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The Need for Large-Scale Streaming

Predictive Maintenance

Increase Operational Efficiency
Reduce Unplanned Downtime

Many applications require
near real-time analytics

Medical Devices

Jet engine: ~800TB per day Patient Safety
Turbine: ~ 2 TB per day Better Treatment Outcomes

Connected Cars
Safety, Maintenance
Advanced Driving Features

Car: ~25 GB per hour
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| 4\ MathWorks:
Example Problem — How’s my driving?

Analyzing vehicle data to score
driving habits

« A group of MathWorks employees installed
an OBD dongle In their car that monitors
the on-board systems

Data Is streamed to the cloud where it IS
aggregated and stored




Case Study: Stream based Analytics on drive data with MATLAB
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Challenges in building such a system...
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Solution : MATLAB Production Server and Streaming engine
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v' MATLAB Analytics to REST APIs
v' Serves concurrent requests from web
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Fleet Analytics Architecture

4\ MathWorks

. Connectors provided by MathWorks

Edge | (

Devices

\ 4

—
A

-

Gateway

,I‘ll
' amazon
webservices™

*

AWS
Lambda

&P~

API

Production System )

mTLAB Production Server

MATLAB
> 4 - Compiler
MATLAB > H SDK

Analytics

Analytics Development\

MATLAB
4
LN Algorithm
Developers

J

>
»

torage
%er

Business
Systems

Business Decisions )

) Power B o
Qlik @ ‘E-'l—
@Spotfire End Users
+i+++ +ableau

MATLAB EXP

0 2018




4\ MathWorks

Development to Deployment Workflow

o 3 Integrate with o

Access and Explore Data BAEE e BN Production Visualize Results
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Access and Explore Data

Accessing data in MATLAB

Edge
Devices

4\ MathWorks'

-

API AWS
Gateway Lambda

-

kafka

Storage
Layer

Analytics Development\

MATLAB ﬁ

Algorithm
Developers
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Access and Explore Data

#\ MathWorks:

The Data: Timestamped messages with JSON encoding

veh1c1es id" { '$oid" 55a3fe35697@2d5c5c000020 }

"k 20@@ 9, "kff1225" : 109. 65293 "kff125a" : 115.36619,

"vehicles id": {"$o0id": 55a4193569702d115b9@0001 }

MATLAB EXPO 2018
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Access and ExploreData -~ ACCeSS a Sample of Data

Raw Data v' Decode JSON data
1 2 v" Create Timetable
timestamp value key
1 15-]an-2015 22:12:23'{ " id" : { "$oid" : "55a41cb069702d115b059ee0" }, "trip_id" : { "$oid"... '55a41cb069702d115b059ede’
2 | 15-jan-2015 22:12:24'{ " id" : { "$oid" : "55a41cb069702d115b059eel" }, "trip_id" : { "$oid"... '55a41cb069702d115b059ede’
3 15-jan-2015 22:12:25'{ " id" : { "$oid" : "55a41cb069702d115b059ee2" }, "trip_id" : { "$oid"... '55a41cb069702d115b059ede!
4 | 15-jan-2015 22:12:26'{ " id" : { "$oid" : "55a41cb069702d115b059ee3" }, "trip_id" : { "$oid"... '55a41cb069702d115b059ede’

Timetable
t = 4647x40 timetable
trip_id VIN kft1001 k1005 k1006 kff1220 kff1221 kff1222 kft1223 kft125a
1 Sun Jul 12 16:18:41 UTC 2015 '5533fe356... 55a3fe356... 17.1000 -84,9323 45,4704 NaN NaN NaN MNaN 59.0434
2 Sun Jul 12 16:18:42 UTC 2015 | 5523(e356...  55a3fe356... | 17.1000|  -84.9322 454704 | NaN | NaN | NaN | NaN | 57.8609 |
3 sunJul1216:18:43 UTC 2015 | 55a3(e356... 55a3fe356.. | 18.9000,  -84.9322  45.4705| NaN | NaN | NaN | NaN 527147
4 Sun Jul 12 16:18:44 UTC 2015 | 55a31e356... 55a3fe356... | 18.9000  -84.9322 454705 | NaN| NaN | NaN | NaN | 51,1983
5 SunJul1216:18:45 UTC 2015 | 55a31e356... 55a3(e356... = 18.0000  -84.9321 454706 NaN | NaN | NaN | NaN  49.1095
& Sun Jul 12 16:19:13 UTC 2015 | 5523(e356...  55a3fe356... | 58.5000  -84.9305  45.4686 NaN | NaN | NaN | NaN | 73.2005
7 SunJul1216:19:14 UTC 2015 | 55a3(e356... 55a3fe356.. = 56.7000  -84.9304  45.4685| NaN | NaN | NaN | NaN 753612
& SunJul 12 16:18:15 UTC 2015 | 56a31e356...  55a3fe356... | 57.6000  -84.9304 45,4683 | NaN NaN | NaN | NaN | 70.7542
8 SunJul1216:19:16 UTC 2015 | 55a3fe356... 55a3fe356.. = 56.7000  -84.9303  45.4682| NaN | NaN | NaN | NaN  62.8340

