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Al models for engineered systems

ARTIFICIAL INTELLIGENCE
Any technique that enables

MACHINE LEARNING

_ e Statistical methods that enable machines to “learn” tasks from data without explicitly
machines to mimic human .
_ _ programming
intelligence
UNSUPERVISED LEARNING SUPERVISED LEARNING
(No Labeled Data ) (Labeled Data )
o

Wy

DEEP LEARNING
(Neural networks with
many layers)

REINFORCEMENT LEARNING
(Interaction Data)
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Integrate Al models into Model-Based Design

Al for component modeling Al for algorithm development

Modeling component dynamics from
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data when first-principles models
cannot be obtained

HIL testing and system-level
simulation for high-fidelity models

Virtual sensor modeling
Control
Sensor fusion

Object detection
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Al-driven system design

Data Preparation Al Modeling Simulation & Test Deployment

||||||||| Data cleansing and
preparation

9 Human insight

Model design and Integration with
tuning complex systems

- Embedded devices

% Enterprise systems

s Hardware o i
=52 accelerated training -I>|j_'l SR EEuCLEilel

Simulation-

¢ Edge, cloud,
generated data

desktop

- — X% System verification
* IECTpE il B e




A HUMUSOFT
Al for Electrification
?
Reduced order modeling Virtual sensors Control strateqgy
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Predictive maintenance Enerqy forecasting
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Al for Electrification

Reduced order modeling
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Reduced Order Modeling High-fidelity model

 \What

— Technigues to reduce the computational complexity
of a computer model

— Provide reduced, but acceptable fidelity

38 2
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Simulation time
High-fidelity model I 10%

* Why
— Enable simulation of FEA models in Simulink Reduced-Order Model (ROM)
— Perform hardware-in-the-loop testing Ok
. - . —X
— Develop virtual sensor, Digital twins s — O HONO— -
- . Input - ' Q O O Output
Perform control design O A

— Enable desktop simulations for order-of-magnitude Ron

longer timescales
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Reduced Order Modeling

Physics-based

: % Simulink, Simscape products, Simulink Design
. 1 Optimization
p s
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~ r2m Electrical, Partial Differential Equation Toolbox,
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Control System Toolbox

Reduced Order
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Reduced order
model
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Example: Temperature Excursions in motors

Deep Residual Convolutional and Recurrent Neural
Networks for Temperature Estimation in Permanent
Magnet Synchronous Motors

* Motivation

— temperature excursions leads to loss of
torque efficiency and failures

— need to test over possible thermal regimes

— dyno-testing is expensive, may lead to
degradation

— faster simulations are essential

 Solution
— Reduced Order Modeling
— Preprocess collected data
— Create Al model

— Use model in simulation

Wilhelm Kirchgéssner
Deparmment of Power Electronics
and Electrical Drives
Paderborn University
33095 Paderborn, Germany
kirchgaessner@lea.uni-paderborn.de

Abstract—Most traction drive applications using permanent
magnet synchronous motors (PMSMs) lack accurate lempera-
ture monitoring capabilities so that safe operation Is ensured
through expensive, oversized materials at the cost of Its effective
utilization. Classic thermal modeling Is conducted with e.g.
lumped-parameter thermal networks (LPTNs), which help to
estimate Internal component temperatures rather precisely but
also require expertise in choosing model parameters and lack
physical Interpretabllity as soon as their degrees of freedom
are curtalled In order (o meel the real-time requirement. In
this work, deep recurrent and convolutional neural networks
with residual connections are emplirically evaluated for thelr
feasibility on the sequence learning task of predicting latent high-
dynamic temperatures Inside PMSMs, which, to the authors®
best knowledge, has not been elaborated In previous Iiterature.
In a highly utilized PMSM for electric vehicle applications, the
temperature profile In the stator teeth, winding, and yoke as well

Oliver Wallscheid
Department of Power Electronics
and Electrical Drives
Paderbom University
33095 Paderborn, Germany
wallscheid@lea.
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Joachim Bocker
Department of Power Electronics
and Electrical Drives
Paderborn University
33095 Paderbom, Germany

uni-paderbom.de boecker@lea.uni-paderborn.de

precise thermal state, yet for the rotor part, it is techni-
cally and economically infeasible due to an electric motor’s
sophisticated internal structure and the difficult accessibility
of the rotor. Stator temperature monitoring is realized with
thermal sensors, but these are usually firmly embedded in the
stator so that replacement is not an option, although sensor
functionality deteriorates steadily. Since competitive pressure
demands perpetual reduction of production costs, there is a
commercial interest driving the investigation of sufficiently
accurate real-time temperature estimation. In the last decades,
various research efforts led to approaches that approximate the
heat transfer process e.g. with equivalent circuit diagrams [2]
called lumped-parameter thermal networks (LPTNs). This kind
of model must forfeit physical interpretability of its structure

as fhe rotgr's pesmmnl magnels are nodeled yhile lzlr zrond and parameter values by significantly cunailing degrees of

Deploying Deep Learning Thermal Model

Sarrogate Model
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Data Preparation

Raw CSV Data Additional Features
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« Sorted Data includes drive cycles of different lengths and Ambient Conditions,
DOE of design space to cover edge cases

« Sorting helps to keep the mini-batch computation efficient with minimal
padding
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Model Development
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All correlation values are about 0.99 and error distribution is unbiased hence
model captures trend and Magnitude



Testing on a short profile
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All correlation values are about 0.99 and error distribution is unbiased hence
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Deployment to Simulink
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Nonlinear Modeling Capabillities
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Reduced Order Modeling Support Package

« Set up the design of experiments and
generate input-output training

« Train and compare Al-based reduced
order models using pre-configured
templates

« Export Al-based surrogate models to
Simulink for system-level simulation,
control design, and HIL testing

» Export reduced order models as
Functional Mockup Units (FMUSs) for
use outside of MATLAB and Simulink
(with Simulink Compiler)
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Virtual sensors
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Virtual Sensor

* Mimics a physical sensor using data from other measurements

— sometimes also called a Soft sensor

System Estimated
measurements . . guantity

Virtual Sensor

18
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Why are Virtual Sensors relevant?

—»%—»

Virtual Sensor

Estimated
quantity

System
measurements

« A physical sensor may be:
— Expensive
— Slow
— Noisy
— Unreliable
— Not feasible
— Degrading over time
— Requiring redundancy
— eftc.
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Physical sensor might not be feasible
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Virtual sensor for Battery State of Charge (SOC) estimation

cccccccccc

| MaxCellviolt

MinCell\Volt <>

peratures=

gl

BMS_State

Pack_Current

Call_Voltages

R BMS_Info

SOC
estimation

Why Al over Kalman filtering?

= No need of an internal battery model

= Training directly on measured data

= Capture very complex data relationships

N

[
&D . PR S - -
(I EKF SOC 2 SOC_EKF1
Extended
Kalman filter
Inputs Outputs
Voltage
Current EEp ) Battery SOC

Temperature

Al
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Example: State of Charge estimation -
e et
— create a virtual sensor model M

— test multiple machine learning models o N

— test LSTM network

(Lot chargs: P Tres
Originsl data set: sample)

| S
e Solution | -

— loading and partitioning of data
— creation of an Al model

3000 000

— model training

— evaluate the model's accuracy — - o
ieag\lj:f:&?"i’u‘-- ‘ {n :ZEFTLBVEI ] [ Et‘;nﬂLayer ] g :EHyConnected :sgrr::;g}nrﬁl;;,

¥ v

% || dropout % o) dropout [=7] sigmoid
dropoutlayer dropoutLayer ‘ sigmoidLayer
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Data source: McMaster University* .

