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Automatic Emergency Braking using Sensor Fusion & Analytics

Sensor fusion

Two sensors -> One “truth”
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Automatic Emergency Braking using Sensor Fusion & Analytics

50 km/h - sudden brake
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Traits of Data Analytics applications

1. How can | handle diverse and/or Big Data ?

2. How to handle/create advanced algorithms, e.g., Machine
Learning ?

3. How can | integrate these algorithms?



Market Demands

@ seek

jobs found

Active filters: Data Scientist €3 Last 14 Days €

Date Listed

Classification

Work Type

Clear all

Job Search

$150k+ Jobs Profile

Enter your email to receive new jobs for this search

Email me

You can cancel emails at any time. By clicking Email me you agree to SEEK’s Privacy Palicy.

Data Scientist
TABCORP

The data scientist role will work with different divisions to uncover their key
business problems and implement data science solutions to create value

Marketing & Communic ations = Market Research & Analysis

<~ Add to shortlist

Data Scientist
TABCORP

The data scientist role will work with different divisions to uncover their key
business problems and implement data science solutions to create value

Informaticn & Communic ation Technology = Business/Systems Analysts

<~ Add to shortlist

Data Scientist
BNZ

« Join a high performing, integrated customer insights team
« Deliver actionable insights in an Agile environment
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@ jobs found

Date Listed

Classification

Work Type

Clear all

Job Search

Data Scientist €)  Last14 Days €3  Atleast$100k peryear €3

Enter your email to receive new jobs for this search

Email me

‘fou can cancel emails at any time. By clicking Email me you agree to SEEK's Privacy Policy.

Data Scientist
TABCORFP

The data scientist role will work with diferent divisions to uncover their key
business problems and implement data science solutions to create value

Salary
$100k to $200k+

Data Scientist | 6 months initial contract | ASAP Start | Great
Employer
Talent - Winner Seek Large Recruitment Agency & Most Innovative Agency 2015

=D
$150k+ Jobs Profile Company Reviews

Sorted by relevance v
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Melbourne
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Melbourne
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12:37 PM
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The role of a Data Scientist

DATA
* Engineering, Scientific, and Field
* Business and Transactional

Embedded Systems O Q

Researchers/ Data Scientist/
Students
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Business Systems
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Analytics that increasingly
require both business
and engineering data

DATA - -
* Engineering, Scientific, and Field
* Business and Transactional

Develop embedded Develop analytics to run on
systems with analytics both enterprise and
powered functionality embedded platforms

Why MATLAB?
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Enable Domain
Experts to be
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Researchers/ Data Scientist/
Students 11



Analytics that increasingly

require both business
and engineering data




4\ MathWorks

Business and/or Engineering, MATLAB is for all

Business and Transactional Data Engineering, Scientific, and Field Data
Repositories Web Sources File 110 Communication Protocols
* Databases * HTML * Text « CAN (Controller Area Network)
* Hadoop * Mapping « Spreadsheet - DDS (Data Distribution Service)
* Financial datafeeds « XML « OPC (OLE for Process Control)
File /O * RESTful « CDF/HDF « XCP (eXplicit Control Protocol)
o Text « JSON o |mage _
- Spreadsheet . Audio Real-Time Sources
e XML e Video « Sensors
« Geospatial * GPS |
 Instrumentation
 Cameras

« Communication systems
» Machines (embedded systems)

“No matter what industry our client is in, and no matter what data they ask us to analyze—text, audio,

images, or video—MATLAB enables us to provide clear results faster.”

