2 I &2 (Technical Manager) ‘) Mathworks®

Accelerating the pace of engineering and science
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Fusion Technology

Communication
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Autonomous Technology

Provides the ability of a system to act
iIndependently of direct human control
under unrehearsed conditions



4\ MathWorks

Autonomous Technology Transfers Responsibility to Computers

Computer

Responsibility

Degree of Autonomy
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Oil and gas extraction from Baker Hughes.
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Autonomous Service for Predictive Maintenance

\|/

Which sensor values should they use?

Vibration

A\\

Pressure :«;:', .. 3._5
', -

Timing
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Autonomous Service for Predictive Maintenance

Which sensor values should they use?

:\Sense
Vibration

Those provided characteristic information that enabled them to make a decision.



Autonomous Service for Predictive Maintenance

[ sense]

N/

Percejve

/'|\

| ——raw

O-{: Decide
& Plan
@ )

2 4 6 8 2 4 6 8

Normal Operation Monitor Closely

Statistical and Frequency domain analysis ..

4\ MathWorks

6 8

Maintenance Needed

9
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Machine learning Workflow

Machine Learning Workflow

Data Feature extraction Classification
— >
i @ ‘4
|| ||‘ ‘l —_— » Z+1) > Monitor Closely
Il *e
\
\

Normal Operation Monitor Closely Maintenance Needed
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Feature Extraction Histogram
Biggest Challenge is to Find the Right Feature .|

400

Nbrmal

300 -
200

1000 -

Acceleration data :

Undamaged Bo0
2 T T T T T

Normal oo

400 -

00
200 -
100
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]

o L
-3 -2

° 5 " et ’ . Spectral estimatjon

damaged Case
T T

Damaged

3

Failure
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o
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gm Failure -
5
& 0| :
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o\ MathWorks:
4\ Diagnostic Feature Explorer - Signal Trace: vibration/Var1 —

SIGNAL TRACE

m nw Filtering & Averaging - @E Ei.x.iJ %

Signal T H Computation J ERﬁtdueGeneratmnv ||):.2
Y .. !E'f!l'..-\,-!m"»t'. 4

AR e S

, PLOT (COMPUTATION | DATA PROCESSING | FEATURE GENERATION. | RANKING sxpcm_
GO|E 2o

® - | signal Trace: vibration/Var1 i |

EV Signals & Spectra %
‘ ignal Trace
I T I I

faultcode=1
faultcode=0 |

20 T T

15— ‘

W Feature Tables

vibration/Var1

vibration/\Var1:Member 18 |
vD ets faultcode=1

| 20 | | | | | 1
[H Ensemble1 0.36288 0.38016 0.39744 0.41472 0.432 0.44928

=

0 01728 0.3456 0.5184 0.6912 0.864

®
8
@
@)
@
®
"

i) Opening Signal Features dialeg...
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4\ Diagnostic Feature Explorer - Histogram: FeatureTable1 — X
FEATURE EXPLORER HISTOGRAM 27| | CyCleanup ] f 18 T S
S inWidthlauto N ———
Group By [faultcode ~ | Bin Wldth“auto [ Bin Limits [Aauto | e
Binning Method | auto v | Normalization | probability v |
ér v Group Di NumberofBins| auto |
GROUPING OFTIONS APPLY -
Loy =22r2H ® | Signal Trace: vibration/Var1 | Histogram: FeatureTable1 i |
| ¥ Signals & Spectra 'ib...ts1Nar1NClearanceFaMbr..tsNar1 _CrestFactdb...ts/Var1_ImpulseFa
M 3 e | D= o
% vibration/Var1 w— | R fautcode=0| | E 0.5 05
| fauteode=1|| @ T
B B2 B
2 0 220 S
6 8 10 12 4 6 8
vib..ts/Var1_Kurtosis  vib..tsVar1_Mean vib.
o 2 =
= =05 =
{ ﬂ : i
) 2 g
o o (=8 o o o [
2 4 6 02 04
Feature Tables | vb..g/Varl_RMS _ wib..tg'Vari_SINAD __ vib.
A Zo5 z" =
Features: § ﬁ 0.2 _‘E 0.2
vibration_stats/Varl_ClearanceFactor =} =4 e
o a o
vibration_stats/Varl_CrestFactor 0 9 _n~c 3 0 ) 15 0 20 15
vibration_stats/Varl_impulseFactor Pravious

vibration_stats/Varl_Kurtosis
vibration_stats/Varl_Mean
vibration_stats/Varl_PeakValue
et ecmtl e weceeNlae.a PRAAC

W Datasets

{1 Ensemble1

1) Histogram for "FeatureTable1" feature table is in focus.
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4\ Diagnostic Feature Explorer - Feature Ranking: FeatureTable1

FEATURE EXPLORER FEATURE RANKING

B[ /
Rank By Sort By t@j V
faultcode v | |T-Test v| Delete  Export
Scores ¥ v

J TWO-CLASS RANKING METHODS

| T-Test
Absolute value two-sample T-
test with pooled variance estimate

Entropy
Rank features using an independent
evaluation criterion by relative entropy

Bhattacharyya
Rank features by minimum attainable
classification error or Chernoff bound

ROC
Rank features by area between the empirical receiver
operating characteristic {ROC) curve and the random classifier slope

Wilcoxon
Rank features by absolute value of the
standardized U-statistic of a two-sample unpaired Wilcoxon test

MULTI-CLASS RANKING METHODS

One-way ANOVA
Rank features by one-
| way analysis of variance

)

Kruskal-Wallis
Rank features by chi-square
statistic of a Kruskal-wallis test

87|

A\

L

O <

TathWorks:
X

Ll

Trace: vibration/Var1 < | Histogram: FeatureTable1

1) Feature ranking plot for "FeatureTablei" is in focus.