Efficient
voltage = labeling in the
current =———— lab (Coulomb

temperature Al SOC counting)
Computed | moving avg. voltage =) 1 (¢
. soc(t) == | I(p)d
over a 500 MOVing avg. CUrrent ) © CJO (p)dp
sec window
[Predlctors} Response
F 1 2 3 J\‘_\/d\f\/s\’\
Voltag Current Temperature Moving Average Voltage Moving Average Current  SOC
1 0.3851 03031 0.7510 03851 02064
2 0.7510 0.3852 0.3046 0.7510 0.3851 0.2064
3 0.7510 0.3852 0.3061 0.7510 0.3852 0.2064
4 0.7510 0.3852 0.3076 0.7510 0.3852 0.2064
5 0.7510 0.3852 0.3091 0.7510 0.3852 0.2064
6 0.7510 0.3852 0.3106 0.7510 0.3852 0.2064
7 0.7510 0.3852 0.3120 0.7510 0.3852 0.2064
8 0.7510 0.3852 03135 0.7510 0.3852 0.2064
9 0.7510 0.3852 0.3150 0.7510 0.3852 0.2064
10 0.7510 0.3852 0.3165 0.7510 0.3852 0.2064

* https://data.mendeley.com/datasets/cp3473x7xv/3
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Train model with Regression Learner App
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Train model with Deep Network Designer

[a Training Progress (27-Mar-20235 13:19:46) - ] ®
4\ Deep Network Designer - O X
i Results
e 9| Training Progress (27-Mar-2025 13:15:46)
Validation RMSE: 0.043586
':Ej lEI &, Zoom In E EI:E W Training finished Stopped manually
New Fit @ ZoomQut | Auto | Analyze Analyzefor | Export
to View Arrange Compression - Training Time
NETWORK BUILD NAVIGATE LAYOUT AMNALYSIS EXPORT Start time: 37-Mar-2025 13-19:46
Layer library Properties ) o
— Elapsed time: 3 min 46 sec
| sequenceinput | Input type Sequence
~ INPUT sequencelnput | Output type Regression Training Cycle
E imagelnputLayer Number of layers ] Epoch: 31 of 500
- \ Number of connections 7 Iteration: 614 of 10000
’A‘i]! image3dinputLayer Istm_1
IstmLayer Iterations per epoch: 20
E sequencelnputLayer Maximum iterations 10000
featurelnputLayer { dropout_1 | Validation
Cirilgsr | Frequency 10 iterations

Other Information

inputLayer

roilnputLayer

Istm_2 | Hardware resource: single GPU
. IstmLayer . . )
pointCloudinputLayer J Leaming rate schedule Piecewise
~ CONVOLUTION AND FULLY CONN Learning rate: 0.01
p 0 100 200 300 400 500 600
convolution1dLayer dropout_2 lteration
dropoutLayer _ Export as | (@) Learn more
| xport as Image | (&)
ﬁ convolution2dLayer LiE E& z J =
ﬁ convolution3dLayer ——
4 E fc RMSE
fullyConnecled 01
] groupedConvolution2dLa.. | / - Training (smoothed)
o
i = Training
transposedConvidLayer i Overview 3
| layer | [ 005 — -@— - Validation
ﬁ transposedConv2dLayer ELEITE e fu— :
[r— Loss
transposedConv3dLayer _— 10 30 Training (smoothed)
f Fina -
regressionout.. - 0 - Training
% fullyConnectedLayer - | regressionLayer | — 0 100 200 300 400 500 00 o
1 - " Iteration — -@— - Validation
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Closed-Loop System-Level Simulation
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(@ Copyright 2018 - 2021 The MathWorks, Inc.
l-H]
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Control strategy
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Reinforcement learning

How It works

— computer agent learns optimal behavior through repeated interactions with a dynamic
environment

Goal / agent \

— maximize reward in the long term ——

PO“Cy observations policy actions

update
— deep neural network (most common) g

reinforcement

— control system, decision-making algorithm learning
algorithm
. Use \ /
— where traditional methods are difficult to formulate reward T

— for difficult to interpret signals (e.g. image) environment




Reinforcement Learning vs Controls

Control system

RL algorithm reward

tuning algorithm + tuning criterion

observations [policy \action

"

N

ldisturbance

reference error lcontrol
controller

behavior
plant

measurement

environment

&
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Reinforcement learning system

T )

policy

observations policy actions
update

reinforcement
learning
algorithm

reward T

environment

\ J
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Reinforcement Learning Workflow

= Simulation models or real hardware - Deep network? Table? Polynomial?

= Virtual models are safer and cheaper . Select training algorithm

= Tune hyperparameters
= Trained policy is a standalone

*}. ” function —

—_— —_— —_— .
4 6 Nagents] L
Reward Policy Agent Training Deployment

representation

_ _ = Large number of simulations needed
= Numerical value that evaluates goodness policy _ o
= Parallel & GPU computing can speed up training
= Reward shaping can be challenging o _
= Training could still take hours or days
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Reinforcement Learning Designer

ccccccccccccc

mmmmmmmmmm

- Design, train, and simulate agents using = =

Batch Size.

Experience Bufer Lengh

a visual interactive workflow s

nnnnnnnnnnnnnnnnnnnnnnnnnnnnnn

* Import existing MATLAB/Simulink = = Al
environments or create a predefined one : |

« Create or import agents

Episode Number

* Train and simulate the agent in the app PYS o

Create an agent compatiole with the specified environment. The agent is initialized with a default neural
networlk structure, which you can modify after creation.

Agent name agent1

« Analyze simulation results and refine
agent parameters Environment Discrete_CartPole v | R:::nt

Compatible algorithm | DQN v r‘-il cy
Update

« Export the final agent to the MATLAB e e Ao

workspace for further use and e [

deployment

Help 0K | | Cance




Example: FOC with Reinforcement Learning

* Motivation

— nonlinear systems, single controller for
multiple operation conditions

— multiple inputs multiple outputs

 Solution
— create Simulink model (environment)
— create reward function
— define actor and critic networks
— train RL agent

— simulate policy and compare with Pl speed
controllers

&
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Field Oriented Control Architecture
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(speed) (current Iq) supply

we
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I
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lookup
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decoder Feedback
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"i pmsm_foc_rl/.../Closed Loop Control/Reinforcement Learning - Simulink
I SIMULATION DEBUG MODELING FORMAT HARDWARE APPS BLOCK V%“ ) g e
JOpen ~ _ Stop Time = Al
CCP C[g] © N < 4 @ P ] ==
E Save w L Model Loc Ads U},‘?ﬁ'f‘]_a' _l Step Run Step Stor Data Logic Bird's-Eye o
- @ Print ¥  Browser Settings Signals 2we 5@ Fast Restart Back ¥ v Forward Inspector Analyzer Scope
FILE __LIBRARY | PREPARE SIMULATE REVIEW RESULTS &
Q_l U Reinforcement Learning
v

© |[Palpmsm_foc_ri b [PafCurrent Control b [PafControl_System P [Pa|Closed Loop Control b [Pa|Reinforcement Leaming b

Jo0padsur Apadoid

Model Browser

${ d error
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4\ MATLAB R2020a — )] >

