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ILSVRC (ImageNet Large Scale Visual Recognition Challenge)

ImageNet &l ?

> ERRHADAR DI DKFMUEREHRT —IN—A
> 10000hF7JV%HFS5. hFIVUBIC10004DE 5

I M A G E r\* E T 14,197,122 images, 21841 synsets indexed
J Explore Download Challenges Publications CoolStuff About

Not 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
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.

http://www.image-net.org/
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CNNOEIRIC&HT10%U EDHEEER E(2012)
GoogLeNet, VGGEFDIERVCNNHELZ(2014)
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Convolutional Neural Network (B#A#=1—3IL12YPM)

B#AH_1—-5)L1Yb (CNN) &lF?

> BHAHEERBRRESRLUVEZ1-SIIRYMNI—=H

> FEEBENHDFEZFIA
> HEREEED D EF TIFE ICHVVIERE

> BHAHE- TV JEREEBBLERY NI -

4\4:‘\\\

P
D<IRS
'/0

Y
Jelo
S\

R2016a

>> net.Layers
ans =
11x1 Layer array with layers:

1 'iImageinput' Image Input

2  'conv' Convolution

3 'relu' ReLU

4 'conv' Convolution

5 'relu' ReLU

6 'maxpool' Max Pooling

7 'conv' Convolution

8 'relu' ReLU

9 'fc! Fully Connected
10 'softmax' Softmax

11 'classoutput' Classification Output
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Convolutional Neural Network (B#A#=1—3IL12YPM)

BHAHE-T-UVJE- [EREREZEHERTHEFANIZEO 13y b -7
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Convolution Layer (&#iA#E) / Pooling Layers (I -UYJE)

EBLEDREZ—EDHEFRLT, VI MeHBIIE. 21—V NTCEHAHDPRATES
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Convolution Layer (B#AH#E) / Pooling Layer (I’=UYJE)

Convolution Layer (B#AHE)

> HEROI IV FNE(CHEZT 0 feecte B
> fSEdhtaRE U TOEE

( EANEZENID%E ¢ Max Pooling
FEEH T35S ¢ Average Pooling

Pooling Layer (I’'—U>JJE)
> ESAOBAEEE GBS e
> FTBHF(CIZ0/VA MECEI R

> AFSAREFINBREEIZZITILEHD
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ReLUE (Rectified Linear Unit)

Logistic SigmoidFDEHNEEFITSRIELD. ReLUD G I FEB N BGEL LN DI HOTEE

Logistic Sigmoid / Tangent Sigmoid : RelLU (Rectific?d Linear Unit)
11
0 0
-1
s -5
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BH#AH_1—-3)1 Y POBELFE
28x28 EVIOEHR (HF) &R EBHETORY MNI—-IIBEDH

layers = [ ...
imagelnputLayer([28 28 1], 'Normalization', 'none');
convolution2dLayer(5, 20);

reluLayer();

maxPooling2dLayer(2, 'Stride’, 2);

fullyConnectedLayer(10); EHAHE- TV E- L=
B ELELEEIELY .>
softmaxLayer(); BEDEBZEHLITTER

classificationLayer()];

opts = trainingOptions('sgdm', 'MaxEpochs', 50); . FEEPRAREHREEZERUT
net = trainNetwork(XTrain, TTrain, layers, opts); FEHORAZFV LT

http://www.mathworks.com/help/releases/R2016a/nnet/ref/trainnetwork.html
12
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ILSVRC (ImageNet Large Scale Visual Recognition Challenge)

ImageNet &l ?