Dr. G Subrahmanya VRK Rao, Cognizant 13



Data handling and visualization
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SHORTCUTS

VARIABLE

. » C » Users » jhuard » MathWorks » demos » LoadForecasting » seminar » DemoFiles » DataAnalyticsDemoFiles »
_g [ Variables - pal
= al
% f’E - E!BSIOXBL‘
S 1 2
TimeStamp Name
1 | 01/01/04 00:00:00{'CAPITL"
2 01/01/04 00:00:00 'CENTRL'
3 01/01/04 00:00:00 'DUNW...
4  01/01/04 00:00:00'GENESE'
5 01/01/04 00:00:00'HUD VL'
6  01/01/04 00:00:00 'MHK VL'
7 01/01/04 00:00:00 'MILLW...
8  01/01/04 00:00:00'N.Y.C._..
9  01/01/04 00:00:00'NORTH'
10  01/01/04 00:00:00 'WEST'
I 11 01/01/04 00:00:47 'CAPITL'
12 01/01/04 00:00:47 'CENTRL'
13 01/01/04 00:00:47 'DUNW...
14  01/01/04 00:00:47 'GENESE'
Woskspace ® 15 01/01/04 00:00:47 'HUD VL'
it Yalue Coss_ Bytes 16  01/01/04 00:00:47 "MHK VL
i pal 3910x3 table table 583907 e

3 -

Load
1015
1651

618
972
1120
645
223
7267
622
1591
1016
1653
615
985
1106
641

>

ol
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High-quality domain-specific libraries that just work

Data type Common Techniques for Deriving Features
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Sensor data

Signal Processing

Image and video data

Image Processing
Computer Vision

Transactional data

Statistics & Machine Learning

15



Enable Domain

Experts to be
Data Scientists
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Enabling Domain Experts to be Data Scientists

Machine L
Learnling Bl statistics

lage o o Neural
Processing Neitlokiks

Signal
Processing
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o 01 . - - i i not |40
= " 8l4s ighbors
e 3 K ot "a tor Enmmmale = (90 — kan = ClassificationKnN.Cit (XTraln,YTEain, ..
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e s - kst -

Control Symbolic

Systems - Financial — Computing

Modeling

] < Optimization
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Built-in algorithms

Clustering

1800

Historical
Forecast

1700 10% Confidence Bands
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Classification

1600

Hierarchical Clustering
Froduce nested sets of clusters

k-Means and k-Medoids Clustering

Cluster by minimizing mean or medoid distance, calculate Mahalan

Gaussian Mixture Models

Cluster based on Gaussian mixture models using the EM algorithm

1500

1400

Demand (MW)

1300

1200

1100 L L L L L L L L L L L L

6p Feb10 6a 12p 6p Feb11 6a 12p 6p Feb12 6a 12p

Nearest Neighbors
Find nearest neighbors using exhaustive search or ka-tree 5

Hidden Markov Models
Markov madels for data generation

Cluster Visualization and Evaluation
Plot clusters of data and evaluate optimal number of clusters

Linear Regression
Multiple, stepwise, multivariate regression models, and mgq

Generalized Linear Models
Laogistic regression, multinomial regression, Paisson regrg

Nonlinear Regression

Manlinear fixed- and mixed-effects regression models

Classification Trees
Binary decision trees for multiclass learning

Discriminant Analysis
Reqularized linear and quadratic discriminant analysis

Naive Bayes
Maive Bayes model with Gaussian, multinomial, or kernel predictors

Nearest Neighbors
k nearest neighbars classification using Ka-tree search

Support Vector Machine Classification
Support vectar machines for binary or multiclass classification

Classification Ensembles
Boosting, random forest, bagging, random subspace, and ECOC ensembles for multiclass learning

Model Building and Assessment
Feature selection, cross validation, predictive performance evaluation, classification accuracy

comparison tests

Confusion Matrix

-

N

Output Class

w

4.5
[} o 1
. D2 Support Vector Machine Regression
sl ° R Support vector machines for regression models
L]
° ° o o N N
LI . Gaussian Process Regression
35h %L (zaussian process regression madels (kriging)
o o o o e oo
(X ] L] L]
® %t ° e Regression Trees
b ee T ate e ee see ee®’ ee e Binary decision trees for regression
L] LX) o000 o L]
(XX ] CERX X ] L] L] L]
Xt . Regression Tree Ensembles
251 PO °c e R.andam farests, boosted and bagged regression trees
L] L] L] . e L]
) . . . . . . . .
4 4.5 5 55 6 6.5 7 7.5 8