HOME PLOTS APPS LIVE EDITOR INSERT A da '_ | (S SR Search Documentation ,0

v ™ &3 [ Find Files & Aal Title B £ Task > =| ] Run Section P <

i= To ~ 2 | v 2 =)
New Open Save (L Compare | ] Go To Text .]E x{ gh_d __ Code _i_Contro Section @RunandAdvance Run Step  Stop
v - v =4 Print ({ Find ¥ == = = 4| Refactor v Break Eﬂ Run to End v
FILE NAVIGATE TEXT CODE SECTION RUN a
L Ha & » C: » Documents » v| P
= e Edito Vo Age D H)
| RLAgentScriptmix ¢ | + |
s ) environment (E3)
Reinforcement Learning Workflow =
(=
Create Environment Interface
Create a reinforcement learning environment interface To do so, first create the observation and action specifications.
reward
i 4 mdl = ‘pmsm_foc_rl';
2 agentblk = ‘pmsm_foc_rl/Current Control/Control_System/Closed Loop Control/Reinforcement Learning/RL Agent';
% create observation info
5 numObservations = 4;
6 observationInfo = rlNumericSpec([numObservations 1]); olic
7 observationInfo.Name = 'observations'; pO7x8
8 observationInfo.Description = 'information on error and reference signal'; @
% create action Info I
11 numActions = 2;
12 actionInfo = rlNumericSpec([numActions 1]); training
13 actionInfo.Name = 'vqdRef';
% define environment .Sogm? .
16 env = rlSimulinkEnv(mdl,agentblk,observationInfo,actionInfo);
I
% randomize reference rpm decks
19 env.ResetFcn = @(in)localResetFen(in); pled
I
YR g S —— % n
4 »

- 'UTF-8 - script
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HOME

INSERT

PLOTS APPS LIVE EDITOR

— o

Search Documentation

X

B4 -

EE] ™3 @ [EJ Find Files  4p v |Aa] Normal ¥ E Task ¥ E @ Run Section [) @>
1= - = — - — i
New Open Save (L Compare | & GoTo Text ._E 1{ g h_d _ Code ~ Eenb Section @ SUD IR Subiariee Run Step Stop
> N v =4 Print ( Find ¥ == = = 4| Refactor v Break P2} Run to End v
FILE NAVIGATE TEXT CODE SECTION RUN A
P TP HE » C: » Documents » i
- dito Do ge D ]
| RLAgentScriptmix ¢ | + |
16 env = rlSimulinkEnv(mdl,agentblk,observationInfo,actionInfo); - environment !L:'
% randomize reference rpm L:
19 env.ResetFecn = @(in)localResetFen(in); =
reward = {Q1id_srmort2 » O?‘lq.-;ﬂo"“? + R*aution’2)
Reward Signal - 7] — o
ro=—(1%idg 2+ 1 #iq2+0.01 + u,_?) CLo Lo —> 1
&
) error
» id_., is the error in d-axis current 000090 ’ :
* Q. IS the error in g-axis current s . NG _
= u,_, is the control effort from previous time ste] b 2 o policy
o 2 » gs
Create Network Architecture and DDPG agent
Fix random generator seed for reproducibility ¢
r‘ammg
20 rng(®@)
OSCH b
Critic network and representation ~
#Critic network d
22 L = [48@ 300]; % number of neurons eploy
23 statePath = [
imageInputLayer([numObservations 1 1], ‘Normalization', 'none', 'Name', 'State’) T
il v Aannar+adl suanll 71\ 'Moama ! 'Crids rCvatalr1 '\ ut
¢ v
(UTF-8 | script -




4\ MATLAB R2020a — X

Bl Search Documentation el & Kishen~

HOME PLOTS APPS LIVE EDITOR INSERT
C‘:EI - @ L?]Fmd Files 4 W 1= ‘ Nc;rmal»‘ %Task' % % %3 = D @s
= To » B I 1 M ~= | :
Ko Openll S L,_ljJCompare f Go To Text .h u M Code _:_Contro - 3 Section @ Run and Advance Run Seoll Sion
v - v = Print ({ Find ¥ = 4| Refactor v Break @ Run to End v
FILE NAVIGATE TEXT CODE SECTION RUN a
FP HG A » C: » Documents » v
B Live Editor - C:\Documents\RLAgentScript.mix
| RLAgentScriptmix ¢ | + |
Create Network Architecture and DDPG agent * environment |53
Fix random generator seed for reproducibility (=
20 rng(o)
Critic network and representation
reward
#Critic network
22 L = [400 300]; % number of neurons
23 statePath = [
imageInputLayer([numObservations 1 1], ‘Normalization', 'none’, 'Name', 'State’)
fullyConnectedLayer(L(1), 'Name', 'CriticStatefFCl')
. clippedRelulayer (1@, ‘Name’, ‘CriticClipl') policy
fullyConnectedLayer(L(2), 'Name', 'CriticStatefFC2')]j|
23 actionPath = [ l}
imageInputLayer([numActions 1 1], 'Normalization', 'none', 'Mame’, 'Action')
fullyConnectedLayer(L(2), 'Name', 'CriticActionFCl1')];
31 commonPath = [
additionLayer(2, 'Name', ‘add') training
clippedReluLayer(1@, 'Mame’, 'CriticCCommonClip')
fullyConnectedLayer(1l, 'Name', 'CriticOutput')]; .tzt’
- - - ,‘ogcnf'
36 criticNetwork = layerGraph();
37 criticNetwork = addLayers(criticNetwork,statePath);
38 criticNetwork = addLayers(criticNetwork,actionPath); deplog
39 criticNetwork = addLayers(criticNetwork,commonPath);
40 criticNetwork = connectLayers(criticNetwork, ' 'CriticStatefFC2', 'add/inl");
41 criticNetwork = connectLayers(criticNetwork, 'CriticActionFC1', 'add/in2"); -
¢ v

| UTF-8 | script ln 27 Col 58
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HOME PLOTS APPS LIVE EDITOR INSERT VIEW L : B Search Documentation ,O
CDj - @ [l Find Files 4 v = Normal ¥ 4 Task v e = E Run Section
Elc & Go T — B I UM S oot 2 BH| = PS} Run and Adv
1= v / i trol ¥
New Open Save L%J ompare o Text - - Code e o3| |5 Section e S Run Step Stop
v - v =4 Print ({ Find ¥ = 4| Refactor v Break @ Run to End v
FILE NAVIGATE TEXT CODE SECTION RUN a
<}3 D EHal &\ » C: » Documents » v P
- dito Do ge D o1
| RLAgentScript.mlx | + |
a1 criticNetwork = connectlLayers(criticNetwork, ‘CriticActionFCl’', 'add/in2"); A environment _E“
% View the critic network configuration. =
% figure plot(criticNetwork) (=
% create the critic representation
47 criticOptions = rlRepresentationOptions(‘LearnRate’,le-3, ‘GradientThreshold',1, 'L2RegularizationFactor’,le-4, 'U:
43 critic = rlQValueRepresentation(criticNetwork,observationInfo,actionInfo, 'Observation’,{'State’}, Action',{ Act: reward
Actor network and representation
49 actorNetwork = [
imageInputLayer([numObservations 1 1], ‘'Normalization', 'none’, 'Name', 'State’) policy

fullyConnectedLayer(L(1), 'Name', 'actorfFCl')

tanhLayer( 'Name', 'tanhl") Ik @
fullyConnectedLayer(L(2), 'Name', 'actorfFC2')

tanhLayer('Name', 'tanh2"')
fullyConnectedLayer(numActions, ‘Mame’, 'Action')

tanhLayer( 'Name', 'tanh3") training

1;