> ERRHADAR DI DKFMUEREHRT —IN—A
> 10000hF7JV%HFS5. hFIVUBIC10004DE 5

I M A G E r\* E T 14,197,122 images, 21841 synsets indexed
J Explore Download Challenges Publications CoolStuff About

Not 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
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.

http://www.image-net.org/

3 0 T T T T T T T

2010 2011 2012 2013 2014 2015 Human

CNNOEIRIC&HT10%U EDHEEER E(2012)
GoogLeNet, VGGEFDIERVCNNHELZ(2014)
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ILSVRC [cBIZUREBEARLAYMNI—2 (Alex Net, VGG Net)

Alex Net DEH1E. LDERVRYRI—-IhEHENB LSBTk

Alex Net

m bOYBMKZE Hinton OF—AICEDFEER

B NVIDIA® GeForce® GTX 580 24 Ic &% 5~6HREIDFH
B ILSVRC 2012 [cBWTEBULE SN RRY NI -2

VGG Net
m OxfordX* Visual Geometry Group [CLDFER

m NVIDIA® GeForce ® TITAN Black 4#% [C&3 2~3BREDFH
m ILSVRC 2014 [CEWT 2 idDieixaizUicry hI—2

ILSVRC 2010 - 2015

Alex Net

/

2010 2011 2012 2013 2014 2015 Human

Alex Krizhevsky, Ilya Sutskever, Geoffrey E. Hinton "ImageNet Classification with Deep Convolutional Neural Networks" In NIPS, pp.1106-1114, 2012

K. Simonyan, A. Zisserman "Very Deep Convolutional Networks for Large-Scale Image Recognition" arXiv technical report, 2014
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ILSVRC [cEIZUIEBR/RBR1Y I NI—2 (Alex Net, VGG Net)

ILSVRC2014 T2{ilcxoTz VGG

ILSVRC2012 TEBUL= Alex Net |

Jafl - A | SvF RARFAF WARYTSHAX B 87 A%
data - - 227 x 227 x 3 -

convl 11 x 11 4 55 x 55 x 96 ReL 36k
pooll 3% 3 2 27 X 27 x 96 - 0
norml 5x5 1 27 x 27 x 96 - 0
conv2 b5 X5 1 27 X 27 % 256 RelL 614k
pool2 3x3 2 13 x 13 x 256 - 0
norma2 5x5b 1 13 x 13 x 256 - 0
conv3 3xX3 1 13 x 13 x 384 ReL 885k
convd 3x3 1 13 x 13 x 384 RelL 1,327k
convb 3x3 1 13 X 13 x 256 ReL 885k
pool5 3x3 2 6 X 6 X 256 - 0
fc6 - - 1 x 1 x 4096 ReL 37,748k
fc7 - - 1 X 1 x 4096 ReL 16,777k
fc8 - - 1xX1x 1000 softmax 4,096k

X FEFE (MWMFBI0IvIarIII-X) MaEz &balH

4\ MathWorks

JaRE - 4R | v F ARIAF WhweTYAL Wl N7 A7
data - - 224 » 224 % 3 -

convl 3x3 1 224 x 224 x 64 ReL 576
conv? Ix3 1 224 x 224 x 64 ReL 37k
pool2 2% 2 2 112 x 112 x 64 - 0
convad 3x3 1 112 » 112 x 128 RelL Tdk
convd 3x3 1 112 x 112 x 128 ReL 147k
poold 2x2 2 b6 x 56 x 128 - 0
convh Ix3 1 56 x 56 x 256 ReL 205k
conv6 3x3 1 56 x 56 x 256  ReL 590k
conv’7 Ix3 1 56 x b6 % 256 ReL 590k
conv8 3x3 1 56 x 56 x 256 Rel, 590k
pool8 2x2 2 28 x 28 x 2566 - 0
conv9 3x3 1 28 x 28 x 512 ReL 1,180k
convl0 3x3 1 28 x 28 x 512 ReLs 2,359k
convll Ix3 1 28 x 28 »x 512 Rel, 2,359k
convi2 3x3 1 28 x 28 x 512 ReL 2,359
pooll2 2x2 2 14 x 14 x 512 - 0
convl3d 3x3 1 14 x 14 x 512 ReL 2,359k
convl4 3x3 1 14 x 14 x 512 ReL 2,359k
convl3 3x3 1 14 x 14 x 512 Rel, 2,359k
convl6 I3x3 1 14 x 14 x b12 Rel 2,359k
pooll6 2x2 2 7Tx7x512 - 0
fel? - - 1 x1x 4096 Rel 102,760k
fclB - - 1 x 1 x 4096 Rel: 16,777k
fcl9 - - 1x1x1000 softmax 4,096k
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EREFELE?