MATLAB EXPO 2018
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mAccess and Explore

Data

4\ MATLAB R2018a

Working with JSON in MATLAB

Vs ‘:3@}’@®Vldate

B - -

= Find Files AR 3 Normal w = Run Section
or D9 x| |= seog (=] B > b
|l Compare £ f GoTo B I _u M @ Run and Advance
New Open Save 2 Text Code . ®i [ig Sectuon Run Step  Stop
v v v = Print 4 Find « T e k 12 Runto End
FILE | NAVIGATE TEXT CODE SECTION RUN

<EHEHE

Current Folder

Name ~ Size

“Folder

= New f...
“AVI File
“Microsoft Word [
“JSON File
- sampl...741 KB
“Function

“Script

“Live Script

“MP4 File
“Chrome HTML D¢

» C. » Users » pkar » Pallavi

@l B Live Editor - C\Users\pkar\Pallavi\Work\EXPO2018\Read_json_data.mlix
" | Read_json_data.mix | 4+ | Name »

» Work » EXPO2018 »
(Ol Workspace

Reading JSON data &l

Functions like jsonencode and jsondecode make it very simple

Read a file

fname = 'sample.json’;
fid fopen(fname);
raw fread(fid,inf);
str = char(raw');
fclose(fid);

N

Ry
Decode JSON data to MATLAB datatypes

data_struct = jsondecode(str)|

Convert to table for easy operations

MATLAB EXPO 2018
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Access and ExploreData -~ Ad HOC Access to Data from MATLAB

j athenaQuery.mix _‘:.’.jl +1

{0

athenaClient = aws.athena.Client();
athenaClient.Database = "trainingdata’;
athenaClient.initialize();

S

Create a query and submit

athenaClient.submitQuery( 'SELECT * FROM "trainingdata”."sampledata™ limit 10@','s3://fleettrainingdata’)

Fetch data as a table for easy analysis
ds = datastore('s3://fleettrainingdata/*.csv');

ds .NumHeaderLines = 2;
data = table(ds);

Your usual MATLAB workflow goes here

e e

MATLAB EXPO 2018

' MATLAB

Access the data in S3 - - 4

Bring up the AthenaClient PN
Av\ég — /o
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Pre-processing and Feature Engineering

Timetable Timetable Manipulation Data Cleaning
MATLAB datatype designed to organize and work Access Data These return the same array: Smooth Data )
with time series data.
tt.Temperature ! " B = smoothdata(A,method);
Components of a Timetable —i ; : ;
tt{:,'Temperature’} | e e Smooth noisy data with methods:
Variable Names tti:;3 : 01-May-2007 02 00 00 o 2 ;
Times (2 options) { } >> P - “:~ bock=goge: 3 ‘movmean’,’movmedian’,’gaussian’,
datetiiie e b ‘lowess’,’loess’,'rlowess’,
(absolute Add a New Variable r olMei007020000 ‘rloess’,’sgolay’
timestamp—
eg. ~+ —--=-r = zeros(height(tt),1); D>
year/month/ iable N "
- ria an >~ .
day) M el Big Dat
erge Timetables ig Data
duration 5 O g rties.Va MISSIng Data lier(A,meth g
(offset from a ® = : . - i
reference time) « | | Synchronize multiple timetables ey >> Find Missing Values s with method. |  Tall arrays extend MATLAB functions to work on
to a common time vector. st be VO'I( TF = ismissing(tt); >> data too blg to IOGd into memory.
ean’,’quart: "
Create Timetabl| tt = synchronize(ttl,tt2,...,ttN); DD ‘flab- 1‘;' ey Create a “tall” fimetable:
names fr o aae )
tt = timeta| Synchronizing often results in missing data points Fill MlSSIl.ig Va!ues. % Create a datastore that points to
ve| [times at which a variable was not measured). tt = fillmissing(tt,method); 2> \Points DD % the data
s synchronize supports several methods for adjust- | Jata Using | Replace missing values with values calculated from ds = datastore(‘*.csv’);
(?" variables m ing data to fill in gaps: >> R nearby points with methods: oge{A, metha
ime
of rows.) " '“ SRR Rkt SRR, langes with me $ Create a tall table from the
tt = table2 us on i o 8 i - X 2 sy % datastore
Fill: ‘fillwithmissing’,'fillwithconstant’ tions as ¢ Hnanr!,iapiinel pabip iance’,’line - : D
. : p t = tall(ds);
(The first datetir . g
becomes the ro | Interpolation: ‘linear’,’spline’,’pchip’ ’
Remove Rows Containing Missing Values % Convert to a timetable
Nearest Neighbor: ‘previous’, " , :
B o < tt = ramissing(tt); — | tt = table2timetable(t); D>

Aggregation: ‘mean’,’min’,’max’,@func,...

