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4\ MathWorks:

Why MATLAB?

Focus on solving your problems

Ready to use

with toolboxes that
work out of the box

Productive environment
tuned for engineering and scientific
work

Execution speed

with optimized code that
leverages GPUs, clusters, and
clouds

Reliable

entrusted to send a spacecraft
to Pluto, create certified code
for medical devices

Ready to runon

production systems
without rewriting code
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Complementary, Interactive, Self-paced MATLAB Tutorials

|deal for new users or a refresher

&

MATLAB Onramp Deep Learning Onramp
Get started quickly with the basics of Get started quickly using deep
MATLAB. learning methods to perform image
recognition.
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Data Analytics Workflow

Integrate with

Develop Predictive

Access and Explore Data Preprocess Data Model Scale Up Production
Systems
& | )
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e —
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Demo: Predict Damage Cost of Weather Events

 Use historical weather Damage Costs of Weather Events
eve n tS d ata fro m 1 9 8 O - Weather Event Details Weather Event Results:

Weather Event Type Predicted damage cost:

20 1 7 Tornado v $4,002,527.97

* Preprocess data . TR | T o
. ,.('...'. .
« Develop prediction model AR T
based on event type, Sarnfie e e 2O LT 0

Storm duration (hours)
.l..'.

location, time/month/year i ol . e
* Predict damage value to o
prepare for future
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Access and Explore Data AcceSS data from ma ny Sou rces

.&4 Import - CAMATLAB\StormEvents_Mass2015.csv - O X
IMPORT =
= Column delimiters: Output Type: [ Replace ¥ unimportable cells with ¥ NaN -+ £
o Range: |A2BABTT2 ~
|C°"'“"° v : H Table [ Exclude rows with v Blank cells v = $
~ Fixed Width Variable Names Row: 1
DELIMITERS SELECTION IMPORTED DATA UNIMPORTABLE CELLS Import Data
| StormEvents_Mass2015.csv ¢ |
G te Script
(o] P Q R S T u v w X Y z ‘
StormEventsMass2015 Generate Function

r month_name event_type cz_type cz_fips cz_name wfo end_date_ti... cz_timezone injuries_dir... injuries_indi... deaths_dire... deaths_indi... damage_pr... dama
v Categorical v Categorical v Categorical ¥ Number v Categorical v Categorical v Datetime v Number ¥ Number ¥ Number ¥ Number ¥ Number ¥ Number ¥ Numbe

1 month_na... |event_type |cz_type cz_fips cz_name wfo end_date_ti...|cz_timezone |injuries_dir... [injuries_ind...|deaths_direct|deaths_indi...|damage_pr... |dama A
2 January Winter Wea... Z 1 NORTHER... |ALY 04-Jan-201... |EST-5 0 0 0 0
-- M I C r-o S Oﬁ 3 January High Wind |Z 10 EASTERN H...|BOX 05-Jan-201... |EST-5 0 0 0 0 0.00K 0.00K
4 January Strong Wind |Z 12 SOUTHERN...|BOX 05-Jan-201... |EST-5 0 0 0 0 7.50K 0.00K
AZ u re 5 January Strong Wind |Z 8 WESTERN ... |BOX 05-Jan-201... |EST-5 0 0 0 0 5.00K 0.00K
6 January High Wind |Z 16 EASTERN N...|BOX 05-Jan-201... |EST-5 0 0 0 0 2.00K 0.00K
~ 7 January Strong Wind |Z 13 WESTERN ... |BOX 05-Jan-201... |EST-5 0 0 0 0 15.00K 0.00K
0. -. ' 8 January Strong Wind |Z 5 WESTERN ... |BOX 05-Jan-201... |EST-5 0 0 0 0 20.00K 0.00K
’. ' a m a zo n 9 January Strong Wind |Z 19 EASTERN P... |BOX 05-Jan-201... |EST-5 0 0 0 0 15.00K 0.00K
' We Se NlceSTM 10 January Strong Wind |Z 17 NORTHER... |BOX 05-Jan-201... |EST-5 0 0 0 0 12.50K 0.00K
1 January Strong Wind |Z 14 SOUTHEAS... |BOX 05-Jan-201... |EST-5 0 0 0 0 2.00K 0.00K
12 January High Wind |Z 15 SUFFOLK BOX 05-Jan-201... |EST-5 0 0 0 0 0.00K 0.00K v
< >

