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Farabet et al, “Learning Hierarchical Features for Scene Labeling,” TPAMI 2013
Pinheiro and Collobert, “Recurrent Convolutional Neural Networks for Scene Labeling”, ICML 2014
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Long, Shelhamer, and Darrell, “Fully Convolutional Networks for Semantic Segmentation”, CVPR 2015
Noh et al, “Learning Deconvolution Network for Semantic Segmentation”, ICCV 2015
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Long, Shelhamer, and Darrell, “Fully Convolutional Networks for Semantic Segmentation”, CVPR 2015
Noh et al, “Learning Deconvolution Network for Semantic Segmentation”, ICCV 2015
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. Why does FCN work?
FCNOEIRBHIEARES:; FCNRYJRIE; Feature maphY_ERF

What is FCN?
FCNMZREEHS; FCNZERERIBNE(E, FCNRERIS

How to build FCN?
AN{EISCEIFCNNZS; FCNAYE T4
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® X P EIEMTA?

vV IBEXDE| 2MRERDE (FEEDR)

o EIZHEIFNES I ERIKR
v BFCEZ#IConvE
FCEEmHConvE

Jonathan Long, Evan Shelhamer, Trevor Darrell. Fully Convolutional Networks for Semantlc egmentation. CVPR2015

forward /inference

Ml

backward /learning

© o0 21
/%D‘ 3‘2)'3‘ 0 &QQ Qq

BT, FRIEHE ﬂ
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Deep L

3.1.1 SEOMEEEL TIEN?
AASEE S 82

2BH — BERDE

o BEXHE = BERHR

v gi\size == EiHsize

® IA: RGBE®
v 8BMMUg: (0~255, 0~255, 0~255)

o Hith: REIFEHMERER MWL AY S=5IZ5|

v 8MIUE: 0~n_classes-1

BX#FT=E | ouxinyu@alumni.hust.edu.cn 52/125
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Deep Learning)

3.1.1 SEREEE 4 TIE?

s EREHIRAGIHE
FCE — 1x1&18 = EAMSIEMSERI LIS

{ERFTE=AIRYRTIE.

“tabby cat”

® 1x1%5fConv: Zii‘SI’“"*t%iFum*""
/\E& EI'J*’J\ ¥ . 166’5%&”)“"“’5’6“_9@_9@_@ o -‘1
. )
convolutio\nalization [

¢
W H /¢

'¥1x1 nv W : | ) VS NP
1AL 'i él_hmnigjzﬁjj%*/ NZ= _.I-L)\'LJ:/\*
Reis HH— NMAE jj(heatmap)
T_ VOC': , BMEEEE21173E351,

tabby cat heatmap

0%
| 2H 3P O

_I\
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(Deep Learning)

3.1.1 2EEMEEE 4 TIEL?
Wl {R4SIEEISE K?

%7 Featuremapilisiisi/)\

e

/Y

9;(1\; Conv Conv Conv Conv ., .: .:

| m | - ER#EUp-samping
GOfEIEE A ? |

tEE & Transpose Conv
_FitiikUnPooling
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(Deep Learning)

3.1

A{A{EISIEEEK?

1. E3XE# Up sampling

2] . ;‘3’ 4R 40:
Fra
185 ik Q... 481 i)
54 Feature map S
ol x X2
. ;}g: ! . [ x x x ] ’ﬁlpsr.‘ure

® HiR: =[ x "x "x ]
o FXRFRNTE: ILEERERN "B 2 "ER" Hresize
® ResizeBILINGiA: WL 4ERR(E bilinear Interpolation
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A{A{EISIEEEK?

1. E3XE# Up sampling
o (155: FKEBPRNEE=E

o ;LIR1. ExAHHiEE, KIER1FIR2HYE Fra
o IR2: IRyFFiRE, KGPRIE

® Examples:

P (9-7)/5%4+7=

8.6

(3-1)/5*4+1=R6] (xF5THIEHE)
T e e (86-26)/5%3+266.2 (yFTAEE)

(X3 [HE(E)

HBSCHL: Demo Interpolation
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(Deep Learning)

3.1.1 2EEMEEE 4 TIEL?
ARl {R4SEEISEK?

2. [ Eith{¢ Up-pooling
® PoolinglIfz [E1HR{E!
® EEEpoolingidfEHicRpooliZES|, HEMMAE

122050 0 : O || 5| ©
8 |12] 2 L | 2 w2 ."l-"l:-l:f-}’flnl m 30 | 212 MEK‘UHPUQI > n n u D
S| 70 37| 4 ‘ | a2 3?‘ ol 01|37 0
12100} 25 | 12 : \ 12| 0| 0|0
| |
| .
L _Indices (1_0. 2.0 _ __ _ __ |
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SLRFESS (Deep Learning)

3.1.1 2FHMEEEATIFRI?
A{A{EISIEEEK?

3. ¥%8B%&FfR Transpose Conv
BAEX: KernellfifI¢thEiE180E + Padding + ConvizH

14|76
123 7123|3324 123 9, 8|7
1) 2 4|1 5|6 19 (53| 63|42 4|1 5|6 - 6| 5| 4 Kernel
3|4 7] 8l0 21|52 59|36 7189 3 a3 J")ﬁﬁjﬁ'ﬁﬁig'l 80§
Input: 2x2 Kernel: 3x3 QOutput: 3x3
9 8|7 1 9| 8|7 1147 ‘
6| 5|4 6| 5| 4 W BN
B AEAE I NEIE. (EAENEE+ L TEHEE)
3|4 3|4
9, 8|7 1|4 9|8 |7 1|14 |7 |6
6 5|4 6| 5|4 712313324
1| 2 321 1|2 3121 19| 53| 63| 42
3|4 3| 4 21| 52|59
HECI: Demo TransposeConv
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(Deep Learning)

3.1.1 2EEMEEE 4 TIEL?