% create the actor representation
60 actorOptions = rlRepresentationOptions(‘LearnRate',le-83, 'GradientThreshold’',1, 'Use c
61 actor = rlRepresentation{actorNetwork,observationInfo,actionInfo, 'Observation’ ,{ State'}, 'Action’ ,{'tanhB'},actt

deploy

Create DDPG Agent T
62 ¢ B

.| 'UTF-8 | script 'ln 52 Col




4\ MATLAB R2020a — )] >

HOME PLOTS APPS LIVE EDITOR INSERT A da ; 5 D Y Search Documentation ,0

E\:I] - @ [ FindFiles 4p W ‘__EJ Normal ¥ £ Task v L =| PE] Run Section

= % % %3 1=
C GoTo ~ B I UM == Control ¥ : Run and Adv
New Open Save (L) Compare | & Go To Text : " Code —= oM™ 5| w3 [7o Section @ une S Run Step  Stop
v v v =4 Print ( Find ¥ = 4| Refactor v Break {3} Run to End v
FILE NAVIGATE TEXT CODE SECTION RUN a
FHP TG HE » C: » Documents » v QO
= e Edito Vo Age D H)
| RLAgentScriptmix | + |
- % Create Tne aCtor representaction ” : ¢ Tr==
60 actorOptions = rlRepresentationOptions('LearnRate’,le-03, " 'GradientThreshold’',1, 'UseDevice', "cpu'); SRR (EE)
61 actor = rlRepresentation(actorNetwork,observationInfo,actionInfo, 'Observation’,{'State’'}, 'Action’,{ 'tanh3"},act« =)
Create DDPG Agent
62 Ts_agent = 2e-04; reward
63 agentOptions = rlDDPGAgentOptions;
64 agentOptions.SampleTime = Ts_agent; ¥ Sample time for the controller
65 agentOptions.ExperienceBufferLength = 1e6;
66 agentOptions.DiscountFactor = ©.99;
67 agentOptions.NoiseOptions.Variance = 0.1;
68 agentOptions.NoiseOptions.VarianceDecayRate = 1e-6; policy
69 agentOptions.NoiseOptions.VarianceMin = 0.025;
70 agentOptions.NoiseOptions.MeanAttractionConstant = 1; % @
72 agent = rlDDPGAgent(actor,critic,agentOptions);
. training
Train Agent
73 maxepisodes = 2000; .togcna.
74 maxsteps = ceil(T/Ts_agent);
76 trainingOpts = rlTrainingOptions(...
'MaxEpisodes',maxepisodes, . deP'OH
'MaxStepsPerEpisode’ ;maxsteps, ...
'Verbose' ,false, =
: ey s ’ -

- UTF-8 -'iscript Ln 69  Col
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HOME PLOTS APPS LIVE EDITOR

— X

Search Documentation

Wi

B+ oo

‘&h - S el =
gyl = =] Run Section [> @;

C‘:EI - @ [ FindFiles 4p W = Normal ¥ 4 Task v
B To B I UM |w ;
Ko Openll S L_lj_l Compare & GoTo Text X | = Contro & Section @ Run and Advance Run Seoll Sion
v v v = Print ( Find ¥ : &% Refactor v Break {2} Run to End v
FILE NAVIGATE TEXT CODE SECTION RUN a
FP H A » C: » Documents » v
- e Edito Do ge D ]
| RLAgentScriptmlx ¢ | + |
72 agent = rlDDPGAgent(actor,critic,agentOptions); o~ environment |:~|
=
Train Agent B
73 maxepisodes = 2000;
74 maxsteps = ceil(T/Ts_agent);
reward
76 trainingOpts = rlTrainingOptions(...
'MaxEpisodes',maxepisodes, ..
'MaxStepsPerEpisode’ ,maxsteps, ...
'Verbose' ,false,
'Plots’', "training-progress’,...
'StopTrainingCriteria’, 'AverageReward’,... policy
'StopTrainingValue', -200,...
'ScoreAveragingWindowlength',20,... lk
'SaveAgentCriteria’, 'AverageReward’,...
‘SaveAgentValue', -700,...
'UseParallel’, true);
training
88 trainingOpts.ParallelizationOptions.Mode = ‘async’;
89 trainingOptions.ParallelizationOptions.DataToSendFrombiorkers = 'experien
gop P pe .m'
91 trainingStats = train(agent,env,trainingOpts);
: . deploy
Simulate DDPG policy (Deploy)
92 rng(@) v
93 ¢ »
UTF-8 script Ln 82 Col 34
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HOME PLOTS APPS LIVE EDITOR Search Documentation
4 Reirforcement Leaming Epizode Mansger
4
] oo Episode Reward Training Progress ( 27-Mar-2020 19:38:02 )
New Open Save ]
a4 v v
FILE ol Episode Information -
P EHAH Epeode Number 161 v P
B Live Editor - C:\D . | ;"V"" r_f‘x_,‘W il | \ /l,.‘\ "\_w Episoce Reward 5436415 -
- , i | 1 ARO[
| RLAgentScriptn "% i "w "‘ & ' ( p \," b Eprode Steos 5000
£ o f\ 4 4 R = pr—
. | " * '4 "! R |, T " 'J ok e environment [z
) : \ ] \ | - : Total Number of Steps 805000 =
“ 20001 bR - ol R L AT ’ " ‘ =
) A Ll . R ~ )
" {\\ (A.) ’ ﬁ 4 Il r\w( 'l| F - ’ l || 4 q \J \ ,"j}'?vi// x Average Results =
! L:‘) ,J "™~ v-'\ 7 ”»1 | " .‘ ¢ b(‘ J Average Reward -784 7929
in v (P4 4
88 train. 2 300- MY | I | Average Steps 5000
89 train. ¢ \l { (
(E I e %} Window Length for Averaging 20 reward
s .
91 train: ‘%-moo I y Training Options
‘/ Hardware Resource for Actor cpu
- \ "l Y Hardware Resource for Critic cpu
Simul M
-5000 1 ’,” Learn Rate for Actor 0.001
92 rng(@ / Leamn Rata for Crtc 0.001 policy
93 simOp* If Maxmum Number of Eptsodes 3000
94 exper: ’ ; _— "
P e Training Duration ~ 35 hours Maximum Steps per Episcde 5000 @
for RL Agent sample time of
Local Re 2e-04 seconds £ine! Resuts
+7000 Agent saved by EpsodeRaward training
funct » Agent saved at Value -700
% ran Elapsed Time 127710405 s8¢ .‘ﬁ'
97 blk = 90 zlo 410 elo alo u;o 'lzo 110 1;0 ' S
98 refSp Episode Numbaer
99 idx = Plot Options Epzode Reward
refs Average Reward
ig? 35 =pf | Show Episode Q0 |ShowLastNEpsodes = 100 | == - Epzode QO deP '?5
102 end
) d |
|UTF-8 ' script 'Ln 8 Col 34
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Why Perform Predictive Maintenance?

Example: faulty braking system leads to
wind turbine disaster
https://youtu.be/7nSB1SdVHqO

Wind turbines cost millions of dollars

Failures can be dangerous

Maintenance also very expensive and
dangerous



https://youtu.be/7nSB1SdVHqQ
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What Does a Predictive Maintenance Algorithm Do?

machine?