Features Sorted by Importance

‘| Feature Ranking: FeatureTable1 ‘

vib.
vib..
vib..
vib..
vib..
vib..
vib..
vib.
vib..
vib..
vib..
vib..
vib..

Feature

.ts/Var1_CrestF a-ctor
As/Var1_ImpulseFactor
As/Var1_ClearanceFactor
As/Var1_ShapeFactor
As/Var1_PeakValue
As/Var1_Kurtosis
As/Var1_Std
.ts/Var1_RMS
As/Var1_Mean
As/Var1_SNR
AsVar1_SINAD
As/Var1_THD
As/Var1_Skewness

| TTest |
7.6576

7.5706
7.5478
6.4083
5.9344
5.7292
3.4040
3.3512
1.6029
1.3618
1.3580
0.3765
0.3308
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Machine learning Workflow

_l MathWorks

Data Feature extraction Classification

o
> > ++I
Il *

>

» Monitor Closely

—




TLASSFCATION LEARNER VIEW

Al Mlnes  FieTee

= s

Deta Browser
v Hitory

w Cumert Madel
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Machine learning Workflow

Data Feature extraction Classification
>
&+ +-|-
+\+ :
= + T4 » Monitor Closely
+ +
>
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Use deep learning to identify features automatically

Data Feature extraction Classification
@ + +-|-
‘I > ? > 7 +7) > Monitor Closely
Il te

>

—_— —

Data Deep neural network
- 95% I
3%

» Monitor Closely

L 200
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Object Recognition using Deep Learning

Dbicet repognltlon Object detection and recognition Objec_:t repogmtnon
(whole image) (in pixels)

CNN (Convolutional Neural Network) R-CNN / Fast R-CNN / Faster R-CNN

Probability Front of Car Road Vehicle

19
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Efficient tunnel drilling with deep learning
(Obayashi Corporation)







Traditional Approach
- Geologists assess seven different metrics
- Can take hours to analyze one site

.;.-")_.' - Critical shortage of geologists

: Nev\tAus“trian Tunneli

| New Approach

- Use deep learning to automatically
recognize metrics based on images

- On-site evaluators decide with support
from deep learning

’ N > %1 -
3 ' ™, Y nf ¢ = 9 » o
’ * e L% = o
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Efficient tunnel drilling with deep learning
Obayashi Corporation

Weathering Fracture Fracture

Image Alteration Spacing State

(1-4) (1-5) (1-5)
3 3 2
4 1 1
Split into 2 3 2

sub-
images

3 3 2

Label each
sub-image

23



Two Approaches for Deep Learning

1. Train a Deep Neural Network from Scratch

CONVOLUTIONAL NEURAL NETWORK [CNN) CAR «
- 95% )
3% TRUCK X
[ J
. o
= 2% v, :
BICYCLE X

2. Fine-tune a pre-trained model (transfer learning)

FINE-TUNE NETWORK WEIGHTS

PRE-TRAINED CNN NEW TASK
E } { DOG X

4\ MathWorks

24



Develop Predictive Models —

4\ Deep Network Designer

DESIGNER
4\ MATLAR R20194 - prerekease use

3 X
T
. L) FindFiks 4 4 N v = =] RunSechon | {
o o ‘ . SEComole % g =] 2 -
|y Compare G GoTo v BLUM =5 Runand Asvance
e : Fis PAEEIATE k rexy bk ; B -i:‘l b SECTON m : |
G ol el » C » Users » shmitre * Work » Oeep leaming » Sermmnar » 18b » FoodDataTransferloaming-master » .M
urrent Foldes (¥ =) Uve Editor - CAUsers\ shmitrd\Wark\D f\Seminar\ 8b\F oodDataTrarslesLesrnng-masted\FoodDutuTransler... (0 X Workspace v
Name FoodDataTransferLaaming mix Name Vakie
{Data 53 layers(end) = classificationLayer( 'Name', 'clas tout'); *| 5 Bans o3 tabile
HelperfFunctions 54 ‘ |v] doTest 0
it 5% layers_train = layers; = |¥] doTrain 0
_J exdude.xml| Sé s s 5
:‘mew 57 case "goog % DAG natwork magepath
2 ReadMa.m S8 Ilwnagesize [224,224 3]
59 lgraph = layerGraph(net); ¥ imds 1x? imogeDat
6@ lgraph = removeLayers{lgraph, {'grot’, output’'}); tjimg Bdx51 263 winté
&1 mii #mglabel Tx? cotegonicol
o abels Sx) riewd
62 larray = [ fullyConnectediLayer(numClasses, 'Nams','fc', 'WeightLes: ; “‘b" o
&3 softmaxLayer( Name', 'soTtmax') ”-“’:"’ 5 ke
i3 3 R, . 1 nchoices
:n_- classificationLayer('MName’, ‘classoutput')]; @) net 157 DAGNetwork
o 2 netName googkenet
66 lgraph = replaceLayer(lgraph, 'loss3-classifier', larray); H nlsbel 5
7 layers_train = lgraph; 1 outputSize  [224.224)
{1 pind Ix1000 dowbie
end ~ 11 pradiction ¥ 1N
{ B l 1] psorted 1000 singile
1 scores 10.28590.19350.1576)
FoodDataTransferLeaming mix  (Live Script) v 0] togpclasses  3x) call
New to MATLARB? See resources for Gatting Started X% trainls Ix] ImegeDatastors
fX & valDS 1x! tmogeDa "
No datalls available ’ I ¥ visimds x] imogeDat r
< >