2SRRI TIEIRIE
FCNL2EFEMEHNP 4514 SRR

® RiSzE —— fAERDES
Encoder —— Decoder

® FCNRYEEIR
v &#E Convolution
v [ES#EE Down-sampling
v EFREEE Up-sampling

I

IR

eSS TRiSas RIS hnyarsl

FCN

http://DeepLearning.ouxinyu.cn B9 El (Segmentation) BXER=E | ouxinyu@alumni.hust.edu.cn 59/125



SCHEESS (Deep Learning)

P &
= s

EliR 5 2l ki B E iR ——FCN 2 SRS

£EHMLE (Fully Convolution network, FCN) FHUC BerkeleyF %, ©
=T TR I 25 RE M o El ARSI, FCNZERk 7R EKimEimHiE X o EIE

I
77J|g I ;:E.ﬁj%:EE%;\RJE E/\Jiﬁj\o forward /inference ?&c{}@ B
- Qﬂ! > :
FC N EC NN (VG G -1 6) by backward /learning _{@Cﬁv
N

RIS DI S EEESHIRN
R, BHSTERE A
TR TE, IXEBRETE/
LSRG EXRE (REFA.
igﬁﬁﬂ:l) 3%?%, ___‘f:" £

ZERRUGRERITN, 7

Jonathan Long, Evan Shelhamer, Trevor Darrell. Fully Convolutional Networks for Semantic Segmentation. CVPR2015

I

&qu &qu 21

A% 2P
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SLRFESS (Deep Learning)

3.1.2 — 1 2ERME—FCN2EFRMLE
FCN2EFMEBE RS

32x upsampled 2x upsampled 16x upsampled 2x upsampled 8&x upsampled
prediction (FCN-32s)  prediction  prediction (FCN-16s) prediction prediction (FCN-8s)

image pooll pool?2 pool3 poold pool5 lE poold \*Z __,_...-*’4 o~ pool3 *Z _________ 4
/ prediction prediction
SN ‘
. ) FCN-32s FCN-16s FCN-8s Gmund truth
T ENBIE PRSI SEUFILER D Y SN
RUTTIE, FONFUFIRE RISk 20 Wi
K5 FREIREA/), SREHAHOT ) Y
BN, [EEEXEN T, BEEXEL il
onathan Long, Evan snemamer, irevor varren. runy convoiuuonar vewwuiks 1or semantic
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SLARESS (Deep Learning)

1.2 =1 2EHME—FCN2EIRMLES
FCN2EHRMENEREE

conv2 pool? convd pool convd poold convd  pools conv6-T Fh#l (FCN-32s)

a4 B bbb
LLEES F
B EEEE il
Bk e
" el
i H8 |

=

8

5

image

2x conv7 165 LXK
—_—— ‘—q FiAl (FCN-16s)
® FFM4 (Backbone) : VGG16 815 SREE
j dx conv’ ¥l (FCN-8s)
o FCNHIZ RS g

pool3 |

v &pkZEFeature Map
v FERSRER
v HE/AT: Element-wise Add

Jonathan Long, Evan Shelhamer, Trevor Darrell. Fully Convolutional Networks for Semantic Segmentation. CVPR2015
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> (Deep Learning)

1.2 =1 2EHME—FCN2EIRMLES
FCN2EHRMENEREE

2B LFEE
image ¢ conv? pool? convd poold convd poold comvd  poold conve-T A (FCN-32s)

S tEsiodbbasa-dt
afB ¥
i m a b
- "
a - a
o r
2B FRes a4 b
-4
- P - ¥
mim -t b
=B T
-
afpas &
tEes -
SHErrad b =

2x convy 1 E'F%H#
poold FiAl (FCN-16s)
EC7 2x UpScore (1/8)
;
2x UpScore(1/4) i o
hencaiol il (FCN-8s)
Pool4 || e st
- pool3
Eltwise + | 8x UpScore(1/1) Softmax 3
[———
Pool3
-4
Eltwise +

Jonathan Long, Evan Shelhamer, Trevor Darrell. Fully Convolutional Networks for Semantic Segmentation. CVPR2015
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SLRRESS (Deep Learning)
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SLRRESS (Deep Learning)

U-Net/PSPNet/SegNet
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%3] (Deep Learning)

3.2 ZHEIG S EHER— U-Net/PSPNetiSa
APHE

m Recap of FCN
[EIFRFCN D EINBRIE AL, FCNMSAITTRR

What is U-Net? And how to build a U-Net?
U-NetERIEANSEFORE,; WNFIEEI—PU-Net4g, afExtU-NetiH 73 E

What is PSPNet? And how to build PSPNet?
PSPIBRIEARZEIIFI4F,; PSPIRREVERAZZ(; Dilated ConviNEARRIE

What is SegNet? And what is its characteristics?
SegNetEREIIFFF 2 A7
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SLRFESS (Deep Learning)

3.2.1 Recap: 2FFMLEFCN
Recap: FCNAIE A L5

forward/inference

o 2ETAMILE
v SESIEEERE, REEHE
v BMDEGRREDE

backward /learning

o JmiSss-iFnI=SE
o HAFHRpEIEIR
v BRE _ —
v TREE '
v EXREE

\

/

Conv
Softmax

U215
IO
100

\

?ncoder—Decoderéﬁ’Q h
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SLRFESS (Deep Learning)

3.2.1 Recap: £FETRMLEFCN
Recap: FCNA{ftER=S

32x upsampled 2x upsampled 16x upsampled 2x upsampled 8x upsampled
prediction (FCN-32s)  prediction  prediction (FCN-16s)  prediction prediction (FCN-8s)

I \ o
| .
image pooll pool2 pool3 pool4d poold ! poold * _______ A pool3 *Z ..... S
1 B Weesmndett BB WA,
/
~J A

prediction g~ prediction 4

-
e

"
-
-
—
——

~, — —
-~ —
e e e e e

ﬂl.'um FCN-32s FCN-16s FCN-8< Ground truth

v ZEHMEERIBA (26F)
v XS (BRIZE)
v gﬂé? /*E%D /%)%1%_:%\
° ﬁ’éa
D EIERAEEH

REERLTNER (v Gl ~ EESIABHTA)
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23] (Deep Learning

a?i%ﬁ%]%i%@fgu Net

input
image
tile

http://DeepLearning.ouxinyu.cn

U-NethItESRLEHS

output
segmentation
map

\d

388 x 388 '

388 x 388

=» conv 3x3, RelLU
copy and crop
¥ max pool 2x2
4 up-conv 2x2
=» conv 1x1

U-Netth 2/F58zSTH

A)— B4

® FRFNES KA T i s Es
HIT EXAE, FHEINRXI A SR
EES SN

® TTiRfEesElD, FhRBHIT

ARy FSRAFRME, =R
KiFRFEERIXETR,

® 5SegNetA @, EFE®
XFECRHRYERA S, B
X ERAEEZERTZ.