FBEHDLYINI—Y (Pretrained Model) Z{DIRAVICERRBICTEFE
> ZFBRBEHOALYINI—=I%5FFALT, FHBICRERT IR0 ERBEZRSICENTES

1. CNNORYRND—D%TDFFESHLD
m CNNZEESOSHHESEUTHRETS
"""""" m CNNZZOFEFESOTHEEN VL RIRVBL

.
*
3
L4
-
-
3
.
*
‘e
*

A 2. CNNORY NI — V%2 ZELTBFBIH91T
B CNNO—EDIEZEDZEZXT. BFEZ1TS
B BFBIFCCNNZSFEUNRESBIHENH S

4\ MathWorks
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HEFE (CNNORYNI—JZEDEIED)
Alex Net : ILSVRC2012 TESU CNN DBk

I {&D 5 DT Edhit IEEDDH

E(XeWoS

P& S72NE—2E . E(STHZLFRDRND
—IRERBEF(COIRNBENFBN TS
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|
FRIEFE (CNNORYDMNI-IZEDIFTIHEEDS)

ImageNet

B FEEHOCNNEESO R LHE L THI ADoiE ozl
B CNNTERULESISEE%Z SVM STRHE R

DeCAF¢&(d ?

- Deep Convolutional Activation Feature DBg
> ADBBLOMBRVESRESIFHEZSATVSEENS
> H[CTCNNAFEHEIEEFIENS

Donahue, Jeff, et al. "Decaf: A deep convolutional activation feature for generic visual recognition." arXiv preprint arXiv:1310.1531 (2013)
20
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CNN#5#2 (DeCAF) ZFIALT. FVRRETFIVRRER IV

EPZIN I+ AR
(Dandelion) (Colts’ Foot)
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[FIRE] F>RRETFHRRDAFE

CNN¥H#ZE (DeCAF) ZFIRAULT, YURREIFHIRRKERDIFT=0L)

'
l'||l'||

2(Xewlos

- YRR
B

PE M V|

AR JHA R
(Dandelion) (Colts’ Foot)
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Oxford Flower Dataset &(d ?

> 177 DIEDEHZEDILT—F Y b
> 1 ERDTEC80M DSz YN Ex
> 102EHDTEDEIKZRDIEDEHD

AR JFA R
(Dandelion) (Colts’ Foot)

Visual Geometry Group

Department of Engineering Science, University of Oxford

Maria-Elena Nilsback and Andrew Zisserman

Overview

We have created a 17 category flower dataset with 80 images for each class. The flowers chosen are some common flowers in the UK.
The images have large scale, pose and light variations and there are also classes with large varations of images within the class and
close similarity to other classes. The categories can be seen in the figure below. We randomly split the dataset into 3 different training,
validation and test sets. A subset of the images have been groundtruth labelled for segmentation.

Downloads

The data needed for evaluation are:

1. Dataset images

2. The data splits

3. Segmentation groundtruth data

4. @3 distances CVPR 2006 - distance matrices for features and segmentation used in CVPR 2006 publication.

5. &Chi2 distances ICVGIP 2008 - distance matrices for features and segmentation used in ICVGIP 2008 publication.

The README file explains everything.