@ OSl:oft.
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SO Spend less time cleaning data

4\ Signal Analyzer - HVAC_buildingkW.midatx - o X
w2 1 W= Do g d = ( d ) .
v ?w% e o S e TN ata sortrows(data);
FILE LAYOUT - il SIGNAL TABLE 717” PREPROCESSING 717 OPTIONS | : Ld L] L] ' L ] '
Filter Signals W energyUsage.BuildingkW d a t a = f 1 1 1 m 1 S S 1 n g ( d a t a , 1 1 n e a r‘ ) ;

.
e — 5. s data = smoothdata(data);

boiler.BoilerRe *Ts:5.. 0s 2
boiler.BoilerSu. m—Ts:5.. Os
30 P 50 60 70 80 % 100 110 120
boiler.Building... "===*Ts:5.. 0s
Time (days)
boiler.FlowRate =~ ====*Ts:5 0s
boiler HDRRet... ==='Ts:5.. 0s =
weather.Dewp. —Ts:5 0s !é d at a
weather.Outsi... ==="Ts:5.. 0s 3
weather.Preci. — Ts: 5 0s E data =
v‘”v::::z::: _:: 2: ° = . 55 in_d end_day event_id state T year event_t end_tim damage. T damage begin_lat begin_l¢
wealher WetB... =="Ts:5.. 0s e 1 26 26 324445 MISSOURI 201 {J Sort Smallest to Largest 0 0 39.9400 -92
weather.Wind m—Ts:5.. 0s = G i .
weatherWind... | == Te:5... |05 g e 20 20 181522 KANSAS 200 11 sort Largest to Smallest '0 0 39.3500 -101
e =CE 3 oos 10 10 333022 ARIZONA 20 0 0 33.9583 -109
vt =5 los : Min: 1993 Max: 2017
oy T—mr s : 1 14 14 254237 \WISCONSIN 20 . o 0 0 NaN
£ o
weather ui 5. 03 » z e = c 5 2 2 592975 GEORGIA 204000 N 0 32.6600 -81
" W[WWWW/\[\[ 6 15 15 707180 GEORGIA 201 6 NaN 326328 -83
~ 3000
o e T 7 24 24 447971 NEBRASKA 20 N NaN 412100 -96
Time (days) 8 11 1 5621848 | COLORADO 199000 N NaN 38.1000 -103
) 2 2 181446 <undefined> 20( N NaN 38.5641 77
00
Code I I |

0
data = data(data.damage_crops <= 4548.0398 | ismissing(data. 1995 2000 2005 2010 2015

data = data(data.year >= 1994 | ismissing(data.year),:)

1994 2017

Update Code Cop
Y v| Include Missing (NaN) - O rows

double



4\ MathWorks

Develop Predictive
Models

Get started easily with advanced techniques

Classification
Regression

4\ Regression Learner - Residuals Plot _ o x D L n
REGRESSION LEARNER e e p e a rn I n g
4\ Neural Time Series (ntstool) — X

Data Browser

~ History oot e Welcome to the Neural Network Time Series app.

:.'lm.:," f;:rmw “ﬁafaﬁ - 80 N Solve a nonlinear time series problem with a dynamic neural network.

