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Large-scale commercial buildings can reduce
energy costs by 10-25% with Buildingl()'s
ERErgy aptimization system.

EXPO 2016

BuildingIQ Develops Proactive Algorithms

for HVAC Energy Optimization in Large-

Scale Buildings

Office buildings, hospitals, and other large-
scale commercial buildings account for
about 30% of the energy consumed world-
wide. The heating, ventilation, and air-
conditioning (HVAC) systems in these
buildings are often inefficient because they
do not take into account changing weather
patterns, variable energy costs, or the build-
ing's thermal properties.

BuildinglQ has developed Predictive Energy
Optimization™ (PEQ), a cloud-based soft-
ware platform that reduces HVAC energy
consumption by 10-25% during normal
operation. PEQ was developed in coopera-
tion with the Commonwealth Scientific and
Industrial Research Ogeanisation (CSIRO),

HVAC pressure sensors, as well as weather
and energy cost data. A single building ofterg
Prclducts billions of data points, and the
entists and engineers needed tools for
v::ffi-l:itntl}' fill-rring. processing, and visuali
ing this data.

To run their optimization algorithms, the
scientists and engineers had to create an
accurate mathematical model of a building
thermal and power dynamics. The algo-
rithms would use this calculated model to
run constrained optimizations that main-
tained occupant comfort while minimizing
ENErgy costs.

BuildinglQ) needed a way to rapidly develog
i els, test optigdi™ipn
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Traits of Data Analytics applications

1. Diverse and/or Big Data

2. Advanced Algorithms

3. Deployment

MATLAB EXPO 2016
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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

. . Business Systems
Data Scientists y

Embedded Systems O @ﬁ‘— ==
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MATLAB EXPO 2016 Data Scientist



Analytics that increasingly

require both business
and engineering data




Business and Engineering Data

Business and Transactional Data

Repositories Web Sources

« Databases « HTML
« Hadoop « Mapping
» Financial datafeeds
File 1/0O « RESTful
» Text « JSON
» Spreadsheet
« XML

1515 Analyse von operationellen Flugdaten aus einem Hadoop
System unter Verwendung von MapReduce und dem
MATLAB Distributed Computing Server
Lukas Hohndorf, TU Miinchen

4\ MathWorks

Engineering, Scientific, and Field Data

File I/O Communication Protocols
» Text * CAN (Controller Area Network)
» Spreadsheet » DDS (Data Distribution Service)
« XML » OPC (OLE for Process Control)
« CDF/HDF « XCP (eXplicit Control Protocol)
* Image :
. Audio Real-Time Sources
. 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.”

MATLAB EXPO 2016

Dr. G Subrahmanya VRK Rao, Cognizant 8



Data handling and visualization

4\ MathWorks

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

MATLAB EXPO
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High-quality domain-specific libraries

Data type Common Techniques for Deriving Features

&\ MathWorks:

Sensor data

Signal Processing

Image and video data

Image Processing
Computer Vision

Transactional data

Statistics

MATLAB EXPO 2016
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Enable Domain

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

Machine -
‘ Learning - Statistics

~

Image_ o o Neural
Processing Networks
Slgna_l ] < Optimization
Processing

&

Control Symbolic

Systems - Financial — Computing

Modeling

~

MATLAB EXPO 2016
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Built-in algorithms

1800

Historical
Forecast H T H
1700 10% Confidence Bands CI aS S I f I C at I 0 n
. 1600 |- Classification Trees
Cl US'[erI ng = Binary decision trees for multiclass learning
= 1500
. . . z Discriminant Analysis
Hierarchical Clustering £ 1400 Regularized linear and quadratic discriminant analysis
Froduce nested sets of clusters 2
. . 1300 - Naive Bayes
k-Means and k-Medoids Clustering Maive Bayes model with Gaussian, multinomial, or kernel predictors
Cluster by minimizing mean or medoid distance, calculate Mahalan
1200 .
. . Nearest Neighbors
Gaussian Mixture Models ) _ T k nearest neighbors classification using Kd-tree search
Cluster based on Gaussian mixture models using the EM algorithm 1100

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

Support Vector Machine Classification

Nearest Neighbors . . Support vector machines for binary or multiclass classification
Find nearest neighbors using exhaustive search or ka-ree s| Linear Regression _
Multiple, stepwise, multivariate regression madels, and mg Classification Ensembles

Eﬂidsen METTD‘: 'HLD?aEIS ; Generalized Linear Models Boosting, random forest, bagging, random subspace, and ECOC ensembles for multiclass learning
arkov models for data generation

Laogistic regression, multinomial regression, Paisson regrg Model Building and Assessment