_ A
IS my ma_chlne Anomaly
operating Detection
normally? y
_ A
Wi S Fault
machine behaving :
Detection
abnormally? )
~
How much longer Remaining
can | operate my Useful Life

Estimation
Y,

=) Decision
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Predictive Maintenance Algorithm Development Workflow

Acquire Data

r

Generated

Data
\_

Develop Detection or Prediction Model

|[dentify

Train Deploy &

7

Sensor Data

\

Preprocess
Data

v

Condition
Indicators

L)

Model Integrate

ey

Signal Trace
T

03

Vib_acpi_enviData

Health=brokenyar,
Health=brokengar,
Health=brokeny,ary
Health=healthy

B 3 0mn mre | o =l
New  [E save ~ BB costs All Quick-To- ~ | Duplicate | Scatter Confusion
Session + Train @ Delete Table Matrix
MODELS TRAIN
Model 2.1 Model 2.9

Feature
Selection & Optimizer
FILE OPTIONS
Models Qo
i)t (@
| Accuracy (valigation): 97.5%
10/10 features

Parallel
PLOT AND INTERPRET

Model 1

:
Fiealih=Brokenyar, t

Sort by | Model Number

Summary Validation Ceonfusion Matrix x

1 Tree

Last change: Fine Tree Model 2.9

)24 Tree | Accuracy (validation): 97.5%

10/10 features broken_bar_1 6

Last change: Fine Tree

[ Accuracy (valigation): 97.5% |
10/10 features

2.2 Tree

107

Last change: Medium Tree

2.3 Tree Accuracy (Validation): 88.8%

broken_bar_2 1
10/10 features I

Last change: Coarse Tree

2.4 KNN
Last change: Fine KNN

Accuracy (validation): 97.5%
1010 features

2.5 KNN
Last change: Medium KNN

Accuracy (Validation): 90.0%
10/10 features

broken_bar_3 1

True Class

2.6 KNN Accuracy (Validation): 18.8%

Last change: Coarse KNN 10/10 features

broken_bar_4 -

)27 KnN Accuracy (Validation): 85.0%

10/10 features

Last change: Cosine KNN

2.8 KNN
Last change: Cubic KNN

Accuracy (Validation): 88 8%
10/10 features

healthy b

|29 KNN
Last change: Weighted KNN

Accuracy (Validation): 97.5%
10/10 features

ol . e . R

102 103 104
Frequency (Hz)

broken_bar_1 broken_bar_2 broken_bar_3 broken_bar_4
Predicted Class

healthy
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Failure data generation from a Digital Twin

Leverage the engineering knowledge to enhance predictive maintenance

Run
simulations

Generated
Failure Data

» Generate failure data from Simulink
mOdeIS Simulink Model

« Identify root cause of fault via Sensor Data  —»
parameter estimation

Fine tune L”’ZZ.’;','Z?“:f:;?.',;;f“[-'il;“iZZ.i"';.';ifL"”_;'Zi"’ o . »
. . . . model ‘?‘%H:Jdi“:*-p:;--/i 2 |5 03] () 6 [iw comemtion 1] [0 2

« Verify predictive maintenance A =y
algorithm in new scenarios with a i
dlgltal twin Inject Failures

Incorporate
failure modes
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Diagnostic Feature Designer App

Extract, visualize, and rank
features from sensor data T ——————————— -

FEATURE DESIGHER vEw 5 RLFunc % RLExamples Py Clemnlp (0 = | 0 & (D@

1 H & a4 B i [ Pt N[ fy <

7] Residus Generation ~

Open  Save Import Histogram  Feature Feature Computation Time-Domain  Spectral Rank Export
Seoslon Sonsin Datn~ TableView Trace Opions [l SpectalEstmaiin~  Foature~ rosures Featites= o
FILE PLOT COMPUTATION. DATA PROCESSING FEATURE GENERATION RANKING | EXPORT -

Data Browser | Power Spectrum: pressure_ps/Data < |

¥ Signals & Spectra
Fid flow/Data

Use both statistical and dynamic
modeling methods

Power Spectrum

T
——faultCode=111
——faultCode=110[ |

faultCode=101
——— faultCode=11
——faulCode=1

faulCode=10
—— faultCode=100
Code=0

|| || @

v Feature Tables.

Features:
flow_stats/Data_ClearanceFactor
flow_stats/Data_CrestFactor
flow_stats/Data_impulseFactor
flow_stats/Data_Kurtosis
flow_stats/Data_Mean

flow_stats/Data_Peakvalue

Work with out-of-memory data S

v

—=
pressure_ps/Dataibember 155,
faukCode=111]

ax= 1130358 5
av= 3

250
Frequency (Hz)
| Histogram: FeaturcTablel | | Feature Ranking: FeatureTablel - |
r pre...ts/Data_SNR pro...tsiData_SINAD. pro..tsiDats_RMS. r Features Soried by Importance
. . —_—— Feature One-way ANOVA
Zo4 Zos > fo..tsMData_RIS 1289504
. EXplore and discover teChnlqueS i | A
2. 2. g pre..sData_lfean 1262274
fo..tsData_tiean 1181522
i L pre..cciDats_Peakimpl 1055478
2 o0 2 4 B 3 o2 1 0 fo...coData_PeakAmp1 1017428
W I t h 0 ut W r I tl n M A LA B C 0 d e pro...ts/ata_PeakValue pre..ts/Data_Mean fo..ts/Dats_CrestFactor 78.1650
I ol fo..is/Dats_mpulssFactor Tz
~ . ~ fo..ts/Data_ClearanceFactor 696891
Zos| 2 a fo..t3Dats_THD 672800
5. Bos 5o 1 o e Pt T
g, g £ pre..Data_THD 636488
pre..sDats_Crestracor 619232
7285 720 7285 73 7305 731 7315 72 12 124 135 s pre..is/Dats_mpulssFactor s1am7e
pre...As/Data_ImpulseFactor pre...tsiData_CrestFactor pre.. ts/Data_Clearan ceFactor pre..siData_ClearanceFactor 618542
ore..cciDats_Peakimp3 T
pre..ceData_Peakimp2 sz
« Generate MATLAB code from S —
fo..s/Data_SHR 377844
ore..sData_SHR 375580
< >

the App to automate feature ememmme TEERRER CERERERE e
extraction and ranking tasks
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Example: Identify Motor Faults

AL 'l',,

« Motivation § =

— diagnosing rotor broken bar

— usage of mechanical and electrical Stator

. Broken Rotor Bar Faults (BRBF
signals (BREF)

e Solution

asynchronous
motor rotating

\ torque meter

— load dataset

— extract features
— rank features

— export features to Classification Learner
App and build a model

— evaluate model accuracy
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Frequency-Domain Features

4\ Diagnostic Feature Designer - O d

@ Constant [Hz] Harmonics|[12345 Fault Band Width (Hz) @ Peak Frequency Band Power % W %
O Nominal (Ha) [ He Sidebands|[01] | Sideband Separation (Hz)[30 | Advanced Peak Amplitude [ ] Total Band Power | Plot | Apply  Close

Settings Results Custom Faults
FUNDAMENTAL FREQUENCY CHARACTERISTICS FEATURES PLOT CLOSE Yy
* Variables o Signal Trace: Vib_acpi_env/Data Feature Ranking: FeatureTable1 Frequency-Domain Features: la_env_ps/Col2 x o

Current Frame Policy: Full Signal

Current Independent Variable: Time (seconds) p S :
ower Spectrum

= Full Signal - I
- \ib_acpi_env_mean .Ei_
| pES E
~ [ Spectra '
= Full Signal H
- la_env_ps B |

B coz

« Vib_acpi_env_ps
B SpectrumData

~ Eif Features
+ FeatureTable1

« Vib_acpi_env_ps_spec
PeakAmpi
PeakFreq1
BandPower -

v Details Q
Derived From: Imported _9p

Independent Variable:  1/Time (Hz) la_env_p=/Col2:Member 18
Health=broken_bar_1

Frame Folicy: Full Signal -100 I

Datazet: Ensemble1 (30 Members) 102
Frequency (Hz)