Class Examples

Colts'Foot Buttercup

=
b=
a

http://www.robots.ox.ac.uk/~vgg/data/flowers/17/index.html

4\ MathWorks
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1-Class SVM ¢(3 ?
H—RERE R FEEZITOHRETIITUZ LA

1 1 1
1 2 3 4

. .
L] .
“agusn®

1-Class SVM

28
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FBEHDLYINI—Y (Pretrained Model) Z{DIRAVICERRBICTEFE
> ZFBRBEHOALYINI—=I%5FFALT, FHBICRERT IR0 ERBEZRSICENTES

1. CNNORYRND—D%TDFFESHLD
m CNNZEESOSHHESEUTHRETS
"""""" m CNNZZOFEFESOTHEEN VL RIRVBL

.
*
3
L4
-
-
3
.
*
‘e
*

A 2. CNNORY NI — V%2 ZELTBFBIH91T
B CNNO—EDIEZEDZEZXT. BFEZ1TS
B BFBIFCCNNZSFEUNRESBIHENH S

4\ MathWorks
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BRIEFE (CNNORYMNI-IZ2ZELTEFESED)

B CNNOEFDEDHZ/EDEXT. BFEZ1TS
B BIFDELD, RFEDBOFBRIKRIBELIICTS

!
o

2(Xew}Jjos

*e
03
03
‘e
.

FERT/NEC! BRIRE DS !

L

wn
S
—t
=
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X
iz

SBWREASC | CCEESEEES 1 )
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FE8 (CNNORYDMI-DV%ZZEELTHFESES)

¥R

softmax layer

softmax layer
FC layer

pooling layer

conv layer

pooling layer

conv layer

pooling layer

conv layer

pooling layer

BEDOEESEFTZHIS

........ v
conv layer

pooling layer

pooling layer

conv layer

conv layer

P I

BO1EEHROH

-----------------------

*
9 .

H softmax layer m
- FC layer m

pooling layer

: onv layer [

pooling layer

H  conv layer B

pooling layer

H  conv layer H

“ S
* - ‘0
---------------------

Series Network Object (Pretrained)
Series Network Object (Modified)

2fEARE - SoftmaxEBEFH (B

>

softmax layer

pooling layer

conv layer

pooling layer

conv layer
pooling layer

conv layer

trainNetwork Ba%X I
4......-----..............

31
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|
BRIEFE (CNNORYMNI-IZ2ZELTEFESED)

net = helperImportMatConvNet('imagenet-caffe-alex.mat’); ]— HBBEHLYNT=ID1 K-

layersNew = net.Layers(1:end-3); ]— BEDBEROHDEHU

layersNew(end+1) = fullyConnectedLayer(2);

layersNew(end+1) = softmaxLayer(); - A -Softmax/E@- DFREDEM
layersNew(end+1) = classificationLayer();

[netNew, traininfo] = trainNetwork(XTrain, TTrain, layersNew, opts),

32
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BRIEFE (CNNORYMNI-IZ2ZELTEFESED)

4\ MathWorks

N—ADZFBERNEUT, HiLGENMUVEZESBOFERDERZ LIFTHS

layersNew = net.Layers(1l:end-3);
layersNew(end+1) = fullyConnectedLayer(2, 'WelghtLearnRateFactor 10,

layersNew(end+1) = softmaxLayer();
layersNew(end+1) = classificationLayer(); T4/ RS BROER
=

opts = trainingOptions('sgdm’, 'InitialLearnRate’, 0.0005),

o N—ADFEFE (#HAME)

'BlasLearnRateFactor 20);

NP ADFEBERDER

33
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R-CNN (Regions with CNN features) ¢&ld?
CNNICIVE1-9E ST OFRRMEH AN EIYMARL - BB OFE

R-CNNICE #BEDRIHEF LR F BB In S O LA

4\ MathWorks

R2016b

BEEDRIE (Car Front)

35



4\ MathWorks

R-CNN (Regions with CNN features) ¢&ld?
Exhaustive Search Tld. tEISDIRENIER (CZ<RD, EIEsERHB 2z DEAESDEHEUH O

-----------------------------------------
LY
[

mBn

-----
--------------
[ ]
-----
-----------
[}
we®
\d

Exhaustive Search

Sliding Window Z{#>/z7 )LV L B4 X
PIZATZZE X IRD SRR (CIERRT B, BAtRH
REDQTINIUALRETHLLFIHETN TS,

Selective Search
BOTFIAFrOIEEREE(CURT7IVIVL L YK
SUEBIDEIEATIERLTNS (BFE 20001
BUVDIRIEZERK T DENZ )

36
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R-CNN (Regions with CNN features) ¢&ld?