Olaf Ronneberger, Philipp Fischer, Thomas Brox. U-Net: Convolutional Networks for Biomedical Image Segmentation. MICCAI 2015

Ei%5E (Segmentation)
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IHFEFS (Deep Learning

3.2. %21%53%]535%@ U-Net

U-NetRBUiESREGH

Fluid.digraph.Conv2D(num channels=1024, num filters=512, kernel size—3)

¥
¥ 256 256 | 512 256
i
0
U-NetfgCopy and Crop LRy :
, 512

® SkipZE&AT.: Concatenation

o NIRRT REZAK: Crop
® Concatzfg: Conv

3

542i

52

EEE 64 Crop 056, .
T 7956 padding to 647 ____ %
56

512 512 1024

Olaf Ronneberger, Philipp Fischer, Thomas Brox. U-Net: Convolutional Networks for Biomedical Image Segmentation. MICCAI 2015
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23] (Deep Learning

%21%53%]&35%@ U-Net
U-NetgtESRSE 1"@

_____________ 128 64 64 2

U-Netﬂg iﬁ/"ﬂ E e ot L fofeley e
1. ER11ERERE— N ERENHER e outpu

" H i A*I*IT| segmentation
iy SESTlESt H - e By Sl 3 Sf s map
2. {FEfsoftmaxiH#{To s A A8

3. fERargmaxREEREMEERASSIVES ;

1x1Conv mﬂﬂ» HELEI!»

C . .
W H W . 64 n_classes n_classes 1 |

Olaf Ronneberger, Philipp Fischer, Thomas Brox. U-Net: Convolutional Networks for Biomedical Image Segmentation. MICCAI 2015
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IHFEFS (Deep Learning

3.2. %31%6%]535%@ U-Net
U-NetAIiESREES

G4 B4

input

|mage - output

segmentation
map

- | o (| n-

®
'

392 x 302
388 = 388

U-Netgg £ Z/E(E: :
1. Conv 3x3, (with bn, relu) - ‘ I
2. Pool 2D

3. Transpose Conv 2x2

4. Crop, Concat 512 256 '

, I’I J - SEI.:IEI = conv 3x3, RelLU
5- Conv 1x1 - - tE S ~ copy and crop
51z 512 1024 512

3 - & | 2x2
6. SoftMax, argmax, squeeze 2 4 > e § max pool 2x

ik 4 & & 4 up-conv 2x2
R

o0
2]

572 % 572
570 x 570
568 x 568

2002

2842

= cONV 1x1

Olaf Ronneberger, Philipp Fischer, Thomas Brox. U-Net: Convolutional Networks for Biomedical Image Segmentation. MICCAI 2015
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SLRRESS (Deep Learning)

PSPNet

http://DeepLearning.ouxinyu.cn B9 El (Segmentation) BXER=E | ouxinyu@alumni.hust.edu.cn 73/125



> (Deep Learning)

3.3 PSP4IEIRILS

TARPSPHEIRILS?

What does PSPNet look like?

® PSPRI4E: Pyramid Scene Parsing Network

v' Pyramid: Z/E[&F 154514

v' Scene Parsing. g=#E1T, 153XoE(Semantic Segmentation)fy—

® PSPNetfJiEih->FCNRYTR=
v o EEE R

REEEL TR

(a) Input Image

i R R s ;
)~
o, c
-] |
| z
- >
T
|
o |
M CONCAT
O
(b) Feature Map (¢) Pyramid Pooling Module (d) Final Prediction

Olaf Ronneberger, Philipp Fischer, Thomas Brox. Pyramid Scene Parsing Network. CVPR 2017
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iREF3 (Deep Learning)

3.3 PSP4I2IRI42

HARETNIER?

What is context information?

Eb2EFIboat XIELFIZER carX HIIMIIEI, 1RE
SR, REEREHRElocal/gabiE=, AT
boatZ Z#EiREIcar, building f] skyscraper 5
R IEE. XIS ik L X5,

skyscraper

lwater
jwater

o BRI

FHFEEBES (Global |
Information) , BMEARSZEFRLVEIFHITTE,

(a) Image (b) Ground Truth (c) FCN (d) PSPNet (e) ColorMap

Olaf Ronneberger, Philipp Fischer, Thomas Brox. Pyramid Scene Parsing Network. CVPR 2017
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iREF3 (Deep Learning)

3.3 PSP4I2IRI42

ANMEEREN L TFER

What does Receptive Field mean in CNN?

bt R 2 BF
=N, Tk
1IR3l B =AY
| mirEE,

® ZEF (Receptive Field)
V' [BFTEFERN EG FRI X EEA) |:>
v BN GEEIE, #Conv, Pooling

) e

PSPNetiB{ e A/ S B = _
L FRASERIBRER, Eif—2, B o | e R
FEEF15 (Feature Pyramid) i ﬁqﬁ ‘ :
= S SR T |

E*w/gfﬂrxﬂgﬁﬂﬁlf (a) Input Image (b) Feature Map (c) Pyramid Pooling Module (d) Final Prediction

Olaf Ronneberger, Philipp Fischer, Thomas Brox. Pyramid Scene Parsing Network. CVPR 2017

|
|
]
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> (Deep Learning)

3.3 PSP4IEIRILS

Pyramid Pooling{=1iR
What is inside Pyramid Pooling Module? EZC!EM

A%
Feture mapZEiZizE _— | 64 %64
N | ] 1x1 1x1

EERtH c C/4

Adaptive Pool 5 1 5%2 64x64 B
1x1&HR Upsample Concat
64 C C/4 ., -
» 3x3 » 3x3 » »
64 C C/4 64x64 64
C — | )
6%6 6x6 Tk
" (C/ax4)+C=2C

w4
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> (Deep Learning)