Cluster Visualization and Evalua_tmn Nonlinear Rearession Feature selection, cross validation, predictive performance evaluation, classification accuracy
Plot clusters of data and evaluate optimal number of clusters y g i ) : tasts Confusion Matrix
s Monlinear fixed- and mixed-effects regression models comparison tes
. o 1
. D2 Support Vector Machine Regression ;
A ° o i Support vector machines for regression models
L]
° ° o o . .
c Wt . Gaussian Process Regression
35h %L . (zaussian process regression madels (kriging)
o o L N e oo g 2
(X ] L] L]
" ©
MDA ° PR A Regression Trees o
R I LA Binary decision trees for regression 5
[ ] [ X ] o000 o L] &
(XX ] CERX X ] L] L] L] =1
RS - SR . Regression Tree Ensembles ©s
25¢ PO e 1 R.andam farests, boosted and bagged regression trees
L] L] L] . e L]
) . . . . . . . .
4 4.5 5 5.5 6 6.5 7 7.5 8

Regression

1 2 3

MATLAB EXPO 2016 Target Class
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Interactive Apps
to focus on machine learning,
not programing

4\ Classification Learnes

CLASSIFICATION LEARNER VEW

w B M @ R

& > [

B 0 B ¢

4\ MathWorks

‘ Neural Clustering (nctoal)

4\ Neural Network Tra

=3 = |

[= @] =

Classification Learner App

MATLAB EXPO 2016

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 alj|

$ Open a plot, retrain, or clic

& Neural Network Start D‘l

Neural Network

100

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

Performance: Mean Squared Error  (mse)

Calculations:  MATLAB

—
Progress E Neural Metwork Training SOM Wﬂwt Positi...
Epoch: 0 200 iterations IFlIe Edit View Insert Tools Desktop Window Help =~

Output

100

Plot SOM Weight Planes
lot SOM Weight Positions

Time: 0:00:01

Flots

l SOM Topology

I (pl
[ SOM heighbor Connections |
[ s0M Neighbor Distances | (ol
[ SOM Input Planes |
[ 50M Samiple Hits |
[ soMweight Positions |

Plot Interval: U

v Opening SOM Weight Positions Plo”

[~ Stop Training

SOM Weight Positions

@ cancel

i) [ e | [ @D canca |

New Feature  PCA Complex  MedumTree Simple Tree|  Linear Advanced Tran  Scafier Confusion ROCCurve  Paralkl T
o s Tree Discriminant Pot  Matrix Coordinates ot Model v
e | rewwees | ClAssFiER | manme | PLoTs | oot |
Data Browser @ | [ Seatterplot | | Confusion Matrix
v History . is:
Variable on X axis: Scatter Plot of Fisherlris for: Decision Tree | Overall Acouracy
2 Linear Discriminant Accursy 96.0% Sepallengih h B . bk
Linear Discriminant syatemnrs T
Variable on Y axis: . 33%
3% e .
Medium T 44 fea Sepalifidth g S * Summarize
ESeS s .. @ Per true claaa Confusion Matrix for: Decision Tree
4 T Legena o View percentages per rue cass
Simple Tree 4/4 features. * ‘:_‘ . including true postive rates (TPR) setosa
Correctly classified =35 PR 4 Py and false negative rates (FNR) a
5 sum Aoray 953% setosa § Py g
Linear SUM 4/éfestures. *  versicolor = LRI X . 1 © versicolor
virginica 3 ® o ] El
6 sm @ 3% T TN s ©) Per predicted class =
Quadratic SYM e || || Miclasafied - e clas s o Jonces o e Jirginica
3 sefosa e eeXx class including positive predictive
70 sm Accurscy. 953% X versicolor oo walues (PPV) and false discovery
— virginica 25 o e rates (FOR). R 4 Yy
Cubic SVM 4dfeat U . %\% %, (R
8 sm ] shov Clsssite Resuts . > ke
Medium Gaussian SUM 4 temres < ) Cr=] Predicted class
Classifier Resuts. 2 View percentages over the entire.
9 7 KNN Accurscy: §33% Color of misclassified points confusion matrox
Cosine KNN ayéteanures represents: 5 6 7 8
SepallLength
10 ' Ensemble Aoy 953% — . .
Bagged Trees e e | ROCCurve ¢ Parallel Coordinates Plot
1 Ensemble Accursey 333% Area Under Curve Predictors: allel Coordinates Plot of VI|Id. .cm Set (150 observaf
Boosted Trees. 44 features 1 . Sepalength Model: 4, Decision Tree
Fal itive rate (FPR) of " ROC Curve for: Decision Tree Sepahiidth
ey 953% alse positive rate (FPR) of curren
12 5.7 Ensemble = classifier and positive class Petallengin
Subspace Discriminant it~ ||| g 1 Petantidtn
v Current model True positive rate (TPR) of current
Model Number. 4 - :b“'ﬁc""d P 08 Scaling: A
Status: Trained 7 g S
Training Time: 00:00:00 Positive class: e None L/ L
Favorite Model: false Q08 SR
Classifier Options satosa = = (e N
Type: Tree g
Split criterion: Ginf's diversity index Negative classes: o0 04 Correctly classified
s —
Maximum number of s plits: 4 | versicolor 2 selosa
Surragate decision splts: O =/ || vrgnica — versicolor
Maximum surrogates per node: 10 02 virginica
Feature Selection Options oo
Feature Count Before Selection: 4 SRITPR point of current classifier Misclassified - true class is
Features Excluded: 0 © po % sclosa
Features Included: 4 versicalor
PCA Options 0 02 04 06 08 1 virginica
Enable PCA false - False positive rate
Validation Results how Classifier Results s, 8, %
Validation accuracy: 96.7% o %"% “, %y,
Original Dataset: _Fisherlris _Observations: 150 _Predictors: 4 Response Variable: _Species Response Classes: 3 _Size of Dataset: 8 kB Validation: _5-fold Cross Validation

