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CNN (Convolutional Neural Network) R-CNN / Fast R-CNN / Faster R-CNN FCN / SegNet
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Convolution Layer (&#iA#E) / Pooling Layers (F'=UYJE)
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Convolution Layer (B#AH#E) / Pooling Layer (I’=UYJE)

Convolution Layer (B#AHE)
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ILSVRC (ImageNet Large Scale Visual Recognition Challenge)

ImageNet &l ?

> EHFE R OAT DD ORISR EHRT —IN— %0
> 10000h7IVU%SS. h7IVEIC 1000 DE N

I M Hi G E r\\J E "‘I"‘ 14,197,122 images, 21841 synsets indexed 20
Explore Download Challenges Publications CoolStuff About

Mot logged in. Login | Signup

ImageNet is an image database organized according to the WordNet hierarchy (currently only the nouns),
in which each node of the hierarchy is depicted by hundreds and thousands of images. Currently we have
an average of over five hundred images per node. We hope ImageNet will become a useful resource for 10
researchers, educators, students and all of you who share our passion for pictures.

Click here to learn more about ImageNet, Click here to join the ImageNet mailing list.
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Convolution Layer (B#HAHE)
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Convolution Layer (B#HAHE)
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Convolution Layer (B#HAHE)
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SegNet (Semantic Segmentation)

Convolutional Encoder-Decoder

Output

Pooling Indices

RGB Image

Bl conv + Batch Nommalisation + Rell) EEQ mentation
I Fooling [ Upsampling Softmax

Badrinarayanan, V., A. Kendall, and R. Cipolla. "Segnet: A deep convolutional encoder-decoder architecture
for image segmentation.” arXiv. Preprint arXiv: 1511.0051, 2015.
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W' —-U>% (Unpooling)
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SegNet (Semantic Segmentation)

Max PoolingBlF®Index% k=l T
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Convolutional Encoder-Decoder Output

Pooling Indices

RGEB Image

Bl conw + Batch Normalisation + Rell SEQ mentation
B Fooling [ Upsamgling Softmax

Badrinarayanan, V., A. Kendall, and R. Cipolla. "Segnet: A deep convolutional encoder-decoder architecture
for image segmentation.” arXiv. Preprint arXiv: 1511.0051, 2015.
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AX—2 SR5— (Image Labeler)
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FELEHES : SegNet DIES

Stepl) SegNet LMV —ZEE

-= segnetLayers(imageSize, numClasses, lencoderDepth)

[ VGG16 FE1F VGG19 %&ER

NEFSPAI = segnetlLayers(imageSize, numClasses, model);

EI P

Step2) F—FRZIBELT. FBZRTIS
net = trainNetwork(datasource, IGE@PH) options);

Step3) FBEEERYNI—ITRIADT—2a0%4TS

C = semanticseg(l, [net);
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imageDatastore ¢ pixelLabelDatastore Z#XHU . pixelLabelImageSource ZE&H I 3

D B (AN) D SN () E{fRéESNIICHTTS Datastore ZES
32 x 32 pixel 32 x 32 pixel
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4 Image_01.jpg -ﬁ Label_01.png
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Stepl) SAID IDESESANINDIVE S I ERDTHE

CIBSSNEMES] = ["sky" "grass" "building" "sidewalk"];
pixelLabellD = [1 2 3 4];

Step2) EfEEITIINNDHEEESETS

IME8 = imageDatastore(imageDir);
pxds = pixelLabelDatastore(labelDir, [ElGSSNamEs; pixelLabellD);

Step3) EHfEETEIINNDHENSFBT—HEEZRTS
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datasource = pixelLabelImageSource(iifids, pxds);
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FANT =43 imageDatastore ThA> haNTWRIHE. HmiEEDOFHAEA T OFIETITVET

Stepl) BT —FICHUT, HRERITID

pxdsResults = semanticseg(imds, net, 'WriteLocation’, resultDir);

Datastore [CHUT. #aZRTURIBSERE
Datastore ¢RBCEICER !

Step2) EDSNIT—HICHU T, Datastore ZE&RI S

IDXEASTRUER] = pixelLabelDatastore(labelDir, classNames, pixelLabellD);

Step3) EfEEIRIIANINDEISEBT—HEEETS

metrics = evaluateSemanticSegmentation(pxdsResults, [DXASTEUEH) ;

28



Y s S 0D 5T

IoU (Intersection over Union)

triangle

HDIIA

background

IFERAESITRETTH [%]

triangle background

FRIENZIZA

90

20
10

29



|
HEsm SR (D il

T—9tyb2EDAMIYY (DataSetMetrics)

GlobalAccuracy MeanAccuracy MeanloU WeightedIoU MeanBFScore
0.98 0.95 0.81 0.96 0.59

BRI EDAMIYYI (ImageMetrics)

GlobalAccuracy MeanAccuracy MeanloU WeightedIoU MeanBFScore
0.99 0.88 0.83 0.99 0.77
0.98 0.96 0.79 0.96 0.56
0.97 0.96 0.85 0.94 0.55
0.97 0.96 0.78 0.95 0.52

DSACEDANIYVY (ClassMetrics)

Accuracy IoU MeanBFScore
triangle 0.92 0.64 0.31
background 0.98 0.98 0.87
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BEL OB EEHNSEUSURESR (CamVid F—5tvh) (U T. SegNet ZiEAUBIZENHD

https://www.mathworks.com/help/releases/R2018a/vision/examples/semantic-segmentation-using-deep-learning.html
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http://mi.eng.cam.ac.uk/research/projects/VideoRec/CamVid/
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U-Net (Semantic Segmentation)
Feature Map TDHD%ERXL T
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=» conv 3x3, ReLU
~» copy and crop
¥ max pool 2x2
4 up-conv 2x2
=» cOonv 1x1

O. Ronneberger, P. Fischer, and T. Brox, “U-net: Convolutional networks for biomedical image segmentation”

in MICCAI, pp. 234-241, Springer, 2015. 53
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U-Net (Semantic Segmentation)
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O. Ronneberger, P. Fischer, and T. Brox, “U-net: Convolutional networks for biomedical image segmentation”

in MICCAI, pp. 234-241, Springer, 2015. a4
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NIVFARI NVEHRICHTU T U-Net ZiEARUIAIEN 9D

IRIMRT v RGB [Eif5 N AV B
CH1 ~ CH3 CH4 ~ CH6 CH7
A A A

https://www.mathworks.com/help/releases/R2018a/images/multispectral-semantic-segmentation-using-deep-learning.html
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Asphalt

Water_Pond
Water_Lake
Sand_Beach
I
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Rocks

Buoy

OrangelLandingPad
WhiteWoodPanel
BlackWoodPanel
PicnicTable

LifeguardChair
Semantic Person
Segmentation Vehicle

Building

RoadMarkings
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FEZEECWER Toolbox & Hardware

MATLAB

Neural Network Toolbox™

Parallel Computing Toolbox™

S
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NVIDIA® OFvI z{E#UzGPU
(Compute Capability 3.015%)

R-CNN, Fast R-CNN, Faster R-CNN
Semantic Segmentation & TwA
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