O Type here to search U,

=g e o FHEL TUTE

n IstmLayer -

4

incepiion_
reluLayer

Inception_4b-r_.
reluLayer

ki

n

) 4
RN

4\ MathWorks
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Efficient tunnel drilling with deep learning
Obayashi Corporation

Transfer learning

AlexNet

Weatheri Iteration: 4
PRETRAINED MODEL Custom Network €athering alteration

Fracture spacing: 3

Fracture state: 2

Ice cream  Teapot Goose

26



Efficient tunnel drilling with deep learning
Obayashi Corporation

Transfer learning

AlexNet
PRETRAINED MODEL Custom Network

i -

Ice cream  Teapot Goose

4\ MathWorks:

MATLAB Production
Server

Weathering alteration: 4

Fracture spacing: 3

Fracture state: 2

27



| 4\ MathWorks:

Integrate analytics with your enterprise systems
MATLAB Compiler and MATLAB Coder

™
r MATLAB
- .

L 3
1 1
==0
‘ e
for

k=1:max
= fft(dat
= 20*1logl

X
. Y
* Cption | pe—
i
NEXT

- -

MATLAB MATLAB

»

Compiler Compiler SDK

28
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Industry Software- Deep Learning in Five Lines of Code

4 MATLAR R = 5 %
LT ETTOR W4 RS - »
L.‘M'- 2 3 =) e v \: &'.'“
: v ‘u— shon ‘ .‘ng ; . &n—-n—- E
e T T el . ’:f'f, = y— =
= Mo & fgan - g QI LS
é Boachumie * -+ Fgure 3 Figure
| =] coffee mug
. cam = webcam; =] 0.54
net = alexnet;
while true
im = snapshot(cam);
image(im)

= %mresize(im,[ZZ? 2271);
[label,score] = classify(net,im);
title({char(label),num2str(max(score),2)});
end|

29
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University Hospital Heidelberg
Predicting survival from colorectal cancer histology slides using deep learning

MATLAB use in project:

=  Semantic segmentation using deep learning

= CNN trained using two Nvidia Quadro P6000 GPUs
and a Nvidia Titan Xp GPU

neural network activations

Semantic segmentation of histopathological
whole-slide images

https://blogs.mathworks.com/deep-learning/2019/07/24/deep-learning-for-medical-imaging/?s _tid=srchtitle

30


https://blogs.mathworks.com/deep-learning/2019/07/24/deep-learning-for-medical-imaging/?s_tid=srchtitle

4\ MathWorks

Meta data (SVS file) handling with MATLAB command
(blockproc.. Imfinfo..)

This may look like an ordinary image, but SVS images are huge: the files are often larger than 1 GB and the images have up fo a billion pixels. A

Thaesanss of such mages = Teey 3vaiane 1 putic rE0astones. Some oF Mese t200500%Es 31 avalatke 3 Mz Natona! nsuses of Hesth N zoomed in version of one section of this image shows how large this image is:

Zat= portal. From hils

gacs

0 0V e 220 Cowninad Wmor magss such 35 IS [n i8S case 3 lang cancent Slide image Viewer

This image shows how much detail is cuntained in 2 very smal porgan of the image. We are zoomed in on the med dot shawn i the upper nght full image viewer.

Thase mages e i 505 omat woch @ essealy 3 Tt TRF mage

Thz may look ke 2n ordrary mage but SVS mages 3= huge iz Ses = ofen lavger han 1 G5 and e magas have p 0 3 n oz A |muges courfesy of National Cancer Institute.

2zomed it veson of ove s2cton of s mage shows fow e Pz mage s i X . .
- ° - Many people struggle to even load these images, but MATLAB has some nice functions to dea! with this huge amount of data. In particular, we will be

using the functions imfinfo (to extract metadata), imread (o read the thumbnail} and blockproc (to read the actual image data without loading the full
image into RAM).

So, let's use MATLAB 1o look at these images. We start by downloading an example image from the TCGA database. The image in this post can be
found here: https://portal.gdc.cancer.gov/files/Dafo5488-718c-4e4d-boBa-e0e 146f0adb2
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Files * Data

Name

ﬂﬁ] unit81.csv
unit82.csv
unit83.csv
unit84.csv
unit85.csv
unit8b.csv
unit87.csv
unit88.csv
unit89.csv
unit90.csv
unit91.csv
unit92.csv
unit93.csv
unit94.csv
unit95.csv
unit96.csv
unit97.csv
unit98.csv
unit99.csv
unit100.csv

4\ MathWorks

Access Data

R B ERM
Bh N

Access ol data using o tall array

Tl Arvays are @ poswmiiil big Aasa 1001 we Wil una IOUghout Ine rent OF Tes exampio Tak Arays Can senmmieusly sp8 over 10 ARk WHOT thers B 100 MOCH G NG Can 10 50 I 500 0F M ParAlel And 0n & local machine OF AT0M & charlsr They Ul & dekayed avaluimton Namesork meaning
U0 OPOrtos On LAl v IOMS (10 NOL oviiuaed UNLE we mah 50 QaLNer e 1ewiis 50 I0CHI anOry (e asSumes they wil B OF wae WiTle 10 results 10 dak (Wiich 00es 100 IRQUEE iy OF 1he witiabses b0 WM o singhe MBCHNe AL ANY e | 1T OMEYS exBTuUDON B0 K Can OPUMEZe wxecuiion of the ot
of meEmiy siyoers

S Twwow noval) arrey, v s1art iy creetiog & satantare that points
N owhetw e et Liwes  Thas conld e Largs test e, Large onllort lons
Soal ssall Tilea, ar pegestle dntasused | reiquiires Database Tauleos)