Me5 tall tisetable
1 2 Tise ure Lowp ALT PTCH ROLL
Time Temperature Humidity B ——

01-May-2007 01:00:00 47 35 39.055  -84.661 866 -0.37352  0.076902
O1-May-2007020000 a6l W R
— — e nseol s = E S = i
01-May-2007 04.00.00 NaN 14 Nt NeN  NeN  -0.37352  0.076902
OlMw-2007050000 w0 3 R

01-May-2007 06:00.00 44 s : H :

MATLAB EXPO 201 01-May-2007 07:00:00 48 35
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Develop a Preprocessing Function

Timetable
t = 4647x40 timetable
trip_id VIN k1001 Kff1005 kff1006 kff1220 k1221 kff1222 k1223 kff125a
1 Sun Jul 12 16:18:41 UTC 2015 | 55a3fe356... | 55a3e356... 17.1000 -84.9323 45,4704 NaN NaN NaN NaN 59.0434
2 SunJul 1216:18:42 UTC 2015 | 55a3fe356... | 55a3fe356... 17.1000 -84.9322 45.4704 NaM NaN NaM NaN 57.8609
3 Sun Jul 12 16:18:43 UTC 2015 | 55a3(e356... | 55a3(e356... 18.9000  -84.9322 45.4705 NaN NaN | NaN NaN | 52.7147
4 Sun Jul 12 16:18:44 UTC 2015 | 56a31e356... | 55a3/e356... 18.9000 -84.9322 45.4705 NaN NaN NaN NaN 51.1983
§ Sun Jul 12 16:18:45 UTC 2015 | 55a3e356... | 55a3(e356... 18.0000 -84.9321 45,4706 NaN | NaN | NaN | NaN | 49.1095 |
6 Sun Jul 12 16:13:13 UTC 2015 | 55a3(e356... | 55a3fe356... 58.5000 -84.9305 45.46p= Niant | Miant | Riant | Miant | 73 anne |
7sunoul 12194 UTC 2015 | 66a3(e366... | 65a3fed86... 567000  -849304 4546t Preprocess data
B Sun Jul 12 16:19:15 UTC 2015 | 55a3fe356... | 55a3fe356... 57.6000 -84.9304 45,461
9 Sunul 12 16:18:16 UTC 2015 | 6623(e356... |65a3(e356... | 667000  -84.9303 (45.461 L mrenioL
t = rmmissing(t, "MinNumMissing',width(t)-2);

Perform windowed calculations

v Clean up
v' Enrich '< t.Speed = movmedian(t.SpeedGPS,3);
v Restructure t.D1 = [0;diff(t.SpeedGPS)];

[tmin,tmax] = bounds(t.time);
tnew = tmin:seconds(10):tmax;
N— countsByTime = retime(t(:, 'Event'),tnew,@histcounts);

MATLAB EXPO 2018
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Develop Predictive Building predictive models

Models

Selecting an Algorithm ITERATIVE MACHINE LEARNING PROCESS
l- | B N BN B B B B B B B BB B B B B B B B | -.
MACHINE LEARNING v 1

CAPTURE EXTRACT RUN EVALUATE
SENSOR DATA  ‘mp o TURE ) MODEL mmmp " MODEL

P t I a

. L]
SUPERVISED UNSUPERVISED o .
lEARNlNG lEARNlNG ..........................................................

s N\ N\ O N
CLASSIFICATION REGRESSION CLUSTERING Algorithm Prediction Speed | Training Speed | Memory Usage | Required Tuning | General Assessment
J . J
~ 7 N - ~ Logistic Regression (and | Fast Fast Small Minimal Good for small problems with linear
Support Vector Linear Rolg:ossion, K-Means, K-Medoids Linear SVM) decision boundaries
Machines Gi Fuzzy C-Means ‘
\ Z I\ J \ J Decision Trees Fast Fast Small Some Good generalist, but prone to overfitting
e N N e \
Dir"i’l"i"_‘”" SVR, GPR Hierarchical (Nonlinear) SVM (and Slow Slow Medium Some Good for many binary problems, and handles
L s L ) L A Logistic Regression) high-dimensional data well
! . 1 ( =i ) | Nearest Neighb Mod Minimal Medi Miniml L b di
Naive . Boamble Mathods Geaniaion Miskir earest Neighbor oderate inima edium | Minima | Lower accuracy, but easy fo use and interpret
\ 2y AS J \ J Naive Bayes Fast Fast Medium Some Widely used for text, including spam filtering
s N\ 7 N e 3
Nearest Neighbor Decision Trees Neural Networks Ensembles Moderate Slow Varies Some High accuracy and good performance for small- to
L g X ) L y medium-sized datasets
( Nsorid Fiahwoida ) ( Hidden Markov ) Neural Network Moderate Slow Medium to Large Lots Popular for ?Icssificution, compression, recognition,
and forecasting
. e . J

MATLAB EXPO 2018
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4\ MathWorks

e dnei sy Develop a Predictive Model in MATLAB

2 - U L O

-
All Quick-To- All All Linear Fine Tree A

* Current Model

What happens when data is large?