R-CNN: Regions with CNN features

1 warped region

aeroplane? no.

person? yes.

tvmonitor? no.

1. Input 2. Extract region 3. Compute 4. Classity

1mage proposals (~2k) CNN features regions
4 A A
Selective Search CNN features SVM
BOTIRFrOIEHRZRICULTF L CNN Z{EoZE{FEF = H7IVDEIERUEIDSVM

Girshick, Ross, et al. "Rich feature hierarchies for accurate object detection and semantic segmentation." CVPR 2014 ;
7
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MATLAB® [cH1T7d R-CNN

R-CNN: Regions with CNN features

h.:;: warpe¢d r?f_g}(_)fl _______________ ﬂ{aeroplanemo | - o
E=~a %% _,>|person9 = < FemXDF VIV LA
............... C NI‘I‘A‘t s | MATLAB TI(&. E(ZR-CNN Drcim>X D
s /L5 [W vmonitor? no. 7 I
1. Input 2. Extract region 3. Compute 4. Classity NTVALEETRRLTRELTVS
image proposals (~2k) CNN features regions
fRls xS ¥t vag::]
Region Proposals Feature Extraction Classification
FEIBNT e > Selective Search SVM
EBOTIZF T OIERERICURF S CNN features H7IVOHERLHEDSVM
Edge Boxes CNN ZfeolIBHRATRIE Neural Network
MATLAB -----» ESROLYSOERERCULTE CNNO#EER(FHIE X

[1] Girshick, R., J. Donahue, T. Darrell, and J. Malik. "Rich Feature Hierarchies for Accurate Object Detection and Semantic Segmentation."Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition. 2014, pp. 580-587
[2] Zitnick, C. Lawrence, and P. Dollar. "Edge Boxes: Locating Object Proposals from Edges." Computer Vision-ECCV, Springer International Publishing. 2014, pp. 391-405.



4\ MathWorks

|
MATLAB [c$17%d R-CNN

MATLABTI(d. Edge Boxes, CNN, Neural Network OfEHENDE(CED. ¥ADIRE - 325 Z21T7o TS
— HEEPEARNBIER(IHENE X T (CKIEICEIRIL |

Car Front?
Stop Sign?
A
Input Image ,
{4 nR ik fEdh yag:]
Region Proposals Feature Extraction Classification
Edge Boxes CNN features Neural Network
EFROIY>OEHREECUFE CNN ZfEo L EFFHE CNNORREZHIER
iz &

Girshick, Ross, et al. "Rich feature hierarchies for accurate object detection and semantic segmentation." CVPR 2014 -



FBYSTNDEMTE

FBYYIE, RSO N5 Ground Truth @ IoU DEZELICIEFIHIEFINERETS

PositiveOverlapRange
NegativeOverlapRange

LEA
(Positive)

=L
(Negative)

. PRIZIEH (Positive) EHITETS IoU DELH
. pEtgZ &l (Negative) EHITET S IoU DEEH

IoU (Intersection over Union) &(&?

A

area(ANB)

area(A U B)

4\ MathWorks
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Training Image Labeler App
EFEITERONMNBIAULIEEAY-ILT

sE(CTHRERICITIC

ENTEEXT

4\ MathWorks

W | = | B8

4\ Training Image Labeler - labelingSession.mat
LABEL
513 = E l &:
[ FILE
?'—9 7394~
;@Images

Stereo Camera | Training Image A A=
Calibrator Labeler Faotf-

RENI7IVT—23>9T (s
FEEOTAO%I IV FBICT

o begin, click the Add Images button.