Regression

1 2 3
Target Class
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Interactive Apps
to focus on machine learning,
not programing

4\ Classification Learner - Par

Coordinates Plot

4\ MathWorks

‘ Neural Clustering (nctoal)

— = ———
4 Neural Metwork Training (nntraintool)

(=3l = |

=[3] =

Train Network

Train the network to lea

Train Network
Train using batch SOM algorithm.

Training automatically stops when
occurred.

Notes

@y Training multiple times will ge
to different initial conditions a

$ Open a plot, retrain, or clic

& Neural Network Start ql

100

Neural Network
Input Layer
2
Algorithms
Training: Batch Weight/Bias Rules (trainbu)

Performance: Mean Squared Error  (mse)

Calculations:  MATLAB

—
Progress E Meural Network Training SOM Welat Positi.
Epoch: 0 200 iterations IF\Ie Edit View Inset Tools Desktop Window Help =~

Output

100

Plot 5OM Weight Planes
lot SOM Weight Positions

Time: 0:00:01

Plots 1

[ SOM Topology

[ SOM Meighbor Connections

SOM Input Planes

[
[ SOM Sample Hits
[

]
J
| SOM Neighbor Distances | (pl
J
J
S50M Weight Positions ]

Plot Interval: U

V Opening SOM Weight Positions

[~ Stop Training

o

SOM Weight Positions

Weight 1

@ Cancel

W[ et | [ D cancel ]

CLASSIFICATION LEARNER vEW
a2 2] e D B B v
New Feature  PCA Complex  Medum Tree SimpleTree|  Linear Advenced Tran  Scaffer Confuson ROCCurve  FParalel T
Session v Selecton Tree Discriminant Pot  Watrix Coordinates Piot  Model v
e | rewuee | ClAssiFER [ mawe | PLoTS | evorr_|
Data Browser @ | [ Seatterplot | | Confusion Matrix
v History . is:
Variable on X axis: Scatter Plot of Fisherlris for: Declsion Tree | OversllAccuracy
2 Linear Discriminant Accursey 96.0% Sepallength h <3 . s
Linear Discriminant ayatennes Overall Error
Variable on Y axis: . 33%
370 Tre .
Medium T At Sepalidth - 4 * Summarize
ESeS s .. ® Per tme clasa Confusion Matrix for: Decision Tree
4 Tre Legend Ll View percentages per true class.
Simple Tree 4/atesures * ‘:.‘ . including true postive rates (TPR)
Correctly dassified £ 35 PR 48 Iy and false negative rates (FNR). @
5 sum Acars: 953% + selosa g .. =
Linear SUM 4/afestures. *  versicolor = LELIR] X * 1 © versicolor
virginica g o J ]
6 sm @ % T T nle © Per predicted class F
Quedratic SYM watenre || | | Misclassified - true class is: PO g View percentages per predicted virginica
£l || X seiosa o eox class including postive predictive
70 sm Accursey. 953% % versicolor oo values (PPV) and false discovery
s virginica 25 . e rates (FOR). 5 S 4
Cubic SVM 4atest . . %“a %, e,
e e . . %,
8 WM Show Classifier Results .
Medium Gaussian SUM 4/4teatres . Predicted dlass
Classifier Results. 2 View percentages over the entire
9 7 KNN Aecursey: §33% Color of misclassified points confusion matrix.
Cosine KNN syateanres represents: 5 6 7 8
SepallLength
10 ' Ensemble Aoy 953% — . .
Bagged Trees P — | ROCCurve Parallel Coordinates Plot
P — ey 333% AreaUnder Curve Predictors: allel Coordinates Plot of Validation Set (150 observai
Boosted Trees 44 festures 1 = Sepalength Model: 4, Decision Tree
" ROC Curve for: Decision Tree sepalvidth
- False positive rate (FPR) of current P
12 57 Ensemble e s classifier and positive class petallengtn
Subspace Discriminant Adtenrs - ||| B R o e petanidtn
v Current model True positive rate (TPR) of current 7
Vodel Number: 4 < | || ciassifier and pos 08 e R \
Status: Trained mill? g
Training Time: 00:00:00 Positive class: IS tone =
Favorite Model: false Los 5
Classifier Options setosa m) = 4| Logend
Type: Tree g 4
Split criterion: Ginfs diversity index Negative classes: o 04 Correctly dassified
S -
Maximum number of splits: 4 M| versicoor 2 selosa .
Surragate decision splits: OF =/ || virgmia — versicolor
Maximum surrogates per node: 10 02 virginica
Feature Selection Options o 2
Feature Count Before Selection: 4 PRITPR soint of currant clasifier Misclassified - true class is
Features Excluded: 0 C po ¥ sclosa |
Features Included: 4 versicolor
PCA Options 0 02 04 06 08 1 virginica
Enable PCA: false = False positive rate
Validation Results how Classifier Results
Validation accuracy: 96.7% o
Original Dataset: _Fisherlris _Observations: 150 _Predictors: 4 Response Variable: _Species Response Classes: 3 _Size of Dataset: B kB Validation: _5-fold Cross Validation