Features

Neural network Apps

Train models

Assess results

Export models to the MATLAB
or generate MATLAB code

14



Develop embedded

systems with analytics
powered functionality




Smarter Embedded Systems

p \ / \ /
Algorithms
y
p V-
VHDL, Structured
C, CH Verilog Text

MCU ' DSP  FPGA ASIC PLC

)

L \ A

MATLAB EXPO 2016

4\ MathWorks

Airbus GM
Battery management Climate control

Festo
Industrial robots

AR AT BIPEC

Sonova
Hearing implants

ABB
Smart Grid controller

Weinmann
Transport ventilator

FLIR
Thermal imaging

Daimler
Cruise controller

manroland
Printing presses

16



Develop analytics to run on
both enterprise and

embedded platforms



4\ MathWorks

Deploying Algorithms to Enterprise Systems

MATLAB

MATLAB MATLAB
Compiler Compiler SDK

Standal ——| MATLAB

tandalone = Production
Application & Server

w @

MATLAB Compiler enables sharing MATLAB programs without integration programming

MATLAB Compiler SDK provides implementation and platform flexibility for software developers

MATLAB Production Server provides the most efficient development path for secure and
scalable web and enterprise applications

MATLAB EXPO 2016
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Enterprise Integration — Forecasting Model

Electricity Demand Forec: X YWY
4~ &

Select Zone

Zone

Réserve
faunigue'La
Vérendrye

Algonquin
Provincial
Park

Kingstono

Toronto
lississaugao ©

d o
Son""Hamilton

Montreal
o)

Sherbrooke
o

PENNSYLVANIA
Pittsburgh

MATLAB EXPO 2016

Portland
NEW
HAMPSHIRE

SSACHUSETTS®

Provide@%

RHODEL. 2
ISLAND

MAINE
o

N
BRUN

Frederictc
(v}

Sair

Forecast

Select zone & generate forecast

Comparison

4\ MathWorks

19



4\ MathWorks

MATLAB Differentiators

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

= =]

g T

ﬁ ﬁc__;T —
— ]

Smarter Embedded Systems O — —

Enable Domain
Experts to be

. . Business Systems
Data Scientists y

MATLAB EXPO 2016 Data Scientist
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Learn More

Presentations

1.2. Data Science mit MATLAB
Session Chair: Dr. Alexander Diethert

Analyse von operationellen Flugdaten aus einem Hadoop
System unter Verwendung von MapReduce und dem
MATLAB Distributed Computing Server

L ukas Hohndorf, TU Minchen

4\ MathWorks

Machine Learning

Mensch-Maschine-Interface zur multisensorischen
Prozessuberwachung in der Polymerindustrie
Michael Kohlert, Mondi Gronau

Dr. Sarah Drewes und Elmar Tarajan, MathWorks

Algorithmen fur Predictive Maintenance effizient entwickelt
mit MATLAB
Dr. 5arah Drewes, MathWorks

MATLAB EXPO 2016

mathworks.com/machine-learning

Machine Learning with MATLAB

Machine Lea

Learmn how to get s
detect patterns an

© View webinar

Machine learning aigor|
as a model. They can g

Machine learning algor|
biology (tumor detectiol
speech and image rec

Machine learning is offs
simple parametric mod
classification for credit

Classification

Build models to classil
into different categorieg

Algorithms: support vector machine(s
boosted and bagged decision frees,

4\ MathWorks:

MATLAB and Simulink
Consulting Services

MathWorks Consulting Services

Get up and running fast. MathWorks Consulting Services - indus! y
experience and MATLAB and Simulink expertise.

® Watch video : 4 \ P I
n-Line Training

Why Choose MathWorks Consulting? ConSU |t| ng

Working with MathWorks Consulting gives you the advantage of their years of project work, industry
backgrounds, and deep MATLAB and Simulink know-how.

alyse und des m
nd der Neural Ne:
unibe ten Lemne L rennen vo erkmale groffen Datensatzen, s
Vorhersagemodellen vorgestellt. Beispiele und Ubungen verdeutlichen Verfahren
Themen sind unter anderem:

» Explore the value of MathWorks Consulting Services

Training

21
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