[EN}b(iEEEI(CEQE‘C%i@“ F

[IZ] ROl Labels

st opSign

Number of images labeled: 1/1 Total nu

mber of ROIs: 3

image001
G

HiE =

RSwI LT Eﬂz’zm@
IN)zIEIR
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CIFAR-10 &l&?
TR 5 HROBEHRT —IN- (FRKE : 32 x 32)

— + airplane
e automobile
e bird
e cat
Images Categories : — Zggr
- frog
« horse
* Ship
— e« truck

42



R-CNN D33E (B#X : trainRCNNObjectDetector)

detector = trainRCNNObjectDetector(groundTruth, network, options)

* .
0‘ “
* .
* .
o .
o .
o
1 2 3
imageFilename stopSign carRear

'stopSignImages/image001.jpg' [856,318,39,41] [398,378,315,210]
'stopSignlmages/image002.jpg' [445,523,52,54] [332,633,691,287]
'stopSignImages/image003.jpg' [897,365,49,48] [718,409,74,66;1...
'stopSignIlmages/image004.jpg' [948,424,34,44] [757,503,143,69]
'stopSignImages/image005.jpg' [980,393,31,56] []
'stopSignImages/image006.jpg' [1.0408e+03,35... []

Ground Truth SeriesNetwork Fz(& EDBc5

¥ BIEEVTEIRY NI —IDBRUCKDEEBDEMFHEDBLICER !

SeriesNetwork D& = RXVNI-JEFEFHNICEEIND (FEXROEXREHEESEGETEIND)
EOEHDIGE = FEXRDEXREZFHTRTEUWSZEREFIESZFS

4\ MathWorks
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R-CNN Toixiti (5k5!)

1. Edge Boxes 7ZJLIUXAICED. {=##E7ELE (Region Proposal) Z4Rk9 3

2. CNN (DRl (Classification) Z175
3. [EFEFI)IZED>T Bounding Box ZFHI9% (Bounding Box Regression)

ANEK
Input Image

(sl ni
Region Proposals

EHAH=1-F 1Y
Convolutional Neural Network

EIFET IV
Bounding Box Regression

4\ MathWorks

Car Front?

Stop Sign?

sl FER
Classification Result

(X, Y)

“«— W —>

Bounding Box EZ
Bounding Box Coordinates
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|
R-CNN TOE8
1. Edge Boxes 7ZJLIUXAICED. {=##E7EE, (Region Proposal) Z4Rk9 3
2. Ground Truth EDERDES (IoU) Zm(CEBYIIINERETS
3. HWFJUZRHDSHD CNN OZFZ%17S (H:i8%8)
4 . Bounding Box OWGAZEOZHOEIIFETILOFEZEZ1TD (Bounding Box Regression)

SHAH=1-FI1Yb

. . v Convolutional Neural Network
L LY P
. - of T I
A DS 2 EE O |
Input Image Region Proposals i

&l (Negative) EIRESIL
- Bounding Box Regression
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R-CNNOEMERELE

CNNOASIBAX(CELEEZA N TDE, BEHNIEINDEDFHEREBELRD

s
I o
R
EEAKRDASITAXLDE

AREPEFRZATITED !
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R-CNNOEMERELE

featureMap = activations(rcnn.Network, testimage, 'softmax’, 'OutputAs’, 'channels');

ROy IZH I3

ARDASLDEREVEETRZATITDHE:

“
*
e
‘a
...... >
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CNN / R-CNN [CHER Toolbox & Hardware

CNN(ZR2016aLlPE, R-CNNIZR2016bEIED
MATLABO 2R

MATLAB

Neural Network Toolbox™ ,z\gﬁ

Parallel Computing Toolbox™ <— GPUEﬁa%é .......................... >

+— EEBFETEAT
NVIDIA® OFvI &i&#EUIZGPU
(Compute Capability 3.0L%)