MATLAB EXPO 2018
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Submit Big Data jobs from MATLAB on HADOOP & SPARK

4\ MathWorks'

MATLAB workers on worker nodes in the cluster
« MDCS workers (working from MATLAB)

11
11
N i
mmeeee——) ||
11
Spark MapReduce AL
[ and SPARK jobs ] 1
11
11
Hadoop & Spark —

Library

Developer Node

MATLAB EXPO 2018

%
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>
Resource
Manager

Master Name Node

(440 q)

]

Data Nodes
J 1 J 1

| HDFS

Worker Nodes
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3

Develop Predictive : :
Vo Develop a Predictive Model

4 N\

INg
*amazon MDCS

bservices™ MATLAB

m m m Parallel 4\ :
:::: n 1 Computing
4 ‘ooo ; Algorithm

¢ 4 )
(| | L— Developers

,,,,,, N J
K

Statistics and Machine Learning

Analytics Development\

'o

.
0.’

Neural Network

Storage
Layer

HDFS
\. Y,

MATLAB EXPO 2018
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4 Integrate with

Producion Develop and Deploy a Stream Processing Function
DESi%is 4 .‘.05 r azon Production System
- webservices (MATLAB Production Server
é ." -

D API AWS
Gateway Lambda

£~

-

MATLAB EXPO 2018
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4

Integrate with
Production

Systems

A quick Intro to Stream Processing

- Batch Processing applies computation to a finite sized historical data set
that was acquired in the past

Historical Data

Storage

Configure Resources

Schedule and Run Job

Output Data

Storage

li
* Reporting

+ Data Exploration
* Training Models

= Stream Processing applies computation to an unbounded data set that is
produced continuously

Continuous Data

~
.

Connected
Devices

MATLAB EXPO 2018

Messaging Service

(A A )
— — —

Stream Analytics

1(x)

f. il

Dashboards

A\

Alerts

]

Storage

li
* Reporting

* Real Time
Decision Support

4\ MathWorks'
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Integrate with

Production
Systems

Near Real time decisions

Edge ]
Processing —
with
MATLAB
Coder

C/C++

Value of data to decision making

Real-

Time

MATLAB EXPO 2018

Why stream processing?

Time critical decisions
A

Stream Processing with

\ 4

A

MATLAB Production Server

-
:'l
e Kinesis
Event Hub

Actionable

Reactive

Big Data processing on historical data

» Time

Seconds Minutes Hours Days

Months
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4 Integrate with

Systems

= Kafka client for MATLAB Production Server

feeds topics to functions deployed on the server

= Each consumer process feeds one topic to a
specified function

= Configurable batch of messages passed as a

MATLAB Timetable

= Drive everything from a simple config file
— No programming outside of MATLAB!

MATLAB EXPO 2018

Consumer
Process feeds
Topic-0

Request
Broker
&

Program
Manager

4\ MathWorks

Production Connecting MATLAB Production Server to Kafka

Consumer

Topic-1

Process feeds

23
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Integrate with

Production Streaming data is treated as an unbounded Timetable

Systems

Input Table Output Table
----- == _--
18:01:10 55a3fd 1975 MATLAB
18:10:30 55a3fe 2000 109 115 Function
18:00:00 18:10:00 | 55a3fd 5
18:05:20 55a3fd 1980 105 105 55a3fe
18:10:45 55a3fd 2100 110 100 55a419
18:10:00 18:20:00 | 55a3fd .
18:30:10 55a419 2000 100 110 MATLAB
: 55a3fe 3
18:35:20 552419 1960 103 105 Function 552419
18:20:140 55a3fe 1970 112 104 18:20:00  18:30:00 55a3fd
55a3fe 4
18:39:30 55a419 2100 105 110
552419
18:30:00 55a3fe 1980 110 113 MATLAB 18:30:00 18:40:00 55a3fd
18:30:50 55a3fe 2000 100 110 Function 55a3fe 5
552419 3

MATLAB EXPO 2018
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Integrate with

Production Develop a Stream Processing Function in MATLAB

Process each window of data

(input table) as it arrives
Current window of data to
be processed
FILE
E | calculateScores.m 3‘&‘[ +]
1  [lfunction new state = calculateScore . Current score (pointer)
Z —
3 %% Preprocess and perform calculations
4 - current_data = preprocessData(current_data): —
5
[ %% Predict driving events . H
1 = current_data = predic*:Events:cuxrent_data}; PreVIOUS State (pOInter)
8
g %% Count events for each ten second window
10 - countsByTime = countEvents (current data):
11
12 %% Write discrete data to mongodb
13 = updateResultsStore (car id, countsByTime, resultsStore) ;
14
15 %% Update new state
16 — new state = updateState (countsByTime,old state);
17
13 — - end W\
< >
2 usages of "predictBvents” found calculateScores Ln 7 Col 22

MATLAB EXPO 2018
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Integrate with

4\ MathWorks

Develop a Stream Processing Function in MATLAB

Process each window of data

(input table) as it arrives

function current_data = preprocessData(current_data)

% Preprocess and perform calculations

% Remove records with all missing data
rmmissing{current_data, 'MinNumMissing' ,width{current_data)-1);