1.2 Linear Regressi RMSE 7.9172 .

Last cnange: Mmmﬁm. 18/18 features _7f _| Introduction Select a Problem

.3 R 0.27: o e . . . . o o - e =

e s 2T Eu,eo L - Prediction is a kind of dynamic filtering, in which past values of one or more (® Nonlinear Autoregressive with External (Exogenous) Input (NARX)
14 Stepwise Linear Regression Canceled é - time series are used to predict future values. Dynamic neural networks, which Prodict series y(1) gt e past vakies OF (&) el aniother Seies 5(t)
et churge] Stapuise Linees e teares a%r sop| | INclude tapped delay lines are used for nonlinear filtering and prediction. AL P :
15  Tree ©

Lastcnange: Fine Tree 6716 features 240t fecnen ) YO = (1), x(t-d),

16 Tree RUSE 2053 2 There are many applications for prediction. For example, a financial analyst Y1) —yi-d)
Lastcnange Medium Tree 18718 features & 30 e might want to predict the future value of a stock, bond or other financial

e arse Tree ! 2k X % instrument. An engineer might want to predict the impending failure of ajet () Nonlinear Autoregressive (NAR)

18 SWM Traini - engine. . ) .

Lastchange: Linear SVM 0 e o e ) e z = Howto Predict series y(t) given d past values of y(t).

057 ;wmmm - W Record number x10* Predictive models are also used for system identification (or dynamic Ny

140 s Queved @ | | | Residuals Plot | Predicted vs. Actual Plot_ ¢ | modelling), in which you build dynamic models of physical systems. These -

Lastcharge: Cublc SVM 16016 reatures Predictions:imodel 16 — dynamic models are important for analysis, simulation, monitoring and

111 SWM Queued x - - . . o . o

e B EEY] 115 temres wl . .| control of a vane.ty of systems, including manufacturing systems, chemical O Nonlinear Input-Output

142 SWM G © A : processes, robotics and aerospace systems. A — SEE)

Last change. Medium Gaussian SVM 18/18 features - . T series y! given d past values or series x(t).

= % o%, & Style
e

;l’mmfvgo‘m o e ,‘:,1“:“,:,: % 20 s ° ‘ ".,' o 0o i 25 : @make  This tool allows you to solve three kinds of nonlinear time series problems Important Note: NARX solutions are more accurate than this solution. Only
144 % Ensemble Queved & 5 10 Pe 2% Ounes| shown in the right panel. Choose one and click [Next]. use this solution if past values of y(t) will not be available when deployed.
mntamanns. Danabad Toana 3 Box ph
v Curren el Qo

Current Model ¢ Too many xt) D".“ﬂ Y10 = H1),oxit-0)

Model 1.6: Trained = S -10

3

Results 3 -20 X-axis

RMSE 2083 = ®Tre

R-Squared 098 -30 O Predi

MSE 4.2149 a0} O Recod

MAE 0.95085 1 L L L L 1 1

Prediction speed ~210000 obs/sec 20 30 40 50 60 70 80 Opres

Training time 28.595 sec . True response Dewpoint]

Data set: tEarlier Observations: 27360  Size: 4 MB  Predictors: 18 Response: BuildingkW Validation: 5-fold Cross-Validation

® To continue, click [Next].
“ Neural Network Start M Welcome ® Back | % Next Q Cancel
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Develop Predictive
Models

