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Machine Learning Success Stories

Kinesis Health Technologies b A AL AN LA

Predicting a patient’s fall risk with
machine learning.




Machine Learning
+

Industry Knowledge Application Knowledge

Your Own Expertise

TLAB BXIPO

4\ MathWorks



Examples of Successful Machine Learning Applications

@ Fleet Data Analytics New Capabilities
MATLAB apps
Q Energy Forecasting - AutoML

_ _ - Signal Processing with Machine Learning
h Manufacturing Analytics . c/c++ Code Generation
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Fleet Data Analytics

Design Decisions
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What Level of Data?

Equipment > kﬂ L +

Trip/Session L D D D
Messages L»@ @ @

Signals L> "V\" J\/\" JV\"
Time — Value pairs L> @
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What Type of Question?

“For Each” am  Question Type pas “Across All”

A 4 A 4

For each (trip, day, serial #, customer, Across Al (data)_ln the f_Ie_et data set,

) calculate descriptive statistics of
etc) in the fleet data set, calculate . : . :

) specific variables (min, max, median,

some Key Performance Indicator :

o~ o count, etc.) to summarize and
(KPI*) given parameters XYZ". . : :

visualize (histograms).
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Scale to Large Collections of Data with Datastore

Create a datastore from all CSV files

ds = datastore('x.csv')

Read a single file of data

data = read(ds);

Reset the datastore back to the first file

reset(ds);

Find the maximum value of *Y” in each file

X = [];
while hasdata(ds)
data = read(ds);
X(end+1) = max(data.Y);
end

LAB EXPO

Available Datastores

General

datastore

spreadsheetDatastore

tabularTextDatastore

fileDatastore

Database

databaseDatastore

Image

imageDatastore

denoisingImageDatastore

randomPatchExtractionDatastore

pixelLabelDatastore

augmentedImageDatastore

Audio

audioDatastore

Predictive
Maintenance

fileEnsembleDatastore

simulationEnsembleDatastore

Simulink SimulationDatastore
Automotive mdfDatastore

Custom subclass matlab.io.Datastore
Transformed | transform an existing datastore
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Performing “Across All” Calculations with Tall

Create a datastore from a collection of CSV files, and select the "Time" and
"EngineSpeedRPM" variables.

ds = datastore('EngineData*.csv',...
"SelectedVariableNames", ["Time","EngineSpeedRPM"]);

Create tall table:
t = tall(ds);
Convert to tall timetable:

tt = table2timetable(t);
Plot EngineSpeedRPM vs. Time:

plot(tt.Time, tt.EngineSpeedRPM)|

= Visualizations

- Data preprocessing

= Machine Learning
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Exploring Fleet Data with Unsupervised Learning

A

MACHINE LEARNING

/ N\

i iy .
{ SUPERVISED J {UNSUPERVISEDJ

J

LEARNING LEARNING

/N 1

s N
| CLASS|F|CAT|ONJ L REGRESSION { CLUSTERING }
\ S/
Support Vector | | Linear Regression, l K-Means, K-Medoids ‘
Machines GLM Fuzzy C-Means
J \ \
D-;cr:(i,r;;:it:nl SVR, GPR Hierarchical
\ \
Naive Bayes Ensemble Methods Gaussian Mixture
A \
| Nearest Neighbor Decision Trees Neural Networks
J \ J \
I v’ Hidden Markov |
Neural Networks Model
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Unsupervised Learning for Operational Mode Clustering

Plot the raw data:

figure;
plot(t.Speed_OBD_,t.EngineRPM, '.k")
xlabel('Vehicle Speed');
ylabel('Engine Speed');

Cluster the data with the K-Means algorithm:

X = [t.Speed_OBD_,t.EngineRPM];
IDX = kmeans(X,5,"Distance","cosine");
Plot results of the clustering:

gscatter(t.Speed_O0BD_,t.EngineRPM, IDX) ;
xlabel('Vehicle Speed');
ylabel('Engine Speed');
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Deploying Fleet Analytics