% Smooth and calculate approximate gradients
current_data.Speed = movmedian{current_data.kffleel,5);
current_data.Dl = [@;diff(current_data.kfflee1)];
[@;8;diff(current_data.kfflee1,2)];

Production
Systems
@ Editor - ChApplications\MATLAB devel\fleet_analytics\FleetDatafnalysis\client\ CompilersDKDemao\machine_learni.. — O >
co g q @t S w nsert [} fi b B e - > |
Comment SF Ods
HEWOpﬂISﬂve vgﬁnTnv %ﬁ&&m Run Runand |51
o= Pri e dent |3 | w3 |5op
FILE MAVIGATE EDIT BREAKPOINTS RUN ]
;_| calculateScores.m .‘bﬂl +] current_data —
1 [-] function new state = calculateScores(car id, current data,
2
3 %% Preprocess and perform calculations
4 - current data = preprocessData(current data):;
5 h - current_data.D2 =
[ %% Predict driving events
1 = current_data = predicltEvents [current data):
8
g %% Count events for each ten second window
10 - countsByTime = countEvents (current data):
11
12 %% Write discrete data to mongodb
13 = updateResultsStore (car id, countsByTime, resultsStore) ;
14
15 %% Update new state
16 — new state = updateState (countsByTime,old state);
17
15 — - end

<
rli_' usages of "predictBvents” found calculateScores

Ln 7 Col 22

MATLAB EXPO 2018
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Integrate with

Production Develop a Stream Processing Function in MATLAB

Svystems
Process each window of data

@ Editor - ChApplications\MATLAB devel\fleet_analytics\FleetDatafnalysis\client\ CompilersDKDemao\machine_learni.. — O > (I N p ut tab | e) as It arr | ves

FILE NAVIGATE EDIT BREAKFOINTS RUN

:

| calculate5cores.m .‘bﬂl + ]

= . T

1 [-] function new state = calculateScores(car id, current data, old state, re
2 function current_data = predictEvents{current_data)
3 %% Freprocess and perform calculations % Predict ewvents for current data based on machine learning model
4 current data = preprocessData(current data): predictorMames = {'kfflees’', 'kfflees’, 'kffl25a", k19", "kff1249", 'Speed’,'D1','D2",...
5 ‘kffleel’, 'kffi2ze", "kff1221", "kff1222°, "kff1223°,...
[ %% Predict driving events ka7, kff124d'};
7 current data = predic*:Events:cuxrent_data}; N i i SRS il S | ;
g mdl = load( 'machinelLearningModel.mat”};
4 %% Count events for each ten second window SRR St e BV PR PO, Predictors);
10 countsByTime = countEvents (current data):
11
12 %% Write discrete data to mongodb
13 updateResultsStore (car id, countsByTime, resultsStore) ;
14
15 25 Upaate new state Use the model you created
16 new state = updateState (countsByTime,old state): 1 1F1 1
. with Classification Learner
18 - end v App
>
usages of "predictBvents” found calculateScores Ln 7 Col 22

MATLAB EXPO 2018
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Integrate with

Production Develop a Stream Processing Function in MATLAB

Process each window of data

(input table) as it arrives
FILE MAVIGATE EDIT BREAKPOINTS RUN
E | calculateScores.m .‘bﬂl +]
1 [-] function new state = calculateScores(car id, current data, old state, resultsStore) - I:l
Z —
3 %% Preprocess and perform calculations
4 - current_data = preprocessData(current_data): —
5
[ %% Predict driving events
1 = current_data = predicltEvents [current data):
8
g %% Count events for each ten second window
10 - countsByTime = countEvents (current data):
11 . . . .
2 | 3o vite disorcie Gt o e Database is updated with results of driver scoring
13 — updateResultsStore {car id, countsByTime, resultsStore); ° Count Of events by type and Iocatlon
14
15 %% Update new state ® Stored |n MOﬂgODB Instance
16 — new state = updateState (countsByTime,old state);
17
13 — - end W\
< >
2 usages of "predictBvents” found calculateScores Ln 7 Col 22

MATLAB EXPO 2018
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4 Integrate with
Production

Systems

MATLAB EXPO 2018

4\ MathWorks

Operationalize Analytics into Production Systems

Production System

'MATLAB Production Serverﬂl

ap 4

| vATLAB » :

Analytics > 3
e )

N\

SDK

MATLAB
_ Compiler

|

Analytics Development\

MATLAB
=
o F

£\

Algorithm
Developers

29
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4 “integrate with MATLAB Compiler SDK Workflow