14 0 The Custom Faults Features mode is now open.
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-\ Diagnostic Feature Designer - O >
=N SN e FEATURE RAMNKIMNG
HE ) % _ | Rank By Sort By HEE W
Supervised Unsupervised Prognostic Delete Export
Ranking * Ranking *  Ranking = [I—ealth - ] [One—wayﬂhOk’A - ] Scores = -
METHODS COMDITION SORT SCORE EXPORT
Variables Signal Trace: Vib_acpi_enwData Feature Ranking: FeatureTable1 Frequency-Domain Features: la_env_ps/Col2
Current Frame Policy: Full Signal
Current Independent Variable: Time (seconds) Features Sorted by Importance Feature One-way ANOVA
Data “ Vib_acpi_env_res_tsfeat/Q3 163.9376
~ Ensemble Statistics Vib_acpi_env_tsfeat/Q3 162.1384
+ Full Signal Vib_acpi_env_res_tsfeatlQR 152.9189
* Vib_acpi_env_mean Vib_acpi_env_tsfeat/IQR 145 8555
. Data Vib_acpi_env_tsproc_tsfeat/IQR 141.2140
* [ Spectra 1 la_env_ps_fault/PeakAmp3 136.8777
= Full Signal la_env_ps_faultiPeakAmpd 136.8777
- la_env_ps i Vib_acpi_env_sigstats/Mean 122.3471
. Col2 Vib_acpi_snv_res_sigstats/Mean 122.3471
~ Vib_acpi_env_ps Vib_acpi_env_tsproc_tsfeat/Minimum 114.7290
Il SpectrumData 1 Vib_acpi_env_tsproc_tsfeat/Q3 114.6925
~ Hjj Features Vib_acpi_env_tsfeat/Median 114.3209
- FeatureTable1 i Vib_acpi_env_res_tsfeatMedian 111.2995
« la_env_ps_fault Vib_acpi_env_ps_spec/BandPower 108.9842
PeakAmpi1 - Vib_acpi_env_isproc_tsfeat/Q1 83.4685
Details 1 Vib_acpi_env_isfeat/Q1 69.0394
Derived From: Imported Vib_acpi_snv_res_tsfeat'Q1 66.7263
Independent Variable:  1/Time (Hz) la_env_ps_fauli/BandPower3 62.8795
Frame Policy: Full Signal 0 0.2 0.4 0.6 0.8 1 la_env ns faulBandPowerd A2 8795 ¥
Daiaset: Ensemble1 (80 Members)
14 0 Feature ranking plot for "FeatureTable1” is in focus.
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Faults classification

4\ Classification Learner for Predictive Maintenance - untitled* — O x

CLASSIFICATION LEARNER

Ifl:ll:I 3 Open @ % ":éji [=] surmmary

3 « | [ Duplicat
New Save <« | Feature PCA Costs Optimizer || Al ch_k—To— Al uplicate
Session ¥ Selection Train ﬁ. Delate

FILE OPTIOMNS MODELS TRAIN PLOTS TEST
Models Model 1 Model 2.1 Model 2.9

Sort by: [Model Number A | Summary Validation Confusion Matrix

D1 Tree Accuracy (Validation): 93.8%
Last change: Fine Tree 10/10 features Model 2.9

%= 3 &

Scatter Confusich Layout Test EXPORT
Matrx .. - Data ~

k1

Plot

D 2.1 Tree Accuracy (Validation): 93 8%

Last change: Fine Tree 10/10 features broken_bar_1

@ Mumber of observations

True Positive Rates (TPR)
D 2.2 Tree Accuracy (Validation) 93 8%

Falze Megative Rates (FNR)
Last change: Medium Tree 10710 features

D 2.3 Tree Accuracy (Validation) 87 5%

Last change: Coarse Tree 10/10 features

Positive Predictive Values (PPY)
broken_bar_2
roken_bar_ False Discovery Rates (FDR)

D 2.4 KNN Accuracy (Validation): 96.2%
Last change: Fine KNN 10/10 features

What is the confusion matrix?

D 2.5 KNN Accuracy (Validation): 91 2%
Last change: Medium KNN 10/10 features

broken_bar_3

True Class

D 2.6 KNN Accuracy (Validation): 18 8%
Last change: Coarse KNN 10710 features

(] 27 kN Accuracy (Validation): 82 5% broken_bar_4
Last change: Cosine KNN 10/10 features

D 2.2 KNN Accuracy (Validation): 92.5%

Last change: Cubic KNN 10010 features
healthy

D 2.9 KNN Accuracy (Validation): 98.8%
Last change: Weighted KNN 10/10 features

broken_bar 1 broken_bar_2 broken_bar 3 broken_bar 4 healthy
Predicted Class

14 Data set: FeatureTable1  Observations: 80  Sizet 15kB  Predictors: 10  Response: Health  Response Classes: 5 Validation: 5-fold Cross-\Validatior]

&

£ THUMUSOFT
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RUL Methods and when to use them

Requirement: Need to know what constitutes failure data

[ System Data ]

&

£ THUMUSOFT

Run-to-failure Known failure LIfE time.data
history threshold with or without
covariates
Similarity Degradation Survival
Models Models Models
I l
| l | | Life tin‘re data
Match signal Known. Log-scale 5|gr?al or Cumulative Life time data and covariate
Large data degradation non-cumulative -
shapes : damage only (environment
dynamics damage variable)

Hash Pairwise Residual Linear Exponential Reliability Covariate
Similarity Similarity Similarity Degradation Degradation Survival Survival
Model Model Model Model Model Model Model

Details on model selection in the documentation



https://www.mathworks.com/help/releases/R2018a/predmaint/ug/models-for-predicting-remaining-useful-life.html#mw_65308b95-24c3-4eec-9cc9-e306d59d9de3

RUL Methods and when to use them

Requirement: Need to know what constitutes failure data

Run-to-failure
history

EQ Figure
File Edit View Inset Tools Desktop Window Help

Dede 3| 0ERE

Similarity model

1.2

Similar trajectories
Current trajectory

1 \ #  Failures

o
[

Large

Health Indicator
(=}
=3

[=]
i
ok

I
i

Simi

System Data

Known failure

threshold

Figure

File Edit View |Inset Tools Desktop Window Help

A

£ HUMUSOFT®

Life time data
with or without
covariates

Figure = O

File Edit View |Inset Tools Desktop Window Help

Node 3|08 ~E

Node 2|08 ~E

Degradation model

80
e Dizgradiation Model
k™= = Confidence Interval
Heaith Indicator - real data
Failure threshold
60
501
5
W
2 40
=)
5
=
= 30r
3
I
20} ‘
-
.
ot -
10 ==
e
|
-10 ;
1 2 3 4 5 -] 7

Time (= 5 day)

Survival model

0.08

0.07

0.06

0.05

0.04

0.03

0.02

0.01

0
40 45 50 55 60 65 70 75 80 85 90

Remaining useful life (hours) hr




B P

£ THUMUSOFT

Example: Wind Turbine High-Speed Bearing Prognosis

* Motivation ;
— predict Remaining Useful Life of a wind i, "“
turbine bearing < >
— detect the significant degradation trend B
- 5::)Time (s),1l(il)05ec0nd ;eé?day, 50 czl{;)?isinlolaIZISO 360 e o .
Day 49: Degradation detected!
Solution e
g 0| |~ = ~Condene v
— Import data 2 pof
ﬁ L == =
— extract features S I
O{] 5I 1I{J 1I5 2I{] . 2I5 3I{] 3I5 4:[] 4I5 5I0
— rank features fime (6ay)
015
— fit exponential degradation model N Eeimed .
— predict the RUL and update the parameter =l
distribution
U{J 2:[] 4I{J GI{] B:[] 1{I]{] 1II2{]

Time (day)

Fault Severity (0 - healthy, 1 - faulty)



&

£ THUMUSOFT

Feature Extraction and Feature Importance Ranking

« Time Domain Features

0.6

— mean, std, skewness, kurtosis
— peak2peak, rms |

— crestFactor, shapeFactor

=
e
T

— ImpulseFactor, MarginFactor

Monotonicity
=
Lad

« Spectral Kurtosis related features

— mean, std, skewness, kurtosis

o
]
T

. Feature Selection .