“Cold Storage”

Historic data:

« Batch processing

« Large data on cluster

» Explore long term trends
 Build models

[N
ff "‘:'ta?;’
,\'5‘“ 4
:; : : \\\;’. :7«%‘}’/;

TLAB EXIPO

Vehicle data, driver
profiles

- W

“Hot Storage”

Streaming data:

* Near real-time

« Test and implement model
for new data

« Stream processing

§g kafka
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Fleet Analytics in Practice: Volkswagen Data Lab

DatalLab-Flotte

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

= Driver and Fleet Safety
= Driver Coaching
= Driver-Specific Insurance

Data sources
= Logged CAN bus data and travel record

Results TR ) [ I ¢ Sl
- Proof-of-concept model for “telematic fingerprint” P L =
= Basis for the “pay-as-you-drive” concept == - (ORI
Source: “Connected Car — Fahrererkennung mit MATLAB* boveghore Ot 81 mudes 4 Pepec ot Soopbrpere s 1 S e
Julia Fumbarev, Volkswagen Data Lab
MATLAB EXPO Germany, June 27, 2017, Munich Germany
LAB BEXIPO 4\ MathWorks


https://www.mathworks.com/content/dam/mathworks/mathworks-dot-com/solutions/aerospace-defense/files/2017/expo-de/klassifizierung-von-individuellem-fahrverhalten.pdf

Fleet Analytics

Equipment
Expertise

Design Specs
Operating Modes
Operating Conditions

Machine Learning

Statistical Analysis
Unsupervised Learning

ATLAB BEXIPO

Machine Learning + X

Energy
Forecasting

Electrical Grid
Expertise

Seasonality
Weather Effects
Generator Characteristics

Machine Learning

Time Series Modeling
Regression

Manufacturing
Analytics

Manufacturing
Expertise

Process Equipment
Process Variables
Performance Metrics

Machine Learning
Anomaly Detection

Regression
Classification
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The Need for Energy Forecasts
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Using Energy Forecasting Models

New Data

(Electricity Demand\
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Trained N ( Forecast N
Machine /)
Learning ", '." ‘.. /\/
Model Ly
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Deploying Energy Forecasts

Dashboards for operators | = = . - A% E | ‘U[\/
and traders | .. W & -

} Access
e ——.

Enterprise

Develop

Application

»m | APl for App Developers

Mobile / Web
Application

=

3 party

LAB EXPO

| 1]
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Combining Forecasting with Optimization

“‘When should | operate my generators to maximize the return on my investment?”

Generator Schedule

Optimization Problem:

Minimize:
Cost of generating
electricity -
.
§

Constraints:
1) Meet forecasted
demand
2) Operational
constraints
3) Etc.

&\ MathWorks 18




Energy Forecasting in Practice: Naturgy Energy Group S.A.

Challenge

Maximize margins in energy trading by predicting
available supply and peak demand

Solution

Use MATLAB to build and optimize models
that incorporate historical data, weather forecasts,
and regulatory rules

Portomouros hydroelectric dam.

Resu |tS “Because we need to rapidly respond to shifting production

constraints and changing demands, we cannot depend on

= Response time reduced by months _ . .
closed or proprietary solutions. With MathWorks tools we get

. PrOdUCtIVIty doubled more accurate results — and we have the flexibility to develop,
= Program maintenance simplified update, and optimize our models in response to changing
needs.”