Production
Systems

b

r COMPILER

= Deployable Archive (.ctf) |IECIR R

"MATLAB Production Server |

MATLAB Archive information
Analytics
kafkaﬁconsumei
Files required for your archive to run
(H Availablechan... ) computeDrivin... ) dropCollectio... &) jsonPreProce... &) remove.m
®) ByteDecoder.m &) count.m ) find.m ®) KafkaMessag... W) StateStore.m
MATLAB ) calculateScor... &) createCollecti... &) insert.m MessagePars... /=) update.m
Compiler #) changeTimeta... %) DefaultParser.m %) isopen.m #) mon... &\ Utils.m —
) close.m ) distinct.m ®) jSONParser.m MongoStore.m
SDK el #d L]
|
MATLAB | =
‘ — ns SXI7 Tirnietanr
o car_id 'SimulatedcCar' k47 kff1249 kff124d trip_id Speed D1 D2 Event
=2 current_data 50x17 timetab
-£| old_state 1x1 struct
Q @ resultsStore 1x1 MongoSto 43.529 13.328 14.77 '55a3fe3569702d5¢5¢c000021 ! 122.4 0 0 Ok
18.824 14.598 14.788 '55a3fe3569702d5¢5¢ 000021 ! 122.4 0.9 0 Ok
16.078 14.706 14.772 '55a3fe3569702d5¢5¢c000021 ! 122.4 -0.9 -1.8 Ok u
16.078 14,736 14,712 '55a3fe3569702d5¢5¢c000021 ! 122.4 0 0.9 Ok
17.255 14.812 14.696 '55a3fe3569702d5¢5¢000021 ! 122.4 0.9 0.9 Ok :
3 E
< i I o] [d @ [ I @ q — i
MATLAB EXPO 2018 !I'+] Paused in debugger
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Production Debug a Stream Processing Function in MATLAB
4 _ St Production System ) [ Analytics Development
' amazon
webservices™ MATLAB 4
= ]
MATLAB — ‘%
Compiler} 4 B
LN Algorithm
Developers
Storage
Layer
\ J
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Integrate with

Production Debug a Stream Processing Function in MATLAB

Systems
BE+s cnee 0] cu B oo
Fuj 153 % L) Find Files =) Insert [=1 fx = EI D L‘)_._‘Y'L (Y .“[C.?

HOME LOTS APPS EDITOR PUBLIS

-/ Compare ~ GoTo v Comment i -
Mew Open Save = RAC £ /E % =4 Breakpoints Run Run and |4 Advance Run and
- - v  yPrint _{Find = Indent || w2 |- - v  Advance Time
FILE NAVIGATE EDIT BREAKPOINTS RUN :
<& ] &= 23/ » home » demouser » work » fleetserver » client » CompilerSDKDemo » | P
Current Folder (GM F% Editor - f/home/demouser/work/fleetserver/client/CompilerSDKDemo/machine_learning/calculateSco... & x
Narme Git consume.m calculateScores.m -
ST AT ST ST T T - e _ : T
) |ISONParser.m * < ; function new_state = calculateScores(car_id, current_data, old_state, resultsStore) j r
) kafkaMessage.m @ 2
o Messagepargserm o 3 %% Preprocess and perform calculations
& ’ 4 - current_data = preprocessDatalcurrent_data);
) Utils.m W | | =
o
f-:-.j ,°°”Skume'm _ 5 %% Predict driving events
=] invokeUserFuncti... ® 7 - current_data = predictEvents(current_data);
] jsonPreProcessor..., ® g
= iy = .
;4 queryDemo.m _ ? o %% Count events for each ten second window
—l queryDermoSnap... © 3= countsByTime = countEvents(current_data);
t drivingScoreData... ® 11
1 machineLearning... ® 12 %% Write discrete data to mongodb
m kafkaconsumer.prj ® | 13- updateResultsStore(car_id, countsByTime, resultsStore); L
Details 14 =
Mtorkenoce = Command Window ®
Name £ |value R >>
o curbDir 'thorme/demou
] >
- calculateScores Lh 17 Col 1

MATLAB EXPO 2018
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4 Integrate with

Production Tie in your Dashboard Application

Systems
Production System )
"MATLAB Production Server
o) 4
MATLAB A
Analytics > :
i e 4
. . ~N
Business Decisions
Storage
Layer ‘ ) Power B o
=) E'Z| Qlik @ %—
> @Spotfirez End Users
Business {.T.i:, +ableau
Systems +
/L J
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5

Visualize Results Scalable Analytics with Enterprise Bl Tools

TIBCO Spotflre CLIENT TIER

Web iO0S Spotfire Analyst

[

f-

SECURITY AND ROUTING TIER

Load Balancer

Tableau ) n - n k3

y =] — —
6 @ - —]
i Columns .- — | p—
= Fows o o ° Spotfire Servers
Shortest Flight Path E== = =
A = spalloc(0, lendist,0); % Allocate : WORKER SERVICE TIER
b= 0;
v Al
whi umtours > 1 & r
s A © AVG(Latitude) Load Balancer
b = [b;zeros (numtours,1)]; ~ AVG(Latitude.
A = [A;spalloc(numtours, lendist, nStops) —
O Atomatc
for stopCount = 1:numtours
rowldx = size(a,1)+1; H & @ ‘»’nm:-d T
o Coor S States (LI 4
&g Aoricaion Compier Q MATLAB | LI }—n
o I 4 Production

Server 1111

Spotfire Web Players

Hadoop Compler
[

LKL 4

Ubrary Compiter
| Erwwarns

2t | Results are computed along Table (across).
Production Server Comgler ' .
[~ frsreotpryrpicna 8 S, SCRIPT_INT('TSP/GetLatLongVector ",
s i) e s bl et e MUY AVG( (Lo e]),AVG( [Latitude]))

end

DEVELOPMENT TIER DATA TIER

near program

[x_tsp,~,~,~] = intlinprog(dist,intcon,
e eCt s L) Defaut Table Calculation

Command Wndam,

v Apply - .
Jx >> deploytool 6 Data Source Shortest Flight Path [, B3 ‘

Deployed
Archive

- 0ot

MATLAB EXPO 2018
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MATLAB based applications in Production Level Ecosystem

Data

881 server Q?