3.3 PSP4IEIRILS

Pyramid Pooling{&iR
What is inside Pyramid Pooling Module? EZ/E(F

SHEE
Tll-%s?m le Concat
i p( ‘ MAKE MINEIK
1x1E687 ]
B Rtk Conv 1x1 ’ ’
' W
Adaptive Pool 27 A

1

1x1 &R
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> (Deep Learning)

3.3 PSP4IEIRILS

Pyramid Pooling{=1iR
Bi& sttt (Adaptive Pool) w=10

[[©.38 ©.85 ©.78 ©.98 0.73 ©.92 ©.92 0.28 0.95 0.26]

[6.77 ©0.67 ©.01 ©.94 ©.3 ©.84 6.77 ©.8°9 ©.19 0.72]

[0.94 ©.31 ©.2 ©.57 ©.35 ©.458.33 ©.62 ©.25 0.27]

[6.59 ©.16 ©.58 ©.7 ©.62 ©.19 ‘6.6 .28 0.44 0.63]

H=10 [©.967 ©.57 ©.29 ©.82 ©8.63 ©.06 1©.91 0.77 ©.92 0.93

[0.16 ©.86 ©.72 ©.88 ©.79 ©.99 b.43 0.9 9.9 9.6

C [6.69 ©.45 ©.61 ©.12 ©.59 B8.77 .53 0.04 0.03 6.554

[06.76 ©.22 ©.78 ©.27 ©.84 0.94 é‘.BZ 8.06 9.98 9.83'

[06.88 ©.97 ©.1 ©.96 ©.86 0.53 @‘.94 ©.86 0.84 9.19']
n [6.55 ©.64 ©.19 ©.78 ©.99 ©.13 0,84 ©.53 ©.78 0.29]]

| I

hstart = floor(i*H/ m) =10/5=2 ‘ '

1 I
hend = ceil((i + 1) *H / m) =2*10/5=4 Tensor(shape=[1, 1, 5, 3], dtype=float64, placepCPUr

[[[[©.98000000, ©.98000000) ©.95000000],

wstart = floor(j * W / n) = 2*10/3=6 [©.94000000, ©.70000000, ©.63000000], i=1,j=2
wend = ceil((j + 1) * W / n) = 3*10/3=10 o5 [0.88000000, 0.99000000, ©.93000000],

o , [0.78000000, ©.94000000, ©.98000000],
output[; i, j] = max(input[;, :, hstart: hend, [0.97000000, ©.99000000, ©.94000000]]1]])
wstart: wend]) =max(2:4,6:10)=0.63 n=3
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> (Deep Learning)

3.3 PSP4IEIRILS

PSPRItEIS RGEE

1x1681, ERBART,
FHERRTIE

| 4. ;
= 2n :
— T O [ o |
CNN|— . »: @m - @M - Zé - M 64—;»CONV
: : 6x6 i 6x6 Zé » :
: ! |
o AN
(a) BNEHS (b) F5EE (c) SFIEBILIER (d) BTN
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SLRRESS (Deep Learning)

SegNet
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SLRFESS (Deep Learning)

3.4 SERY 3 EIMISESegNet
SegNetBJHaIMEILE]

Convolutional Encoder-Decoder Output

Pooling Indices &

RGB |magE --Enr'n..r + Batch Mormalisation + Rell

Segmentation
B Fooling [ Upsampling Softmax

SegNetfE T 2N HIDEE-fRIEEE (encoder-decoden)&5#, SegNet&iFTiE
7= FRNENXN o5& AN BN TF o EERENEKXKIEES, SegNetTi#ErDss3l
yaytis n A 1@% ﬁE@%ﬂﬁE;&HTEM/ T EIRYEE K

Vijay Badrinarayanan , Alex Kendall, Roberto Cipolla. SegNet: A Deep Convolutinal Encoder-Decoder Architecture for Image Segmentation. IEEE Transactions on PAMI, 2017

http://DeepLearning.ouxinyu.cn B9 El (Segmentation) BXER=E | ouxinyu@alumni.hust.edu.cn 82/125



SCFARESS (Deep Lea

3.4 *Hiiﬁ%JW%SegNet
SegNetfiz/ 0 8ik

Eﬂiﬂi]llﬁﬂ‘]}a BEERITHE A SR -

Xy | X2 | x3 | X Vi |Y2|V3|Va FCN
SegNet g 8 g 8 x: x: x: x: Ys | Yo | V7 |Vs
0,0/0|d *y x;O X11|%12| | Yo Y10 |V11|V12
c|l0(0]0 X13 l‘ﬁ X15|X16| |V13|Y14|V15|V16
m
B SR —>5:1"‘:“b T
: | BAtE FEREE [0 HERSREE
:

wale DSES EE

O jt{izERT, SegNet{ERAXI N ﬁﬁ%%lﬂ%ﬁ’]ﬁ%{;u T XA, EfUEEN
=, XENAEINR T NERETIRE, HWE 7 Lo ZIrIEEk

O FCNEERRGEUSIREHIT LR, AR XA RiSRaE @ﬂ%ﬂiﬁ?@ﬂmm on PAML 2017

_\
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SLRRESS (Deep Learning)
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SLRRESS (Deep Learning)

DeeplLab FE7{=8
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SLARESS (Deep Learning)

(ZHIE(G S EIEE——DeepLlabZE 5 S EiEBY
v g =] T P

DeepLabBiz/iLz AR
@ BZEN A DeeplabiZ RA—E RN, &iF:
Dilated COhV‘ ’“}ﬂ%
Full- connected CRF. é&ﬁ%@[‘iﬁﬂ%
MultiScale-Train: ZRE||%:

What is DeeplLab?
Deeplab&R%l (v1, v2, v3, v3+) DEIMEZRIEARGEN . KEERAFRE
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SLRFESS (Deep Learning)

3.5.1 DeepLabBiziiEA
5(4fE4N1%m (Conditional Random Field, CRF)

A LASEINRT 73 2l R 2309

X _ﬂ S,
'