Classification Learner App

Features

Neural network Apps

Train models

Assess results

Export models to the MATLAB
or generate MATLAB code

20
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Data Analytics for predictive maintenance

- Example: faulty braking system leads to
windmill disaster
— https://lyoutu.be/-YJuFvjtM0s?t=39s

=  WInd turbines cost millions of dollars
= Failures can be dangerous

= Maintenance also very expensive and
dangerous

21


https://youtu.be/-YJuFvjtM0s?t=39s
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Types of Maintenance

« Reactive — Do maintenance once there’s a problem
— Example: replace car battery when it has a problem
— Problem: unexpected failures can be expensive and potentially dangerous

= Scheduled — Do maintenance at a regular rate
— Example: change car’s oil every 5,000 miles
— Problem: unnecessary maintenance can be wasteful; may not eliminate all failures

= Predictive — Forecast when problems will arise

— Example: certain GM car models forecast problems with the battery, fuel pump, and
starter motor

— Problem: difficult to make accurate forecasts for complex equipment

22
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Predictive Maintenance of Turbofan Engine

Sensor data from 100 engines of the same model -¢
Predict and fix failures before they arise i

— Import and analyze historical sensor data

— Train model to predict when failures will occur
— Deploy model to run on live sensor data

— Predict failures in real time Fa"ﬁ Competar N1 18T

e > S
r r R

Nozzle

Data provided by NASA PCoE

http://ti.arc.nasa.gov/tech/dash/pcoe/prognostic-data-repository/ LPC  HPC

25


http://ti.arc.nasa.gov/tech/dash/pcoe/prognostic-data-repository/

Predictive Maintenance of Turbofan Engine

2 4

-

Sensor data from 100 engines of the same model

Scenario 1: No data from failures
= Performing scheduled maintenance
= No failures have occurred

= Maintenance crews tell us most engines could . AP—

run for longer \

= Can we be smarter about how to schedule
maintenance without knowing what failure
looks like?

Nozzle

Data provided by NASA PCoE

http://ti.arc.nasa.gov/tech/dash/pcoe/prognostic-data-repository/ LPC  HPC

4\ MathWorks
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Overview — Machine Learning

Type of Learning

Supervised
Learning

Machine
Learning

Develop predictive
model based on both
input and output data

Unsupervised
Learning

Group and interpret
data based only
on input data

&\ MathWorks
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Principal Components Analysis —what is it doing?