—/»W Cassandra C°Smos DB

. mongo

Cloud Storage Azure

Blob
(53]

AWS ‘
@OSI_E;U:%;_,_ §3 kafka Azure ._xl
L

Kinesis e
Pl System » MAQTT loT Hub

Analytics

MATLAB
Production Server
)

Request 4

Broker "
«o»
<»
«»

4

Business System

Qlik @

+1+ .
yif+ableau
Microsoft Power Bl

Dashboards
© Spotfire

M Microsoft
S
% Apache

%,_Tomcat

Web

WebSphere.

Custom Apps

MATLAB EXPO 2018

ffﬁ? §:§O,m A Azure amazon (D rackspace. n openstack” vmware
Platform
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Volkswagen Data Lab develops
driver recognition algorithms
with MATLAB

Develop technology building block for tailoring
car features and services to individual

= Need to identify individual drivers based on
their driving behavior using collected data

Challenges

= Accuracy despite low training data

= Robustness despite environmental conditions
= Computing time

Data sources
- Logged CAN bus data and travel record

Source: ,Connected Car — Fahrererkennung mit MATLAB® Julia Fumbarev, Volkswagen Data Lab,

MATLAB EXPO Germany, June 27, 2017, Munich Germany
MATLAB EXPO 2018

Zeitraum
Anzahl Fahrzeuge
Fahrten

Gefahrene Kilometer

Fahrzeugmodelle

Zeitraum
Anzahl Fahrzeuge
Anzahl Fahrten
Gefahrene Kilometer
Gefahrene Stunden
Treibstoffverbrauch
Verbrauch/ 100km
Fahrzeugmodelle:

Zeitraum
Anzahl Fahrzeuge:
Anzahl Fahrten
Gefahrene Kilometer
Gefahrene Stunden
Treibstoffverbrauch
Verbrauch/ 100km:
Fahrzeugmodelle

05.02.2014 - 20.06.2016
24

37.043

503.050 km

9.502 Std.

65.1311

1291
Golf, Passat, Beetle, Polo, Tiguan,

27.891 Std.
2211651

12,21
Golf, Passat

20.11.2015 - 20.06.2016
20

18.895
198.252 km

DataLab-Flotte

g

Touareg, A3

4\ MathWorks

Gesamtstatistik

21 Lander
2.508.861 km
124 Fahrzeuge

Flotte Legende
SEAT

Ibiza, Leon

4\ Classification Leamer - Scatter Plot

CLASSIFICATION LEARNER

# 25 E S TRNEe)

Original Dateset:  ionosphere  Observations:

351 Predictors:

34 ResponseVarizble: Group Response Clas:

= [ ] e [ R
op A @ L = H ¢
New Feature  PCA Quadratic Advanced | Use | Train  Scatter Confusion ROC Curve Parallel Export
Session *  Selection =0 Paralel Plot Watrix Coordinates Piot  Model ~
FILE FEATURES CLASSIFIER TRAINING PLOTS EXPORT
Data Browser ® - | Confusion Matrix < | Parallel Coordinates Plot »¢| Scatter Plot < |
¥ Histol
a Predictions: model 1.1 Plot
11 VM Acorzcy. B8.6% g : ® e
Lastchange Linear SVM 34/34 features . s ° -
1 . x . H @) WModel predictions
12 SVM Accuragy: 91.5% x .
Lestchangs: Quadratic SVM 34/34 features 0.8 . '.0 * ® Correct
L
o X | ect v
13 0 svM Ay 90.0% . ¢ ) e
Lastchange: Cubic SYM 34/34 festures 0.6 + « ¢ %
et o Predictors
14 <7 sVM Accursy 89.7% 0.4 w% X
Lsstchange: Fine Gaussian SVM 4734 featres X I * -
0.2 . ® v
15 ) ST . 1% vibe
Lastchangs: Medium Gaussian SVM WM features | o . }o
§oops xed Vil
16 7 SVM Accurzey: 87.2% Y Classes
Lastchange: Coarse Gaussian SVM 24/34features | *% M o
02 * o o
xe -
04 s, *3
B . . 54 »
. I ¥
. e o
06 HET |
w Current model . -
H L0
Model number 1.1 - 08 -
'Status: Trained L o .;
Accuracy. 88.6% 3 . . om a3
Prediction speed: ~8500 obsisec =
[Training Time: 2.4782 sec 05 0 05 1 How to investigate features
(Classifier X7

ses: 2 Size of Dataset:
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4\ MathWorks:
Key Takeaways