S = —
Final Output Fully Connected CRF Bi-linear Interpolation {EC RFEgl_l_%riiﬁj( I

wEAT AR, ER%E
BDeeplab V2K 25
HIMR A Atrouszs |8l
FEEFTHUR,

i¥5: {£Deeplabrh, (FHHAKNEMLEEEICRF, BPFully-Connected CRF

DCNN Aeroplane Coarse n s
_ Score ma CRF/?: *EIJJI:IL H"SIZ7|(:
Atrous Convolution ﬁ
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SLRFESS (Deep Learning)

=iH5&F (Dilated Convolutions)

1[11]0]0 111 Jofafo]o
1 et B ol1[1|1]0]1]0 2y 3 5
0 1 O 4 : fﬁlﬁlg*lu\ﬂg*&nn
N iﬂ'l”r ol LR 0] 21000 ygremelyrtig0
ofo[1]1]0 W [ o [ o | @ / TEFeatureMapia
ol1|1olo 1]1]0fofo]1]o0 TEInE
olof1]of1]0]0 - _ |
i SIS =D RS -

FRBIRNFR I 3KkEBF (A’trous Conv, Dilated Conv) |, IRIEY SKIERRRT, A
TITRMBEHE, XS LUt S8 MmAELESYEE, XBKREDSRE
SR EFESVERE F LB BV EE4HIE,
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%3 (Deep Learning)

; 5.1 DeepLabAItZ 10\ AR
z=iAE (Dilated Convolutions)

® WHHFHIEIRIR T

Dilation
Padding / KernelSize

InputSize: 7x7

x1 1 X1 - OutputSize: 3x3

\ / B 200
__ v = =+, -

1 B

Conv(K=3,P=0, S=1, D=2)

N\

stride
S — 5ol [o]1 0o
= +( =) ) -+

/

=&Y KernelSize
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> (Deep Learning)

3.5.1 DeepLabRYtzZi A
TR AEFIENE

AT EEF1EBL(Atrous Spatial Pyramid Poolmg, ASPP), =DeeplLabgy

ZOENE, BFNZS I AEREFHITRFHERN, AxBEHITRELIAR| ETSEEE

SHIER.
R B B e

rate 24

t 18
e RS pee RE, SRERRE
== e A8 i . Rl = K+(K-1)*(rate-1)
- o = 1] a [E

Atrous Spatial Pyramid Pooling

Input Feature Map / // /

Liang-Chieh Chen, Yunkun Zhu, George Papandreou, Fioran Schroff, Hartwig Adam. Encoder-Decoder with Atrous Separable Convolution for Semantic Image Segmentatlon.
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> (Deep Learning)

3.5.1 DeepLabRYtzZi A

Dilated ResNet

P HERR B

d=1 d=1d=1 d=1

d=1 d=1 d=1 d=1 E&"T‘ﬂ
h/2 w ﬁ d hl4ﬂ~]4 iz%&tm
w/2 a4c | [=]
wW 20
G <—— Group 4 - Group 5 >
tTifEResNet
d=1 d=1 d=2 d=2 d=2 d=2 d=4 d= d=4
SIEEIRI S HEEF
] . REFHRERT
4 4 (, [ERT7TZRER
20 " (EdSpadding) ,
= Sy 1
PSPRIZ2HY €<— Group4 —> &<~ Group5 —m—m—m™> ﬁﬁ{%::UZ:Zo
Backbone ?E;IEI%*RRESNE“: (DilatEd ReSNet) Thomas Funkhouser. Dilated Residual Networks. CVPR2017

http://DeepLearning.ouxinyu.cn
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SLRFESS (Deep Learning)

3.5.1 DeepLabffJiZitiiEAR
MultiScale-Train

NN

BaRYT €
LL
i i) q Inf:rislice

FaRYT > CNN > 4/3(EFREE MaxPooling
*0.75 :
EERT ——  CNN y 2fEFREE
*0.5 i

| BRE=HARNRE, EFEEN, FRS EFRMERIRE, FHER=FZIBIIRKXEIE
EEfJa: [1,0.75,0.5]1  HH=/PCNNRIE  (H, (EHRENRMEE
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FEZS (Deep Learning)

.5.2 DeeplLabZ 51| M4Z

a Deeplab: Semantic Image Segmentation with Deep
D ee La b ?5' m Convolutional Nets, Atrous Convolution, and Fully Connected
33 £ =] CRFs

kB arXivorg | O ERO  FhEE: 16741

{F&: LCChen, G Papandreou, |Kokkinos, K Murphy, AL Yuille

gz nthiswork DeepLab: Semantic Image Segmentation with Deep
conrbetor Conyolutional Nets, Atrous Convolution, and Fully Connected

with upsam|

CRFs

allows us to

Neural Netv =55 arXivorg | © =0  EiLE: 16743

55 Convolutior
DOI:  10.1109/TP£ fF
a1z 1572 e
5. 2018

In this work we address the ta:
contributions that are experim
with upsampled filters, or ‘atrc
allows us to explicitly control t

Neural Networks. It also allow:
>54#5]: Convolutional neural networks
DOI 10.1109/TPAMI.2017.2699184
#WaIE;: 1572

O V1: Semantic image segmentation with deep convolutional
nets and fully connected CRFs (ICLR 2015)

O V2: Deeplab: Semantic Image Segmentation with Deep
Convolutional Nets, Atrous Convolution, and Fully
Connected CRFs (TPAMI 2018)

O V3: Rethinking Atrous Convolution for Semantic Image
Segmentation (arXiv)

O V3+: Encoder-Decoder with Atrous Separable Convolution
for Semantic Image Segmentation (ECCV 2018)

%:  LCChen, G Papandreou, | Kokkinas K Murnhyv Al Viilla

Rethinking Atrous Convolution for Semantic Image
Segmentation

5 arXivorg | QEW1 FEHEE: 12434

fE&: LCChen, GPapandreou, FSchroff, H Adam

f82=:  In this work, we revisit atrous convolution, a powerful tool to explicitly adjust filter's field-of-view as well as
control the resolution of feature responses computed by Deep Convolutional Neural Networks, in the application

of semantic image segmentation. To handle the problem of seamenting objects at multiple scales, we design

Encoder-Decoder with Atrous Separable Convolution for
Semantic Image Segmentation