Matalolows « ' \Data) ',

o & aatastere (datafolser),
N We Lhen use 15w Tail Conmend o e etaniace 1o tifors MATLAD that we
Aonll trent thas deta wn o tall arvep e owld slee creste w tall wrreay
S frem o Local sn-mesory varistle fur prutotyping

TATIDAtaALY » tallfes)

?ﬁ% To use ajtall array] we start by creating a datastore that points to
"% where the data lives. This could be large text files, large collections

% of small files, or pageable databases (reqguires Database Toolbox).
dataFolder = '.\Data\';
»ds = datastore(dataFolder);

LR
ALIPATENIP « TALIDATAATLITSLIDATAALL Tine «= 125, |

Plot sampla all data

T TOUM a0 18 100 Do) 10 T WA Mernory And EOT, Dok w G TNG0OUY Ramgde SOME O 10 Q0L i Senie Mr WO ILI00RS B00. NOW Tt wi (116 Ui QAR 10 Ul T CNOom Sampse o KCal mamory S pRiting Oy oooe we rum QItiee coes MATLAS exeoue e oul OF memory
cwodnmons |

NOW w0 CAN VUOATS WK 100 SOQI005 PIIAT 0N 10 OF GACH G0N VA0 CAN NOW 400 AT THre % A0C & CHAT NONM W T/ DUT TAINET & FHNgS OF WUy AT e S0NK0M COuNI Wake

S rendonly sampile SO0 pulnts From the tull tabis

saeplaMot « datasaepieltaliDeatalingup, 3000, ‘Fepiscn ', falie),

A gather the teenlt, whieh toiggers esecitinn uf the tall tunctiom
+ me . »
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Tall Arrays

Data is in one or more files

Typically tabular data

Files stacked vertically

Data doesn't fit into memory
(even cluster memory)

Create tall table from datastore

ds = datastore('*.csv')
tt = tall (ds)

Single !}
Machine }1
Memory

Cluster of
Machines

D
EH

Single |
Machine i

Memory i

4\ MathWorks:
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Tall Arrays

=  With Parallel Computing Toolbox,
process several pieces at once

Single

1
1
1
i
Memory '
1
1
1

Cluster of
Machines

—
EH

4\ MathWorks

Single |}
Machine |

Memory i

Single |
Machine i
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4\ MathWorks

How do | load and access large amounts of data?

Datastores

Tall Arrays

Biglmage

Loads image/signal data
Into memory as and
when needed

>> imageDatastore

>> audioDatastore
4\ Current Folder

fileDatastore
Name ~
=] Folder
- Dataset
# _background_noise_
(# bed
¥ bird
* cat
Custom Datastores also
L on available
] one
right
! SEVEN

sheila

Work with out-of-
memory numeric data
— Train deep neural

networks for
numeric arrays

» + )
Anatyze Big Data in Histograms of Tall Arrays Process Big Data in the
MATLAB Using Tall Arrays Cloud

Work with very large, tiled and
multi-resolution images

Each red box is a 1024-by-1024 tile in the file.

L1's dimensions = 29,600 x 46,000

L2's dimensions = 14,800 x 23,000

L3's dimensions = 7,500 x 12,000

Rows = 29600

Columns = 46000

TileSizeIntrinsic = [1024 1024]

ResolutionLevelSizes = [29600 46000
14800 23000

7500

"l 12000]

CoarsestlLevel = 3

FinestLevel = 1

PixelSpacings = [1 1; 2 2; 3.947

3.833]

38°



Big Image Labeler

Image Labeler
+ Video labeler

Big-Image
Labeler

# Big mage Label
FILE CONVERSIONS EXSTING LABELS OPTIONS
407 SN 27BES EMEMDON"

Overview Region: {42497 48641 1536 1024]
LEFT-Click: Mave box, DRAG: Reposition/fasize; RIGHT-chck: New freshand mgion,

Toatng Oppons
SegmontabanTite Satungs ot
. I_ " ¢ raro | Sepmtary Border Urepidcasen 3
' ' Nk ' 3
OeieErac Tramng Chige | 14 | | -
Focat Seainn o 0004087 141 b ' .
LASEL MSRILITY Wneum Siw (@ Surmage
[Clowmen [~ sutmage ' | C) Ovmneeminage
2an
L]Mb'&-w o 000 1ot Npa oo Pt PAD
S Nas Overlap
Latwing Mode | Mbaw nckes? & &0k
@ Maruaty Lasel Segmermation Optian AScUNIDwle s Hote

®heads o Sapmin tlschea .5

Oioeseaces |7 0w

s Bagnent A Sustriapes |
ROt Type () Geay Connectasty T ottt O e
) Faashans - =] Frocess smmedalely < _ ' |
2.t B Sty Lavel | GoTo (et} Delile Samctadt|
® Rechargle Funessn Han 08 Mt 8

Remms Selocied

14 Pl o HOS50 68 43491 63) [244 244 245)

\
Q9

4\ MathWorks:

Sublmage from: Scan004_celispot_pyramid;
LEFT-Click: Deofine new freshand region. RIGHT-Click: Auto-Segment.
"

a

{ ittt AstoSegmentsten

.