Link to user story - Angel Caballero, Gas Natural Fenosa

&\ MathWorks



http://www.mathworks.com/company/user_stories/gas-natural-fenosa-predicts-energy-supply-and-demand.html?by=company

Machine Learning apps

= Try out many models
« Compare Results

= (Getto a reasonable model
without worrying about the

detalls

Perform
Hyperparameter
Optimization in apps

LAB EXPO
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AutoML /

~

Model  £3j tcauto
Selection
= Build many machine learning models rommmmmemmm o Decision Tree?
: : : i 2
- Find a good model without becoming Hyper- =) O VM
t parameter 1 KNN?
an exper Optimization | Ensemble?
k —— — /
Import Preprocess Extract Train Deploy &
Data Data Features Model Integrate
Wavelet | ! ! . Feature
Scattering V1 [k ] : Selection

| AB EXXIPO 4\ MathWorks 21



AutoML “in action”

% Step 1: apply Wavelet scattering to extract features

st = waveletScattering('Signallength’,N, 'SamplingFrequency’,58);

kWfeatures = featureMatrix(sf,thisSignal(1:N), 'Transform', 'Log"};

% do this across signals <thisSignal> and accumulate <allFeatures> with labels

% Step 2: select top <featN» features according to feature ranking, e.g. MRMR
[mrmrFeatures , scores] = fscmrmr{allFeatures, ‘class’);
trainFeatures = allFeatures(:, [mrmrFeatures(l:numPredictorsToUse);true]);

— wized model from 188 iterations of 1-step model selection

fitcauto(frainFeatures, 'class’, 'Learners’,'all’,

% Step 3: S
modelauto =

'MaxObjectivekbvaluations ' ,180);

Min objective vs. Number of function evaluations

Function evaluations

&\ MathWorks

10.25
Min observed error
Estimated min error
- Current error
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What is Manufacturing Analytics?

Definition: Apply modeling (Al) to process and sensor data to maximize operational
performance

Key Use Cases:
1. Automate the monitoring of manufacturing process
2. Ensure product quality

3. Optimize yield of complex production processes

People: « Monitor manufacturing - el e dete e
process operational do | draw insi v
H ) L ght”~
i s ) '”!”?ed'ate 6_\ct|on ) * I’m not familiar with
drifting outside of e’ Machine learning
84 acceptable range —
Process
Plant Engineer
Operator g

LAB EXPO
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Challenges in Applying Al to Manufacturing

Lots of Data — much in “Data Historians” (SCADA, LIMS, OSISoft PI)

Reliable measurements or modeling
— Sensor failures
— Hidden variables

Use of many different tools
— Limited Predictive modeling
— Handle streaming data
— Customization

&\ MathWorks



Uncover Hidden Variables with Process Modeling

Plant Production History (2010-2015)

w
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Production (kgmol/hr)

N
+

pretty big > 6307200x37 tall table
| | | IR | |

0 500 1000 1500 2000 2500
Operating Time (days)
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Case Study: Anomaly Detection

1. Cluster with DBSCAN

2 5 T T T T T T T

22

2. One-class SVM

T T

Observation

hreshold |

G2 Outlier T
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Deployment

OPC, ODBC, N=
Integration with Data Historians ﬂ JDBC 4 |-
« OPC Toolbox (Database thx via ODBC (ﬂ X ||
or JDBC) connects with PI Server £ N
Pl Data
Archive

” Customize Analytics
Calls

Pl System MATLAB Del ivery
Explorer function MATLAB Production Server . . . .
‘\ — [ ” = Accessing insights via
— (" g GUI critical for plant staff
 — and process engineers
Pl Asset Write _ _
Framework rslsg(')tirt]‘t) = Build a custom GUI with

App Designer

AB BEXIPO
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Machine Learning + Signal Processing

Data Preprocessing Feature Engineering

Mean Frequency Estimate

\.'pgln &w! Ory Huls hnw'_\u- n‘-_ou':-: NW! 1 08 Bmadwiath

= os) | T | Eonl )OI A AN 3 P‘I i) ALl vl A ﬁ ‘
Y A SR PN L T o= bk g

.............