— monotonicity 0

— prognosability

— trendability



A HUMUSOFT
Fit Exponential Degradation Model

Day 1: Degradation NOT detected.

, x 102"
. Degradation Model |I
245tk |— — —Confidence Interval I
m I
a Health Indicator |
= 1k Threshold |
= f
30
T o
'I:I 1 i 1 i i 1 i 1 - j
0 5 10 15 20 25 30 a5 40 45 50
Time (day)
06
pdf of RILIL
— Estimated RLUL
04 True RUL
E Confidence Interval
o
02
'D i i i i i i
0 20 40 &0 80 100 120

Time (day)
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Al for Electrification

Energy forecasting
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Energy Forecasting

/ Who Needs Energy
Forecasting?

Load Forecasting
— Improve system operation, planning and market Generation
participation
Transmission

Wind Forecasting

— Understand uncertainty and risk for system Distribution

operation, planning and market participation
Electricity Retall

Solar Forecasting

— Understand uncertainty and risk for system Energy Traders
operation, planning and market participation

_ _ Large Electricity
* Price Forecasting Consumers
— Improve market participation and financial (outside Energy industry)

hedging



N . A——
Data Analytics Workflow

Develop Predictive Integrate with
Access and Explore Data Preprocess Data Model Scale Up T e —

4 N 4 ™
Files Working with Model Creation e.g. Big Data Models and Desktop Apps
Messy Data Machine Learning Architectures
s :
e
Databases Data Reduction/ Parameter Clusters and Enterprise Scale
Transformation Optimization Hardware Systems
i . Java
! ! xS N 3 Tl
,, "o\5115 Py C/C++
Python
Sensors Feature Model Embedded Devices
» &sm Extraction Validation and Hardware
OOy SRR B
%.. %1 z L:
- = - Be”




Example: Load Forecasting Study

* Motivation

— plan how much electricity power plants will
need to produce

— Insight into upcoming market dynamics

e Solution

— Access historical load and weather data
— Clean and preprocess data
— Merge data from multiple sources

— Perform time-series modeling to extract
Important predictors

— Train a machine learning model to make
predictions about future load

&

£ THUMUSOFT

1600 Raw Data for DUNWOD Region

1400
1200

1000}

800

Load (M)

600

400

200

0 R A , , , , , . . R
2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
Date

Select Zone Forecast




Access historical load and weather data

Ly
2, %

S

|

L 1ThingSpeak

£ THUMUSOFT

&4 Import - CAMATLAB\StormEvents_Mass2015.csv

O D

7 Fxed Width &) beimter Options =

IMPORT VIEW

Column delimiters:

|Cnmma A

Range:

Variable Names Row: 1
|

Output Type:

EH Table ~ | | O Exclude rows with

BABTT2 -

~  (GjTextOptions ¥

[ Replace

¥ lunimportable cells with ¥ NaN SR

¥ Blank cells

- - 4

I&

DELIMITERS SELECTION IMPORTED DATA | UNIMPORTABLE CELLS r Import Data i
| StormEvents_Mass2015.csv
Generate 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_ti injuries_dir... injuries_indi... deaths_dire... deaths_indi... damage_pr... dama
v Categorical v Categorical ¥ Categorical v MNumber wCategorical v Categorical v Datetime ¥ 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
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
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
8 January Strong Wind |Z 5 WESTERN ... [BOX 05-Jan-201... |[EST-5 0 0 0 0 20.00K 0.00K
9 January Strong Wind |Z 19 EASTERN P... |BOX 05-Jan-201... |EST-5 0 0 0 0 15.00K 0.00K
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

>



http://hadoop.apache.org/
http://hadoop.apache.org/
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data(timerange("01-Jan-2017","17-Mar-2017"),:)
i table ans =
begin_timestamp state event_type event_narrative damage_total
— mlxed—type tabular data 1 21-Jan-2017 13:02:00 GEORGIA | Thunderstorm... |"a tree was blown d... 0
2 21-Jan-2017 05:14:00 ALABAMA Tornado "the tornado first tou... 750
— flexible mdexmg, data organlzatlon 3 05-Jan-2017 04:00:00 OHIO Winter Weather | "the county garage ... 0
& 05-Mar-2017 18:00:00 OREGON Snow "there were reports ... 0
) tlmetable 5 04-Feb-2017 12:15:00 WYOMING | Wind "the wydot sensor a... 0
6 08-Feb-2017 08:00:00 INDIANA Winter Weather | "the observers locat... 0
I 7 _Jan- -00- . " . .
. tlme-Stamped tabular data 18-Jan-2017 18:00:00 CALIFORNIA | Winter Weather |"a spotter in moonri... 0
8 07-Feb-2017 07:00:00 CALIFORNIA |Flood "major flooding from... 0
. . . . - e . .
. |ndeX|ng by tlme, tlme range 13-Jan-2017 15:00:00 KANSAS lce Storm ice accretion was 3... 0
— retiming, synchronizing 0o
joinedData \ = Combine locdata and wsdata using join
° d - ~ Select data
atetl m e Left table locdata ',‘ Right table wsdata v |
Merging variable Number v | Merging variable Number v| - +
— representing a point in time L — e+ = +
~ Specify join
. ' ® & ® ® ©
categorical i e B
join || outer join outer join join

~ Display results

— discrete non-numeric data LR T
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Number of filled missing entries: 25

Preprocess Data e T e e
| ||| |

Cleaned data
. Filled missing entries

N

Yy Number of outliers cleaned: 1822
Smooth Data 1 EI[I{I'

PREPROCESSING DATA 140{: .

L B BH M &8 A

Clean Missing Clean Outlier Compute by Find and Find Change Find Local MNormalize Preprocess
Data Data Group Remove Tre... Paoints Extrema Data Text Data 1 2[”}

900 Input data b
200 ¥ Cleaned data

=] (e =] ] .
M EEE 200 ¥ o . Outliers .
Join Tables Pivot Table Retime Stack Table Synchronize  Unstack Table . Filled outliers
Timetable Variables Timetables Variables ED{:'

TAELES AND TIMETABLES

w x

700 . I h wd T .