Al

B AUID Begrme nleton

400 43500 MO0

38°



| 4\ MathWorks:

Colorectal Cancer Histology using Deep learning

Transfer learning

ADI NI
BACK i
DEB RE I
AlexNet =
PRETRAINED MODEL CUStom NetWOl’k MuUC el

MUS ==
NORM & &bZ O}

STR 2|Z

Ice cream  Teapot Goose TUM Z=otaln)
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Figure 1. Comparing the image quality of ultra-low-

(left) with a traditional CT (ric




_l MathWorks

Ritsumeikan Researchers Use Deep Learning to Reduce
Radiation Exposure Risk in CT Imaging

Convolutional neural networks (CNNs) trained on lung and
non-lung areas of an ultra-low dose CT scan.




_l MathWorks

Ritsumeikan University
Using Deep Learning to Reduce Radiation Exposure Risk in CT Imaging

= MATLAB use in project:
— Train CNNs for lung and non-lung images

— GPU acceleration if training process using
multiple GPU

CNNs trained on lung and non-lung areas of ultra-low dose CT

Generate high-resolution computed tomography
scans from ultra-low dose CT

Better diagnostic accuracy while reducing Plans in place to deploy system to clinical setting
radiation exposure



https://www.mathworks.com/company/newsletters/articles/using-deep-learning-to-reduce-radiation-exposure-risk-in-ct-imaging.html

Class Activation Mapping to Investigate Network Predictions

mouse, 0.46095
remote control, 0.24144
computer keyboard, 0.12748

Classified as “keyboard” due to
the presence of the mouse

buckle, 0.14911
sock, 0.087194
mailbhag, 0.056052

Incorrectly classified “coffee
mug” as “buckle” due to the
watch

4\ MathWorks
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Apply the CAM technique to industrial shipping inspection

Video Classification and CAM

B OK— watch a whole nut
NG— watch at broken point

This network should makes a correct decision

4\ MathWorks:
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Musashi Seimitsu Industry Co.,Ltd.

Detect Abnormalities in Automotive Parts

Automated visual inspection of 1.3 million
bevel gear per month

MATLAB use in project:
= Preprocessing of captured images
= Image annotation for training

= Deep learning based analysis

— Various transfer learning methods
(Combinations of CNN models, Classifiers)

— Estimation of defect area using Class Activation Map

(CAM)
— Abnormality/defect classification

= Deployment to NVIDIA Jetson using GPU Coder




4\ MathWorks

PART IMAGE ANALYSIS

PART IMAGE

INSPECTION | O

CAMERA

CLASSIFY

FAULTY

444



Can you find the defective hex nut?

4\ MathWorks
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Finding Defective Hex Nuts

Good
oJojojojoJofo]c

001.benp 00Z.bmp 003.brmp 0O4.bmp 005.bmp 004 brmp 007.bmp

o

Hi.omp 012.bmp 013.bmp 014.0mp 015.bmp oi6.omp 017.bmp

=1
)
o

021.bmp 032.bmp 023.bmp M4.bmp 026 omp 27 benp

035 bmp

031.6mp 032,bmp 033.bmp 034.0mp 035.bmp 037.benp 03s

041.bmp 043.mp O+.bmp 045.bmp 046.bmp 047,bmp

y

=
3

-

052.bmp 053.bmp 0S4.bmp 055.bmp os6.bmp 257.bmp

054.bmp 065.bemp 066, bmp 067.benp 068

061.brmp 062.bmp

o
&
<
o

Defective

1.bmp

3.bmp

4.bmp

4\ MathWorks
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Detecting Parts
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4 Registration Estimator - Imov (Moving Image) & Iref (Fixed Image)

REGISTRATION

&

v

|

FEATURE-BASED REGISTRATION

Load
Images ¥
oo || S8 =
m SURF FAST BRISK

1 Phase ( INTENSITY-BASED REGISTRATION

2 Feature @I @ @

Detected: | |Monomo...| Multimodal  Phase
Matched: %7 Intensity  Correlation
3 Feature o iGID REGISTRATION
Detected:
Matched: (

Q|

Nonrigid

=]

Harris

=

MinEigen

EXPORT

»i

Current Registration Settings

w Feature Parameters
Projective v Transformation

Number of Detected Features

-
L

Quality of Matched Features

o
Lr

Has Rotation

» Post-processing
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4\ Imzge Segme

o M g

Load Load New Include Texture

Image¥ Mask Segmentation ¥
LOAD NEW SEGMENTATION

]

Data Browser ®

¥ Segmentations

Segmentation 1

Segmentation 2

w History
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Preprocessing Data - Apps

Color Thresholder Image Region Analyzer
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Defect detection using AlexNet: Results with preprocessing

num of elements

Without pre'procesﬂi%gram of predicted scores

Without pre-processing

' With pré-processing

Separated defective
units clearly

With pre-processing

o8 normal score

) ght

margin from
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End to end Al workflow

Access Data

N\
’f Sensors

W Files

g Databases

717NN
" B L 4

Analyze Data

SN

»

Data
exploration

Preprocessing

Domain-specific
algorithms

3. Compute

Develop
[{{* Al model J g
[§j Algorithm e
development o

-DE' Modeling &
simulation

Classification and CAM

I OK— watch a whole nut
NG— watch at broken point

4. Classify
CNN features regions

_l MathWorks

Deploy

Desktop apps

Enterprise
systems

Embedded
devices
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Deploy your deep learning application on multiple hardware
platforms

4 = Intel
=| MKL-DNN
A Library
/ Application
logic
l T NVIDIA / ARM Mali
— Code TensorRT &
@) - [E;@ CUDNN
‘ Auto-generated Libraries
| Code
> o (CIC++/CUDA)
i, AAEEN B} Arm
4° |f compute
-llll'- Library

Intel ® is a trademarks of Intel Corporation

NVIDIA® and TensorRT © are registered trademarks of NVIDIA Corporation
Arm @ is a registered trademark of Arm Limited (or its subsidiaries) 54
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Musashi Seimitsu Industry Co.,Ltd.