EE arXivorg | O EW 1 WEE: 7994

{F&: LCChen, Y Zhu, G Papandreou, F Schroff, H Adam

{fZ:  Spatial pyramid pooling module or encode-decoder structure are used in deep neural networks for semantic
segmentation task. The former networks are able to encode multi-scale contextual information by probing the
incoming features with filters or pooling operations at multiple rates and multiple effective fields-of-view, while
the latter networks can capture sharper object boundaries by gradually recovering the spatial information. In this
work, we propose to combine the advantages from both methods. Specifically, our proposed model, =54

i5: Computer Science - Computer Vision and Pattern Recognition

DOI: 10.1007/978-3-030-01234-2 49

#a1=: 199

Ffp: 2018
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%3] (Deep Learning)

3.5.2 DeepLabZ%1K43

DeepLabZR 5 MEEZRUS RS
® Deeplab Rl pLEFHELstaXTLL

Deeplab v1 VGG-16 Atrous Block Traning

Deeplab v2 ResNet ASPP Traning Yes
Deeplab v3 MG ResNet FhRASPP Inference No
Deeplab v3+ Xception ASPP+decoder Inference No
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SLRFESS (Deep Learning)

3.5.2 DeepLabZ5lm4E

Deeplab v1

What is DeellLab v1 ? FC7 > FEEG i THEE I
|
e Poold, Pool5: Stride = 1 (FHAVGG=2) " AMEF  pilstion-s | rcs . X
® Conv5 1, Conv5 2: Dilated Conv (Dilation=2) 1 | |'convix1+RetU+Drapout] |
® FC6: Dilated Conv (Dilation=4) {#f§iflgifg = Stidest [[Peol T
® FC7: Convlx1 Dilation=2 | Convs 2 L |
o YHrE: Dilation=2 Convs 1
v Conv(Stride)+ReLU+Dropout R~J4%t— i L Aigreser= R
v" Conv1x1+RelLU+Dropout Conva 3 I
v' Conv1x1 (n_classes) ax?&%ﬁ
® Elementwise Add: &&= SEISIERIS t
o SXWMZEtIRE: FRVGGEE51 pool(Stride=2), VGG Groups3 »  EEA
L ERNRREYE/N32(5; DeeplabfyPool4, 54/ = G*mupz JEEre
Stridefg, BHENIRGESE/NNSE, ELtERAD -
SRR B T8E LR F vee G; = R
® Fully-connnected CRF: 548, 72514k, i BRI " EE - RS
{tim Liang-Chieh Chen, George Papandreou, etal semz Architecture of ‘Deeplabovora! nets and fuly connected CRFs, ICLR2015
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iREF3 (Deep Learning)

3.5.2 DeepLabZ %M
DeeplLab v2

What is Deeplab v2 ?

® Backbone: Dailated ResNet ‘“STPP "E'E"‘E"*I'ise Add
® Header: ASPP Module C-“‘:.":Lz T o P
. . . ¥ _
v" Atrous Spatial Pyramid Pooling 3’;’161,;\9'-'-2 f
® Label: 8XTX&HE c,on'::_;z Res Group4
piet’ 2
® Fuill: CNN+Fully-Connected CRF  paddi® I
Res Group3
s
Res Group2
s
Res Group1
%
BABR Architecture of Deeplab v2

Liang-Chieh Chen, George Papandreou, et.al. DeepLab: Semantic Image Segmentation with Deep Convolutional Nets, Atrous Convolution, and Fully Connected CRFs TPAMI2018
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FEZ3 (Deep Learning)

3.5.2 DeepLabZ5ME

Deeplab v2

What is ASPP modual ?

FC6-Kernel FC7(1x1) FC8(1x1)
T ; | 64x64 N 64x64
S Pool 544 | 3x3 |
ASPP ' : dilation=6
- e |
f | |
Res Group5| 64 | — —
T " | : 64x64 64x64
Res Group4 N j 33 _
- ' _Ailation=12
! | ) ) | / /
Res Group3 . C ; Elementwise Add
| " Z ”
Res Group2 | 64x64 64x64
! S | 33 |
Res Group1 ) : flation=18
BABR ' A =
| 64x64 64x64
\ 3x3 |
ilation=24 | / /
Architecture of ASPP \ | c

Liang-Chieh Chen, George Papandreou, etal l S _:;men:tatlon with Deep Convolugegeg#ets, Atrous Convolution, and Fully Connected CRFs TPAMI2018

e
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SLRRES> (Deep Learning)

+ —C C=)+)

= +

= (10+2*3-(3*2+1))/1 + 1

=10
input = 10x10 Kernel = 3x3
Pool5454iE Dilation = 3
ASPP y 3x
—T— - ation=6 Kp = K+(K-1)(D-1)
Res Group5 64 C = S=1)(E)
I T
Res Group4 33 padding = 3, stride = 1
64 flation=12
Res Group3 ‘ C C i
Res Group2
e
# ' 3x3
Res Group1 ilation=18
T C
BABER
3x3
5dilation=24
C
Architecture of ASPP
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FEZS (Deep Learning)

3.5.2 DeepLabZ5ME

Deeplab v3

What is Deeplab v3 ?

HGHiRASPP »  ConcatelFfif
From Deeplab v1 to Deeplab v3 i
Multi-Grid =
: 1x 13530
| | ASPP » Elementwise Add | . Res Block?7
| | . J | | 3
|
| | v | Res Blocké |
s ! | Res Group5 Loh e Label SX R ! ¥
Convs 3 ! ‘ Conv+ReLU+Dropout | | T g + | 8x ﬂﬁm
cones.? N | Res Block5 | (FFED
C°"f 5.1 Res Group4 ¥ |
Poola HHEES 1 Res Block4
Conv4 3 |
Conv4 2 Res Group3 b, S
¥
VGG Group3 Res Group2 i Res Block3
3 $
Res Group1 Res Block2
% e
e Res Block1
4
WABER
DeeplLab v1 DeeplLab v2 DeeplLab v3
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%3] (Deep Learning)

3.5.2 DeepLabZ%1K43
Deeplab v3 - AZhRASPPI=IR

What is upgraded ASPP ?