Solution architects

» Spend your time understanding the » MATLAB can connect directly to your

data and designing algorithms data repositories
» You can run MATLAB on any » MATLAB can deploy within your
development engine, desktop, ecosystem and on platform of your
server or cloud choice using MATLAB Production
Server

MATLAB EXPO 2018
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Resources to learn and get started

« Data Analytics with MATLAB

« Statistics and Machine Learning Toolbox
» Database Toolbox

= Mapping Toolbox

« MATLAB Production Server

- MATLAB Compiler SDK
 MATLAB with TIBCO Spotfire
« MATLAB with Tableau

- MATLAB with MongoDB
MATLAB EXPO 2018

‘\ MathWorks Produ Solutions  Academia Support Community  Event

Scalable Analytics with TIBCO
Spotfire and MATLAB Production

Server

Resources and Spotfire extension to scale MATLAB analytics for
use with Spotfire applications

This sing for > & =
multi ment - - -
rrrrrrrrrrrrr
Request the Extension & Download the Free —
Getting Started Guide Technical Brief s I
[ Submit request l | Download now ‘

4\ MathWorks'
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https://www.mathworks.com/solutions/data-analytics.html?s_tid=srchtitle
https://www.mathworks.com/products/statistics.html
https://www.mathworks.com/products/mapping.html
https://www.mathworks.com/products/matlab-production-server.html
https://www.mathworks.com/products/matlab-compiler-sdk.html
https://www.mathworks.com/products/reference-architectures/tibco-spotfire.html
https://www.tableau.com/about/blog/2017/8/put-your-matlab-models-and-algorithms-work-tableau-74016
https://www.mathworks.com/help/database/ug/import-and-analyze-data-from-mongodb.html

4\ MathWorks

4\ MathWorks

Accelerating the pace of engineering and science

Speaker Detalls Contact MathWorks India
Email: Pallavi.Kar@mathworks.in Products/Training Enquiry Booth
LinkedIn: https://www.linkedin.com/in/pallavi-kar-2a591518 Call: 080-6632-6000

Twitter: @PallaviKar2512

Email: info@mathworks.in

Your feedback is valued.
Please complete the feedback form provided to you.

MATLAB EXPO 2018
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Data Analytics Applications

Predictive Maintenance Using
MATLAB and Simulink
Amit Doshi, MathWorks

Exhibition Break

Using Fleet Analytics and MATLAB to

Build Strategies for BS-VI
Development
Shubham Garg, Honda

Lunch and Exhibition

Scaling up MATLAB Analytics with
Kafka and Cloud Services
Pallavi Kar, MathWorks

Exhibition Break

Developing Optimization Algorithms
for Real-World Applications

Dr. Laksfiminarayan Ravichandran,
Math\Works

Gautam Ponnappa PC, MathWorks

Exhibition Break

Tackling Big Data Using MATLAB
Alka Nair, MathWorks

Controls and Embedded Systems

Designing Efficient Power Electronics
Systems Using Simulation

Vivek Raju, MathWorks

Naga Chakrapani Pemmaraju,
NathWorks

Lithium-lon Battery Parameter
Estimation for HIL, SIL, and MIL
Validation

Thayalan Shanmugam, RNTBCI

Full Vehicle Simulation for
Electrification and Automated Driving
Applications

Prasanna Deshpande, MathWorks
R Vi

Signal Processing Systems

Designing and Testing Voice
Interfaces through Microphone Array

Modeling, Audio Prototyping, and Text

Analytics
Vidya Viswanathan, MathWorks

Verifying the Hardware
Implementation of Automotive Radar
Signal Processing with MATLAB
Sainath K and Shashank Venugopal,
NXP

5G: What's Behind the Next
Generation of Mabile
Communications?

Tabrez Khan, MathWorks

Upcoming Sessions

Verification and Validation of High-
Integrity Systems

Chethan CU, MathWorks
Vaishnavi H R, MathWorks

Generating Industry Standards
Production C Code Using Embedded
Coder

Rajat Arora, MathWorks

Durvesh Kuikarni, MathWorks

Designing and Integrating Antenna
Arrays with Multi-Function Radar
Systems

Shashank Kulkarni, Ph.D.,
athWorks

Swathi Balki, MathWorks

Designing and Verifying Digital and
Mixed-Signal Systems
Aniruddha Dayalu, MathWorks

Robotics and Autonomous
Systems

Automated Driving Development with
MATLAB and Simulink
Manohar Reddy, MathlWorks

Autonomous Drive
Gopinath Chidambaram, L&T
Technology Services

Demystifying Deep Learning
Dr. Amod Anandkumar, MathWorks

Deploying Deep Neural Netwarks to
Embedded GPUs and CPUs
Rishu Gupta, Ph.D, MathWorks

Developing Algorithms for Robotics
and Autonomous Systems
Dhirendra Singh, MathWorks
Abhisek Roy, MathWorks

4\ MathWorks
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