Explore different types of models

Neural Networks Time Series Models

‘ Deep Learning Designer [m] 4\ Econometric Modeler - Model Summary(RegARMA_Buildi - o X
ECONOMETRIC MODELER
DEEP LEARNING DESIGNER
— & Ly A Diflerence | Detrend 2
ul
ED:' & 13=] E & Zoom In E V
) Copy
New Import | Duplicate Fit Zoom Out Auto Analyze  Export
el Data Browser
| FILE 8UILD NAVIGATE LAYOUT | ANALYSIS | EXPORT ~ Time Series
3{| PROPERTIES BuildingkW
DewpointTemperature
A Parameters
OutsideAirT - - -
| ¥ IR o P':::);ﬁ';:;';emm Value |Standard Error. tStatistic | P-
INPUT S ] inception_4b-_.. s inception_4b-_.. Number of connections 170 RelativeAirPressure ':;‘: 1825042 1442012044 A
~ D... ¥ Al Convolution2D. Y Al Convolution2D... RelativeHumidityPercentage ( 0718 0087] 30478
il ImagelnputLayer Input type Image WetBulbTemperature Beta(Out.  -12891 01021 -126221
> ampe Beta(Pre.. 05512 00548 100577
m Output type Classification WindChillTemperature Beta(Rel..  -0.1857 00138 134321
Ll SequencelnputLayer WindDirection Beta(Rel. 00042 00171 02484
L - WindHeatingTemperature BetaWet.. -1.0458 01300 80080
LEARNABLE .. B inception_4b-r... E inception_4b-r... E WindSpeed etaqvia 1104638 TR
RelULayer RelLULayer Beta(Win.. 00018  9.8784e-04 17763 v
B2l  Convolution2DLayer
A y [ | < >
Nov 2017 Jan 2018 Mar 2018
TransposedConvolution2D... Time
inception_4b- | Plot
! FullyConnectedLayer DepthConcate! 40
- Goodness of Fit
n Yoo T
LSTMLayer / N 40901e+05
l i Modek | 20 BIC 409126405
ARIMA BuildingkW
n BiLSTMLayer ] inception_dc-... ] inception_dc-...
L Convolution2D. L Convolution2D... 0
ACTIVATION ‘ r
B RelULayer -20 ‘
. h 4
E LeakyReLULayer B inception_dc-r._. E inception_dc-r... E 7
ReLULayer ReLULayer Nov 2017 Jan 2018 Mar 2018
E ClippedReLULayer - ‘ ‘ e
14 ]



Develop Predictive
Models

4\ MathWorks'

Try many algorithms in parallel and validate results

@ m L B B =
Feature PCA Nod'um Coarse  All Trees Advanced | Use | Train Response puachdn u.uduals Export
s...’ jon v Selection Tree Tree & Plot ) Model »
FILE FEATURES MODEL TYPE
Data Browser ® Response Plot
\'w History
1 %> Tree [Draft] Original data set: tEarlier
Last change: Disabled PCA 878 features 80
70
s
¥ 60
o
L
o
S50
=
w
€ a0}
(]
&
w Current Model g
y 30}
Model 1: Draft =
Model Type 20t
Preset: Fine Tree
Minimum leaf size: 4
Surrogate decision splits: Off B - : : - - .
0 0.5 1 1.5 2 2.5
Feature Selection — 4
all features nsed in the mndel _hefare Pra | Record number <10
Data set: tEarlier  Observations: 27360  Size: 4 MB  Predictors: 8  Response: Buildingkw

Validation: 5-fold Cross-Validation

Plot

® True v

Style
® Markers
Box plot
Too many categories

X-axis

X: Record number v

How to use the response
plot

10



One file

Access Data

measured
measured

readtable('PumpData.csv');
table2timetable(measured) ;

Preprocess Data
Select data of interest

measured = measured(timerange(seconds(1l),seconds(2))

Work with missing data

measured = fillmissing(measured, 'linear');

Calculate statistics

m
S

mean (measured.Speed) ;
std(measured.Speed) ;

, 'Speed")

Scale Up Scale to big data using the same code

One hundred files

Access Data

are('DiumnNatax

measured tall(measured);

Preprocess Data

Select data of interest

measured = measured(timerange(seconds(1l),seconds(2)), 'Speed")

Work with missing data

measured = fillmissing(measured, 'linear');

Calculate statistics

m
S

mean (measured.Speed) ;
std(measured.Speed) ;

[m,s] = gather(m,s);

&\ MathWorks

1
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Access data from anywhere with minimal
cale Up | >
changes ]

