aprem (MMM BMK MTVY) HeiipoHHbie ceTu ans cermeHTauun 22



Oby4yenne U-Net

"paHuLbl OOBEKTOB YCMINBAIOTCA MO CPABHEHMIO C BHYTpeHHOCTaMU. Kaxablii
MUKCEb KOPPEKTHON pasmeTkun w,(x) nepecumtbiBaetcs no opmyne

W(x) = Wc(x) + wp - exp _w ’

rae di(x), da(x) — paccrosiHus oT x Jo ABYyX BAMXKANLIMX KIETOK.

| . | | % |
Fig. 3. HeLa cells on glass recorded with DIC (differential interference contrast) mi-
croscopy. (a) raw image. (b) overlay with ground truth segmentation. Different colors
indicate different instances of the HeLa cells. (c) generated segmentation mask (white:

foreground, black: background). (d) map with a pixel-wise loss weight to force the
network to learn the border pixels.

Cesacrononsckuii Aprem (MMM BMK MTY) HeiipoHHbie ceTu ans cermeHTauun



HelipoHHble ceTn ans cermeHTaunm U-Net

o EM Segmentation
Challenge (ISBI 2012), [6]

30 n3obpaxxeHuii gns
0byyeHus, 512x512

N306paxxenne: EM Segmentation Challenge

Rank Group name Warping Error Rand Error Pixel Error
** human values ** 0.000005 0.0021 0.0010

1. u-net 0.000353 0.0382 0.0611

2. DIVE-SCI 0.000355 0.0305 0.0584

3. IDSIA [1] 0.000420 0.0504 0.0613

4. DIVE 0.000430 0.0545 0.0582

10. IDSIA-SCI 0.000653 0.0189 0.1027

Cesacrononsckuii Aprem (MMM BMK MTVY) HeiipoHHbie ceTu ans cermeHTauun


http://brainiac2.mit.edu/isbi_challenge/home

HelipoHHble ceTn ans cermeHTaunm U-Net

U-Net

@ ISBI Cell Tracking
Challenge 2015, [6]

PhC-U373: 35
n3obpaxkeHunin ans
obyueHus
DIC-Hela: 20
n300paxkeHnin gns
0byyeHus

Name

PhC-U373 DIC-HeLa

IMCB-SG (2014)
KTH-SE (2014)
HOUS-US (2014)
second-best 2015
u-net (2015)

0.2669 0.2935
0.7953 0.4607
0.5323 -

0.83 0.46

0.9203 0.7756

Cesacrononsckuii Aprem (MMM BMK MTY)

HeiipoHHbie ceTu ans cermeHTauun
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OHHbIE CETWN A/ CerMeHTaunm U-Net

U-Net

o Computer-Automated
Detection of Caries in
Bitewing Radiography 2015,

[7]

No. Important Properties Parts

40 I/I306pa)KeHI/Iﬁ .U.J'Iﬂ 1 | caries (blue coler)
2 | enamel (green color)
06y'—|eH nsa 3 | dentin (yellow color)
4 | pulp (red color)
5 | crown (skin color)
6 | restoration (orange color)
7 | root canal treatment (cyan color)
Caries Enamel Dentin Pulp Crown Restoration Root canal treatment
RANK 1 Ronneberger Ronneberger Ronneberger Ronneberger Ronneberger Ronneberger Ronneberger
etal etal etal. etal. etal etal etal
RANK 2 Lee etal. Lee etal Leeetal Lee etal. Lee etal. Lee etal Lee etal.

Cesacrononsckuii Aprem (MMM BMK MTY)

HeiipoHHuie

ceTn NS cermeHTauun
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HelipoHHble ceTn ans cermeHTaunm U-Net

o Kaggle Ultrasound Nerve
Segmentation, 2016 [8]

2000 n30bparkeHnii ans
obyyeHus

o U-Net — ny4was mopgens
LJ1s1 COPEBHOBaHNS Cpeam
nybGIMYHO [OCTYMHBIX
pewwennii (Top 20)

o Pewenne 17 mecra: [9]

Cesacrononsckuii Aprem (MMM BMK MTY) HeifipoHHbie ceTu ans cermeHTauun
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HelipoHHble ceTn ans cermeHTaunm U-Net

Cnncok nutepatypsl |

B

[T .

y @

)

@.

Jonathan Long, Evan Shelhamer, and Trevor Darrell.

Fully Convolutional Networks for Semantic Segmentation.
CVPR, 2015.

O. Ronneberger, P. Fischer, and T. Brox.

U-Net: Convolutional networks for biomedical image segmentation
MICCAI, 2015.

S. Zheng et al.

Conditional Random Fields as Recurrent Neural Networks.
2015 IEEE International Conference on Computer Vision (ICCV), Santiago, 2015, pp. 1529-1537

G. Papandreou, L. C. Chen, K. P. Murphy and A. L. Yuille.

Weakly-and Semi-Supervised Learning of a Deep Convolutional Network for Semantic Image
Segmentation.
2015 IEEE International Conference on Computer Vision (ICCV), Santiago, 2015, pp. 1742-1750.

PASCAL Visual Object Classes Challenge 2011 (VOC2011)
URL: http://host.robots.ox.ac.uk/pascal/VOC/voc2011/

International Symposium on Biomedical Imaging: From Nano to Macro (ISBI)
URL: http://biomedicalimaging.org/2015/program /isbi-challenges/

Computer-Automated Detection of Caries in Bitewing Radiography, 2015
URL: http://www-o.ntust.edu.tw/ cweiwang/ISBI2015/challenge2/
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HelipoHHble ceTn ans cermeHTaunm U-Net

Cnuncok nutepaTtypbl |l

\iﬁ Kaggle Ultrasound Nerve Segmentation, 2016
URL: https://www.kaggle.com/c/ultrasound-nerve-segmentation

\;ﬁ Andrew L. Beam "Segmenting the Brachial Plexus with Deep Learning", 17 place in Kaggle
Ultrasound Nerve Segmentation
URL: https://beamandrew.github.io/deeplearning/2016/08/20/kaggle-segmentation.html

@ Z. Lian, X. Jing, X. Wang, H. Huang, Y. Tan and Y. Cui.
DropConnect Regularization Method with Sparsity Constraint for Neural Networks.
Chinese Journal of Electronics, vol. 25, no. 1, pp. 152-158, 1 2016.
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