Variable 2

Variable 1

PC 1 Variable 3 Score on PC 2

Variable 2 ~——Residual

PC 2 Score on PC 1

Variable 1
PC 1

4\ MathWorks
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Example Unsupervised Implementation + Maintenance

Initial Use/ _ _
Prior Maintenance 125 Flights 135 Flights 150 Flights

Enginel [ ™" ™. __ - uw‘( I

. l'..-".‘..-\-'n .l"...-"b.\'. *
E I l g I I l e 2 I. -, = ."'-.__..-"" .. \/(
Engi ne3 -. o o e
I ‘..\I'l"l--l""...III|I ..-"i-_qﬂ".-. n‘"q—.-"“‘ (

Round 1

I
i |
Engine2 |
I e l
I
i
|
I

Engine3

Round 2

I
Enginel ,

Engine2 ©
Engine3 |

Round 3

_——t = = —— -
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Predictive Maintenance of Turbofan Engine

2 4

= Performing scheduled maintenance
= Failures still occurring (maybe by design)

= Search records for when failures occurred and .
gather data preceding the failure events \

= Can we predict how long until failures will
occur?

Sensor data from 100 engines of the same model
Scenario 2: Have failure data i

Combustor NI

Nozzle

Data provided by NASA PCoE

http://ti.arc.nasa.gov/tech/dash/pcoe/prognostic-data-repository/ LPC  HPC

4\ MathWorks
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Overview — Machine Learning

Type of Learning Categories of Algorithms

Regression
Supervised
Learning
Classification
. Develop predictive
MaChl.ne model based on both
Learning

input and output data

Unsupervised
Learning

Group and interpret
data based only
on input data

32



Regression

Pl I

Supervised Learning: Functionalities that speak MATH

Neural
Networks

Decision Trees

Ensemble
Methods

Non-linear Reg.
(GLM, Logistic)

Linear

Regression

\/

Classification

P

Support Vector
Machines

Discriminant
Analysis

Naive Bayes

Nearest
Neighbor

4\ MathWorks

33



Historical

Live

How Data was Recorded

Initial Use/ _ _ |
Prior Maintenance @ Recording Starts x Failure  /Maintenance
I
| 7 T . .
Enginel I """""""""" o "-..,___.q-’*- -""“‘-.__’-V’___ -"'“"N._'.vx
?
enginez e AT Y
I
?
Engine100  b--mmommmmmonnnneees L T * -x
[ pa— "-..._...-"fﬁ-""-.._..f"
I Time
| ? ? x (Flights)
Engine200  ------mmmmmmmmomees e R ._'_.---..---------#!_
I "‘uf O
I

4\ MathWorks
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Develop analytics to run on

Develop embedded -
both enterprise and

embedded platforms

systems with analytics
powered functionality
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Integrate analytics with your enterprise systems
MATLAB Compiler

MATLAB
- .

|

- |
! For k=1:max
x = fft(dat

v_= 20*1logl

MATLAB MATLAB
Compiler Compiler SDK

36
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Integrate analytics with your enterprise systems

MATLAB Coder

P

|

or k=1l:max
x = f£ft(dat
v = 20*logl

MATLAB
- .

|
]

| for k=1l:max
fft (dat
20*1logl

LD T

~

1 \

MATLAB Coder

Airbus
Battery management

GM
Climate control

Festo
Industrial robots

'An o AL BIPEC
Sonova Weinmann ABB

Hearing implants

Transport ventilator Smart Grid controller

manroland
Printing presses

FLIR
Thermal imaging

Daimler
Cruise controller

37
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Integrate analytics with your enterprise systems
MATLAB Compiler and MATLAB Coder

r MATLAB .
- .
|

T |

I for k=1:max
x = fft(dat
v = 20*logl

mE

MATLAB Coder < ~ MATLAB MATLAB
i Compiler Compiler SDK

GG GOGE
AN

L

— @ .C,.Cpp

7N
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The Internet of Things

4\ MathWorks
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What is ThingSpeak?