]
‘i
l]\‘

» =D

, o , [ Local disk ]
setenv('AWS ACCESS KEY_ID ACCESS _KEY_ID'")
setenv( AWS SECRET_ACCESS KEY "ACCESS_KEY"'")

L

&

fileloc

‘datasets/FoodImages’;

ds = imageDatastore(fileloc);

12
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4
Use MATLAB on a Spark-enabled Hadoop cluster for

machine learning at scale

MATLAB

Spark

YARN

HDFS

16
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Scale Up

Monitor large jobs in MATLAB

Spark

Evaluati ng tall ex press ion usi ng the S par k Cluster: SPAK’ 100 Jobs Stages  Storage  Envionment  Executors MATLAB Spark Job application Ul

- Pass 1 of 13: Completed in 4.0333 min Soark Jobs 7
. . arK Jops '*
- Pass 2 of 13: Completed in 2.3 min uph
. . ser: hgorr
- Pass 3 of 13: Completed in 1.8667 min Scedesng Mode FIFO
- Pass 4 of 13: Completed in 4.2167 min oot o 5
- Pass 5 of 13: Completed in 4.2167 min R
- Pass 6 of 13: Completed in 4.3 min Active Jobs (1)
_ P a S S 7 O_F 1 3 : Comp 1 et ed i n 1 . 2 mi n Job Id (Job Group) Description . Submitted Duration  Stages: Succeeded/Total Tasks (for all stages): Succeeded/Total
) _F 1 3 . C om l et e d i n 3 7 5 m i n 10 (MATLAB_Pass_10) runJob at SparkintegContext java:662 2017/09/17 15:11:22 31s on [ 1] 21/382
Pass 8 o : P X : X Completed Jobs (8)
- P a S S 9 O‘F 1 3 : C om p l et e d 1 n 2 L 5 1 6 7 m 1 n Job Id (Job Group) Description Submitted Duration  Stages: Succeeded/Total Tasks (for all stages): Succeeded/Total

- Pass 10 O-F 13: Com p 1 et ed i n 38.7 m i n 9 (MATLAB_Pass_9)  rundob at SparkintegContext java:662 2017/09/17 15:09:30  1.9min 111 L Amms
. 8 (MATLAB_Pass_8)  runJob at SparkintegContext java:662 2017/09117 15:05:17  42min 11 . ote2t6
.
- P ass 1 1 O.F 1 3 . C om p 1 et ed in 5 1 sec 7 (MATLAB_Pass_7)  runJob at SparkintegContext java:662 2017/09/17 14:59:11 64 min 1/ . 382382
_ p ass 1 2 O-F 1 3 - C om p 1 et ed i n 2 6 8 3 3 m 1 n 6 (MATLAB_Pass_6)  runJob at SparkintegContext java:662 2017/09/17 145755 1.3min 11 ... 89
. .
& (MATI AR Pace R rin.loh at SnarkinteaCoantext iava-RR2 2017/00/17 14-R2-18 10 min 11 [EE T VT R R

- Pass 13 of 13: 72% complete
Evaluation 98% complete

17
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Parallel and Distributed Computing

= B
e L
£ £
Single Single CPU
CPU Single GPU
P =
z —_k ===

Single CPU, Multiple GPUs

4\ MathWorks:

Parallel Computing Toolbox

« Speed up parallel applications
« Take advantage of GPUs

* Prototype code for clusters

MATLAB Distributed Computing Server
« Scale up computation

18
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Integrate with
Production Systems

4\ MATLAB Compiler - isHotDog.prj

Package and deploy model to run anywhere

{ ) I_I @@ LENENCT LUV Lomponent |+

O
ic
5 § —
& Java Package & ClassifyFood.m GF O Runtime downloaded from web MyAppinstaller_web |5 MB @ Q
@ NETA gb 'rﬂ PredictFood.m
New Open Save | ssembly .~ " Runtime included in package [r.ly;pp‘ns?aller_m(r ]1@ Settings  Package
v  Project v | !"u‘ Python Package "‘ R
FILE ] TYPE | EXPORTED FUNCTIONS | PACKAGING OPTIONS
Library information