Detect Abnormalities in Automotive Parts

Automated visual inspection of 1.3 million
bevel gear per month

MATLAB use in project:
= Preprocessing of captured images
= Image annotation for training

= Deep learning based analysis

— Various transfer learning methods
(Combinations of CNN models, Classifiers)

— Estimation of defect area using Class Activation Map

(CAM)
— Abnormality/defect classification

= Deployment to NVIDIA Jetson using GPU Coder
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Kansai Electric Power Uses Deep Learning to

Assess Pipe Weld Damage L

Deep learning development was easy
Kenichi Kizu, The Kansai Electric Power Co. Inc. using MATLAB. Even though | was not

. : . . : an expert, | could learn enough from
Kansai Electric Power applied deep learning to assess creep damage on high . . .
chromium steel pipe welds. Evaluating damage to internal pipe is difficult using seminars and rich documentation.
conventional nondestructive inspection of the outer surface, so Kansai engineers , ,
attempted to use images from strain distribution measurement on the outer surface.

In the research, they used the strain distribution images of the test body and
extracted features using MATLAB® and AlexNet, a deep learning network. This

. . R Test Body
approach confirmed that the images can be classified into small damage and large
damage using a support vector machine. In addition, they created a regression
model to estimate the damage rate using the same network, and confirmed that the

larger the damage rate, the better the accuracy. Fuel tank e e ::;::;m
Kansai Electric Power intends to confirm the applicability of this method to actual ) Transformer
machines and apply it to pipes made of various materials. | ;_[}_I EE Strain in axial Strain in
. — ] m“ ./ % . circumferential
Advantages of using MATLAB l—H — ’f]"“ =F. direction direction
« Avalilability of sample code that enabled immediate use of transfer learning .

« Easy-to-use pretrained networks
»  Ability to combine with other machine learning methods by using toolboxes
* Availability of seminars, rich documentation, and other learning resources

» Learn how to extract image features using pretrained network



https://jp.mathworks.com/help/deeplearning/examples/feature-extraction-using-alexnet.html
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Strain in
circumferential
direction
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Quick Demo: Regression Learner App
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Deep Learning to Accelerate Microbial Testing in

Cosmetic Product Development

Koki Yoshida, Ki Sai, and Yoshimasa Nakatani, Shiseido Global
Innovation Center

To ensure cosmetic products are safe and secure, they must contain the optimum
amount of preservatives to prevent both skin irritation and microbial contamination. A
challenge test (preservation efficacy test) is performed to evaluate effectiveness of
preservatives. Many types of bacteria, yeast, and mold are cultivated over a long
period of time during the test.

Shiseido conducted research to speed up the test while maintaining accuracy by using
Al to identify, count, and predict growth of microbes and to predict whether tests could
be omitted. They used MATLAB® to predict whether the challenge test could be
omitted by creating a machine learning model that predicts the decay curve of the
fungus from the ingredients and the ratio to be blended, then used deep learning to
predict the growth of the fungus. To improve the efficiency of the experiment, they
created a custom user interface in MATLAB to ease the processes of identifying the
bacterial species and counting the number of bacteria.

Advantages of using MATLAB:

» Custom network construction using Deep Network Designer

» Ease of performing “trial and error” during machine learning algorithm development
* Development of custom user interfaces using App Designer

Explore MATLAB for deep learning

11 Using MATLAB in the microbial

evaluation required for cosmetic
development, we obtained good results
that led to faster testing. 5y

LAt 1
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N~k 188

B ) E
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https://www.mathworks.com/solutions/deep-learning.html?s_tid=hp_brand_deeplearning
https://www.mathworks.com/solutions/deep-learning.html?s_tid=hp_brand_deeplearning
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Machine Learning with MAT

How does it work?

Signals in the brain detected

< by a computer chip impliant

10101010101
01011100010
00110101011 :

| -

- >

-
Signals decoded

by computer 4

« MATLAB running in real-time
at 10 Hz

= Wavelets for data reduction

=« Machine learning for neural
decoders and wrist control
source Battelle/Ohio State University BIB|C] encoders

»

Computer stimulates correct 0
muscles in arm via electronic
sleeve, allowing movement o

be controlied by thought
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Machine learning Workflow

Data Feature extraction Classification

>

» Monitor Closely

—_— —




Your Model Is Only As Good As The Input Data

|
l
|

‘ | ' Preprocessing and |

o
H.WM}WMMW ' Feature Engineering;

High
dimensionality
and variability

HERN
MWWMMM

time-frequency
transformations

Recurrent Neural Network

T

-
L

!

»
L

®

& & ©

Reduced dimensionality

and variance

v

A

6

Convolutional Neural Network (CNN)

Convolution

RelLU
rectified linear units

Pooling

Convolution

RelU

rectified linear units

Pooling

FC
Fully Connected

layers to support

classification

4\ MathWorks
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Signal Segmentation Using LSTM networks

AL

ECG

=

ECG

AL

ECG

Accuracy

Py

Labeled ECG

B =
g ik LR " {HMMMMM%W @

Filtering Labeled ECG

.H = Mgy ©
Labeled ECG

Fourier Synchrosqueezed Transform

https://www.mathworks.com/help/releases/R2020a/signal/examples/waveform-segmentation-using-deep-learning.html

4\ MathWorks
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Signal Analyzer App
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Signal Labeler App

4\ MathWorks:

4\ Signal Analyzer - untitled* = O X
| LABEL DISPLAY TIME (2]
Q,} ROI ‘E Description Value @‘} V 23
O) &‘ Name: WaveformType LFM v ] '
Add Definition fij &, ' L Label AUTOMATE VALUE ' Save  Cancel
== = =
v Parent Name Restore Value v ~ Labels
LABEL DEFINITION SELECTED DEFINITION SET VALUE CLOSE A
Label Definitions
SignalSource mX(:1)
(W] WaveformType
0 1000 2000 3000 4000 5000 6000
Samples
Labeled Sianal Set _ ; , i Lo n bl
Name Plot Value Location (Min) Location (Max)
v X I
X(:1) v -
e [T | e—
SIghalSOtIe Receiver1 0 1000 2000 3000 4000 5000 6000
WaveformT... Samples

SignalSource

I Recelvert |
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Norwegian Defense Research Department/FFI
Deep Learning for Sonar Applications

Bearing

(L0gxZ) se|dwexa ino4

v

MATLAB use in project:

= Signal preprocessing and analysis

= Data synthesis for neural network training
= Deep neural network training and analysis

) BF!naIIc_iirecﬁpns -

Time [

20}
s 10
£ 0
= -10
-20

7—2&) -10 0 1A() 2()7

East [km]
Classification of anti-submarine warfare Classification of anti-submarine warfare sonar targets using a deep neural
sonar targets using a deep neural network network;
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https://www.matlabexpo.com/content/dam/mathworks/mathworks-dot-com/company/events/conferences/matlab-expo-nrd/2019/sweden-deep-learning-for-sonar-applications.pdf

Example: Align Signals with Different Start Times

Samples

t21 = finddelay(s2,s1)
t31 = finddelay(s3,s1)
t32 = finddelay(s2,s3)
5x103
U)‘_ 0
-5— 1 | 1 | ]
0 500 1000 1500 2000 2500
%1073
2_ -
SN0 i
2+ —
0 500 1000 1500 2000 2500
1 ><10_3 T T T T
U)w 0
-1E 1 1 1 1
0 500 1000 1500 2000 2500

4\ MathWorks:
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Samples
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Example: Radar/Comm Modulation Classification

Transmitted Waveform [
Predicted Modulation [N

- ' ‘Wavohfm Modulation Qmiht ' ’
08 -
06 y
04k 4
02p -
0 4 : : i i i ; ! "
0 0.1 02 03 0= CXS 08 07 08 09 ! Confusion Matrix for Test Data

4

16QAM 89.0%
| Start Data oo i
el 64QAM 99.0%
8PSK 100.0%
®» B-FM 100.0%
&
O BPSK 100.0%
[0
2
. L . F cPFsk 100.0%
Modulation Classification
GFSK 100.0%
http://www.mathworks.com/help/comm/examples/ PAM4 100.0%
modulation-classification-with-deep-learning.html N A 0.0

16QAM 64QAM 8PSK B-FM BPSK CPFSK GFSK PAM4 QPSK
Predicted Class
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http://www.mathworks.com/help/comm/examples/modulation-classification-with-deep-learning.html

4\ MathWorks

Example: Radar/Comm Modulation Classification

30 Eo 30
E § :

Time (ms) Tlge Fg:(s)

W I

0 50 0 50 100 ° -5 0 50 100
Frequency (kHz) Frequency (kHz) Frequency (kHz)
PAM4 GFSK CPFSK

. 0 50 100 0 0 50 100
Time (ms) Frequency (kHz) Frequency (kHz)

Amplitude

0 L
-50 0 50 100
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Predictive energy optimization
using Big Data Analytics

10-25% savings on total energy cost.

HVAC consumption is generally approx.

40% of total energy cost, so we can reduce

HVAC energy consumption by half!



Load (MW)
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Community EMS

PV Panels:
-  MPPT Control
- Power electronics

|

Decision Logic:

- Store/draw power
- Use external grid
- Optimize energy

CEMS — community with variable loads

Battery System:

- Charge controls

- Discharge controls
- Power electronics

4\ MathWorks
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EMS Logic
Cost [S/kWh]
—
Photovoltaic Tiene:
N\ Power Storage to
B ‘J Grid
Grid to

Load Power

Profile Storage

Heuristic EMS

Smart EMS

4\ MathWorks
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How Energy Forecasting Works

Historical Data

[Electricity Demand\

4 m Weather

\_

J
\

4 Electricity Prices

\_

4 Preprocess )

b

load

\_ =l

day
\-

wind

temp

24hr

1week

month

4 Features N

J

S

4\ MathWorks

(

\_

Machine
Learning

~

J
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Prediction Example: Energy Demand

- Make prediction model using the pattern of energy demand with the data of
the grid - Regression

= Find the important variables for the prediction of energy demand

doEELT - 2T ER

517 Bl

i

R— IR |
- Important variables: o , T e
— Customer behavior Akt . R
— Temperature
— Price
] ) Variable 3 ; Variable 3
— Illumination A 5
= “::"l'., —-_Varlable 2 \: 3 \ ______Vanable 2

— Hour, holiday, month

,‘;"'“Variable1 &, Variable 1
v | R
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Evaluate all Regression Models

= Train all models using
training data and compare
accuracy of each one

— Trainings can run in parallel

= Multiple methods to
assess accuracy

4 B3 BLT -

I

29 =ta?|

Regression Models

HOlY 27X
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4\ MathWorks

RMSE: 0.054229
83 416(PCA ALE)

RMSE: [.0456231
EZ 41B(PCA AHR)

RMSE: 0054238
53 416(PCA ALE)

RMSE: 004623
ET ANB(PCA ALR)

RMSE: 0.028364
EZ 4NB(PCA AIS)

RMSE: 0032184
53 ANBPCAME)