[ﬁ 1x1Conv
—
Pool54F4E dilation=6

64x64

ConcatiFiE i AS4HE
S — 64x64 ' 3
3x3 | L
64 _Adilation=12 64 1x1Conv
c2
3%3 :
“64 ilation=18 64
| N g R . S g I Pl
C C 5*+C1 C2=35R1%

64x64

2REFLtE
Global Average Pooling

B

L Architecture of upgraded ASPP
C1=256

Liang-Chieh Chen, George Papandreou, Florian Schroff, Hartwig Adam. Rethinking Atrous Convolution for Semantic Image. arXiv1706

http://DeepLearning.ouxinyu.cn B9 El (Segmentation) BXER=E | ouxinyu@alumni.hust.edu.cn 100/125



%3] (Deep Learning)

; 5.2 DeepLabZ 743
Deeplab v3 - MultiGrid

What is MultiGrid?
BithRASPP »  ConcatefFfil
‘Multi-Grid '
: 1x 1580
3 Res Blocks | Res Block7
j *
3 Res Blocks | Res Blocké | |
| t | 8X WL HIEE
3 Res Blocks | ResBlocks | | (ERED
| * b =

3 Res Blbcks Res Block4

23 Res Blocks | Res Block3

4
4 Res Blocks | Res Block2
4
3 Res Blocks | Res Block1
L
€s
A@Um WA

Block4, D=2 Liang- Ch%!wo(ﬁl%% Eeo‘}ge Pap%l(ﬂglo(g Fl%rlgn Schroﬁlﬂgha/é)ﬁd‘!jﬁw Rethinking Atrous Convolution fo %a%lacvlmage arXiv1706
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iREF3 (Deep Learning)

3.5.2 DeepLabZ 5L
DeeplLab v3 - Go deeper & ASPP with ImagePooling

What is DeeplLab v3 shown in the vanilla paper?

rate=2 rate=4 rate=8 rate=16
Blockl Block2 Block3 Block4 Block5 Block6 Block7
Rt e e kil
‘ output
Image arige 4 8 16 16 16 16 16 16

Going deeper with atrous convolution. (a) Atrous Spatial

Pyramid Pooling

o 1x1 Conv
1 - 3x3 Conv
Co-r:v rate=2 Ei iygart Cozcat
Pooll Blockl Block2 Block3 Block4 3x3Conv | 1x1 Conv
| — S — . — B> EE —_— rate=12 —_—
iliE 3x3 Conv
I mage stridlis 4 8 16 16 rate=18 16
(b) Image Pooling
Figure 5. Parallel modules with atrous convolution (ASPP), augmented with image-level features. mage. arXiv1706
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%3] (Deep Learning)

3.5.2 DeepLabZ5ME
Deeplab v3 - B

What is DeeplLab v3 shown in the vanilla paper?

=SilE=SE)
EFIEWBN
Multi-Grid (a) Atrous Spatial
Pyramid Pooling
f . 1 | 1x1 Conv
Conv1l rate=2 rate=4 rate=8 rate=16 rate=6 -
+
2 Pooll Block1 Block2 Block3 Block4 Block5 Block6 Block7 3x3Conv | 1x1 Conv
e S B - E! - E:Ei > E] — rate=12 —
output 3x3 Conv
Image stri[gle 4 8 16 16 16 16 16 E:] rate=18 16
\ Y ’ (b) Image Pooling

BT SRS S e HEX ]

Liang-Chieh Chen, George Papandreou, Florian Schroff, Hartwig Adam. Rethinking Atrous Convolution for Semantic Image. arXiv1706
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%3] (Deep Learning)

3.5.2 DeepLabZ5ME

E B = O Deeplab v3+ {FREHT EBiEDeeplabli®

Backbone——fi{&x
Xception, F{HHH
= il E R W i
Backbonei {7305,

EREUSBEERE
1EiNBNFIReLU,

fEncoder

[ (1x2 Conv] —

 EEFETSEEHRE
ASPP,| S5, PR
A

S R
DCNN 3x3 Conv s

rate 6 )

Atrous Conv

(3x3 Conv
< rate 12

o T T

mmm@

A
(3x3 Conv

rate18 |~ ||, l

([ Image I
\ | Pooling ) Y,

'
\

¢ Decoder

[ Upsample
Low-Level by 4

Features

i{@iNDecoder, SCHEE_&/ _"' _"

RIS BT

Prediction

Liang-Chieh Chen, Yunkun Zhu, George Papandreou, Fioran Schroff, Hartwig Adam. Encoder-Decoder with Atrous Separable Convolution for Semantic Image Segmentation. ECCV 2018
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SLRRESS (Deep Learning)
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SLRRESS (Deep Learning)

EhH BRI E
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> (Deep Learning)

4. THIH ML E2HE)

o What is Instense Segmentation and what is Panoptic Segmentation?

RIS BRIERRS, £RoERIRE

S EIHREY
Proposal-based Mask RCNN [ICCV2017];
Proposal-free SOLO, SOLOv2 [ECCV2020, NIPS2020]

ZHSSHEHRE
Proposal-based UPSNet [CVPR2019];
Proposal-free Panoptic-DeeplLab [CVPR2020]
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® EXNZ (Semantice Segmentation)
YEMER (BEER) HiTok, FHEERE&
=EAEENRS| (Be) #iTwsS, ARSME.

® ICfnE) (Instance Segmentation)

MEMEE (FEEER) #iToX, BRNE
BARBNME, FRBE—XIBERTR—MANK
i, ERERNZES (B!) HTHwS.

g} 58l

® £=52Z/ (Panoptic Segmentation)
MEMEER (BEER) BHiToXR, AINES

AR, FRE—=BIBEETR—MRIXE, |

(ERERNERS| (Be) HTRS. ST EI4 2 e

Alexander, et.al. Panoptic Segmentation. CVPR 2079.
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SLRRESS (Deep Learning)

Mask RCNN
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(Deep Learning)

Z 2 Mask RCNN
HF1EMaYsEHls2EIMask R-CNN

Efrteil: Faster R-CNN SRR ‘ BBox[EI31R%

s S o

\ IR \ BBoX[E|FR4%

= ol
Object Detection

DOG DOG, CAT He et al, “Mask R-CNN”, ICCV 2017
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SLRFESS (Deep Learning)

