An Overview of Semantic
Image Segmentation with Y,

Deep Learning /

Simone Bonechi






5 #"l'i."ﬂ"'.:::-"

e TSR
ol e e Y

airplane

grass

object - -~ W '
g building  grass tRee Cow sheep
bicycle = flower bird book chair road




* Instance-

Its main purposc 1S tO 1dent1fy Ob_]CCtS O—f fthe
into different instances L.



aero bicycle bird cow dining motor person potted sofa tv/ submission |
plane table bike plant monitor date

A4 vV vV WV v v v

» DeepLabv3+_JFT [?] 93.8 785 : ! 81.6 09-Feb-2018

DeeplLabv3+ [? 71.3 3 . .0 095-Feb-2018

DeepLabv3-JFT [?] 81.5 ’ ) ! .8 05-Aug-2017

pis [?] 3-5ep-2017

CASIA_IVA_sDN [7] 29-1ul-2017

IDW-CNN [?] 30-Jun-2017

HPN [?] 13-Dec-2017

DeepLabv3 [?] 20-Jun-2017

PsPNet [?] 06-Dec-2016

POSTECH_DeconvNet_CRF_voc [?]

747 V16 . £ .B g . 3. 45.2 724 374 709 55.1 12-Nov-2014

6 08-Aug-2013

BONN_02PCPMC_FGT_SEGM [?]




Fully Convolutional Neural Network (FCN)

forward /inference

—, backward/learning

Long, J., Shelhamer, E., & Darrell, T. (2015). Fully convolutional networks for semantic segmentati
Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 3431-3440).






Replace FC with Convolutions

A classification network
convolution fully connected

22F = 227 55 =x5h 27T = 27 13x13
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Becoming fully convolutional
convolution
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Upsampling the output

convolution
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upsampllng T

conv, pool pixelwise
nonlinearity output + loss




Convolution & Deconvolution

Deconvolution

Transposed convolution
Fractionally strided convolution
Backward strided convolution
Upconvolution

Convolution Deconvolution

Sum where
output overlaps

Typical 3 x 3 convolution, stride 2 pad 1 3 x 3 “deconvolution”, stride 2 pad 1
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Dot product Input gives
between filter weight for
and input filter

Output: 2 x 2 Input: 2 x 2 Output: 4 x 4

Input: 4 x 4



Upsampling the output

“tabby cat”

convolutionalization

tabby cat heatmap




sistent labels due to large object size




FCN skip architecture
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FCN Results

Results on PascalVOC 2012

pixel mean mean
acc. acc. U
FCN-32s-fixed | 83.0 59.7

FCN-32s | 89.1 73.3
FCN-16s | 90.0 75.7
FCN-8s | 90.3 75.9




DeconvNet

224x224 224x224
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Noh, H., Hong, S., & Han, B. (2015). Learning deconvolution network for semantic segmentatj '
Proceedings of the IEEE International Conference on Computer Vision (pp. 1520-1528).



Pooling & Unpooling

Unpooling
Retrieve structure of original activation map
Activation size 1s preserved, but still sparse
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Convolution & Deconvolution

Deconvolution
Densify sparse activation map

Convolution Deconvolution
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Results - Comparisons

Method bkg aero bike bird boat bottle bus car cat chair cow table dog horse mbk person plant sheep sofa tram tv |mean
EDeconvNet+CRF|93.1 89.9 39.3 79.7 63.9 68.2 87.4 81.2 86.1 28.5 77.0 62.0 79.0 80.3 83.6 80.2 58.8 83.4 54.3 80.7 65.0| 72.5

DeepLab-CRF 931 84.4 54.5 815 63.6 659 851 79.1 83.4 30.7 74.1 59.8 79.0 76.1 83.2 50.7 82.2 504 731 63.7| 716

TTI-Zoomout-16 |89.8 81.9 351 78.2 574 56.5 80.5 74.0 70.8 22.4 60.6 53.7 74.0 76.0 76.6 44.3 70.2 40.2 68.9 553 |64.4
FCN8s 012 76.8 34.2 68.9 49.4 60.3 75.3 747 77.6 214 62.5 46.8 71.8 63.9 76.5 45.2 724 374 70.9 55.1|62.
MSRA-CEM  |87.7 75.7 26,7 60.5 48.8 656 81.0 69.2 73.3 30.0 68.7 515 69.1 681 717 675 504 665 44.4 58.9 53.5]| 618
Hypercolumn  [88.9 68.4 27.2 68.2 47.6 617 76.9 721 711 24.3 59.3 44.8 627 590.4 735 70.6 52.0 63.0 381 60.0 54.1|59.2




PSP-net

=]
[

=
-
o

CORNCAT

(a) Input Image (b) Feature Map {c) Pyramid Pooling Module (d) Final Prediction

Zhao, Hengshuang, et al. "Pyramid scene parsing network." IEEE Conf. on Computet
Vision and Pattern Recognition (CVPR). 2017.



Atrous Convolution
Upsample with atrous convolution to compute feature densely

Cutput feature

Input feature FAN

(a) Sparse feature extraction

Comvoluion 1 B gy
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stride = 1 P
rate = 2
(insert 1 zero) | .

(b) Dense feature extraction

s







	Diapositiva 1
	Diapositiva 2
	Diapositiva 3
	Diapositiva 4
	Diapositiva 5
	Diapositiva 6
	Diapositiva 7
	Diapositiva 8
	Diapositiva 9
	Diapositiva 10
	Diapositiva 11
	Diapositiva 12
	Diapositiva 13
	Diapositiva 14
	Diapositiva 15
	Diapositiva 16
	Diapositiva 17
	Diapositiva 18
	Diapositiva 19
	Diapositiva 20
	Diapositiva 21
	Diapositiva 22