‘ isHotDog

10

Select custom splash screen

Set as default contact
Classify food as a hot dog or not a hot dog (and the most likely type of food)

fserrmes % ij

4\ MathWorks'

|
& =

Enterprise Java /\J RNET
Applications P th
pytnhon
©Spotfire*
TIBCO Software
+
Dashboards

44 l
¢ +ableau

m Power Bl

Devices @z

NVIDIA.
CUDA

C/C++

ml Microsoft
Wl Azure
Cloud, IOT

. NpNp
;u;]wamaz,on
" webservices™

@ OSl:ofi.

19
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Integrate with
Production Systems

Create web application

4\ Web App Compiler - Ey entDamageCosts.prj*

@ O

New Open Save
v P .2

FILE

=] EventDamageCosts.ml% =]

Archive information
Archive name:

Server app folder:

EH MLModel.mat

= Restore Default Image |

EventDamageCosts

Web app information

EventDamageCosts
Author Name

Summary

Files required for your app to run

H preprocessedDat...

Weather Event Details
Weather Event Type
| Tornado v
Location (US State)
| TEXAS v
Date
| 31-0ct| v |

Storm duration (hours)

o
IllllllllllllIIIIllIIIIll'lIIIIIIIIlIIlIIlIIlIIIIll

0 10 20 30 40 50 60 70 80 90 100

Latitude

$4,002,527.97
DA damage_total
. s i
35°N | Leg sl 1.90%10
| .‘o ..0. a .
. oo . N 0 .
L]
33N o el “"a? oool |
| I 2 : .:. . t.o . Q weathercats
1§ LR o see F o S = Tornado
31°N |

29°N

27°N

Damage Costs of Weather Events

Weather Event Results:

Predicted damage cost:

4\ MathWorks

100°W 96°W
Longitude

20
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Integrate with
Production Systems

Document and publish results

B Live Editor - C:\MATLAB\SunriseSunset.mix

LIVE EDITOR

INSERT

qf ) H ([Qrndries 4 &
mmm\ywﬂ&'ﬂ BTN =it
g Yy B

FILE NAVIGATE TEXT CODE
Estimating Sunrise and Sunset &

2a) Normal =

v v .

We can calculate sunrise and sunset times from the following equations. 2

sunrise = 12— S8 (ztandand) _SC g gy L CosT (—tandland) _SC
5 60 15 60

long = .73 ——{———;
lat = L T
timeZone = Eastem (UTC5)  ~|;
SN
s¢ = solarT ceny| (UTC-5) fimeZone); :
i (360 (days - 81)/365));

delta = asi
Mountain (UTC-7) ___Ietand(delta))/15 - sc/60;
sunset = 12 + acosd(-tand(lat)*tand(delta))/15 - sc/60; 0 —

Time of Day

sunrise = 1 ____.