4.2 Mask RCNN

HFtangyschlaElMask R-CNN

ZHISE): Mask R-CNN s | | BBoENMKk | | HEEFM

S UIRL \ BBox@uaiﬁae

N
S6ISTE) ZEE@V

Instance /

Segmentation XisgE i p4s RPN \

4

BIUFEEConv

DOG DDG CAT

B9 El (Segmentation)

http://DeepLearning.ouxinyu.cn

B0 — /B
HIFERREMILE (bin

mask network)

] Mi

R ol & EJZ
28><28E|’J_#
Hl R,

He et al, “Mask R-CNN”, ICCV 2017
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(Deep Learning)

4.2 Mask RCNN

HFtanayschloElMask R-CNN
@R E: Mask R-CNN

PRDE: N

—>
% BFIEAIR(ESS): 4xCP

// // //
A1 |/ %
% A
| —| [H—
pe > L 1 |
/:;/ Rol Align 1 Conv 1 Conv
L/
256 x 14 x14 256 x14 x 14 Xj-.! %&%Bﬁj;ljl\u
—/\Tﬁﬂi (CX)
Cx28x28

He et al, “Mask R-CNN”, ICCV 2017
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SLRRES> (Deep Learning)

HFtanpyschlaElMask R-CNN

=

IE.-F chair

S
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(Deep Learning)

Z 2 Mask RCNN
HEF1ENRYEHISEIMask R-CNN
Very Good Results!

He et al, “Mask R-CNN”, ICCV 2017
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iREF3 (Deep Learning)

42 Mask RCNN
HIF18MpdscHilsaElMask R-CNN

Mask R-CNN tB o]l 175/ (Pose)

He et al, “Mask R-CNN”, ICCV 2017
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SLRRESS (Deep Learning)

Solo
Segmenting Object by Location
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RES>) (Deep Learning)

4.3 Solo: Segmenting Object by Location

. s Focal Loss ;
FSAEEIRIS 1 Sx S RINE, B4 PUSERRTIE EERSESHE ecets 7%
NHBHAR (BFHE) , DS MEREET popasinciig
— N2 (EbVolo) . SHUBENEERI12, 24, /
36, Pyramid] \ = +

C/ N
Category Branch o
el > Semantic category *I‘_.\|2E
' . -+
JIEE K
is ] i
FCN P L.
P [oss|] > —
52 .:.___‘i‘___ m
It i Mask Branch : : ! 1 ] Instance
&

/ g
WFENMEERRE, B4R FImask, maskE
BIREFTFSxS, IS/ MEEBINasS55H

maskBYEERE. Xinlong Wang, Tao Kong, Chunhua Shen, Yuning Jiang, Lei Li. SOLO: Segmenting Object by Locations. ECCV 2020.
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FEZS (Deep Learning)

Z Solo: Segmenting Object by Location

e 1. B EFRS S S WTRIN RN, SEUERILiEE

MW | mmimnn, BR, HGridNEETSASKEREEHE

. e FREREERFINE; SHEEETISREERRK,
= INERRIEARELRE,

s | 2 maskSEOMRERRSRIERE, FTTEIFAS
AW mFEGidRNETF A BiRE, T SSRGS
”’ SolovIZIRARIRET (&% YoloV1)

4. #HEEER, FETBAINREBMITMask-NMS, =ERIE

Xinlong Wang, Tao Kong, Chunhua Shen, Yuning Jiang, Lei Li. SOLO: Segmenting Object by Locations. ECCV 2020.
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SLRFESS (Deep Learning)

.3 Solo: Segmenting Object by Location

SOLOv2: Dynamic, Faster and Stronger

SOLOV249%i# (BFFH)

1. ARSI, Tah Imaski, (EIERIEEBIR {}ﬂ Lo 5
EATBE RS I, FRUEEmaskiokaL, | .
2. {2tHMatrix NMS, KAHRE T MM ERMEINDBRE,

SOLOVZESE %

iR, (R A@,ﬂ; E
2. Proposal-Free, ®EEIR _” , i ’ @

3. K. FEHIrDERRYT, Emsd, MNEimeEE—El
=F/]

(b) SOLOv2

Xinlong Wang, Rufeng Zhang, Tao Kong, Lei Li, Chunhua Shen. SOLOv2: Dynamic, Faster and Stronger. NIPS2020.
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SLARESS (Deep Learning)

4.4 UPSNet
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Yuwen Xiong, Renijie Liao, Hengshuang Zhao, Rui Hu, Min Bai, Ersion Tumer, Raquel Urtasun. UPSNet-A Unified Panoptic Segmentation Network. CVPR 2019.
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4.4 UPSNet
Semantic Segmentation head: FPN-FCN
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Yuwen Xiong, Renijie Liao, Hengshuang Zhao, Rui Hu, Min Bai, Ersion Tumer, Raquel Urtasun. UPSNet-A Unified Panoptic Segmentation Network. CVPR 2019.
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4.4 UPSNet

Panoptic Segmentation Head

a—| resize/pad

zinstance = Xmask + Xinstance

Mask logits Y; &
—)Xthing
AIETsR (SEf) Panoptic
e " HxW logits
Semantic logits Ziunknown %

L smmestEsTES

N — S5l R S S EONE &

Vel EOIEIRR, BIA0: AcHEFIEAB

X inst “stuff KA, ASKRYERGIFNRIEINT,

> st Z. =X ffT FRTBEAIRIAME (FP) thid

AR (BR) semeanfe W NN, ANEREERNRA ORISR, BPA

{Ri"")JI]A*E’JFN IESA L

unknown T Zsemantic T Zinstance BBV,

zpanoptic -
Yuwen Xiong, Renijie Liao, Hengshuang Zhao, Rui Hu, Min Bai, Ersion Tumer, Raquel Urtasun. UPSNet-A Unified Panoptic Segmentation Network. CVPR 2019.
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4.5 Panoptic-Deeplab
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Bowen Cheng, Maxwell D.Colins, Yukun Zhu, Ting Liu, Thomas S. Huang, Hartwig Adam, Liang-Chieh Chen. Panoptic-DeepLab: A Simple, Strong, and Fast Baseline for Bottom-Up Panoptic Segmentation. CVPR 2020.
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