RMSE: 0.037135
E% 4116(PCA ALE)

RMSE' [0.054343
B3 MM6(PCAAS)

RMSE: 0046012
EZ 4116(PCA AIB)

RMSE: 0047342
B 4NB(PCA AHE)

RMSE: () 042548
7 ANBIPCA AHE)

RMSE: 0045173
£ 41B(PCA AHE)

RMSE: 0.049373
B3 16(PCA ALR)

RMSE: 0.98836

EX MBPCAAE)

RMSE 0.027709

E7 MB(PCA AHE)




F‘ Classification Leaenes - Scateer Piot

Machine Learning apps
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Community EMS
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Simulation Results

Smart EMS
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Policy Comparison - Cloudy Day

Heuristic | Optimized Comparison

Cumulative Grid Cost ($
A ‘-__'j“ x X T ( ) T _!
10001 Heurisfic 14%
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14% lower cost with optimization
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BuildinglQ Develops Proactive Algorithms for HVAC Energy O
ptimization in Large-Scale Buildings

Challenge

Develop a real-time system to minimize HVAC
energy costs in large-scale commercial buildings via
proactive, predictive optimization

Solution

Use MATLAB to analyze and visualize big data sets,
Implement advanced optimization algorithms, and =
run the algorithms in a production cloud environment Large-scale commercial buildings can

reduce energy costs by 10-25% with
BuildinglQ’s energy optimization system.

Results
= Gigabytes of data analyzed and visualized
= Algorithm development speed increased tenfold
= Best algorithmic approaches quickly identified

“MATLAB has helped accelerate our R&D and deployment with
its robust numerical algorithms, extensive visualization and
analytics tools, reliable optimization routines, support for object-
oriented programming, and ability to run in the cloud with our

production Java applications.”
- Borislav Savkovic, Building 1Q

92






<) MathWorks:

Application Examples Using MATLAB - SSD

© 2018 The MathWorks, Inc.



4\ MathWorks

Object Recognition using Deep Learning

Object recognition
(whole image)

CNN (Convolutional Neural Network)

Object detection and recognition Object recognition
(in pixels)

R-CNN / Fast R-CNN / Faster R-CNN

~~~~~~~~~~~~~~~

Front of Car

Image Probability
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MATLAB interoperates with other frameworks
Supports ONNX and can exchange models with PyTorch, TensorFlow, and other frameworks.

1F TensorFlow & Caffe2 O PyTorch

4 Keras | | \ I /
‘ — — (@xnet

Caffe importer MATILAR O N NX
Caftte

Keras importer

96 o6



4\ MathWorks:

Face detection using Deep Learning

« Import each pretrained caffemodel and running on MATLAB
- Use as if MATLAB trained model, after first import.

Import Caffe Network models to MATLAB using Caffe model Importer
Deep Learning Toolbox Importer for Caffe Models

‘ aﬁe by MathWorks Deep Learning Toolbox Team

MODELS Software support package for importing pretrained Caffe Models

Prepare face detection network in MATLAB format

doImport = true;

if doImport
faceYoloNet = importCaffeNetwork( 'models\net face yolo deploy.prototxt', ‘models\net face yolo.caffemodel', 'OutputLayerType', 'regression’);

save net face yolo.mat faceYoloNet
end

https://kr.mathworks.com/matlabcentral/fileexchange/71819-face-age-and-emotion-detection o7



https://kr.mathworks.com/matlabcentral/fileexchange/71819-face-age-and-emotion-detection

Automate Ground Truth Labeling — Custom automation
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Deploy your deep learning application on multiple hardware
platforms

4 = Intel
=| MKL-DNN
A Library
/ Application
logic
l T NVIDIA / ARM Mali
— Code TensorRT &
@) - [E;@ CUDNN
‘ Auto-generated Libraries
| Code
> o (CIC++/CUDA)
i, AAEEN B} Arm
4° |f compute
-llll'- Library

Intel ® is a trademarks of Intel Corporation

NVIDIA® and TensorRT © are registered trademarks of NVIDIA Corporation
Arm @ is a registered trademark of Arm Limited (or its subsidiaries) 99
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Generate C/C++ CUDA code for acceleration
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ngConfig = | GPU Coder

onfig cfg vy

onfi g C ""g s| The GPU Coder workflow generates CUDA code. To begin, select your entry-point function(s).

Generate code for function: yolov2_detecti
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Inference speed comparison

= For Intel 17 CPU, Titan XP external GPU

— CUDA Mex performs, specifically in this task
= Approx. 8x Faster than CPU running in MATLAB
= Approx. 2x Faster than GPU running in MATLAB
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Social distancing detector App

4
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pedestrians
location on
bird’s eye
view

Social Distancing Application { { {

N o’

= Project pedestrians location on birds’ eye view

— Calibration, Selecting four points in the perspective view and mapping them to the
corners of a rectangle in the bird’s-eye view.

— This assumes that every person is standing on the same flat ground plane.
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Social distancing detector App

4\

Social Distancing Detector Demo

Colitvation  Running Model

Load Sample lmagb" Calibrate for Bird-Eye View
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| Detect/ L L ‘ k
Localize
pedestrians
in the frame
i AN v/ 7 AN AN
= Detect/Localize pedestrians in the frame
— Bottom-center point of each person’s bounding box

Social Distancing Application
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Social Distancing Application

Calculate
and display
social

distancing
parameters

= Display social distancing map
— Fine tune the threshold of the minimal distance

3500 | o =
oo

3000 — —

| 1 g | | |
3000 4000 L] 6000 7000 8000

106



’
o

A3

YA

(4

Vit

4\ MathWorks