Detrending Smoothing Bandwidth measurements Spectral statistics
Frequency domain
CTT 1 e Time domain
ks » Find All f’eak’ .
’ Signal
5 Y
T w A
| -g VVVVV Ylv A 4 Y ‘ Q / ,‘\/ -
; - Y v Y
| | Ty 4 [
Resampling Filtering
Find peaks Find signal patterns
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Kinesis Health Technoloqgies

Predicting a patient’s fall risk with -

1 ' Walk Ti Walk
machine learning. oo TFLN__.
=
Z 100} W
Q
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g 50
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< -50
-100 +
ol e 430 g 2 4 6 8 10 12 14
Ir ) s LS Time [s]
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https://www.mathworks.com/company/newsletters/articles/assessing-the-risk-of-falls-in-older-adults-with-inertial-sensors-and-machine-learning.html

From Desktop to Production

C/C++

2R

Reasons for Updates:
Found a better model
New data became available
Business needs change

&\ MathWorks 30



Automatic C/C++ Code Generation
1. Prediction for most Classification and Regression models

2. Update deployed models without regenerating code

1. SVM, Decision Trees, Linear Models

3. Fixed-Point support
1. SVM, Decision Trees, Ensemble of Trees
2. Shallow Neural Network (through Simulink)

4. Integrate with Simulink models as
MATLAB Function Block

function [label, score] = myTreePredict(X)
label > Mdl = loadLearnerForCoder('treeMdl');

)X ‘ [label,score]l = predict(Mdl, X);
myTreePredict  gcore >

end

MATLAB Function

LAB EXPO

Cired Nianb
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Min objective va. Numer of fusction svalustions

[ Apps ] -._ [ AutoML ]

[ cic++ Code |7,
1 Generation

No 3250 136t [A]

Machine Learning
+

Fleet Data Analytics Signal Processing

Industry Knowledge _
Energy Forecasting

Manufacturing Analytics

Application Knowledge
Medical Devices Mining

LAB EXPO
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Learn More

Training Courses Practical Data Science with
MATLAB Fundamentals (3 days) MATLAB Specialization

Get Started for Free
¥ MATLAB Onramp

Get started quickly with the basics of

MATLAB MATLAB for Data Processing and * Kk Kk Kk k 4.9 14ratings
» Details and launch Visualization (1 day)

Processing Big Data with MATLAB (1 day) Enroll for Free

Machine Learning Onramp Financial aid available

An interactive introduction to practical machine Starts Dec 03

learning methods for classification problems. Statistical Methods in MATLAB (2 days)

» Details and launch

Machine Learning with MATLAB (2 days)
b L 0O _ _ - Exploratory Data Analysis
L i, bt Signal Preprocessing and Feature

Get started with deep learning techniques to

perform image recognition Extraction with MATLAB (1 day)

» Details and launch

- Data Processing and Feature Engineering

- Predictive Modeling and Machine Learning

Deep Learning with MATLAB (2 days)

- Data Science Project

Accelerating and Parallelizing MATLAB
Code (2 days)

33
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https://www.mathworks.com/learn/tutorials/matlab-onramp.html
https://www.mathworks.com/learn/tutorials/machine-learning-onramp.html
https://www.mathworks.com/learn/tutorials/deep-learning-onramp.html
https://www.coursera.org/specializations/practical-data-science-matlab
https://www.mathworks.com/services/training.html#popular

Learn More
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MATLAB for Machine Learning ety

I yarpmelets, ond Seploy 1o

Mastering Machine
Learning

A Step-by-Step Guide
with MATLAB
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www.mathworks.com/solutions/machine-learning Mastering Machine Learning eBook

4\ MathWorks
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https://www.matlabexpo.com/kr/2020/abstracts.html?expand=track2&#sessionb2
https://www.matlabexpo.com/kr/2020/abstracts.html?expand=track2&#sessionb4
https://www.matlabexpo.com/kr/2020/abstracts.html?expand=track2&#sessionb5
https://www.matlabexpo.com/kr/2020/abstracts.html?expand=track2&#sessionb6
http://www.mathworks.com/solutions/machine-learning
https://www.mathworks.com/campaigns/offers/mastering-machine-learning-with-matlab.html

.{E)’., /'v‘(l'o,
'AVA

E)PPO

<) MathWorks