. .
Live Editor Tasks . . . .
400 :
| # Data Cleaner _ 0 x s00 F 800 ||'||:|L.|'t data i
e Smoothed data
\% E @ m & Show Legend .2 2 [I {:I B
0t |y O Mo S e |7 o sy s 8t 500 F 750
FILE CLEANING METHODS VIEW EXPORT a
Variables 34| v Cleaning Steps
Data  Summary {; .
~ (W] sensorData
[] Time 45 o 2':} 1 {:' ! L
s 400 700 '
[ Eesre 40 ] Has Duplicales True
Is Sorted False
Missing Count 22
35 Minimum -0.34833
Maximum 4463 BD D I~
% Mean 38.2739 EE D
30 Median 39.0495
Mode 0
Standard Deviation 39118
25 2001
600
320
E
# 15 Al
560
10
5
500 b
1]
o 02 04 06 08 1 12 N
- o Cleaning Parameters 450 ks | . L4
I« »

Jan 31 Feb 01 Feb 02 Feb 03

Data Cleaner App nyisofiveminutely. TimeStamp 2012
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tall Arrays TN o) tall array Smoet
i Machine i N\ Machine i
i Memory i @ Memory i
 Automatically breaks data up into (= | p—
small “chunks” that fit in memory
—
« Tall arrays scan through the dataset
one “chunk” at a time
—

* Processing code for tall arrays is the
same as ordinary arrays




.
tall Arrays

« With Parallel Computing Toolbox,
process several “chunks” at once

« Can scale up to clusters with
MATLAB Distributed Computing
Server

« Support for Spark and Hadoop

Single |

1

Memory i
1

1

1

Cluster of
Machines

tall array R —

D
EH

&

s
£ THUMUSOFT

=ik

Single |
‘ Machine 1

Memory i

Single
Machine

Single |
Machine i
1
Memory !
1

1

1

Single
Machine
Memory
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Train model with Regression Learner App

4\ Regression Learner - untitled” — O *
LEARN TEST EXPLAIN 9

T oo | B g TN ED G B v

Response  Predictedvs. | 7| pagyits Layout | Export Generate Export

Mew Save ~ | Feature Optimizer All Quick-To- All Linear Interactions
Session « Selection Train Linear Parallel Actual .. Table - Plot + Function Model «
FILE OPTIONS MODELS TRAIN PLOTS AND RESULTS EXPORT
Models i |5 Model2.1 Madel 2.2
Sort by | Model Number | v | = Summary x | Response Plot x | Validation Predicted vs. Actual Plot =
[#]]21 Linear Regression  RMSE (Validation): 447.32 (=] ™)
Last change: Linear e . . IResponsle Plot fnrr Predlct:ons: mo1del 2.2 1 . . oot
— —— -
[#]]2.2 Tree | RMSE (Validation): 255.60)| ! P—
Last change: Fine Tree 8/8 features 11000 l'.l_ " l 1 . Pradicted
[#]]2:3 Tree RMSE (Validation): 268.33 s s I B —  Erors O
; ) C h '
Last change: Medium Tree 818 features 10000 | ¥ | ;1 -~ .
— 1 ¢ a
[#]]2.4 Tree RMSE (Validation): 308.39 d | § = F Style
1 — v b : —
Last change: Coarse Tree 8/8 features b v - B () Markers
9000 5 N Ad . T
2.5 Efficient Linear RMSE (Validation). 1335.0 = = 3 > - 2 i : {
m . . ;
Lasi change: Efficient Linear Least Squares  &/8 features e v e < 11 y . -J L " .
= 8000 | 5 4 - . BT
T . . - . i - F L - "
[#]] 2.6 Efficient Linear RMSE (Validation): 1327.2 2 " (81 2. a0 e - . [———— B
Lasi change: Efficient Linear SWM B/5 features g ’ &.,“' i frl' ] [ - L ) i w1 '
o 7000 r ! -7 ! - 4 SR How to use the res lot
o i R ' ' S . - ponse plo
{ o '
6000 |- : J " : -
» :{ .
) . .'. s f !- . . ! . ‘. -
i y ! 8 :
5000 t : L G . : o .-“
o AR LR iy
4000 | v - S o .
i i i i i i I i i i
0 2000 4000 6000 8000 10000 12000 14000 16000 18000
Record number
L Data set: zonedataTrain ~ Observations: 17520 Size: 1ME  Predictors: 8 Response: Load Validation: 5-fold cross-validation




Load (MW)

Error (MW

Load Prediction
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Answer
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FoooF
Prediction
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: H\ lﬂ \ i
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2012
1000 Error
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5 -1000
L
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Model Deployment

Demand Forecasting

Select Zone

Forecast

Zone NYISO|F-Capitl Generate Forecast | Maodel Diagnostics Report
Map | Satelite
-~ Al okl d
< > Saguenay Rimoutki
o »
Rouyn-Noranda
Y. e Val-d'0f
> .
@ LaTuque Réserve faunique Edmundston
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»
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)
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shand A Al.qonr):llv)n Ottawa Poie ClaiesO Sherbrooke —Corecst
rovincial Park DO " o B (oo Confioence Sancs
Goutbouen Saint-Jean-sur-Richelieu
Maine
o
Kawartha Bangor
BOMGR' | ket Watervilies
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" o /
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a
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o
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Q
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]
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1on Virginia
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; o
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Q
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Washg\gton s
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Al for Electrification
?
Reduced order modeling Virtual sensors Control strateqgy

H---g---H o

i © |

Predictive maintenance Enerqy forecasting



https://www.mathworks.com/solutions/electrification/artificial-intelligence.html#control-strategy
https://www.mathworks.com/solutions/electrification/artificial-intelligence.html#rom
https://www.mathworks.com/solutions/electrification/artificial-intelligence.html#virtual-sensors
https://www.mathworks.com/solutions/electrification/artificial-intelligence.html#predictive-maintenance
https://www.mathworks.com/solutions/electrification/artificial-intelligence.html#energy-forecasting

A HUMUSOFT
Simulink provides Al blocks

Al core Specialized

Y- || it g ’Iﬁk/ b . “
image res inpul outpul OpenL3 OpenlL3
) e oredp ) > Pup 3 Opent.3 P Embpeddmgs P> Pregrucess '
RegressionEnsemble Predict RegressionGP Predict
OpenlL3 OpenlL3 Embeddings Openl3 Preprocess
Image Classifier Predict
o ] =}
1 T vitp 1 il vitp Sound VGGish VGGish
o ® %0 2 Classifier P2 GGIs P Embeddings p
Y input ypred [y Yinput output [y
RegressionNeuralNetwork Predict RegressionSVM Predict _ - - .
I I Sound Classifier VGGish VGGish Embeddings
| y e Stateful Classify Stateful Predict
it b . )
1 P t S ot Neural Network blocks 3 oo by YAMMNet by e 3
(Deep Learning Toolbox)
RegressionTree Predict  ClassficaticnMeural Metwark Fredict VGGish Preprocess YAMNeT VAMNGT Proprocess
Scikit-learn Custom )
P e g. Python Audio Toolbox
e Ax vith Y in1 out1 P
Ax I label [y ) LR *"‘}ofi: " label]y
_I A ) u NEURAL SS MODEL y[» Y IDNLARX MODEL >
ClassificationEnsemble Predict ClassificationKNN Predict TensorFlow '
ks pyforch ONNX Neural State Space Model Nonlinear ARX Model
4 / tabeiy o % tavely Aini outip Nint outtpr Yint out1 SyStem Ident'flcat'on TOOIbOX
ClassificationSVM Predict ClassificationTree Predict [~ 71 we=p
Fimage “
Co-execution blocks L &

Regression and classification blocks
(Statistics and Machine Learning Toolbox) Decp Learing Object Detector
Computer Vision Toolbox
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Optimize ML and DL models with Experiment Manager

Classification Learner
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Deploy models to target platforms

Generic CPU oneDNN
‘ (no library needed)  Library
@D!
NVIDIA.
Code
Generation
h . ¢ JS Y/
I3 TEXAS
-}i INSTRUMENTS

@ ZYNQ |

&

£ THUMUSOFT

ARM Compute
Library
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Thank you

Questions?