Free online data aggregation platform
— Typically used to collect data from sensors
(“Things”)
— Provides instant visualization of the data
— Popular for people experimenting in loT

Can be used to act on data

— E.g. Tweet a message when the temperature
in your backyard reaches 32 degrees

Can be used to analyze data

— MATLAB integration allows users to run
scheduled MATLAB code on data coming into
ThingSpeak

W Collect

Send sensor data to the cloud.

Communication

Edge Nodes

* Local embedded
algonthms

= Data reduction

&\ MathWorks

Connectivity

Data Aggregator
= Online analytics
= Visualization and reporting

m Analyze

Analyze and visualize your data.

------------
Deploy analytics
to aggregator

Exploratory Analysis
= Historical analytics
= Algorithm development

f\\!% Act

Trigger a reaction.

40
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Support for ThingSpeak from MATLAB

[\ Add-On Bl

Mandar v | Manage Add-Ons

arch for add-ons Q

ThingSpeak Support ToolboX version « 2 by Mathworks Intemet o7 Things Team

206 Downloads
Functions for connectivity from MATLAB to ThingSpeak.com.

Updated 15 Sep 2015
view license

Description Functions

thingSpeakAreaivarargin)

function thingSpeaklirea(varargin)

thingSpeakAuthenticate (varargin) 5THINGSPERFRZRER Filled area plot.
= THINGSPELKLAREL (X, Y) produces a stacked area plot suitakble for showing the

thingSpeakAuthenticatedList() contributions of various components to a whole.

=
=
thingSpeakClearAuthentication(varargin) % For vector X and ¥, THINGSPERKAREZ (X,Y) is the same as THINGSPEREPLCT (X,¥) except that
= the area between 0 and Y is filled. When Y is a matrix, THINGSPEREAREL (X, Y)
thingSpeakPlotivarargin) % plots the columns of ¥ as filled areas. For each X, the net
= regult is the sum of corresponding values from the columns of Y.
thingSpeakPlofYY{varargin) %
= THINGSPELKLREL (Y) uses the default valus of X=1:5TIZE(Y,1).
thingSpeakRead( channellD, varargin ) S
% THINGSPERKAREZ(...,'Propl',VALUEL, 'Brop2',VALUEZ,...) sets the specifisd
=

thingSpeakScatter(varargin) properties of the area plot.

thingSpeakStem(varargin) $  Copyright 2015 The MathWorks, Inc.

thingSpeakWrite(channellD, varargin)

41
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ThingSpeak Weather Station | 1_’@‘_1

http://makerzone.mathworks.com/resources/arduino/weather-station-data-analysis/ l_l@
]

Objectives
- Measure, explore, discover weather patterns

(({

Solution
= Arduino station with weather sensors
- Cloud-based aggregation and analysis

«i.i@

00000000

https://thingspeak.com/channels/12397

wwwww

:::::::::

VVVVVVVVVV
NNNNN

E CAROLINA 42



https://thingspeak.com/channels/12397
http://makerzone.mathworks.com/resources/arduino/weather-station-data-analysis/
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In summary

1. How can | handle diverse and/or Big Data ?

— Functionalities to work with business, scientific and engineering data, connect to
databases, clouds, offload computations, etc.

2. How to handle/create advanced algorithms, e.g., Machine

Learning ?
— Range of apps catered for variety of products, e.g., Machine Learning, Neural
Networks, etc.

3. How can | integrate these algorithms?

— MATLAB Compiler and Coder products help to integrate this with enterprise and
business systems. Also support to low cost hardware.

45



Let’s speak MATLAB !
« MATLAB is Trusted

> MATLAB Central

> User Stories - Industry

> User Stories — Academia

* |nterested to Learn?

> MATLAB Training

> Get started with our free online tutorial.

» Join our training courses for Statistics and Machine Learning.

« Speak to us, Mandar.Gujrathi@mathworks.com.au

4\ MathWorks
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