<+<— R-CNN [cwZa

% GeForce® GTX 1060/1070/1080 &® GPU TR/\vFDBEANMBETY (R2016a, R2016b)

51
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BHAHFZ1—T)FY MOFIE

-~  Computer Vision System Toolbox OIS

MATLAB Examples

Automatically Detect and
Recognize Text in Natural
Images
Detect regions in an image that
contain text. This is a common task
performed on unstructured scenes.
Unstructured scenes are images
Open Script

CNN ODfjIzR

4

Image Category
Classification Using Bag of
Features
Use a bag of features approach for
image category classification. This
technique is also often referred to
as bag of words. Visual image...
Open Script

Computer Vision System Toolbox Examples

Object Detection and Recognition

..\
|

Detecting Cars Using
Gaussian Mixture Models

Detectand count cars in a video
sequence using foreground
detector based on Gaussian mixture
models (GMMs).

Open Script

@
Image Category
Classification Using Deep
Learning
Use a pre-trained Convolutional
Neural Network (CNN) as a feature
extractor for training an image
category classifier.

Open Script

Object Detectionin a
Cluttered Scene Using
Point Feature Matching

Detect a particular objectin a
cluttered scene, given a reference
image of the object.

Open Script

=N
Object Detection Using
Deep Learning

Train an object detector using deep
learning and R-CNN (Regions with
Convolutional Neural Networks).

Open Script

Image Retrieval Using
Customized Bag of
Features

Create a Content Based Image
Retrieval (CBIR) system using a
customized bag-of-features
workflow.

Open Script

Pattern Matching

Use the 2-D normalized cross-
correlation for pattern matching and
target tracking. The example uses
predefined or user specified targe. ..

Open Script

R-CNN DR

| 3 3

Digit Classification Using
HOG Features

Classify digits using HOG features
and a multiclass SVM classifier.

Open Script

Recognize Text Using
Optical Character
Recognition (OCR)
Use the ocr function from the
Computer Vision System Toolbox™
to perform Optical Character
Recognition.

Open Script
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Statistics and Machine Learning Toolbox™

= iR

Neural Network Toolbox

Iris Outlier Detection via One-Class SVM

= %ﬂ%ﬁ‘)bn-l_
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Parallel Computing Toolbox

MATLAB Distributed Computing Server

= MATLAB & Simulink &@E#EUEESALE
= X EERR RIS ESRET
= GPGPU [C&5ERER

= 23TBLUHIRIOH it

NnVIDIA

= D3RS TEIRIE IR
‘B Distributed Computing -

l‘u \
® h" \
k_’iq Scheduler : | |

Parallel Computing
Toolbox
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Image Processing Toolbox™
= 1—7—. F&RH

= 0] FRYTHL

= RIEEFRD ()L YR

= LXK —23> (UEEHR)
= TN T-23> (FEIEE)
= ESROMELEDOE 5

Washers: Large=5, Small=1
Brass Nuts: 2

Computer Vision System Toolbox™

= AIASFPUTL—23>

= R SEERD

= B2 (C K DHDARER G
= FEAN)—-Z> I8

= NowF T

= AL AETI> - 3DFER

Image Acquisition Toolbox™
= T)\AANSIEHR, BhEEEZERDIAH
- JL—=LT3)UR—=R
- DCAM, Camera Link®
- GIigE Vision®, Web/h X35
= Microsoft® Kinect® for Windows®

=

Robotics System Toolbox™ e ————

« ORF1IZAT7 NIV LBEFEOZIR

= MATLAB-SimulinkEROSREID
A>HA—=JI4R

= ROS./— &Rk
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Signal Processing Toolbox™

= (S54RL. RS nEISARAT
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= AR NV EAfT

DSP System Toolbox™

= BRI
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Wavelet Toolbox™
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