Day of Yea
plot(days, sunrise, days, sunset, 'LineMidth', 4) SLAL

title('Sunrise and Sunset')
xlabel('Day of Year') -

pdf, html, LaTeX

Share your discoveries

Create apps

A ticroplate analysis 1ol x|
Plate Browser | Summary Tables ‘
SelectFiles. Current File: CAMATLABDATAL_BF\1_D: L_D: r_data0003 csv
Microplate Plot » ECS50 Curves.
w0 "
" 000OOO0OO0OOOQ || fo
100 o
| 00000O0OOOCOOO0 || |
80
70
| 900@OOO00O00O000 |
&
| 000000000000 g
&
0 B
| 000000000000 * 0
) /]
| 000000000000 ||, i J
| 000@O00O0O00000
2 A -
o - e + +
1 000000000000 (|-
0 20
3 2 1 0 1 2 3 4 5 6
Log [Compound]
PreviousFile | [ NextFile | [ Clearselection
File d Nr | NegControl | Conct c Conc3 c Concs Concé Conc7 onca Concg | Conc P
Imicrotiter_data0003.csv 17 00240 -0.2985 -0.1086 559992 101.0537 101.1718 101.1718 101.1718 1011718 1011718 1011718
microtiter_data0003.csv 18 00291 00752 00795 01221 05393 44666 312119 817692 97.9139 99.9185 100.1278
‘mlcromer_dalaooos,csv 19 0.0031 27843 17.7223 57.0167 893311 98.7964 100.6018 100.9175 100.9767 100.9866 100.9866
microtiter_data0003.csv 20 0.0334 07002 -0.7002 -0.7002 -0.7002 -0.7000 -0.4942 67.7615 102.5099 102.5607 102.5607
microtiter_data0003.csv 21 00441  -02455  -0.2231 03042 11.3033 747622 975184 987910 98.8466 98.8486  98.8486
microtiter_data0003.csv 22 -00260 -0.1582 -0.1468 -0.0022 17989 20.0292 753810 961677 98.3000 98.4713 98.4852
microtiter_data0003.csv 23 -00745 -07360 -07069 53888 94.4727 101.1231 101.1530 101.1530 101.1530 101.1530 101.1530
microtiter_data0003.csv 24 00167 06662 06683 07133 16698 185141 822981 98.5909 99.5056 99.5550 99.5550

&\ MathWorks

Use source control
(GitHub, SVN)

4\ Branches

Current Branch

Name: master
HEAD: 46495bc9f7f10c26706f9dbee71f2c2eal c582¢

Branch Browser

Branches: master

) Revert to HEAD

E—

ey

Author
Remove project_paths file from project and use {fmacmil
Refactored designStudies code to make the top [gpacitti
Modified Design studie:

Made modifications to T
[origin/MeLa...] Updated fil
commit issue with Controll

First version designed to have RMI with either W|fmacmill

Branch and Tag Creation

Specify a source by clicking in the Branch Browser. You can also enter a tag, branch

New: ) Branch () Tag

Source: |46495bc9f7ff10c26706f9dbee712c2eal c582e

Name:

ipt to fix issues causegpacitti ...
Modified testMngrOpen so that stuff isn't echoe|gpacitti ..
sCodeEquivalence sqgpacitti ..
after merging in F{gpacitti ..

Updated port and signal names in Controllers,
C and C to make ‘
|common to enable root port mapping.

Added ty test hamesses to one shows
use of From File block, another to show use of mapped inports
(possibly redundant) o

aking, Trying to |gpacitti .
Added WORD requirements document to projecfmacmill..

&M Differences from parent e0084b97685ed08cd1b8105105¢57d15 “
@2 SimulinkProject

QIR Crrent Folder

Name «

o] WeatherMapper
) createDistFit.m
|£ CreateUpdateDatastore....
5 ExploreConnections.mlx
5] ExploreEvents.mix
HH importedstormevents.mat

5] NextSteps.mix

1 prepCategories.mat

[ prepEvents.mat

5| Preprocess_Data.mix

|Z&| PreprocessCategories.mix

5] Preprocessing_Categorie
5| Preprocessing_Strings.mix

N EEOCOeeOeEREOS - 2

—_—



Running MATLAB on Cedar/Graham/Niagara

= https://docs.computecanada.ca/wiki/MATLAB

= https://docs.computecanada.ca/wiki/Cedar
= https://docs.computecanada.ca/wiki/Graham
= https://docs.computecanada.ca/wiki/Niagara

4\ MathWorks:

22


https://docs.computecanada.ca/wiki/MATLAB
https://docs.computecanada.ca/wiki/Cedar
https://docs.computecanada.ca/wiki/Graham
https://docs.computecanada.ca/wiki/Niagara

Q&A

4\ MathWorks'
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